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ECONOMICS OF TECHNOLOGICAL CHANGE AND INDUCED INNOVATION

Abstract

by Daegoon Lee, Ph.D.
Washington State University
July 2017

Chair: C. Richard Shumway, and Benjamin W. Cowan
My dissertation examines different aspects of technological progress and its impact on input
allocations and productivity growth in U.S. agriculture. In the first chapter, I test whether the
Hicks’ Induced Innovation Hypothesis (IIH) holds in the industry for the period 1960-2004 using
state-level input price and quantity data with major focus of allowing for a non-neutral
innovation function. With homothetic production and innovation function, I derive a structural
relationship between the expected input price ratio and input allocation under cost minimization
which permits the effect of the IIH to be distinguished from general factor substitutions. The
contributions are threefold: (1) I demonstrate that input saving behavior consistent with the IIH
would be observed in response to an increase in the relative input price for a wide range of
elasticities of substitution, (2) I document that the both relationships between factor
augmentation and expected relative price and between factor-saving behavior and marginal
research cost are not a monotonic function of the elasticity of substitution when the innovation
function is accounted for, and (3) I provide a test procedure that is robust to the assumption of a
time-variant and non-neutral innovation possibilities frontier in the innovation creating industry.
Considerable supporting evidence for the IIH is found in the data for all inputs except land. My
second chapter uses the same dataset as the first chapter and tests whether the IIH holds while
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accounting for adjustment costs of quasi-fixed inputs. The findings suggest that none of the input
categories instantaneously adjust to their desired level in one production period in U.S.
agriculture. However, empirical test for the IIH using modified research lags that are based on
the adjustment rate estimates result in less support for the IIH. The third chapter investigate
spillover effects of public research on productivity growth in U.S. agriculture. A spatial
econometric model is used to reduce bias in productivity equation estimation. The findings show
that a large portion of productivity growth has been driven by public research investment and
that a state’s research outcome can provide benefits to other states that collectively exceed its
own benefit.
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CHAPTER ONE: NON-NEUTRAL MARGINAL RESEARCH COSTS AND INDUCED
INNOVATION
Introduction
In the economic literature, J.R. Hicks’ (1932) Induced Innovation Hypothesis (IIH) has drawn a
significant amount of attention. 1 In his book The Theory of Wages, he conjectured that “a
change in the relative prices of the factors of production is itself a spur to invention, and to
invention of a particular kind—directed to economizing the use of a factor which has become
relatively expensive.” The hypothesis implies that the direction of technical change over time is
guided by economic incentives to save relatively expensive inputs. In the 1960's, theoretical
foundations of the hypothesis were established, namely by Kennedy (1964), Ahmad (1966), and
Kamien and Schwartz (1968). Empirical literature using data from various regions and sectors to
test IIH followed shortly thereafter and has been ongoing since then.2 Hayami and Ruttan (1970)
first examined agricultural data from the U.S. and Japan, and concluded that the changes in
factor share observed in the historical path of agricultural growth are ‘explainable’ by changes in
factor price ratios. Since then, a significant amount of research has been devoted to testing
whether the hypothesis holds in various sectors and countries.
Part of that attention may be due to its important policy implications. Whether the IIH is
valid in a sector or a country is important to policy makers regarding dynamic effects of

1

According to some researchers (e.g., Caputo and Paris 2005 and Paris 2008), induced technical progress refers to
technical changes induced by R&D activities that are generally exogenous to individual firms in contrast to priceinduced technical progress referring to technical changes directed by profitability considerations endogenously. The
term used in this paper, induced innovation hypothesis, should be understood as price-induced innovation
hypothesis as input price changes at the aggregate level are likely to be signals for farmers to push research entities
to develop a new technology, which makes investments in R&D activities endogenous.
2
Among them, U.S. agriculture has been examined the most, e.g., Hayami and Ruttan (1970), Binswanger (1974),
Kawagoe, Otsuka and Hayami (1986), Olmstead and Rhode (1993), Thirtle, Schimmelpfennig, and Townsend
(2002), Paris (2008), Liu and Shumway (2009) and Cowan, Lee, and Shumway (2015).
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economic policies such as taxes and subsidies. Taxes and subsidies are often imposed to correct
market failures when the market prices fail to properly reflect externalities. Provided the
hypothesis is valid, those price interventions would have inter-temporal effects through decisions
on research allocations. If those secondary effects actually occur but are not considered in the
policy implementation, a tax intended to curb use of a polluting input, for example, could
overshoot the initial reduction goal due to development of technology that further saves the
polluting input. 3 Furthermore, one may infer from the IIH that world economy can achieve
greater technological diversity under the situation where many economies remain closed and deal
with their own resource constraints rather than ‘global’ problems which are common to
everyone. This suggests a potential cost of free trade, open markets.
Despite the significant attention and the important policy implications, there have been
two major challenges in the IIH testing literature. First, except some recent papers (e.g., Popp
2002, Crabb and Johnson 2010, and Cowan, Lee, and Shumway 2015), most of the previous
studies implicitly maintained the untenable hypothesis of a neutral innovation function.
Statistical tests of the hypothesis have generally focused exclusively on the demand for
innovation and ignored its supply dimensions. As much likely technological improvement occurs
by intentional economic choices, i.e., investments in R&D aiming to achieve particular
technology, it is also likely that similar progresses can be caused by the nature of technology
itself. Simply put, an input-saving technical change could result from the ease of research
involved, rather than by changes in relative price as the IIH predicts. Therefore, for valid test
results it is crucial to account for innovation supply side forces in testing IIH as the non-

3

For example, Thirtle, Townsend and Zyl (1995) pointed out that in the presence of induced innovation effect, the
policy of South Africa supporting labor-saving technologies may hardly be sustainable under the country’s relative
abundance of labor.

2

neutrality can lead to either exaggerated or understated empirical validity of the IIH. This issue
has only recently been addressed in IIH empirical testing. Popp (2002) and Crabb and Johnson
(2010) attempted to account for heterogeneities in innovation supply among different inputs in
their IIH tests of the energy sector by adding a knowledge stock variable to the regression
equation. Cowan, Lee, and Shumway (2015) tackled the problem in U.S. agriculture by focusing
on public research investment decisions. Both sets of test procedures, however, depend on
availability of high quality data from the innovation creating industry, and such data are seldom
available or sufficiently complete.
Second, a structural model that shows distinctive roles of short-run factor substitution and
long-run technical change in factor allocations has often been lacked in the IIH testing literature.
Since effects of technical changes on the input allocation decision in production are tangled with
those of generic factor substitution in practice, isolating the former from the latter requires
careful modeling. A common test procedure in the early testing literature was to empirically
verify a negative correlation between lagged input price ratios and own input quantity ratios.4
However, Thirtle, Schimmelpfennig and Townsend (2002) criticize that testable hypothesis was
not clearly stated in the earlier literature, and thus negative relationships that were empirically
found between input quantities and input prices could not have been conclusively attributed to
the result of induced innovation in the presence of the law of demand. The lack of structural
model is also unsatisfactory in the sense that the model does not account for possible interactions
between short-run factor substitution and technical changes. Some of previous literature,

4

For example, Hayami and Ruttan (1970) regressed quinquennial factor quantity ratios on the average factor price
ratios for the corresponding five-year period and argued that it can be inferred that data is consistent with the IIH if a
negative coefficient on the price ratio is found.
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including this paper, demonstrate that whether a change in input allocations is consistent with the
IIH is conditional upon the short-run factor substitution elasticities.5
The objective of this study is to develop a test procedure for the IIH that overcomes both
of the above challenges. We postulate a representative firm that makes or influences two distinct,
inter-temporal decisions – a research resource allocation decision that is based on expected input
prices and a subsequent input choice decision based on existing technology and realized input
prices. The two-stage decision making setup allows to parametrically distinguish effects of the
IIH from those of contemporaneous factor substitution. We explicitly introduce an innovation
function that is permitted to be non-neutral and show how a difference-in-differences estimation
procedure can control for the effect of (potentially) non-neutral marginal research costs in
empirical estimation. Our procedure further allows marginal cost of research on technology that
aims to augment use of an input to vary across observational units and over time. We impose
only one simplifying assumption that the trend in the rate of change in marginal research cost is
the same across states. This difference-in-differences formulation permits the cost-minimizing
input ratio effects of different marginal research costs across observational units and over time to
be controlled for, which could have otherwise caused omitted variables bias. While our
simplifying assumption is still restrictive but considerably less so than the assumption that
marginal research cost to augment one input is identical to that for another input and constant
over time, which has been frequently assumed in previous tests. A practical advantage of the
method is that it only uses data from the innovation implementing industry (U.S. agriculture in

5

Peeters and Surry (2000) and Esposti and Pierani (2006) have introduced lagged and current relative prices
separately to the regression assuming that technical change is a long-term phenomenon and thus induced by lagged
relative prices while factor substitution occurs due to volatility of short term price reflected by changes in current
relative prices. While their approaches address the former issue, they do not still overcome the latter.

4

this study), which are readily available. We apply the developed test procedure to the state panel
data in U.S. agriculture for the period 1960-2004.
Our analytical results show that when the elasticity of substitution between two inputs is
less than one plus the magnitude of the innovation concavity parameter (which solely must be
greater than one), a rise in the relative expected price of an input results in its relatively lower
use. However, when the elasticity of substitution is greater than this magnitude, the IIH implies
relatively greater use of the input that is expected to become more expensive.6 We document that
the relationship between factor augmentation and expected relative price is not a monotonic
function of the elasticity of substitution when the innovation function is accounted for. We also
find that the relationship between factor-saving behavior and marginal research cost is not a
monotonic function of the elasticity of substitution.
The remainder of the paper is organized as follows. In the next section, we develop a k+1
multi-period model of research investment and input choice for a price-taking, cost-minimizing
representative firm. In the section, we discuss input allocation problem in a static context, then
further look at the research resource allocation problem which predate input allocation. We
subsequently develop an empirical model based on the optimization conditions and show how
unobserved non-neutral marginal costs of research can be addressed by a difference-indifferences formulation. The data and variable specifications used for estimation are described in

6

Earlier, Salter (1960) showed his skeptical view to the IIH questioning why producers, when they encounter an
increase in a relative input price, would be limited to focusing only on the input saving technology instead of
looking for any innovation that help minimize (maximize) costs (profits) regardless of whether it is the factor
saving. Despite the rationale, his criticism has been contradicted by many empirical works in early times of the
testing literature that confirmed the validity of the IIH in the U.S. agriculture. Our theoretical finding reconciles
Salter’s conceptual objection with the empirical supports by suggesting that an input saving behavior in response to
a rise in the input price be consistent with cost minimizing behavior for a wide range of elasticity of substitution, for
the range that is empirically supported in general.

5

the following section. Empirical estimates from the initial model and robustness checks are
reported in the following two sections, and we conclude in the final section.

Theoretical Model
Input Allocation
In this section, we develop a k+1 period model for a cost-minimizing firm that makes input
choice decisions and makes or influences research resource allocation decisions. We start with
input choice decisions in the final period t without imposing any restrictions on factor
augmentation. We then turn to the research resource allocation decision in period t-k and its
factor augmentation implications. By combining both components, we show how earlier optimal
research decisions impact the subsequent input choice decisions under the IIH. In doing so, we
document that the range of elasticities of substitution that give rise to factor-saving behavior
under the IIH is limited and their relationship to factor augmentation is more complex than
previously documented.
We initiate the input choice decision using one of the common assumptions in the
induced innovation literature, that the production technology can be approximated by a two-level
constant elasticity of substitution (CES) functional form (e.g., Kawagoe, Otsuka and Hayami
1986, de Janvry, Sadoulet, and Fafchamps 1991; Thirtle, Schimmelpfennig, and Townsend 2002;
Liu and Shumway 2009; Cowan, Lee, and Shumway 2015). Consider a representative firm that
produces a single output Y at time t:
 1



(1) Yt   X 1t


 1



 (1   ) X 2t 



 1

for   [0, )
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where  is the elasticity of substitution between intermediary input indices X it , i  (1, 2) . The
firm subscript is suppressed to reduce notational clutters throughout the theory section while the
time subscript t is also omitted where there is little confusion. The intermediary input indices X 1
and X 2 produced respectively by pairs of inputs x11 and x12 , and x21 and x22 , also follow a
CES form given by:
i

(2)

i 1
i 1  1

 i
i
*
*
X it   i (ai1t xi1t )
 (1   i )(ai 2t xi 2t ) i 
for i  [0, )



In this equation, the a’s are factor augmenting parameters that capture technical progress.
Asterisks on the factor augmenting parameters denote that they are predetermined by a research
resource allocation decision made in the past and are given at time t.
In the short-run, the firm’s objective is to find the cost minimizing input quantities given
an output level, input prices and technology. Note that under the assumption of a homothetic
production function, minimizing costs provides equivalent optimal factor ratios to those from
profit maximization. Taking the first-order conditions and with a little reorganization
documented in Appendix I, we obtain the following optimal input demand relationship:
i

(3)

xi*1t   i   wi1t 

 

xi*2t  1   i   wi 2t 

 i

 ai*1t 
 * 
 ai 2t 

i 1

, i {1,2} .

where wij denotes price of input xij and the asterisk on x denotes the cost-minimizing input
level. This condition shows that the actual effect of technical change (represented by the ratio of
factor augmentation parameters) on the factor ratio varies depending on magnitude of elasticity
of substitution. Specifically, for two inputs, say labor and capital, without relative price changes,
a labor augmenting technical change results in a labor-saving production decision if and only if

7

the elasticity of substitution is less than one (Acemoglu 2002, Funk 2002, Armanville and Funk
2003).7 When the elasticity of substitution is greater than one, labor-augmenting technical
change results in relatively greater use of labor because it is more easily substituted for capital.
When the elasticity of substitution is exactly one (as in the Cobb-Douglas production function),
technical change does not lead to changes in the input ratio.
Research Resource Allocation
Now we assume research period of k and extend the optimization problem to k+1 periods. We
consider a simple but very general homothetic innovation function that can accommodate both
non-neutral and time-varying marginal research costs, where innovation is defined as
augmentation of at least one factor. For a given research budget R , the innovation frontier is
given by:
(4)

Ri (t k )   ci1(t k ) aˆi1t    ci 2(t k ) aˆi 2t 
i

i

for i  1 .

The total research budget is assumed to be exogenously given and Rt k  R1(t k )  R2(t k ) ; aˆij
denotes the rate of change of factor-augmenting parameters and is assumed to be nonregressive,
i.e., aˆij  1 ; cij (t k )  0 denotes marginal research costs (or degree of difficulty of research) on
input xij -augmenting technology; and  i is a parameter representing a trade-off between the two
research outcomes aˆi1t and aˆi 2t , i.e., the higher the parameter, the more concave the frontier
toward the origin (hereafter referred to as the “concavity parameter”). Given a research budget,

7

Note, however, that this condition does not reveal how the technical change is directed by expected future input
price changes, which is discussed in the following subsection.

8

the condition i  1 ensures that

aˆi 2t
 2 aˆi 2t
 0 and
 0 on the innovation frontier, as
aˆi1t
aˆi21t

demonstrated in Appendix II.
This simple formulation of the innovation function results in an inverse relationship
between degree of research difficulty and research outcome. Note that an increase in the
marginal cost of research shifts the innovation frontier toward the origin, vice versa. Further, the
innovation function is output-homothetic on the frontier, so the share of the research outputs
measured by the ratio of the change rates of factor augmenting parameters does not depend on
the total research funds. The marginal research cost parameters represent the time-varying and
non-neutral nature of the innovation function. At a point in time, the condition ci1  ci 2 defines a
neutral IPF, and a non-neutral innovation function otherwise. Figure 1 displays (a) a neutral IPF
and (b) a non-neutral IPF with ci1  ci 2 assumed. In panel (b) of the figure the condition

ci1  ci 2 implies that research on i1 input augmenting technology is more difficult (more costly)
than that on input i2 to achieve the same level of augmentation. Note that increases (decreases)
in research funds expand (shrink) the innovation frontier radially parallel to the origin.8
With the opportunity of R&D investment and assuming k research periods and a
homothetic production function, the firm’s two-stage cost minimization problem at time t-k can
be written as follows:
(5)

min  Et k ( wijt ) xijt 9
xijt , aˆijt

i

j

8

Decision making on total resource devoted to R&D is out of the scope of this paper and for this reason the
homothetic functional form is deliberately chosen for the sake of tractability. To keep this homotheticity a local
property, we add total public research expenditure as a control variable to the empirical model we estimate, which
turns out to be empirically insignificant in general.
9
The assumption of deterministic innovation function enables firms directly choose change rate of rate of factor
augmenting parameter instead of investment.
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 1



 1  1


(5a)


s.t. Yt   X 1t  (1   ) X 2t


(5b)

Rt k  R1(t k )  R2(t k )


where X it   i (aˆi1t xi1t )


i 1
i





 (1   i )(aˆi 2t xi 2t )

,

i 1
i





i
i 1

and Ri (t k ) is as defined in equation (4). A

tilde is given to inputs to denote that those values are “conceived” at time t-k and thus
distinguished from the values that will be actually chosen by the firm at time t. Et  k is shorthand
for the expectations operator Et k  t k  , and t k is the firm’s information set at time t-k. aˆijt
is expected factor augmentation in period t.
Combining and rearranging the first order conditions, the optimal ratios of innovation are
obtained:

(6)

aˆ
aˆ

*
i1t
*
i 2t

  
 1 
 1  1 

i

1i  i

 Et k ( wi1t ) 


 Et k ( wi 2t ) 

1 i
1i  i

 i

 ci1( t k ) 1i  i
.


 ci 2( t k ) 

This condition clearly shows that the effect of an expected relative price change on technical bias
(the ratio of expected research outcomes) depends on the sign and magnitude of Di 

1  i
.
1   i  i

Since i  0 and i  1 , an increase in the (expected) relative price of xi1t brings about factoraugmenting technical change such that the input that is expected to become more expensive is
augmented more than the other whenever 0  i  1 or 1  i  i . Conversely, when

1  i  1  i , the same increase will induce technical change that augments the input that is
expected to become less expensive. The ratio of marginal costs of research negatively affect the
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optimal ratios of innovation whenever 0  i  1  i , i.e., a higher relative marginal cost of
research on labor-augmenting technology leads to relatively more capital-augmenting technical
change. It positively affects the optimal innovation ratios when 1  i  i .
Conditions for the optimal input ratio can be also achieved similarly:

(7)

*
i1t
*
i 2t

x
x

  
 1 
 1  1 

ii

1i  i

 Et k ( wi1t ) 


 Et k ( wi 2t ) 

i  ii 1
1i  i

 ci1( t k ) 


 ci 2( t k ) 

(1 i )i
1i  i

However, it should be recalled that the firm is not necessarily constrained by the conceived value
xi*1t
when time t has come. This is because it may still do better by adjusting input allocation
xi*2 t

decisions when the actual realized prices of inputs are different from the expectations that the
firm formed at t-k. The whole process is illustrated conceptually in Appendix III.
Thus, the firm optimizes at time t by solving the static problem in which the research
outcomes are taken as given. Substituting

aˆi*1t
into the static equilibrium condition (3) yields
aˆi*2 t

the following,

(8)

*
i1t
*
i 2t

x
x

 wi1t 

 wi 2t 



 i

 (1 i )2
 1i  i

 Et k ( wi1t )


 Et k (wi 2t ) 

i (1 i )
 1i  i

 ci1(t k )


 ci 2(t k ) 



 constant

where the constant term includes the factors that are not associated with the current price ratio,
expected price ratio, or marginal cost of research. With this combined condition, it is now
possible to distinguish effects of technical change caused by changes in the expected price ratio
on the optimal ratio of the input factors from effects of factor substitution caused by changes in
the current price ratio. Note that if the realized input price ratio is the same as the expected price
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ratio, i.e., if

wi1t Et k (wi1t )

, then the effects of relative prices on actual optimal choice of
wi 2t Et k (wi 2t )

relative input quantities

xi*1t
would be the same as the effects on optimal choice of conceived
xi*2 t

xi*1t
production plan * .
xi 2 t

The parameter associated with the expected price ratio H i 

(1  i ) 2
reveals the
1   i  i

relationship between the change in the expected price ratio and optimal input demand ratio. Note

Hi  ( i  1) Di and thus H i is negative for i  1  i and positive otherwise. Thus, when the
conditions for the research allocation decision are combined with the input choice decision,
additional important analytical results emerge. When 0  i  1 , the expected price change leads
to research resource allocation decisions that are expected to augment more the input that has
become more expensive, and in turn, the augmentation of the more expensive input results in less
use of it. When 1  i  1  i , the expected price change leads to research decisions that
augment more an input that has become less expensive, but the augmentation of the less
expensive input leads to less use of the more expensive input.10 And when 1  i  i , the
expected price change again leads to research decisions that augment more an input that has
become more expensive; but its augmentation leads to less use of the less expensive input. Thus,
10

Salter (1960) contended that an increase in the price of one factor relative to another does not constrain the firm to
seek ways to reduce use of the factor. He stated that, “When labour costs rise, any advance that reduces total cost is
welcome, and whether this is achieved by saving labour or capital is irrelevant. There is no reason to assume that
attention should be concentrated on labour-saving techniques, unless, because of some inherent characteristic of
technology, labour-saving knowledge is easier to acquire than capital-saving knowledge.” Our analytic results
show, in the case where production is adequately represented by the CES function, that his objection is trivialized
when 0  i  1  i because profitability conditions always require less use of the input that has become more
expensive.
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technical change induced by an expected price change always results in relative saving of a
factor that has become relatively more expensive unless the elasticity of factor substitution is
greater than 1  i . Thus, consistency with the IIH requires H i to be negative if 0  i  1  i
where i  1 due to the assumption of concavity of the innovation function. In other words,
unless elasticity of substitution between inputs is greater than 1  i , which is at least greater than
2, relative saving of a factor that has become relatively more expensive is consistent with the
IIH. This is a considerably wider range of elasticities of substitution that lead to saving the
relatively more expensive factor under the IIH than implied by previous literature.

Empirical Model – Difference-in-Differences Approach
Including the state subscript s on relevant variables and taking the natural logarithm of both sides
of equation (8), we obtain the regression model
(9)

x
ln  i1st
 xi 2 st


 wi1st
  i 0  i1 ln 

 wi 2 st


 Et k ( wi1st ) 
 ci1st
  i 2 ln 
  i 3 ln 

 Et k ( wi 2 st ) 
 ci 2 st


'
  i Zist   ist ,


where Z is a vector of other control variables,  ijst is an error term, and the  ’s and the vector
 are parameters. The parameters  i1 ,  i 2 , and  i 3 correspond to  i , H i 

(1  i ) 2
, and
1   i  i

i (1  i )
, respectively, in equation (8). 11 Our primary interest in this section is overcoming
1  i   i
the issue of non-neutral marginal cost of research in testing the IIH. This is challenging mainly
due to a lack of data on the marginal cost of innovation for inputs. If the marginal cost of

11

It should be noted that since the remaining term in equation (8) is treated as a constant, the empirical model
presented in equation (9) is no longer strictly structural. However, the model is still structural in the sense of
explicitly identifying the effects of both intended technical change and current input prices on input substitution.
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research to augment 1 percent of an input is assumed to be the same across inputs, i.e., ci1t  ci 2t
(which represents a neutral innovation function), then the ratio of marginal costs vanishes in the
regression model and does not affect optimal choice of input ratio. In much of the previous IIH
testing literature this has been implicitly assumed – demand side tests intrinsically assume this
unless innovation supply side is explicitly accounted for. However, there is no reason to expect
that the innovation function is neutral, so we must deal with the omitted variables problem due to
the lack of explicit data on marginal research costs. We allow marginal research costs to vary
across inputs and overcome the omitted variables problem with a difference-in-differences (DID)
approach.
The time-difference equation can be written as follows:
(10)
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where  t is the time difference operator. If the marginal research cost ratio varies across states
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equation is estimable in its current form. Nonetheless, it is not adequate to take account for time
varying costs. Next, the DID formulation follows:
(11)
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where t ,s is the time and state difference operator and thus

  c ci 2 s (t 1)  c ci1s (t 1)  
c 
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  , where s  s is a reference state. Therefore,
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the least restrictive assumption required for effects of relative marginal costs to drop out is that
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the change rate of ratio of marginal cost of research over time is equal among states. 12 Certainly,
more restrictive assumptions such as time-invariant as shown above and/or state-invariant
marginal research costs are sufficient for the equation to be identified. Importantly, identification
does not require identical marginal research costs across different inputs under our necessary
condition, and thus, the equation is estimable under non-neutral innovation function. Further, the
assumption still allows for a path dependent changes in innovation function so long as the pattern
of the change is common across U.S. states. Equation (11) is estimated using a two-way fixed
effects (over state and year) panel data estimator.
We add as additional control variables total public research funds at the year in a state
when the research is conceived, i.e., at t-k and total agricultural output at the year when actual
input allocation decision is made, i.e., at t. These variables are included to control for potential
size-effects of total research funds (in the innovation creation industry) and of total agricultural
output (in the innovation implementation industry). Inclusion of the control variables renders
homotheticity as a local property in both the innovation implementation industry and the
innovation creation industry.

Data and Variable Specification
The data used for the main estimation include agricultural input prices and quantities of four
inputs (i.e., land, capital excluding land, labor, and intermediate inputs), total output of
agriculture, and total public research expenditures for agricultural productivity research for each

12

For instance, if marginal research cost parameter for an input in state s evolves over time t following the form

cijst  cijs 0 exp( ij t   ij t ) where  ij and  ij are some parameters, difference-in-differences can completely drop
2

relative marginal research cost term from equation (11) whereas time difference or state difference alone cannot.
The form presented is often the choice of literature for productivity parameter evolution (e.g., Binswanger 1966, Lee
and Roe 1978, Hayami et al. 1986).
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of the 48 contiguous U.S. states for the years 1960-2004. The data is balanced over the entire
period. The panel data of annual agricultural input prices and quantities and total agricultural
output for the 48 contiguous states come from the U.S. Department of Agriculture (USDA ERS
2015). For details regarding original data sources and construction of this state-level aggregated
series, see Ball, Hallahan, and Nehring (2004) and Ball et al. (1999).
Total annual public expenditures for agricultural productivity research were obtained
from Huffman (2012) for the period 1927-2009. The data were compiled following the
procedures outlined in Huffman (2009). Specifically, data collected by the USDA in its Current
Research Information System (CRIS) that contains information on all research undertaken by
both federal (U.S. Department of Agriculture) and state (state agricultural experiment stations
and the veterinary schools/colleges of the land-grant universities) were used. It includes funding
from all sources. Expenditures on post-harvest research and research on households, families,
and communities were excluded from Huffman’s series. Summary statistics are presented in
Table 1.
Expected Prices and Forecasting
In the theory of induced innovation, the expectation of future prices of inputs is hypothesized to
be a key determinant in research allocation decisions. Much of the empirical IIH testing literature
has used distributed lag models (e.g., Peeters and Surry 2000, Popp 2002, Esposti and Pierani
2006, Crabb and Johnson 2010, and Cowan, Lee, and Shumway 2015). The structure of
distributed lag models specifies expected future price to be consistent with adaptive expectations
theory. Although one obvious merit of the adaptive expectations hypothesis is that it is easy to
implement, there are two significant conceptual drawbacks. First, it renders expectations to be
backward-looking. Thus, it fails to account for anticipated future changes that are not a weighted
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average of past prices, for example, due to future changes in policies. Second, it may have
systematic errors based on the previous forecast with only some partial correction for previous
forecast errors (Hommes 1998). In contrast, rational expectations theory postulates that
economic agents use all relevant information so their forecasting is not prone to systematic
errors. Due to the conceptual advantage, we use forecasted future input prices consistently
estimated with rational expectation theory as proxies for expected future prices in our base
model. To obtain forecasted future input prices that are consistent with rational expectation
theory, we first identified the autoregressive (AR) structure for each input price to ensure that the
forecasted prices based on AR model give zero expected errors. The Im-Pesaran-Shin (2003) test
was used to test for nonstationarity of the panel price data. Test results for the prices of land,
non-land capital, labor, and intermediate inputs are presented in Table 2.13 Two Augmented
Dickey-Fuller test statistics are provided – with and without a time trend.14 The null hypothesis
of nonstationarity was not rejected for prices of three input factors, i.e., land, capital and
intermediate inputs regardless of whether a time trend is included. Labor was found to be
stationary with a time trend included. And with first differenced variables, the null hypothesis of
nonstationarity is rejected (at the 1% level) for all inputs. Thus, we fit an AR model with level
values for labor price and with first differenced prices for the other three inputs.

13

Since the 1990’s, many test procedures for non-stationarity with panel data have been introduced in the time series
literature such as LLC (Levin, Lin, and Chu 2002), HT (Harris and Tzavalis 1999), Breitung (Breitung 2000,
Breitung and Das 2005) and Hadri (Hadri 2000). We chose to use IPS test procedure among those alternatives due to
the following advantages: 1) the test allows heterogeneous non-stationarity structures among cross-section units, and
2) they provide exact critical values that assume both cross-sectional units and time series are fixed. The latter
advantage is particularly preferable considering fixed cross-sections (states) and a limited time dimension of our
dataset.
14
Test statistics also depend on whether the lagged terms are included in the specification. When the lag structure is
specified, the test procedure assumes that time and cross-section units sequentially go to infinity. Thus, with a
relatively short time series and fixed number of states in our data, we do not consider the specifications with lags.
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The AR structure for each input price is identified using both a panel fixed effect
estimator and an Arellano-Bond estimator (Arellano and Bond 1991).15 AR order q for each
input price was selected based on satisfying the following two conditions: 1) the qth lagged
autoregressive term is statistically significant at 5% and (q+1)th lagged term was not significant,
and 2) the residuals from AR(q) estimates follow a white noise process. For both panel fixed
effect and Arellano-Bond estimations, estimated parameters were almost identical. And the
identified AR orders based on both estimations were respectively AR(7), AR(3), and AR(2) for
first differenced land, capital, and intermediate prices and AR(2) for the level of labor price with
a time trend. The results are presented in Table 3. With the estimated results, the k-step-ahead
forecast at the forecast origin t-k with AR(q), denoted by rˆt  k ( k ) where

r̂ is the fitted value of

input prices (level for labor and first differenced for the remaining three inputs) is given by:
q

rˆt k (k )  ˆ 0  ˆ p rˆt k (k  p) if k  p  0 and rˆt  k (k  p)  rt  p otherwise, where ̂0 and ̂ are
p 1

estimated parameters. 16
Research lag
The importance of expected price rather than current price in testing the IIH comes from the fact
that there is a lag between onset of research and implementation of the new technology resulting
from research by the innovation implementing industry. We tested the IIH allowing for the
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The panel fixed effect estimator can be subject to an endogeneity problem in dynamic models since the withinestimator or first-difference estimator can be correlated with error term. To overcome this problem, the ArellanoBond estimator makes use of lagged dependent and independent variables as instruments. However, because our
ultimate purpose is to forecast, endogeneity is not a major concern.
16
Despite the conceptual problems, the results based on expected prices forecasted consistently with the adaptive
expectation hypothesis are discussed in the Robustness Checks section for comparison sake.
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technology in any year to be affected most by research conducted 5 years earlier.17 We consider
two options: (a) a single price expectation given information available at t-k , which implies that
research conducted in that year is primarily responsible for changes in current technology, and
(b) a weighted average of five price expectations ending in that year, which implies that research
conducted between two and five years earlier is primarily responsible for changes in current
technology. For the latter, we use weights for the first five years of Wang et al. (2013)’s
trapezoidal structure for private research stock with the weight for the one year earlier being
naught.18 Specifically, weights of 0.1, 0.2, 0.3, and 0.4 are assigned to the expectations made
between two and five years earlier, respectively. Using a weighted average of price expectations
amounts to solving the cost minimization problem, equation (5), with the objective function
5

   E
h2

h

i

t h

( wijst ) xijst where  denotes the weights.

j

Test Results
The difference-in-differences estimation model, equation (11), was estimated using a two-way
fixed-effects panel data estimator. The statistical estimates based on rational price expectations
are presented in Table 4. Since relative association between two inputs over the other two is not
straightforward in the two-level CES production function, we test for six exhaustive pairs of the
four inputs equivalently, i.e., labor/land, capital/land, intermediate input/land, capital/labor,

17

The length of the lag is highly volatile and is a subject of research itself. A strand of literature has focused on
measuring lag between research and its impact on productivity in U.S. agriculture (e.g., Chavas and Cox 1992,
Huffman and Evenson 2006, Wang et al. 2013). Our choice of five years is generally shorter than their findings. Our
relatively short research lag due mainly to the short length of data series.
18
Wang et al. (2013)’s trapezoidal weight pattern has a length of 19 years for private research stock and 35 years for
public research stock. Based on the assumed five-year research lag, we deliberately choose the weight structure for
private research stock over public research stock so that the lag pattern can reflect that influences are concentrated in
the short term.
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intermediate input/labor, and intermediate input/capital. Table 4 provides estimation results from
two models: one using a single price expectation lagged five years and the other based on a
weighted average of expected prices lagged two to five years. Each column contains estimates
for one pairing of inputs. Due to potential heteroskedasticity and autocorrelation, robust standard
errors are obtained using a clustered sandwich estimator with the state as the unit of cluster.
Time and state fixed effects are included in all the equations but the estimates are not reported in
the table to conserve space. Although our data are strongly balanced across inputs, the number of
observations included in each of statistical estimations varied across input ratios due to the
different number of lags involved in the calculation of rational expectations of future price. For
example, for the ratio of labor to land, the first 12-year observations were dropped from the
estimation since land price was identified AR(7) and the model used 5-year ahead price
forecasts.19 The variance of input quantity ratio explained by the estimated models ranged from
44 to 89 percent of total variance.
Estimates of the effect of current price ratio on the input quantity ratio represent negative
elasticity of substitution i , and estimates of the effect of expected future price ratio on the input
quantity ratio correspond to  i 2 in equation (11). For all 12 estimated equations in this table,
elasticity of substitution i is estimated to be less than 1 (0.03-0.54) and thus, support for the IIH
is provided by a negative significant coefficient estimate of expected future price  i 2 . Therefore,
a one-sided test was conducted for price ratios i.e., current and expected price ratios with the null
hypothesis of the coefficient being greater than or equal to zero while a two-sided test was

19

For each input ratio equation, the number of observations depends on the input that has the longer AR structure.
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applied to all other variables (including total agricultural output, total public research funds and
the constant).
Using a single price expectation lagged five years, five of six pairings of inputs (83%)
supported the IIH: labor/land, capital/land, intermediate/land, intermediate/labor, and
intermediate/capital. Using a weighted average of price expectations, three equations (50%)
supported the IIH: capital/labor, intermediate/labor, and intermediate/capital. Apart from
statistical significance, the estimated signs on the expected future price ratio as well as on the
current price ratio are negative for all 12 equations and thus, the directions of technical change
are found to be consistent with the IIH in all the estimated equations.
Effects of total agricultural output are estimated to have a significantly positive effect in
10 of the 12 equations and insignificantly negative in the other two. Based on the results, we
conclude that increases in total output lead to more intense use of non-land inputs (i.e., labor,
capital and intermediate inputs) than land – see the first three columns – and to more intense use
of intermediate inputs (energy, fertilizer, etc.) than labor and capital – see the last two columns.
The results imply that the production function in agriculture is not globally homothetic.
Total public research funds were estimated to have a significantly positive effect in two
equations and a significantly negative effect in two while the rest are statistically insignificant.
Total public research funds are not found to be significant in any of the equations where land is
included as an input (see the first three columns). Thus, unlike previous studies by de Janvry et
al. (1989) and Thirtle, Schimmelpfennig, and Townsend (2002), we fail to find the evidence that
total public research expenditures bias technical change toward land-saving technology.
Point estimates for the research concavity parameter  i are also presented in table 4. The
greater parameter  i is, the more concave the research frontier is to augment inputs xi1st and
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xi 2 st . The estimated concavity parameter is highly sensitive both to input pair and to the
information used to estimate price expectations. Curvature is estimated to be greater when a
weighted average of four lagged prices is used to forecast prices than when just one year of
lagged price data is used. It is also estimated to be greater when land is one of the inputs in the
pair. This suggests that research on land augmentation is likely complementary to another more
than the research on the other pairs.20 Except for the pair of intermediate inputs and capital, all
research frontiers are estimated to be concave since the concavity parameter is greater than 1.0.
For this pair, a convex frontier is estimated by both specifications of price expectations though
the null hypothesis that the concavity parameter is less than 1 is not statistically significant.

Robustness Checks
In this section, we consider several alternative model specifications to examine the robustness of
initial model results. Specifically, we consider variations in price expectation hypotheses,
estimator, number of observations, and control regressors. To make the results of these
alternatives directly comparable to the initial model results we employ both price expectation
structures, a single price expectation lagged five years and a weighted average of expected prices
lagged two to five years. Thus, for each alternative, 12 equations are estimated – six exhaustive
ratios for each of the price expectation structures.
Adaptive and Naïve Price Expectations
Despite the theoretical advantages of the rational expectation hypothesis over alternatives, the
rational expectation theory is subject to the criticism that it assumes that economic agents have
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If concavity parameter is one, research on one factor augmenting technology is perfectly substitutable to the other
alternative on the frontier and as it becomes greater, they become more complementary.
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more information about the true structure and probability distribution of the economy than they
actually do (Sargent 1993, Evans and Honkapohja 2001). Therefore, we apply the adaptive
expectations hypothesis and the naïve expectations hypothesis as two alternative specifications in
our robustness analysis.
To create adaptive expectations, we first forecast prices one year ahead at time t-k using
geometrically declining distributed lags on five years of realized prices:21

Et k (wis (t k 1) )   wis (t k )   (1   )wis (t k 1)   (1   )2 wis (t k 2) 

  (1   )4 wis (t k 4)

where  denotes a weight. The subsequent, 2-, 3-, and k-year ahead forecasts are sequentially
h 1

5

p 1

p h

updated as Et h ( wist )    (1   ) p 1 Et h ( wis (t  p ) )    (1   ) p 1 wis (t  p )) for h  2,..., k . We
select the optimal weight  based on the Akaike Information Criterion. To ensure that the
5

cumulative weights are over 0.9 within the assumed research period, i.e.,

 (1   )

t 1

 0.9 , we

t 1

only consider  =0.4, 0.5, 0.6, 0.7, 0.8, and 0.9. When  =1, the expectation of future price is
the realized lagged price, Et 1 (wist )  wis (t 1) , which implies that investors expect the current
prices persist throughout. Thus, Et 5 (wist )  wis (t 5) . We label this the naïve expectation as it is
often referred to in the literature and present its test results separately. Forecasts of future prices
from these two expectation hypotheses are also incorporated using trapezoidal weights on
forecasts from t-2 to t-5.
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To examine the IIH in the U.S. energy sector, Popp (2002) employed up to 20 years of lagged prices and Crabb and
Johnson (2010) used up to 24 months of lagged prices in their adaptive expectation formulation. Cowan, Lee, and
Shumway (2015) used 10 years of lagged prices to test the hypothesis in U.S. agriculture. To keep more observations
in the statistical estimation and to retain data consistency with the rational expectations formulation, we truncated the
lagged prices that are assumed to affect formulation of expected price at 5 years.
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Estimates with naïve expectations and adaptive expectations are reported in Tables 5 and
6, respectively. Coefficient estimates for variables other than current price ratio and expected
price ratio are suppressed.22 Except for the capital/land and intermediate/land equations
estimated with weighted naïve expectations, substitution elasticities are all found to be between 0
and 1 (and nearly all significant at the 10% level) with both expectation hypotheses.23 Compared
to the test results with the rational expectation hypothesis, less support for the IIH was found
with both the adaptive and naïve expectations.24 Regardless of whether a single price
expectation lagged five years was used or a weighted average of price expectations lagged twofive years was used, the same support was found for the IIH with both of these alternative
expectation hypotheses. For capital/labor, intermediate/labor and intermediate/capital equations,
all four of these estimated equations were found to be supportive of the IIH.
Other Alternatives
Based on the two-level CES production function, there are three alternative ways the pairs of
input ratios could be combined: labor/land and intermediate/capital, capital/land and
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The number of observations included in the estimation with the naïve and adaptive expectation hypotheses differ
from each other and from the number with the rational expectation hypothesis because the number of lags used in each
expectation hypothesis differs and because the rational expectations are based on a unique number of autoregressive
parameters for each input pair.
23
In both exceptions, the elasticity of substitution is estimated to be negative. One is statistically significant at the 10
percent level while the other is not significant. The negative elasticities of substitution are not warranted by the
convexity, one of the fundamental assumptions of microeconomics on production functions. We regard them due to
random nature of the data.
24
To see whether the different test results were driven by different data used in estimation, we also performed the
tests using the same number of observations across models with the three expectations hypotheses. To do so, we
restricted data included in estimation to be the largest intersection of data used in the original estimation based on
each expectation hypothesis. As a result, 1,584 observations are used to estimate the labor/land, capital/land, and
intermediate/land equations, and 1,728 observations are used to estimate the capital/labor, intermediate/labor, and
intermediate/capital equations. Except for the capital/labor equation, test conclusions were not different from the
results using all available data. For the capital/labor equation, test conclusions were mixed. Specifically, the results
were supportive for the IIH in the estimations of adaptive expectation hypothesis along with the both of the price
expectation structures, a single price expectation lagged five years and a weighted average of expected prices lagged
two to five years, and in the estimations of rational expectation hypothesis along with a weighted average of
expected prices lagged two to five years. The rest of the results were found to be inconsistent with the IIH.
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intermediate/labor, and intermediate/land and capital/labor. Because the error terms between
pairs of equations could be correlated, we estimated the three systems of equations based on the
rational expectations hypothesis using seemingly unrelated regressions (SUR). The results
provided the same support for the IIH as previously (50 percent) when using the weighted
average of price expectations and slightly lower support as previously (67 percent vs. 83 percent)
when using a single price expectation lagged five years.
Lastly, to control for the role of other input prices in the input choice decision, we also
performed tests using the rational expectations specifications with current price ratios and
expected price ratios for the other inputs included as additional controls. The same denominator
was used for each price ratio as in the dependent variable. For instance, in the equation of
labor/land, the additional regressors included current and expected prices for the ratios of
capital/land and intermediate/land. Of 12 equations estimated, six equations of each expectation
structure, five (capital/land and intermediate/capital in the first model and capital/land,
intermediate/labor and intermediate/capital in the latter) were found to support the IIH. The
number of observations used to estimate each equation was 1,584.
Overall, a moderate level of support for the IIH was found using the 1960-2004 U.S.
agricultural state-level data. Thirty-two of the 60 estimated equations tested (53%) provided
support for the IIH. However, empirical evidence of consistency with the IIH was concentrated
in four pairs: capital/land, capital/labor, intermediate/labor and intermediate/capital with 50%,
60%, 80%, and 90% level of support, respectively. Little support was found in the remaining
ratios, both of which involved land. The levels of support for the IIH found here are generally
consistent with, but slightly lower than, recent test results performed for U.S. agriculture based
on public research expenditures data (Cowan, Lee, and Shumway 2015). Thus, the emerging
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evidence of support in this industry for the IIH when innovation supply is accounted for is
greater than that found in recent studies that treated innovation supply as input neutral (e.g.,
Machado 1995, Olmstead and Rhode 1998 and Liu and Shumway 2006, 2009). The lower level
of support for the IIH in land may be attributed to the relative fixity of the input – land is often
documented in the dynamic adjustment literature on the agricultural industry as a quasi-fixed
input fixed (e.g., Vasavada and Chambers 1986, Taylor and Kalaitzandonakes 1990). Quasifixity implies that high adjustment costs hinder immediate response to shocks such as prices and
new technology. In such a case, the adjustment rate toward the optimal input utilization would be
sluggish.

Conclusions
We test whether the Hicks’ induced innovation hypothesis (IIH) holds in U.S. agriculture for the
period 1960-2004 using state-level panel input price and quantity data. Considering a two-level
CES production function and a homothetic innovation function, we derive the complete set of
multi-stage optimization conditions that build a parametric connection between the expected
price ratio and factor augmentation, between factor augmentation and cost-minimizing input
allocations, and thus between the expected price ratio and cost-minimizing input allocations. Our
analytical results show that when the elasticity of substitution between two inputs is less than one
plus the magnitude of the innovation concavity parameter, a rise in the relative price of an input
results in its relatively lower use. Our theoretical finding suggests that Salter (1960)’s contention
against Hicks’ IIH is trivialized for a wide range of elasticities of substitution since input saving
behavior in response to an increase in the relative input price is also congruent with cost
minimizing behavior. Thus, apart from his conceptual refutation, the finding rationalizes why
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there still have been a remarkable volume of empirical works that support for the hypothesis in
this industry in the literature.
We apply a difference-in-differences estimation approach which allows for a time
varying and non-neutral innovation function and impose only one simplifying assumption – that
the trend in the rate of change in marginal research cost is the same across states while still
allowing for a time-varying and non-neutral innovation possibilities frontier. The difference-indifferences formulation under this assumption permits the unobserved differences in marginal
research costs across states and over time on the cost-minimizing input quantity ratio to be
controlled for, which could have otherwise caused omitted variable bias. Consequently, provided
that the remaining restrictive assumption is adequate, the test results reported in the paper
constitute a valid test in the sense that potential biases emanating from non-neutral innovation
supply are accounted for.
We implement our test using a rational expectations specification of future input
prices at the time research resource allocation decisions are made. Homotheticity conditions on
both innovation creating and innovation implementing industries are employed as local
conditions. We conduct several robustness checks, including alternative price expectations
specifications, estimation as systems of equations, and incorporating additional control variables.
The empirical results of this research indicate that the state-level U.S. agricultural data during the
1960-2004 period provide moderate (53 percent) overall support for the IIH and strong support
with some inputs. We find more support (67 percent) for the IIH when input prices are assumed
to be formulated via the rational expectations hypothesis than when they are based on adaptive or
naïve expectations (50 percent). Considering all models estimated, empirical evidence of
consistency with the IIH was concentrated in input decisions involving pairs of three inputs –
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capital, intermediate inputs, and labor. Significantly lower level of support was found for input
pairs involving land. The overall level of support for the IIH is similar to other recent tests for
the IIH in this industry when innovation supply is accounted for. It is considerably greater than
that found in several other studies that treated innovation supply as input neutral.
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CHAPTER TWO: QUASI-FIXITY AND INDUCED INNOVATION
Introduction
For various reasons, some inputs in agricultural production cannot be immediately adjusted to
their desired level in the short run. The reason may include external ones such as market rigidity
and institutional constraints and internal ones like construction time and employee training. From
an optimization perspective, it reflects that a rapid adjustment for those inputs brings about extra
costs in production, often associated with foregone output due to the input adjustment (Lucas
1967, Treadway 1971). The extra costs lead to only a partial adjustment in a given production
period. The theory of adjustment costs has played an important role in agricultural economics
literature in rationalizing such quasi-fixity.
To identify which inputs are quasi-fixed in the short run and how rapidly they adjust to
their optimal levels, the literature of adjustment costs has often utilized dynamic duality theory
̅)
and assumed a multivariate flexible accelerator model, which takes the form: 𝐾̇ = 𝑀(𝐾 − 𝐾
(e.g., Vasavada and Chambers 1986, Vasavada and Ball 1988, Howard and Shumway 1988, Luh
and Stefanou 1996, Ashe, Kumbhakar and Tveteras 2008, and Yang and Shumway 2015). 𝐾
̅ the desired stocks in the long run,
represents a vector of actual stocks of n quasi-fixed inputs, 𝐾
𝐾̇ desired investments, and 𝑀 an n × n square matrix of adjustment coefficients. The condition
̅ ) implies that there is a gap between desired investments and actual investments.
𝐾̇ ≠ (𝐾 − 𝐾
The gap, in turn, implies that there are some adjustment costs associated with the full adjustment.
The flexible accelerator form rationalizes that changes in stocks of quasi-fixed inputs in the short

34

run are toward their desired level, and the coefficient matrix measures the extent of adjustment as
well as interrelations among different inputs in the path toward the long-run equilibrium.25
In contrast, despite the dynamic implications of the theory, the analytical framework of
most previous tests of the induced innovation hypothesis (IIH, Hicks 1932) has been static.26
Conventionally, a typical IIH test has determined whether there is a negative correlation between
input allocation decisions and lagged relative input prices. One of the shortcomings of the IIH
testing literature couched in static optimization is that it does not allow for the existence of an
intermediate phase in input adjustment toward equilibrium. The testing procedures completely
ignore what happens between two static equilibria. In the static sense, the level of an input at
each time point is regarded as the optimum for that time period. In terms of dynamic adjustment,
it implies there are no adjustment costs, a hypothesis that is generally rejected (e.g., Epstein and
Denny 1983, Kapelko, Lansink, and Stefanou 2014, Yang and Shumway 2015).
The presumption of zero adjustment costs endangers the validity of IIH tests based on
input allocation data. To illustrate, suppose all inputs used in agricultural production are
perfectly variable. Then, improvements in production technology due to R&D investments that
allow greater efficiency of an input or greater substitutability between inputs are immediately
reflected in input allocation decisions through instantaneous adjustments. Conversely, if some
inputs are quasi-fixed, introduction of a new technology that permits some input to be
economized may not lead to as much reduction as static optimization criteria would predict. For
example, a lease contract may prevent immediate replacement of an old machine with a new one

25

The multivariate flexible accelerator (Nadiri and Rosen 1969) is an extended version of the univariate flexible
accelerator and allows for interrelations between different inputs in the adjustment process.
26
Limited exceptions include the error correction model tests of Thirtle, Townsend, and van Zyl (1998) Thirtle,
Schimmelpfennig, and Townsend (2002), and Liu and Shumway (2009).
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with better functions even though the user desires to replace it. This implies that there may exist
a temporal gap not only between investment in R&D and creation of a new technology (often
referred to as “research lag”) but also between invention and implementation (often referred to as
“adjustment lag”). Another extreme case emerges when some inputs are strictly fixed. If an input
is strictly fixed over a production period, the IIH would be irrelevant and thus the input should be excluded
from the IIH test.
This illustration reveals that observed input allocations in the presence of quasi-fixed
inputs may not immediately optimize on new technology. Thus, a conventional IIH test that
maintains the underlying assumption of static optimization could be inadequate. It is because
rational agents would take account of the fact that some inputs adjust sluggishly. They recognize,
even when making R&D investment decisions, that it takes more time to achieve optimal levels
of such inputs. Thus, to determine whether the IIH is valid requires refinement in research and
adjustment lags when testing for it.
In the recent study (Lee 2017), we tested whether the Hicks’ IIH holds in U.S. agriculture
for the period 1960-2004 using state-level input price and quantity data for four exhaustive input
categories (non-land capital, labor, land, and intermediate inputs). Results documented
considerable supporting evidence for the IIH for all inputs except land. Recognizing that land is
widely regarded as a quasi-fixed input in the agricultural industry (e.g., Taylor and
Kalaitzandonakes 1990), the test results begs for further investigation.
The primary goal of this study is to empirically test the IIH for U.S. agriculture while
accounting for adjustment costs of quasi-fixed inputs. Thus, our paper contributes to the
literature that aims to validly test whether Hicks’ IIH prediction applies to U.S. agriculture. Since
agriculture has consistently been shown to exhibit characteristics of asset quasi-fixity, controlling
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for adjustment lags is especially relevant.27 To improve validity of the IIH test, we first estimate
adjustment rates using a state-level panel dataset of price and quantity data for non-land capital,
labor, land, and intermediate inputs. Based on empirical estimates of the adjustment rate for each
input, modified empirical models for the IIH test are developed and implemented. The unique
contributions of this study are its use of a state-level panel dataset rather than national time series
to estimate adjustment rates and its examination of the effect of quasi-fixity on induced
innovation hypothesis testing results.
Our findings indicate that none of the four input categories (non-land capital, labor, land,
and intermediate inputs) instantaneously adjust to their desired level in one production period in
U.S. agriculture. Estimated adjustment rates vary from 26% to <1% which imply that it takes 4 134 years for the inputs to fully adjust to their optimal levels. In fact, land was found to be quasifixed with a significantly sluggish adjustment rate in the study period of 1960-2004. The result
suggests that consistency with the IIH of land may not be testable without extensively long
period of data. However, empirical test for the IIH using modified price variables based on the
estimates of adjustment rates resulted in fewer equations supporting the IIH.
The remainder of the paper is organized as follows. In the next section, we lay out the
model for dynamic adjustment where a multivariate flexible accelerator model results in as a
form of dynamic demand function for quasi-fixed inputs. The functional form for the value
function and testable hypotheses for quasi fixity are presented in the following section.
Subsequently, we propose two modified versions of Lee (2017) IIH testing procedure to

27

Although specific conclusions about which inputs are fixed in the short run and how sluggish the adjustments are
vary among studies, the existence of quasi-fixity in U.S. agricultural production has emerged as a stylistic fact
(Howard and Shumway 1988, Vasavada and Ball 1988, Luh and Stephanou 1996, Asche, Kumbhakar and Tveteras
2008, Yang and Shumway 2015).
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accommodate sluggish input adjustment. We then describe the data used for estimation. The
empirical results are reported in the subsequent section. We conclude in the final section.

Dynamic Adjustment Model
Consider a price-taking, single-output firm that makes input allocation decisions based upon
current price and technology to minimize the discounted present value of costs over an infinite
planning horizon:
∞

𝐽(𝑦, 𝑤, 𝐾, 𝑝, 𝑇) = 𝑚𝑖𝑛 ∫ 𝑒 −𝑟𝑡 [𝐶(𝑦, 𝑤, 𝐾, 𝐼, 𝑇) + 𝑝′ 𝐾]𝑑𝑡

(2)

𝐼

0

subject to
(1a)

𝐾̇ = 𝐼 − 𝛿𝐾,

(1b)

𝑦 = 𝐹(𝑋, 𝐾, 𝑇),

(1c)

𝑤(0) = 𝑤0 , 𝐾(0) = 𝐾0 , 𝑝(0) = 𝑝0 , 𝑇(0) = 𝑇0,

where J() is the optimal value function; 𝐶() is a normalized short-run cost function that depends
on the output quantity 𝑦, prices of variable inputs w, quasi-fixed inputs 𝐾, gross investment in
quasi-fixed inputs 𝐼, and technology T; 𝑝 is a vector of normalized rental prices of quasi-fixed
inputs; 𝛿 is a diagonal matrix of depreciation rates; and 𝑟 is the real discount rate. Subscript 0 in
(1c) denotes initial values. All variables are functions of time, but subscripts for time 𝑡 are
dropped to simplify the notation.
Assuming that the regularity conditions hold for the production technology depicted by
the value function and that current prices remain indefinitely, the Hamilton-Jacobi-Bellman
equation results:
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𝑟𝐽(𝑦, 𝑤, 𝐾, 𝑝) = 𝑚𝑖𝑛[𝐶(𝑦, 𝑤, 𝐾, 𝐼, 𝑇) + 𝑝′ 𝐾 + 𝐽𝐾 𝐾̇ ],

(3)

𝐼

where 𝐽𝐾 is gradient vector. Using the envelope theorem, the dynamic demand for quasi-fixed
and variable inputs are given:
(4)

−1
𝐾̇ = 𝐽𝐾𝑝
(𝑟𝐽𝑝 − 𝐾),

(5)

𝑋 = 𝑟𝐽𝑤 − 𝐽𝐾𝑤 𝐾.̇

If the value function has a form such that 𝐽𝐾𝑝 = (𝑟𝑈 − 𝑀)−1, where U is the identity matrix and
M is a constant adjustment matrix, equation (3) can be expressed as a multivariate flexible
accelerator model having the form (Vasavada and Ball 1988):
(5)

̅ ),
𝐾̇ = 𝑀(𝐾 − 𝐾

̅ denotes level of quasi-fixed inputs in the steady state, which can be obtained by setting
where 𝐾
𝐾̇ = 0. We treat all inputs initially as quasi-fixed and test whether they are fully variable.

Empirical Model
Empirical analysis is divided into two phases: 1) estimate the dynamic demand for quasi-fixed
inputs, and 2) use the estimated adjustment rates for each quasi-fixed input to modify the IIH
testing procedure developed by Lee, Cowan and Shumway (2016) and test the IIH.
Test for Quasi-Fixity
To examine asset quasi-fixity, a functional form for the value function J is required to be
specified. Treating all inputs (non-land capital, labor, land, and intermediate inputs) as
potentially quasi-fixed, we consider the normalized quadratic functional form following
Vasavada and Chambers (1986):
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(6)

𝐽(𝑦, 𝐾, 𝑝, 𝑇) = 𝑎0 + 𝑎1 ′ 𝑝 + 𝑎2 ′ 𝐾 + .5𝑝′ 𝐴𝑝 + .5𝐾 ′ 𝐵𝐾 + 𝑝′ 𝐶𝐾 + 𝑎3′ 𝑇𝑝,

where 𝑎0 , 𝑎1 , 𝑎2 , and 𝑎3 are parameter vectors with appropriate dimensions, and 𝐴, 𝐵, and 𝐶 are
conformable parameter matrices. With this functional form, the system of dynamic demand
functions (5) is specified as:

(7)

𝐾̇ = 𝐶 −1 {𝑟(𝑎1 + 𝐴𝑝 + 𝐶𝐾 + 𝑎3 ′𝑇) + 𝐾},

where 𝐽𝐾𝑝 = 𝐶 −1 and thus 𝐶 = 𝑟𝑈 − 𝑀. Perfect variability of the ith input implies the following
restrictions: 𝑀𝑖𝑖 = −1 and 𝑀𝑖𝑗 = 0 ∀ 𝑗 ≠ 𝑖. If the input is fully fixed, no adjustment occurs and
thus, 𝑀𝑖𝑖 = 0. Values of 𝑀𝑖𝑖 between -1 and 0 imply that the input quantity only partially adjusts
toward optimal level within a single production period, which indicates the input is quasi-fixed.
The speed of adjustment is determined by the magnitude of the parameter.
If the off-diagonal element in the adjustment matrix, e.g., Mij, is non-zero, it implies that
the disequilibrium in the ith quasi-fixed input affects the speed of adjustment of input j.28
Whether two inputs are dynamic complements or substitutes depends both on the sign of the offdiagonal element in the adjustment matrix and also on whether the inputs are on the same side of
equilibrium (i.e., whether they are both higher or both lower than equilibrium or whether one is
higher and one is lower than equilibrium levels) (Yang and Shumway 2015). The relationships
are summarized in table 1. Maintaining the simplifying hypothesis that dynamic interactions

Mij = 0 for all j ≠ i, i = 1, …, n, implies independent adjustment among all inputs and amounts to a univariate
flexible accelerator model.
28
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among inputs persist over time, state fixed effects in the IIH testing equation can help control for
it. Panel data estimation is essential for that.
At the aggregate level, input prices are simultaneously determined with quantities. Also,
total output of the current year cannot be exogenous as it is directly dependent upon input
allocations. Thus, these variables are likely endogenous in the model. 29 We overcome the
problem using lagged total output, input prices and quantities as instruments. Since our dynamic
demand equations already include the lagged quantities, we utilize the two-period lagged
quantities as the instrument. Our tests for underidentification and weak identification indicate
that the set of instruments are both relevant and strong. 30 Since the dynamic demand functions
are a system of equations where error terms are likely correlated, we estimate the system using
three stage least square regression with the instrumental variables.
Test for the IIH
Lee (2017) shows how a two-way fixed effects model can address non-neutrality in the
innovation supply sector. As conventional, the study assumes that intervals between investment
in R&D and implementation of the innovation that is achieved through the R&D investment are
the same for each input. Consequently, uniform research and adjustment lags are assumed.
Necessary modification of the IIH testing procedure to account for sluggish adjustment of
quasi-fixed inputs will be accomplished in two ways. As different adjustment rates among inputs
imply different lengths of time to reach optimal input levels with new technology, we employ
non-uniform lag length between research investment and implementation of invention resulting

29

Durbin and Wu-Hausman statistics are, respectively, 847 (p<0.0001) and 158 (p<0.0001) indicating the null
hypothesis of exogeneity of the variables is rejected.
30
Specifically, Anderson’s LM statistics of 429.859 and Cragg-Donald Wald statistics of 60.315 indicate that the
null hypotheses of underidentification and weak identification are both rejected at a 1% significance level.
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from the research investment in the first modification of the IIH testing equations. This is due to
differences in the adjustment lags. This modification of the Lee (2017, chapter_) regression
model is specified as follows:

(8a)

𝐾𝑖𝑡𝑠
𝑝𝑖𝑡𝑠
𝐸𝑡−𝑙 (𝑝𝑖𝑡𝑠 )
∆𝑡,𝑠 𝑙𝑜𝑔 (
) = 𝛽1 ∆𝑡,𝑠 𝑙𝑜𝑔 (
) + 𝛽2 ∆𝑡,𝑠 𝑙𝑜𝑔 (
) + Γ ′ 𝑍𝑖𝑗𝑡𝑠 + 𝜀𝑖𝑗𝑡𝑠 ,
𝐾𝑗𝑡𝑠
𝑝𝑗𝑡𝑠
𝐸𝑡−ℎ (𝑝𝑗𝑡𝑠 )

where subscripts i and j denote inputs, t denotes time, and s denotes state; 𝛽s and Γ are,
respectively, scalars and a vector of parameters to be estimated; 𝐸 denotes the expectation with
subscripts 𝑡 − 𝑙 and 𝑡 − ℎ indicating length of the research plus adjustment lags; ∆𝑡,𝑠 is the time
and state difference operator; 𝑍 is a vector of other exogenous factors affecting input allocations
– total public agricultural research expenditures, total agricultural output, and climatic
conditions; 𝜀 is the error term. Support for the IIH is provided by a negative estimate of 𝛽2 when
the elasticity of substitution 𝛽1 is found to be less than 2. Improvement of the test in the presence
of quasi-fixed inputs occurs by allowing non-uniform lags among inputs based on the adjustment
rates estimated by (7). The expectation horizon is 𝑙 for the price of input i and ℎ for the price of
input j, and the non-uniform lags in price expectation are due to different adjustment lags.
In the second modification of the IIH testing equations, we estimate optimal input
quantities. These quantities, which we refer to as hypothetical input quantities are quantities that
would have been allocated if inputs were perfectly variable (i.e., zero adjustment cost) and are
1

∗
constructed by 𝐾𝑖𝑡𝑠
= 𝐾𝑖(𝑡−1)𝑠 + 𝑀 (𝐾𝑖𝑡𝑠 − 𝐾𝑖(𝑡−1)𝑠 ).31 This modification of the Lee (2017,
𝑖𝑖

chapter _) regression model is:

31

Note that we do not account for off-diagonal adjustment effects in this calculation.
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(8b)

∆𝑡,𝑠 𝑙𝑜𝑔 (

∗
𝐾𝑖𝑡𝑠
𝑝𝑖𝑡𝑠
𝐸𝑡−𝑘 (𝑝𝑖𝑡𝑠 )
) + 𝛽2 ∆𝑡,𝑠 𝑙𝑜𝑔 (
) + Γ ′ 𝑍𝑖𝑗𝑡𝑠 + 𝜀𝑖𝑗𝑡𝑠 ,
∗ ) = 𝛽1 ∆𝑡,𝑠 𝑙𝑜𝑔 (
𝐾𝑗𝑡𝑠
𝑝𝑗𝑡𝑠
𝐸𝑡−𝑘 (𝑝𝑗𝑡𝑠 )

where K* is the optimal (hypothetical) input quantity, and subscript t-k in the expectation
operator represents the sum of the uniform research and adjustment lags.

Data and Variable Specification
The multivariate flexible accelerator model (7) and regression model for the IIH test (8) are
estimated using an annual agricultural production panel data series for the years 1960-2004 for
the U.S. 48 contiguous states. The entire data set is strictly balanced over the study period. For
the main variables, the same data are used as in Lee, Cowan, and Shumway (2016) to determine
how modification for adjustment rates of quasi-fixed inputs affect the IIH test results. The data
set for state level input prices and quantities and total output are constructed following Ball et al.
(1999) and Ball, Hallahan and Nehring (2004) and obtained from the U.S. Department of
Agriculture (USDA ERS 2015).
Total annual public expenditures for agricultural productivity research by state for the
period 1927-2009, compiled following the procedures outlined in Huffman (2009), are from
Huffman (2012). The private research stock is based on data from Johnson’s (2005) inventory of
patents whose primary user is agriculture (Johnson 2013). To control for the effects of climate
change, we use 50-year rolling averages of state-level annual temperature and total precipitation
for the period 1910-2004. The data are from the National Oceanic and Atmospheric
Administration (NOAA) and are used to control for systematic change in weather conditions.

Empirical Results
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Adjustment Rates and Quasi-Fixity
Since our primary goal of estimating dynamic demand functions is to measure the speed of
adjustment for each quasi-fixed input, we focus only on the parameter estimates for the
adjustment matrix M and omit estimates of the other variables. The number of observations is
2,064, 48 states for 43 years (1962-2004). The first two years (1960-1961) were dropped since
we use two-period lagged input quantities as instruments. The other variables included were total
output, private and public research stock, 50-year rolling averages of temperature and
precipitation, and state and time dummies. The R-square exceeded 0.98 for each demand
equation.
Table 2 presents hypothesis test results for various forms of adjustment. Joint hypotheses
of independent and instantaneous adjustment and strict fixity are both rejected at p<0.0000 (see
first two rows of table). The results imply that the inputs as a whole are neither perfectly variable
nor strictly fixed. Rejection of the hypothesis of a univariate flexible accelerator (third row)
suggests that the adjustment matrix is not diagonal which implies that speeds of adjustments for
the inputs are also affected by the extent of disequilibrium in other inputs. For each input, the
null hypotheses of independent and instantaneous adjustment and strict fixity (rows 4-11) are
also soundly rejected. The results imply that each input adjusts toward its optimal level in each
production period but does not reach equilibrium in one year. The joint hypothesis of a uniform
adjustment rate for all inputs, i.e., 𝑀𝑖𝑖 = 𝑀𝑗𝑗 for all 𝑖, 𝑗, is also rejected at p<0.0000. This result
highlights the need for non-uniform length of lags between research investment and
implementation of invention resulting from the research investment in the IIH testing equations.
Table 3 presents the estimates of adjustment rates and the dynamic interactions among
inputs. Capital, labor, land, and intermediate inputs are found to adjust 3.3%, 15.9%, 0.7%, and
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26.5% of the optimal change in one year (see diagonal elements in the table). All own adjustment
parameters except land (diagonals) and seven interaction parameters (off-diagonals) are
statistically significant at the 0.05 significance level. The adjustment rate estimates imply that it
takes about 31 years for capital, 7 years for labor, 134 years for land, and 4 years for
intermediate inputs to fully adjust to their optimal levels. The adjustment rate of 3.3% for capital
is lower than Vasavada and Chambers’ (1986) estimates of 11% - 26% and Yang and
Shumway’s (2016) estimate of 5% but higher than Serra, Stefanou and Lansink’s (2010) estimate
of 2%.32 Labor adjustment rate estimates have varied greatly in previous literature. For example,
Vasavada and Chambers (1986) obtained an adjustment rate estimate of 7%, Asche, Kumbhakar
and Tveteras (2008) 52%, and Yang and Shumway (2016) found that labor overshoots by 41%.
Our estimate of 15.9% is closest to Vasavada and Chamber’s estimate. The very low estimated
adjustment speed of 0.7% suggests that land adjusts so sluggishly that it is almost fixed in a short
period of time. Intermediate inputs that includes energy, fertilizer and lime, pesticides etc., is
found to adjust fastest among inputs although the estimate of 26.5% is still much lower than
Yang and Shumway’s 88% estimated adjustment rate for fertilizer.
We find strong evidence for quasi-fixity in all the inputs in U.S. agricultural production.
Our results suggest that no input adjusts to changes in market conditions and technology more
than the half the change toward its optimal level within a year. Therefore, we confirm that it is
insufficient to assume uniform adjustment lags when testing the IIH. In the following two
sections, we present IIH test results using the modified test specifications accounting for
differences in adjustment rates. Since we found evidence that land adjusts at a very slow rate, we
exclude this input from the tests for consistency with the IIH.

32

Note that capital in Yang and Shumway (2016) and Serra, Stefanou and Lansink (2010) include land.
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IIH Test – Non-uniform Adjustment Lags
Estimation results for equation (8a) are presented in table 4. In estimation, we account for the
non-uniform adjustment rates estimated from the dynamic demand functions by adjusting length
of the expectation horizon. For example, as we confirmed that capital takes 31 years to fully
adjust to changes in market and technology, we include an adjustment lag of 31 years in addition
to the research lag.
We estimate the equation using both adaptive and naïve expectation hypotheses in
calculation of expected prices. To create price forecasts that are consistent with the adaptive
expectation hypothesis, we forecast prices one year ahead at time t-k using geometrically
declining distributed lags on five years of realized prices:33
𝐸𝑡−𝑘 (𝑤𝑖𝑠(𝑡−𝑘+1) ) = 𝜑𝑤𝑖𝑠(𝑡−𝑘) + 𝜑(1 − 𝜑)𝑤𝑖𝑠(𝑡−𝑘−1) + 𝜑(1 − 𝜑)2 𝑤𝑖𝑠(𝑡−𝑘−2) + ⋯ + 𝜑(1 −
𝜑)4 𝑤𝑖𝑠(𝑡−𝑘−4) where 𝜑 denotes the weight. The optimal weight of 𝜑 was selected based on the
Akaike Information Criterion. To ensure that the cumulative weights are over 0.9 within the
assumed research period, we only consider values of 𝜑 from 0.4 to 0.9with 0.1 intervals. Price
forecasts consistent with the naïve expectation hypothesis is calculated assuming 𝜑 = 1, which
implies that economic agents expect current prices to persist indefinitely. For both expected price
specifications, we assume a research lag of 5 years, i.e., the time lag between onset of research
and development of new technology.
R2 values range from 0.29 to 0.76. The first three columns of the table show results based
on the adaptive expectations hypothesis, and the last three columns present results with the naïve
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Geometrically declining distributed lags have frequently been used in the IIH testing literature, e.g., Popp (2002),
Crabb and Johnson (2010), and Cowan, Lee, and Shumway (2015). The maximum length of lag ranged from 2 years
(Crabb and Johnson 2010) to 20 years (Popp 2002). To keep more observations in the statistical estimation, we truncate
lagged prices that are assumed to affect expected price formation at 5 years.
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expectations hypothesis. For all six equations, the elasticity of substitution was estimated to be
between 0 and 1 (the negative of the parameter estimate for the current price ratio is the
estimated elasticity of substitution for the input pair). These estimates suggest that consistency
with the IIH is secured by a negative sign on the parameter estimate for the expected future price
ratio (Lee, Shumway, and Cowan 2016). Three equations, intermediate inputs/labor and
intermediate inputs/capital with adaptive expectations and intermediate inputs/labor with naïve
expectations, are consistent with the IIH. Although parameter estimates for the expected future
price ratio are negative in two other equations, capital/labor with adaptive expectations and
intermediate inputs/capital with naïve expectations, they are not statistically significant at the
10% level. In the capital/labor equation, the price ratio with naïve expectations is estimated to
have a positive effect on the quantity ratio, which is opposite to the IIH prediction.
Significant positive parameter estimates on total agricultural output occur in five of the
six equations and suggest that as total agricultural output increases, intermediate inputs and labor
tend to be more intensely used in production than capital. A possible explanation of these results
may be found in the speed of adjustment of these inputs. That is, in the short run, changes in
production level can be more readily accommodated by inputs that can adjust quickly. Public and
private research stocks significantly influence the input quantity ratio in three equations.
Interestingly, signs of the parameter estimates are exactly the opposite between public and
private research stocks for each pair of inputs. Although few differences are significant, this
result suggests a different focus for public and private research.
IIH Test – Hypothetical Input Quantities
Table 5 presents the statistical estimation results for equation (8b). Input quantities are modified
1

∗
according to 𝐾𝑖𝑡𝑠
= 𝐾𝑖(𝑡−1)𝑠 + 𝑀 (𝐾𝑖𝑡𝑠 − 𝐾𝑖(𝑡−1)𝑠 ) where we use estimates of the own𝑖𝑖
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adjustment rate parameter for 𝑀𝑖𝑖 . Results are presented based on both adaptive expectations and
naïve expectations. R2 values range from 0.23 to 0.63. The elasticity of substitution estimates are
between 0 and 1 for five questions. It is 1.221 for the pair of intermediate inputs and capital with
naïve expectations, which implies they are gross substitutes. Since estimated elasticities of
substitution for all six equations are less than 2, empirical support for the IIH is obtained by
negatively significant parameter estimates of the expected price ratio. Only the intermediate
inputs/capital equation is consistent with the IIH under both expectation hypotheses. In three of
the other four equations, the effect of the expected future price ratio is estimated to be positive
which is inconsistent with the IIH, and one (capital/labor) is significant at the 10% level.
Scale effects of total agricultural output on input ratios are significantly positive in three
equations – intermediate inputs/labor and intermediate inputs/capital with adaptive expectation
and intermediate inputs/labor with naïve expectations. This reaffirms that an increase in output
level is mostly associated with a relative increase in intermediate inputs. Public research stock
does not significantly impact the relative use of any pair of inputs while private research stock
significantly reduces relative use of intermediate inputs.
Assessment
Estimated dynamic adjustment rates for each input vary from 0.7% to 26.5%. Since land is
estimated to adjust so slowly, our IIH tests do not include land. With an assumed research lag of
five years, we incorporate a total lag of 36, 12, and 9 years, respectively, for capital, labor, and
intermediate inputs in testing the validity of the IIH.
Overall, we found a lower level of consistency with the IIH than Lee, Shumway, Cowan
(2016) using uniform adjustment lags. Compared to 100 percent support for the IIH found in the
previous study when these price expectation mechanisms were used in the equations for these
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inputs, we find 0 percent, 50 percent, and 75 percent support, respectively, for the capital/labor,
intermediate inputs/labor, and intermediate inputs/capital equations.34 However, the lower
support may have been driven by the smaller number of observations. For instance, estimation
of equation (8a) required that 31 additional years of observations be dropped for the capital
equations. That left only 5 years of observations. It is also possible that the lower support is
driven by complexities of dynamic adjustment not addressed in this study. For example, in
addition to quasi-fixed inputs only partially adjusting toward their optimal levels in a year, the
optimal levels likely change every year as well. Thus, they are not adjusting toward a static
equilibrium.

Conclusions
The motivation of this study was stimulated by the finding of considerably less support for the
IIH in our earlier empirical tests for input ratio equations that included land than for other inputs.
Recognizing that some inputs, including land, adjust slowly to optimal levels when changes
occur in market conditions and technology, we conjectured that IIH tests based on uniform
research and adjustment lags could result in imprecise tests of the hypothesis.
We used the same data for input quantities, prices, and control variables as in Lee,
Shumway, and Cowan (2016) for the sake of comparison with a more refined set of control
variables. Estimation of the dynamic demand functions provided strong evidence of quasi-fixity
in U.S. agricultural production and reaffirmed the stylized findings in the previous studies. Based
on the estimates of adjustment rates, we tested the IIH using modified versions of Lee’s (2017)

34

For each pair, we have four specifications; two IIH testing methods (8a) and (8b) by two price expectation
mechanisms.
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IIH tests. We employed two methods in the modification; 1) we adjusted length of the input price
expectation horizon, equation (8a), and 2) we used optimal (hypothetical) rather than current
input quantities, equation (8b). We implemented our IIH tests using both adaptive expectation
and naïve expectation specifications of future input prices. Contrary to our expectation that
consideration of estimated adjustment rates would yield greater support for the IIH, we found
less supportive evidence for the IIH with both of our methods than did Lee, Shumway and
Cowan (2016).
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CHAPTER THREE: SPILLOVER EFFECTS OF PUBLIC RESEARCH ON PRODUCTIVITY
GROWTH IN U.S. AGRICULTURE: A SPATIAL PANEL ANALYSIS
Introduction
Many economists have argued that technological progress plays a primary role in economic
growth. And it appears especially so in U.S. agriculture. Figure 1 from USDA ERS (2015) shows
trends of total farm input, total agricultural output and total factor productivity (TFP) for the
period 1948-2013 at the national level, where TFP is defined as the ratio of total outputs to total
inputs. According to the figure, total output has increased more than 250 percent while total
input has remained almost the same for the entire period, which leads to concluding that the
historical growth in agricultural output over the period has been driven mostly by growth in TFP
and only trivially by input increase. The high levels of TFP growth over the period is a
remarkable feature of the agricultural industry compared to other sectors of the economy
(Jorgenson and Gollop 1992).
The question that naturally arises is how such a high level of technological improvement
has been possible. Although both neoclassical theory and endogenous growth model concede the
importance of the role of technological progress in economic development, the views on how
they occur are fundamentally different. For example, the Solow-Swan (endogenous) growth
model (Solow 1956, Swan 1956) treats technological progress as a factor that comes from
outside the economic system, and thus treats improvements in technology as embodied in the
residual factor in its growth-accounting approach. However, the endogenous growth model also
acknowledges that technological improvements are the result of productive economic activity
that involves intentional human efforts such as R&D investments and that, without its significant
externalities, it would be difficult for an economy to sustainably grow (Griliches 1998).

55

Knowledge accumulation is especially important due to its distinct feature of non-rivalry.
Schumpeter (1942) trichotomized the evolution of knowledge within an economy into invention,
innovation and diffusion with invention the initial technical development, innovation the
introduction of the development into commercial goods, and diffusion the spread of the new
technology across the potential market. While some costs are usually involved in the first two
stages, the third stage is typically costless because diffusion of the new technology to different
economic agents occurs as a byproduct of usual interactions, e.g., communications and
commodity transactions.35 Economists have termed such costless diffusion “spillovers”.
The goal of the present study is to develop empirical estimates of productivity growth
attributed to agricultural public R&D investments for the 48 contiguous U.S. states with a major
focus on spillover effects. 36 We build on Griliches’ (1979, 1998) pioneering knowledge capital
model that treats knowledge stock as a distinct input where its flow is similar to that of physical
capital.37 The knowledge capital model connects past investments in R&D with productivity and
we extend it to account for spatial dependence among neighboring states in the path of historical
productivity growth following Fisher, Scherngell and Reismann (2009). We apply spatial
econometric models to state panel data to address spatial autocorrelation among states. 38 In

35

Certain types of knowledge can still be excludable due to patents. For this reason, knowledge is often referred to
in the literature as an “impure public good”.
36
One advantage of using aggregate level data rather than individual research project data in a subsector is that a
bigger part of the knowledge spillover impact on productivity growth can be captured. However, we recognize that
some knowledge spillovers occur across two-digit level industries. Consequently, unless we examine impacts of
R&D spillovers on an aggregate measure such as Gross World Product (GWP), it would be infeasible to capture all
spillovers.
37
Griliches’ knowledge capital model, sometimes referred to as a knowledge production function, has been used as
the foundation for several recent empirical papers analyzing the impact of R&D on productivity, e.g., LeSage and
Fischer (2012), Doraszelski and Jaumandre (2013), Scherngell, Borowiecki and Hu (2014), and Kancs and
Siliverstovs (2016).
38
The spatial econometric model has not previously been applied to this industry to examine productivity growth.
Plastina and Fulginiti (2012) did use a spatial autoregressive model to calculate the internal rate of return (IRR) to
public agricultural research.
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estimation, a novel spatial weighting matrix structure of knowledge spillovers is constructed that
accounts for variations in the usefulness of knowledge within a neighborhood. Differences in
physical, agro-climatic, and economic distance between states are considered.
This paper contributes to the literature devoted to measuring spillover effects of
knowledge. While knowledge spillovers have received considerable attention (e.g., Huffman and
Evenson 1992, McCunn and Huffman 2000, Yee et al. 2002, and Liu et al. 2011,), none has fully
accounted for spatial dependence among states and thus, their estimates are subject to bias or
inefficiency in estimation. Specifically, if a spatial dependence exists in TFP (i.e., in the
dependent variable of their regression model), the cost of ignoring the dependence is biased and
inconsistent parameter estimates, and if a spatial dependence exists in errors from the non-spatial
regression model, the cost of ignoring it is a loss of efficiency in estimation (Fingleton 1999,
Elhorst 2003, and LeSage and Pace 2009). In this study, we find evidence that TFP of U.S. states
agricultural production is positively spatially correlated and, hence, the spatial econometric
modelling is appropriate. 39
In addition, knowledge spillover is not the only factor that causes spatial dependence. By
being physically close, neighboring states may share many characteristics that can influence
productivity, e.g., climate conditions, soil types, outbreak and dissemination of epidemics,
location amenities, infrastructure, and even occurrence of disastrous events such as wildfires.
Those factors cannot be perfectly observed and some are likely correlated with other factors
39

Another limitation of the non-spatial analyses (e.g., Huffman and Evenson 1992, McCunn and Huffman 2000,
Yee et al. 2002, Liu et al. 2011; Sabasi and Shumway 2015) is that knowledge spillovers are strictly limited within a
predefined group of neighbors. It implies that, for instance, new knowledge discovered in California is not at all
useful in improving productivity in Maine because the two states were not defined as neighbors. In principle,
however, spillovers may still exist between distanced states although the impacts would decline as the distance
between the two states increases. Spatial econometric modelling allows for spillovers between all U.S. states
regardless of the choice of weight matrices.
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explaining productivity that are included in the model. For example, states in a dry region may
allocate more resources to irrigation research. Thus, both the research and dryness can
simultaneously affect productivity and spatial modelling can help reduce the bias in estimating
spillover effects.
By considering differences in physical, agro-climatic, and economic distance between
states, we also improve on the measure of knowledge stocks used in previous studies in which
neighbors to the state were defined only by agro-economic similarity (e.g., McCunn and
Huffman 2000, Liu et al. 2012, Sabasi and Shumway 2015, Jin and Huffman 2016) or
geographical proximity (Plastina and Fulginiti 2012). The effectiveness of knowledge spillover is
best defined when both agro-climatic similarity and geographical proximity are incorporated.
First, while straightforward and simple, geographical proximity alone cannot reflect
commonalities in the factors that provide similar biological environments which are a critical
input for the industry. For example, Jin and Huffman (2016) commented on Plastina and
Fulginiti (2012) with respect to their choice of first order contiguity weighting matrix that “…
this type of spillover effect would most likely exclude the benefits of public corn research
conducted in Iowa on Indiana and Ohio agribusinesses and farms, even though these states have
a large area in the same geo-climatic zone.” 40 Second, geo-climatic similarity alone cannot
account for differences in cost of knowledge exchange. Farmers (or scientists) in different states
are more likely to benefit from each other when they are close to one-another rather than when
they are far. In constructing our knowledge spillover variables, we do not limit our measures to

40

Plastina and Fulginiti (2012) use the first order contiguity weighting matrix. The matrix considers that two states
are neighbors if they share a border or a vertex. Based on this criterion, Iowa is neither a neighbor to Indiana nor to
Ohio.

58

political boundaries. Rather, we consider the most recent information on agro-climatic
similarities by using 20 NRCS land resource regions depicted in figure 2 (USDA Handbook 296)
and then the weights are multiplied by inverse distance to account for geographical proximity.
The remainder of this paper is organized as follows. In the next section, we adapt
Griliches’ knowledge capital model to address spatial spillover effects. In the subsequent section,
the spatial model is motivated to account for other types of spatial dependence in addition to
knowledge spillovers. In the same section, we also discuss appropriate choice of spatial
weighting matrices. We then present the empirical specification and describe the data used for
estimation. In the remaining sections, we report the empirical results including a simulation of
the productivity change rate using alternative knowledge stock increase scenarios, and conclude.

Theoretical Model
We adopt Griliches’ (1979) knowledge capital model and extend it to accommodate spatial
spillover exchanged among neighboring states. 41 The knowledge capital model assumes that
knowledge contributes to the production function as a distinct input. Thus,
(1)

𝑌𝑖𝑡 = 𝐴𝑖𝑡 𝐹(𝑋𝑖𝑡 , 𝑒𝑖𝑡 )

where Y represents agricultural output, F is a production function with regularity conditions
satisfied which depends on its index of conventional inputs X such as labor, land, (physical)
capital, etc., A is a scale function governed by knowledge accumulation, e denotes error terms

41

In theory, spillovers likely occur between individual firms, or individual farms in the context of the present study.
However, in the agricultural productivity literature, states are often treated as the study unit. This is often an
inevitable choice because of data availability but can be justified for the following reasons: (a) a significant portion
of public agricultural research is conducted at the state level, (b) location is relatively important in agricultural
production compared to other industries because the biological environment is an important input in this industry,
and (c) the hypothesis that the 48 U.S. contiguous states behave as though they were price-taking profit-maximizing
firms was previously not rejected empirically (Lim and Shumway 1992).
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potentially including all the unobserved determinants of agricultural production, and subscript i
and t respectively represent state and time. The scale function of state i in time t, is determined
by its own knowledge capital Kit and knowledge capital of neighboring states that is relevant to
state i, 𝐾𝑖𝑡∗ .
𝐴𝑖𝑡 = 𝐴(𝐾𝑖𝑡 , 𝐾𝑖𝑡∗ ),

(2)

Specifically, the relevant knowledge capital pool to state i is defined as 𝐾𝑖𝑡∗ = ∑𝑁
𝑗=1 𝑤𝑖𝑗 𝐾𝑗𝑡 , where
𝑤𝑖𝑗 represents how relevant state j’s knowledge capital is to state i; 𝑤𝑖𝑗 can be seen as an
effective proportion of knowledge in state j that can be borrowed by state i (Griliches 1998;
Fisher, Scherngell and Reismann 2009).
Acknowledging the difficulty of measuring actual knowledge capital, Griliches (1979)
proposed a lag function to proxy knowledge capital at a point in time: 𝐾𝑖𝑡 = 𝜔(𝐵)𝑅𝑖𝑡 where
ω(B) is a lag polynomial and R denotes R&D expenditure. Specifically, 𝐾𝑖𝑡 = (𝜔0 𝑅𝑖𝑡 +
𝜔1 𝑅𝑖𝑡−1 + 𝜔2 𝑅𝑖𝑡−2 + ⋯ ) where 𝜔’s are predetermined weights representing how much a
previous research investment contributes to knowledge accumulation. On the selection of
appropriate weights, we can benefit from a strand of literature that aims to identify life span of
knowledge in contributing to productivity growth (e.g., Huffman and Evenson 2006a, Alston et
al. 2010, Chavas and Cox 1992).42
TFP is defined by the ratio of total agricultural output to contributions of conventional
inputs. Assuming an appropriate index for conventional m inputs takes a form of 𝑋𝑖𝑡 =
𝛾ℎ
∏𝑚
ℎ=1 𝑋𝑖ℎ𝑡 , where 𝛾’s are share parameters, and assuming a Cobb-Douglas production technology
𝛼

𝛽

∗ 𝛽2
1
ℎ
𝐹(𝑋𝑖𝑡 , 𝑒𝑖𝑡 ) = (∏𝑚
ℎ=1 𝑋𝑖ℎ𝑡 )𝑒𝑖𝑡 and efficiency function 𝐴𝑖𝑡 = 𝐾𝑖𝑡 (𝐾𝑖𝑡 ) , TFP is given by,

42

See Wang et al. (2013) for a summary of these studies.
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(3)

𝛽

𝛼 −𝛾ℎ

ℎ
𝑇𝐹𝑃𝑖𝑡 ≡ 𝑌𝑖𝑡 /𝑋𝑖𝑡 ≡ 𝐾𝑖𝑡1 (𝐾𝑖𝑡∗ )𝛽2 ∏𝑚
ℎ=1 𝑋𝑖ℎ𝑡

𝑒𝑖𝑡 ,

where 𝛼’s, 𝛽’s and 𝛾’s are elasticities. Log-linearization of (3) results in
(4)

ln 𝑇𝐹𝑃𝑖𝑡 = 𝛽1 ln𝐾𝑖𝑡 + 𝛽2 ln𝐾𝑖𝑡∗ + ∑𝑚
ℎ=1(𝛼ℎ − 𝛾ℎ )ln𝑋𝑖ℎ𝑡 + 𝜖𝑖𝑡

Thus, TFP in state i at time t is assumed to be determined by its knowledge capital which results
from its own investment in R&D in the past as well as its neighbors’ investments. If (𝛼ℎ − 𝛾ℎ ) >
0, it implies that use of input h increases level of efficiency and vice versa.

Spatial Model Specification
A remarkable feature of U.S. states’ agricultural productivity growth is its regional variation
(Ball et al. 1999, 2004). For example, Oregon exhibited the highest TFP growth rate of 2.58
percent per year between 1960 and 2004 while Oklahoma showed the lowest growth rate of 0.57
percent (See table 1). Perhaps, however, what is more interesting than the gaps in average TFP
growth rates across states is its spatial clustering. Figure 3 shows U.S. states’ average
productivity growth rates during 1960-2004. The figure suggests some clustering in its pattern.
For example, four neighboring states, Illinois, Indiana, Ohio and Michigan, constitute a high
growth cluster with 1.9-2.6 average annual growth rate while seven neighboring states, Montana,
Wyoming, Colorado, Kansas, New Mexico, Oklahoma and Texas constitute a low growth cluster
with 0.6-1.4 average annual growth rate. It implies that U.S. states’ historical TFP growth rates
have not been spatially independent.
There are several motivations that invoke spatial models. LeSage and Pace (2009)
demonstrate that the motivations include a time-dependence motivation, an omitted variables
motivation, a spatial heterogeneity motivation, an externality based motivation, and a model
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uncertainty motivation.43 In the present study, the omitted variables motivation is especially
relevant. Unobserved climate events, one of the critical determinants in agricultural production,
are likely shared by neighboring states resulting in clustering effects. An outbreak of epidemic
diseases such as swine flu in a region presumably affects not only its own productivity but also
nearby regions with swine concentrations. These examples illustrate that productivity changes in
physically close regions with similar agro-climatic conditions might be related.
Following LeSage and Pace (2009, pp. 27-28), we illustrate how a spatial model can be
motivated in the presence of spatially shared omitted variables. Assume that an n × 1 vector Y
can be explained by some observable factors 𝑿 and unobservable factors 𝒁. Then, the model can
be written in matrix form: 𝑌 = 𝑿𝛽 + 𝒁𝛾. If it is likely factors 𝒁 are spatially correlated, we may
write 𝒁 = 𝜌𝑊𝒁 + 𝝋 where 𝑊 denotes an n × n spatial weighting matrix. Solving it for 𝒁 yields
𝒁 = (𝐼 − 𝜌𝑊)−1 𝝋 where I is an n × n identity matrix. Assuming the inverse exists, substituting
for 𝒁 in the regression model results in 𝑌 = 𝑿𝛽 + (𝐼 − 𝜌𝑊)−1 𝜋 with 𝜋 = 𝝋𝛾. In the case that
some of the unobserved factors are correlated with the other explanatory variables X, an ordinary
least squares estimator for 𝛽 will be biased. When the correlation exists, a reasonable
representation for 𝜋 can be 𝜋 = 𝑿𝛿 + 𝑣, where 𝑣 is a random error. Substituting 𝜋 into the
regression equation, we obtain 𝑌 = 𝑿𝛽 + (𝐼 − 𝜌𝑊)−1 (𝑿𝛿 + 𝑣). The equation can be
reorganized to obtain 𝑌 = 𝜌𝑊𝑌 + 𝑿(𝛽 + 𝛿) + 𝑊𝑿(−𝜌𝛿) + 𝑣 which takes the form of a spatial
Durbin model (SDM). 44

43

See LeSage and Pace (2009) chapter 2.
There are three alternative spatial model specifications frequently used in regional economics literature: spatial
autoregressive model (SAR), spatial error model (SEM), and spatial Durbin model. SAR directly assumes dependent
variables – productivity in the present study – are spatially correlated and includes the spatial autoregressive term
(also known as the spatially lagged dependent variable in the literature) in the estimating equation while SEM
assumes error terms are spatially correlated. The SDM includes both the spatially lagged dependent variable and
independent variables on the right-hand side. In this study, we use the SDM since the omitted variable motivation
44

62

Spatial Weighting Matrix
In the spatial econometric model, the spatial weighting matrix, W, plays a significant role. With n
cross-sectional units, an 𝑛 × 𝑛 spatial weighting matrix determines the structure of
neighborhoods within the study units. As the matrix has to be determined a priori, an appropriate
choice of the weight is crucial for reliable estimates, and robustness checks employing different
weighting matrices are almost mandatory.
NRCS USDA’s Land Resource Regions (USDA Handbook 296) provides useful
information for constructing the neighborhood structure for each state. They identify
homogeneities in soil, climate and land activities and divide the U.S. land area into 28 Land
Resource Regions (LLRs) as noted in figure 2.45 We use their 20 regions for the 48 contiguous
states. As those regions do not follow jurisdictional boundaries, we identify neighboring states
based on whether each has land in the same LLR. For example, 93.5 percent Kentucky belongs
to “East and Central Farming and Forest Region” and the remaining 6.5 percent to “South
Atlantic and Gulf Slope Cash Crops, Forest, and Livestock Region”. Thus, it is identified as a
neighbor to AL, AR, FL, GA, IL, IN, LA, MO, MS, NC, OK, SC, TN, TX, and VA because a
part of the land area in each of those states belongs to one or both of Kentucky’s LLRs. The total

leads to this specification. In addition, the SDM is preferred for the following theoretical and practical advantages.
First, LeSage and Pace (2009) show that when a model specification is uncertain, especially when both the
dependent variable and error terms are expected to be spatially correlated, SDM can be chosen because the SDM
data generating process nests the others. Second, SDM is preferred on practical criteria to the other specifications as
it provides a direct estimate of knowledge spillover through the spatially lagged research stock variable which can
be regarded as a proxy for knowledge spillover.
45

As shown in figure 2, the greater the distance between two states, the lower the chance that the two states belong
to the same LLR due to a positive correlation between geographical proximity and agro-climatic similarities.
However, as the correlation is far from perfect, an inverse distance weight matrix alone would not be sufficient to
capture differences in spillovers.
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sum of the weights given to the neighboring states that belong to the “East and Central Farming
and Forest Region” is 14.4 times (i.e., 93.5/6.5) that given to the states that belong to the “South
Atlantic and Gulf Slope Cash Crops, Forest, and Livestock Region”. And weights assigned to
each of the states depend on the size of the land area that belongs to the same regions.
Specifically, let the land area of state i that belongs to a specific LLR region r be 𝐿𝑆𝑟,𝑖 , then
𝑤𝑖𝑗 =

∑𝑟

𝐿𝑆𝑟,𝑖 𝐿𝑆𝑟,𝑗

∑𝑟 ∑ℎ

𝐿𝑆𝑖 𝐿𝑆𝑗
𝐿𝑆𝑟,𝑖 𝐿𝑆𝑟,ℎ

, where 𝐿𝑆𝑖 denotes total land area of state i. Thus, each weight 𝑤𝑖𝑗 represents

𝐿𝑆𝑖 𝐿𝑆ℎ

a relative degree of agro-economic homogeneity between state i and j. We set 𝑤𝑖𝑖 = 0. This
computation results in an asymmetric 48  48 weighting matrix.46 Finally, to incorporate
physical distance between states into the weights, an inverse distance between state i and state j,
1
𝑑𝑖𝑗

, is multiplied by the weight and then each row is normalized. 47 The normalization makes the

sum of each row equal to 1 to ensure total weights given to each state are the same across all the
states. Our spatial weighting matrix is conceptually superior to the ones used in previous
analyses since it accounts for both agro-economical and geographical proximities.

Direct and Indirect Effects
In a spatial regression model, coefficient estimates represent the short-run effect and one
can find the equilibrium effects only after accounting for the spatial recursive process stemming

46

Note that neighboring relationships need not be symmetric between two states. To see this, suppose that a region
includes only two states A and B, and that state A belongs entirely to the region while state B partially belongs to the
region and the rest of its area belongs to another region. In this case, state B is the only neighbor to A, thus 𝑤𝐴𝐵 = 1
whereas 𝑤𝐵𝐴 < 1.
47
Geographical proximity is also an important factor that guides knowledge spillover since travel costs of
information decrease as states are closer to each other. As shown in figure 2, the greater the distance between two
states, the lower the chance the two states belong to the same LLR due to a positive correlation between
geographical proximity and agro-climatic similarities. However, as the correlation is not perfect, neither an LRR
weighting matrix nor inverse distance weighting matrix alone would not be sufficient to take account for the other.
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from the spatial dependence in the dependent variable. In addition, although the coefficient
estimates are uniform for each unit of observation, their equilibrium effects vary across the units
due to non-uniform spatial weights. The total equilibrium marginal effects of a change in a
regressor can be decomposed into direct and indirect effects based on which observational units
are subject to change. The direct effect refers to the combination of (a) the effect of an
explanatory variable for the ith state on TFP in the ith state (i.e., the coefficient itself) and (b) the
effect passing through neighboring states that exerts a feedback influence on TFP in the ith
region. The indirect effect refers to the sum of the effects of an explanatory variable for the ith
region on the TFP of the other states (-i). Although the coefficient estimates are uniform for each
unit of observation, direct and indirect effects vary across state because spatial weights differ for
each state.
As an illustration, the equilibrium marginal effects of a specific explanatory variable (K)
in the first state (i = 1) at a point in time on each state are derived. Consider a general SDM
model in matrix form:
(5)

𝑌 = 𝜌𝑊𝑌 + 𝛽𝐾 𝐾 + 𝛷𝑊𝐾 + 𝑿𝜷

where Y and K are n × 1 vectors, βK and ϕ are scalar parameters, 𝑿 is an n × p matrix, 𝜷 is a p ×
1 parameter vector, and W is an n × n weighting matrix. Rearranging (5) yields the following
data generating process (or reduced form) 𝑌 = (𝐼 − 𝜌𝑊)−1 (𝛽𝐾 𝐾 + 𝛷𝑊𝐾 + 𝑿𝜷). The
expression for total marginal effect of a unit increase in variable K for the given state (i = 1) can
be obtained by taking the first derivative:
(6)

∂Y
= (𝐼 − 𝜌𝑊)−1 (𝑖1 𝛽𝐾 + 𝑊𝑖1 𝛷)
∂𝐾𝑖=1

where 𝑖1′ = [1,0,0, … ,0]. Equation (6) can be rewritten as:
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(7)

𝛽𝐾 + 𝑤11 𝛷
∂Y
𝑤21 𝛷
= (𝐼 − 𝜌𝑊)−1 [
]
⋮
∂𝐾𝑖=1
𝑤𝑛1 𝛷

Let 𝑣𝑖𝑗 be an (i, j) element of(𝐼 − 𝜌𝑊)−1, then:
𝑛

𝑣11 𝛽𝐾 + 𝛷 ∑(𝑣1𝑝 𝑤𝑝1 )
𝑝=1
𝑛

(8)

∂Y
𝑣 𝛽 + 𝛷 ∑(𝑣2𝑝 𝑤𝑝2 )
= 21 𝐾
∂𝐾𝑖=1
𝑝=1
⋮
𝑛

[

𝑣𝑛1 𝛽𝐾 + 𝛷 ∑(𝑣𝑛𝑝 𝑤𝑝𝑛 )
𝑝=1

]

The first element of the vector in equation (8) denotes the direct effect of a unit increase in
variable K for a given state (i = 1), and the sum of the other elements of the vector and represents
the indirect effects for the other states (i ≠ 1), thus spillover effects. We provide direct and
indirect estimates along with parameter estimates in the Empirical Results section. Although
estimates for indirect effects provide a measure of knowledge spillover, it does not provide a
concrete sense of size because of the log-log relationship of our regression model. Thus, we
build different hypothetical knowledge stock change scenarios and simulate their impacts on TFP
to illustrate the magnitude of spillover effects relative to direct effects.

Empirical Specification and Data
The SDM is estimated using the following regression equation
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ln(𝑇𝐹𝑃)𝑖𝑡 = 𝜌 ∑ 𝑤𝑖𝑗 ln(𝑇𝐹𝑃)𝑗𝑡 + 𝛽1 ln(𝑟𝑝𝑢𝑏)𝑖𝑡 + 𝛽2 ln(𝑒𝑥𝑡)𝑖𝑡 + 𝛽3 ln(𝑒𝑑)𝑖𝑡
𝑗

+ 𝛽4 ln(ℎ𝑐𝑎)𝑖𝑡 + 𝛽5 ln(𝑓𝑠)𝑖𝑡 + 𝛽6 ln(𝑓𝑡𝑡𝑙)𝑖𝑡 + 𝛽7 ln(𝑡𝑜𝑡)𝑖𝑡 + 𝛽8 ln(𝑙𝑑)𝑖𝑡
(9)
+ 𝛽9 ln(𝑙𝑟)𝑖𝑡 + 𝛽10 ln(𝑐𝑎𝑝)𝑖𝑡 + 𝛽11 ln(𝑖𝑛𝑡𝑚)𝑖𝑡 + 𝛽12 𝑃𝐼𝐾
+ 𝛷 ∑ 𝑤𝑖𝑗 ln(𝑟𝑝𝑢𝑏)𝑗𝑡 + 𝜀𝑖𝑡
𝑗

where rpub, ext, ed, hca, fs, fttl, tot, ld, lr, cap, intm, and PIK respectively denote public research
stock, extension stock, education, health care access, farm size, family-to-total-labor ratio, terms
of trade, land quantity, labor quantity, capital quantity, intermediate input quantity, and 1983
payment-in-kind program dummy. The empirical specification generally follows Sabasi and
Shumway (2015) except we exclude weather and climate variables and include input quantity
variables as the theoretical model requires.48 The specification can also be regarded as an
augmented version of Huffman and Evenson (2006b) where human capital variables (education
and health care access), farm resource variables (farm size and family-to-total-labor ratio), input
quantity variables (land, labor, capital and intermediate input quantities), and a policy variable
(1983 payment-in-kind program) are controlled for.
TFP data were obtained from O’Donnell (2012). It is a balanced panel data for the U.S.
48 contiguous states for the period1960-2004. 49 O’Donnell calculated a measure of TFP change
as well as its three components (technical change, technical efficiency change, and scale mix and

48

Sabasi and Shumway (2015) include thirteen weather and climate variables in their regression model. They
include precipitation, growing degree days, damaging degree days, agro-temperature, agro-precipitation, and eight
interaction terms with two regional dummies. Since we use a state fixed-effects estimator, we exclude regional
dummies and regional interaction terms with weather and climate variables. We also estimated the model including
weather and climate variables as in Sabasi and Shumway (2015). The results show that only two variables
(damaging degree days and agro-temperature) are statistically significant and the addition barely improves
goodness-of-fit. One possible explanation is that since many weather and climate characteristics are shared by
approximate regions, they lose explanatory power when the spatially autoregressive term is added to the regression
model.
49
Despite the TFP data period, our estimation was conducted for 1961-2003 due to lack of data for other regressors.
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efficiency change) using an annual state-level panel dataset of prices and quantities compiled by
the USDA Economic Research Service (ERS) (USDA 2013). 50 Data envelopment analysis was
applied to calculate TFP and the components for each state relative to California in 1960.51
USDA Economic Research Service (ERS) also provides a state-level TFP measure for the 48
states for the same period. We chose O’Donnell’s TFP calculations over ERS calculations
because they possess two additional theoretical attributes – transitivity and identity. Also, using
O’Donnell’s (2012) calculations permits us to also examine how each component of TFP is
affected by knowledge stock and knowledge spillover.
Public research stock and public extension stock were obtained from Jin and Huffman
(2016). The research stock variable was calculated using state-level public research expenditure
data collected by the USDA in its Current Research Information System (CRIS) that contains
information on all research undertaken by both federal (U.S. Department of Agriculture) and
state (state agricultural experiment stations and the veterinary schools/colleges of the land-grant
universities). We apply Wang et al.’s (2013) 35-year trapezoidal weights to calculate a
knowledge stock variable that accounts for relative usefulness of knowledge attributed to
previous research investment. Knowledge spillover is represented by the spatially lagged public
research stock variable, i.e., ∑𝑗 𝑤𝑖𝑗 ln(𝑟𝑝𝑢𝑏)𝑗𝑡 using the weighting procedure and sources
developed in the previous section. The full-time-equivalent professional extension staff is used to
construct public extension stock. Specifically, the extension stock was proxied by the weighted

O’Donnell (2012) uses the term “total factor productivity change” instead of “total factor productivity” because
the index indicates level of productivity relative to California in 1960. In this study, we adhere to the term “total
factor productivity” as it is more commonly used in the literature.
51
Details of the index calculations can be found in O’Donnell (2012).
50
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average of the most recent five years of full-time equivalent staff based on exponentially
decaying weights.
Data for health care access and farmers’ education level by state were constructed by Liu
et al. (2009) for the period 1961-1999. Sabasi and Shumway (2015) updated the data to 2003
following the same procedure as Liu et al. (2009). Health care access is measured as the number
of medical doctors per 10,000 population in rural counties of each state. Sabasi and Shumway
(2015) argue that this measure is preferred to other measures such as farmers’ insurance since it
is superior to approximate the three dimensions of health care access – affordability, proximity
and quality. An index of weighted average weekly working hours across various education levels
for each state is used as a proxy for farmers’ education level. The original data on hours worked,
gender, age, education index and employment types by employment category were from Ball
(2005).
Average farm size for each state is measured using gross value of farm assets. Farm
Balance Sheet data from USDA ERS are used to construct average farm size. It is the real gross
value (in 2003 dollars) of farm assets per farm. Family-to-total labor ratio is calculated using the
ERS state-level price and implicit quantity data (USDA 2013). Terms-of-trade was constructed
using the same dataset. The agricultural input quantities are also from the same dataset. For
details regarding original data sources and construction of this state-level data series, see Ball,
Hallahan, and Nehring (2004) and Ball et al. (1999). Summary statistics are presented in table 2.

Empirical Results
Two statistical tests, i.e., Moran’s I and Geary’s C statistics, are performed to confirm spatial
correlations in TFP among U.S. states. Both tests use average growth rate of TFP over the period
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1960-2004. While both provide measures of global spatial correlation, Geary’s C is slightly more
sensitive to local spatial autocorrelation. Statistics of Moran’s I and Geary’s C are, respectively,
0.095 and 0.835. They reject the hypothesis of zero spatial autocorrelation in TFP among U.S.
states at 0.10 and 0.05 significance levels, respectively.
Equation (9) is estimated with state fixed effects using a maximum likelihood estimator,
and the estimation results are reported in table 3. 52 Parameter estimates (ρ, βs, and ϕ) in equation
(9) that reflect the short-run impact of an increase in explanatory variables within a state on its
own TFP are presented in column (a). The equilibrium marginal direct and indirect effects are
presented in columns (b) and (c) respectively. Except for the 1983 PIK program dummy
variable, all variables are in natural logarithms, and thus parameter estimates are equivalent to
elasticities of the effect of regressors on TFP. R2 value is 0.899.
The spatial autocorrelation coefficient is significant at the 0.05 level with an estimate of
0.475 (see column (a)). Consistent with Moran’s I and Geary’s C tests, the estimate confirms a
spatial structure in TFP among U.S. states. The positive coefficient estimate that is also
significantly less than 1.0 implies that total factor productivities are spatially positively
correlated and that the correlation converges to zero as distance between states becomes greater.
Knowledge spillover is positive and statistically significant (0.0587). The short-run
estimate of the elasticity of TFP with respect to the public research stock is 0.113 and
statistically significant. This productivity elasticity is almost exactly equal to the Jin and
Huffman’s (2016) estimate which was not based on spatial econometrics. Combined with spatial
feedbacks, direct marginal effects of public research stock are measured as 0.126 implying that a

52

Based on Hausman tests, the random effects panel data estimator was tested against fixed effects, and the null of
random effects was rejected at 0.01 level.
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1percent increase in public research stock in state i leads to 0.13 percent increase in TFP in the
state (see column (b)). It is the positive spatial autoregressive term that makes the direct effect
greater than the short-run effect represented by the estimated parameter.
Its indirect effect is also positive and statistically significant (0.201), further
documenting the existence of knowledge spillover (see column (c)). However, since natural
logarithms are taken for the variable and the indirect effects are the sum of the effect given to all
the other states except the state with the shock, interpreting indirect effects as a usual elasticity is
not adequate. To overcome the difficulty, we simulate different shock scenarios that provide
clearer measures of the indirect effects in a later section.
Parameter estimates for health care access, family-to-total labor ratio, terms of trade,
three input quantities (land, labor, and capital), PIK indicator are significant at the 0.05 level.
Direct and indirect effects of each variable are consistent with respective parameter estimates
with respect to estimated sign and significance level.
Health care access negatively affects TFP (-0.038). Considering healthier farmers are
likely more productive in production and more actively adopt new technologies, the result is
counterintuitive. In fact, the negative impact suggests a possibility that better health care access
is associated with less productive workforce. The effects of family-to-total-labor ratio on state
agricultural productivity are negatively estimated (-0.123). It implies that positive impacts of
hired workers on improving productivity outweigh negative effects from potential moral hazard.
The result also supports the view that increases in ratio of hired workers to family workers can
enhance professional work environment. The negative impact of terms of trade (-0.114) is
consistent with Sabasi and Shumway (2015). There are conflicting views toward the measure
with respect to whether it is positively related to adoption of new technology; 1) since a high
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ratio of output price to input price implies healthy financial status, an increase in the ratio
increases average productivity, and 2) a decrease in the output to input price ratio can create an
incentive to conserve inputs and increase average productivity (O’Donnell 2010). The estimate
supports the latter view and is consistent with Sabasi and Shumway (2015).
Negative impacts on agricultural productivity are found for three of the four inputs, i.e.,
land (-0.058), labor (-0.117), and capital (-0.071). The results imply that U.S. agricultural
production is perhaps subject to decreasing returns to scale. Also, if all the inputs were employed
at the long-run equilibrium at which average product for an index of all inputs is maximized, we
would observe statistically insignificant effects. Negative and significant estimates suggest that
an increase in those input quantities leads to decrease in average products, which implies that
U.S. agricultural production is operating in stage 2 of the production function. A more direct
interpretation is that increases in these inputs contribute more to increase in aggregate input
index measure than to increase in aggregate output index measure suggesting a potential to
increase productivity by input mix.
Payments-in-kind had a negative and statistically significant impact on TFP. This is
expected because the program incentivized farmers to divert program crop production to other
agricultural production which were likely less productive.
Robustness Checks – Spatial Weighting Matrix
To see how sensitive the estimates are to spatial weighting matrices, three alternative spatial
weighting matrices were constructed. They were based on Jin and Huffman’s (2016) 16 GeoClimate Regions (GCR), ERS’s 10 Farm Production Regions (FPR), and the inverse geographic
distance between states. All the alternative spatial weighting matrices were row-standardized as
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was the weighting matrix used in the main estimation. Parameter estimates computed using these
weighting matrices are reported in comparison to those from the base model in table 4.
For all models, the spatial autocorrelation parameter is significantly higher than zero and
significantly lower than 1.0. The estimates range from 0.33 to 0.59, which includes the point
estimate of spatial autocorrelation in the main estimation (0.475). Thus, each estimate implies
that total factor productivities are spatially positively correlated and that the correlation
converges to zero as distance between states becomes greater. Knowledge spillover is also
positive and significant in the estimations using other regional weighting matrices as well as
inverse distance, but it is negative and insignificant in the estimation only using inverse distance
weighting matrix. It implies that physical distance alone may fail to capture knowledge exchange
and its positive impact on neighboring states’ productivity by ignoring environmental and
biological conditions.
The other parameter estimates from the alternative weighting matrices are qualitatively
and quantitatively similar to those from the main estimation. However, although signs are the
same and magnitudes are similar, health care access is significant only in the base model.
Jin and Huffman (2016) found that model performance was superior in terms of goodness
of fit and t-values when the research spill-in variable was constructed based on GCR than when
constructed using ERS FPR. Consistent with their observation, we find that the spatial weighting
matrix using GCR performs slightly better than the other two alternative weighting matrices
based on R squares and the Akaike and Bayesian information criteria. However, the weighting
matrix based on LRR, which is used in the base model, slightly outperforms all the alternative
matrices by the same criteria.
Effects of Knowledge Spillover on TFP Components
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We regressed the same set of regressors on three TFP components reported by O’Donnell
(2012), i.e., technical change (TC), technical efficiency change (TEC), and scale and mix
efficiency change (SMEC). The focus of the regressions is to uncover which TFP component(s)
benefit the most from knowledge spillover. Regression results are reported in comparison to
those from the base model in table 5.
R2 values are significantly lower for the TEC and SMEC equations (0.027 and 0.092,
respectively) than for the TC equation (0.917). The spatial autoregressive coefficients are
positive and statistically significantly different from zero and 1.0 in the TC and SMEC equations
while it is not significantly different from zero in the TEC equation. Public research stock has a
positive and significant impact on all components (0.014-0.046). However, knowledge spillover
has a significant positive estimate in the TC equation (0.028) and a significant negative impact in
the other two component equations. The positive significant impact of knowledge spillover on
TC is consistent with Sabasi and Shumway (2015) while size is much smaller in this study than
their estimate of 0.192. The positive impact of knowledge spillover on TC implies that
knowledge spillover contributes to expanding the production possibility frontier. Negative
impacts on efficiency change and scale and mix efficiency change suggest a possibility that
technological progress in neighboring states can disturb efficient input allocations by attracting
less efficient input units. There is considerable heterogeneity in the impact of various regressors
on TFP components. In addition, the poor performance of the TEC and SMEC models imply that
these equations require additional control variables for adequate specification.
Simulation – Impact of a One Percent Increase in Knowledge Stock on Productivity
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To assess the magnitude of spillover effects relative to direct effects, we simulate the impacts of
four different knowledge stock change scenarios on TFP. For simulation, we use the estimates
from the base model in table 3 and the cross-sectional data for the year 2003.
The scenarios are constructed as follows. Scenario (1) assumes that knowledge stock in
Texas increases by 1 percent, scenario (2) that knowledge stock in Washington increases by 1
percent, and scenario (3) that knowledge stock in Kentucky increases by 1 percent. Knowledge
stock is held constant in all other states in each of these three scenarios. These three states are
chosen based on the number of their neighbors specified by the LRR spatial weighting matrix.
Texas has the largest number of neighbors (28), Washington has the least number (8), and
Oklahoma has the median number (15). Scenario (4) assumes that knowledge stock increases by
1 percent in all states except Texas, where it is held constant. Scenarios (1), (2), and (3) are
designed to assess the effects of an increase in knowledge stock in a specific state on its
productivity as well as the productivity in all other states. Scenario (4) is designed to assess the
relative size of spillover given to a state when knowledge stock increases in all other states.
Simulation results are reported in table 6. For scenario (1), a 1 percent increase in
knowledge stock in Texas leads to a 0.118 percent increase in its own productivity and on
average to a 0.0034 percent increase in the other states’ productivity. However, some of the
direct neighbors of Texas exhibit much higher increases in their productivity than the average.
For instance, Oklahoma and Kansas show more than a 0.02 percent increase followed by
Arizona, Nebraska and New Mexico (over 0.008 percent). For a one percent increase in
knowledge stock in Washington (scenario (2)), there is a 0.132 percent increase in productivity
in that state while TFP increases on average by 0.0032 percent in the other states. Oregon, Idaho,
and California received the largest spillover effects (0.01-0.06 percent increases in TFP). For the
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same percentage increase in productivity in Oklahoma (scenario (3)), the direct impact on its
own state is 0.131 percent. Average spillover is 0.0045 which is the greatest among the three
scenarios. Kansas, Texas, and Nebraska receive the largest spillover effects (0.02-0.06 percent
increases in TFP). Interestingly, Vermont receives the least impact (0.000001-0.000071 percent
increase) under each of these scenarios.
The last column of table 6 shows the simulation results using scenario (4). It shows that
when knowledge stock increases by one percent in every state except Texas, TFP increases by
0.222 percent in Texas compared to an average increase in TFP in other states of 0.344 percent.
The increase in productivity in Texas is the least among the 48 U.S. states. However, it is
remarkably high considering there is no increase in its own knowledge stock. The cumulative
spillover effect is nearly 2/3 as great for Texas by doing nothing when all other states increase
their knowledge stock by the same percent. The size of this effect is similar to Sabasi and
Shumway’s (2015) public research spill-in estimate but it is significantly greater than that of Jin
and Huffman (2016) and Huffman and Evenson’s (2006b).
The simulation results, also mapped in figure 5, provide a sense of scale about knowledge
spillover. An important finding is that the sum of the effects of the public knowledge stock
increase in a given state on TFP in the other states is greater than the direct effect of the increase
within the state (as reported in table 3). This finding is qualitatively comparable to Liu et al.
(2012) and Sabasi and Shumway (2015) who estimated larger spill-in effects than the effects of
own research. The large spillover effects in our study are likely because the SDM allows
spillover effects to be unrestricted within predefined regions – see table 6 to confirm that for
each scenario, the productivity increases for every state. From the simulation results with
scenario (1). (2), and (3), we can see that the size of knowledge spillover does not have a linear
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relationship with the number of neighbors, e.g., spillover is greatest in scenario (3) for the state
with the median number of neighbors. Also, we find that spillovers die out as order of neighbor
increases.

Conclusions
In this paper, we examine contributions of knowledge stock to total factor productivity (TFP) in
the U.S. agricultural production industry. We construct a knowledge stock variable from public
research expenditure data, use a state-level annual panel dataset for the contiguous 48 states for
the period 1961-2003, (and use spatial econometric methods for the first time to explain the
contribution of public research stock and its knowledge spillover to productivity changes in this
industry. We consider growth in TFP and three exhaustive components of TFP (technical
change, technical efficiency change, and scale and mix efficiency change). We use TFP data
from O’Donnell (2012) and USDA () and component data from O’Donnell (2012). We use
NRCS USDA’s Land Resource Regions () to construct a spatial weighting matrix to account for
homogeneities in soil, climate and land activities among states, which perform better in terms of
goodness of fit and model selection criteria than three alternative weighting matrices used in the
previous studies. To estimate knowledge spillover, a spatial Durbin model is employed for its
theoretical and practical advantages over alternative spatial econometric structures, i.e., it
explicitly includes spatially lagged independent variables.
We find that agricultural productivity changes of individual states are positively
correlated with that of neighboring states. The spatial correlation is confirmed both by significant
spatial correlation tests and by significant spatial estimates in the spatial regression models. We
also find strong evidence that knowledge stock is an important factor for productivity growth in
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U.S. agriculture. Specifically, knowledge accumulation in a state is found to enhance
productivity both for the state and for all other states. Confirmed by simulation results,
knowledge spillovers are found to be quite large when allowing recursive interactions within all
contiguous 48 states. The large spillover highlights the importance and benefit of public research
investments in all states for sustainable growth of national productivity. Analysis of the growth
in TFP components reveals that knowledge spillover expands the production possibility frontier
rather than increasing efficiency levels. Although not a primary focus of this study, we also find
evidence that some inputs are not used at long-run equilibrium levels. This suggests that
agricultural productivity could be enhanced by altering input allocations.
Our results show that public research investment is the single most important driver of
productivity growth in the agricultural sector. Also, our finding that a state’s research outcome
can provide benefits to other states that collectively exceed its own benefit implies that the
positive externalities associated with public agricultural research are remarkably large.
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Table 1.1. Summary Statistics
Variable
Unit
Land quantity
Labor quantity
Capital quantity
Intermediate input
quantity
Total agricultural
output
Land price

Thousands of
$ 1996
Thousands of
$ 1996
Thousands of
$ 1996
Thousands of
$ 1996
Thousands of
$ 1996
index

Mean
Value
714,651

Standard
Deviation
758,782

Minimum
Value
4,014

Maximum
Value
5,155,293

1,971,694

1,742,262

18,189

9,476,398

662,047

591,411

7,350

3,330,621

1,761,636

1,636,347

12,918

9,454,613

3,814,100

3,846,671

42,552

30,129,558

0.606616

0.575

0.006

3.631

Labor price

index

0.439577

0.334

0.048

2.110

Capital price

index

0.638603

0.370

0.129

1.237

Intermediate price

index

0.887015

0.382

0.224

2.022

19,888

17,150

487

111,612

Total public research
expenditure

Thousands of
$ 1996
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Table 1.2. Im-Pesaran-Shin t-bar Statistics for Nonstationaritya
Price series
Without time trendb
With time trendc
Level
Land

-0.7760

-1.4674

Labor

0.0001

-2.6834***

Capital

-0.4160

-1.2717

Intermediate input

-0.5841

-1.9525

Land

-3.6542***

-3.6165***

Labor

-8.3984***

-8.6702***

Capital

-3.7324***

-3.6815***

Intermediate input

-5.3272***

-5.2745***

First-Differenced

Notes: p-value of estimated parameters: * p < 0.10, ** p < 0.05, *** p < 0.01.
a
The null hypothesis of IPS test is that each price series contains a unit root.
b
Critical values of the statistics without time trend for 10%, 5% and 1% level of significance are -1.68, -1.73, and 1.81, respectively.
c
Critical values of the statistics with time trend for 10%, 5% and 1% level of significance are -2.32, -2.36, and 2.44, respectively.
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Table 1.3. Statistical Estimates for Autoregressive Model
Land price
Labor price
Lags
ArellanoArellanoBond
Fixed effect
Bond
Fixed effect
0.683***
0.686***
0.581***
0.586***
Lag1
(0.024)
(0.024)
(0.023)
(0.022)
-0.387***
-0.386***
0.256***
0.256***
Lag2
(0.028)
(0.028)
(0.024)
(0.024)
0.257***
0.259***
Lag3
(0.028)
(0.028)
0.003
0.004
Lag4
(0.029)
(0.029)
-0.529***
-0.528***
Lag5
(0.029)
(0.029)
0.357***
0.358***
Lag6
(0.030)
(0.030)
-0.247***
-0.245***
Lag7
(0.026)
(0.026)
0.005***
0.004***
Time trend
(0.000)
(0.000)
0.024***
0.023***
-0.021***
-0.020***
Constant
(0.002)
(0.002)
(0.005)
(0.005)

Capital price
ArellanoBond
Fixed effect
0.620***
0.620***
(0.021)
(0.022)
-0.342***
-0.342***
(0.024)
(0.025)
0.253***
0.253***
(0.022)
(0.023)

Intermediate input price
ArellanoBond
Fixed effect
0.217***
0.219***
(0.022)
(0.021)
-0.279***
-0.277***
(0.022)
(0.021)

0.010***
(0.000)

0.026***
(0.001)

0.010***
(0.000)

Notes: Standard errors are in parentheses; p-value of estimated parameters: * p < 0.10, ** p < 0.05, *** p < 0.01.

0.026***
(0.001)
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Table 1.4. Statistical Estimates with Rational Expectation Price Forecastsa
Labor
Capital
Intermediate
Capital
/Land
/Land
/Land
/Labor
A single price expectation lagged five years
Current price (-ρi)
-0.19787***
-0.04478
-0.08009**
-0.29171***
(0.03419)
(0.03628)
(0.04247)
(0.03431)
Expected future
-0.11118**
-0.13664***
-0.09704*
-0.15303*
price (Hi)
(0.06607)
(0.06682)
(0.06507)
(0.11034)
Total agricultural
0.36315***
0.19109***
0.82940***
-0.11165
output
(0.10030)
(0.05091)
(0.08701)
(0.09053)
Total public
0.01343
0.06810
-0.00440
0.09368**
research funds
(0.06747)
(0.04315)
(0.04068)
(0.04078)
Constant
-4.49910***
-2.76671***
-11.06790***
0.67070
(1.44822)
(0.77475)
(1.32141)
(1.29626)
Research concavity
4.98499
5.72251
7.80056
2.56998
parameter (θi)b
(3.30485)
(3.12931)
(6.02332)
(2.33927)
R-square
0.43977
0.67243
0.66757
0.43559
Number of Obs.
1,584
1,584
1,584
1,776
A weighted average of price expectations lagged two-five years
Current price (-ρi)
-0.19950***
-0.03171
-0.07112*
(0.03198)
(0.03322)
(0.04374)
Expected future
-0.01243
-0.05083
-0.03864
price (Hi)
(0.03947)
(0.04029)
(0.03809)
Total agricultural
0.35015***
0.18702***
0.82752***
output
(0.10120)
(0.05132)
(0.08737)
Total public
0.01332
0.06898
-0.00392
research funds
(0.06634)
(0.04291)
(0.04091)
Constant
-4.22069***
-2.64218***
-11.07869***
(1.45744)
(0.75843)
(1.31140)
50.75222
17.47722
21.40078
Research concavity
b
parameter (θi)
(163.13467)
(14.54639)
(22.56500)

Intermediate
/Labor

Intermediate
/Capital

-0.35002***
(0.03573)
-0.16168
(0.13213)
0.50564***
(0.11606)
0.01005
(0.04598)
-7.07749***
(1.72343)
1.96304
(2.12083)
0.75363
1,824

-0.54031***
(0.08229)
-0.20492***
(0.08504)
0.62433***
(0.06987)
-0.08779***
(0.02859)
-7.65521***
(1.02867)
0.57151
(0.40471)
0.89067
1,776

-0.28332***
(0.03289)
-0.08158**
(0.04748)
-0.10617
(0.08916)
0.09772**
(0.04082)
0.54001
(1.27949)
5.57935

-0.33322***
(0.03428)
-0.11449**
(0.05232)
0.51089***
(0.11374)
0.01473
(0.04608)
-7.17650***
(1.68790)
3.21649

-0.53087***
(0.07833)
-0.18466***
(0.07443)
0.62681***
(0.07005)
-0.08867***
(0.02872)
-7.69130***
(1.03056)
0.722698

(3.65881)

(1.75779)

(0.42064)

R-square
Number of Obs.
a

0.43655
1,584

0.66879
1,584

0.66621
1,584

0.43467
1,776

0.75404
1,824

0.89084
1,776

Standard errors are in parentheses; p-value of estimated parameters: * p<0.1, ** p<0.05, *** p<0.01. The t-tests conducted for the coefficients on current
and expected price ratios are one-tailed tests (with the null hypothesis that the coefficient is greater than or equal to zero). T-tests for coefficients on other
regressors are two-tailed tests (null hypothesis that the coefficient is equal to zero).
Time fixed effects and state fixed effects parameter estimates are suppressed.
b
Standard errors of the research concavity parameter are obtained using delta method.

88

Table 1.5. Statistical Estimates with Adaptive Expectation Price Forecastsa
Labor
Capital
Intermediate
Capital
/Land
/Land
/Land
/Labor
A single price expectation lagged five years
Current price (-ρi) -0.17727***
-0.05443*
-0.07624**
-0.28398***
(0.03195)
(0.03895)
(0.04387)
(0.03168)
Expected future
-0.03764
0.02012
-0.01952
-0.06859*
price (Hi)
(0.03753)
(0.03565)
(0.03289)
(0.04244)
R-square
0.43397
0.64354
0.70179
0.40870
Number of Obs.
1,728
1,728
1,728
1,728
Opt. Coefficient
0.4
0.4
δb
0.9
0.4
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A weighted average of price expectations lagged two-five years
Current price (-ρi) -0.17704***
-0.05458*
-0.07624**
(0.03197)
(0.03899)
(0.04387)
Expected future
-0.03826
0.02052
-0.01952
price (Hi)
(0.03760)
(0.03571)
(0.03289)
R-square
0.43402
0.64355
0.70179
Number of Obs.
1,728
1,728
1,728
Opt. Coefficient
δb
0.4
0.4
0.9
a

Intermediate
/Labor

Intermediate
/Capital

-0.33933***
(0.03239)
-0.09735**
(0.04474)
0.74274
1,728

-0.52402***
(0.07305)
-0.24118**
(0.10721)
0.89338
1,728

0.4

0.5

-0.28378***
(0.03169)
-0.06957*
(0.04272)
0.40878
1,728

-0.33906***
(0.03241)
-0.09859**
(0.04496)
0.74279
1,728

-0.52380***
(0.07298)
-0.24170**
(0.10774)
0.89338
1728

0.4

0.4

0.5

Notes: Standard errors are in parentheses; p-value of estimated parameters: * p<0.1, ** p<0.05, *** p<0.01. The t-tests conducted for the coefficients on
current and expected price ratios are one-tailed tests (with the null hypothesis that the coefficient is greater than or equal to zero). T-tests for coefficients on
other regressors are two-tailed tests (null hypothesis that the coefficient is equal to zero). Time fixed effects and state fixed effects are included in all models
but are not reported. Other parameter estimates are suppressed.
b
Optimal coefficient δ is selected based on Akaike Information Criterion.

Table 1.6. Statistical Estimates with Naïve Expectation Price Forecastsa
Labor
Capital
Intermediate
Capital
/Land
/Land
/Land
/Labor
A single price expectation lagged five years
Current price (-0.18874***
-0.05651
-0.10740**
-0.28976***
ρi)
(0.03080)
(0.04510)
(0.04597)
(0.03568)
Expected future
-0.02365
-0.00420
-0.03493
-0.08041**
price (Hi)
(0.03105)
(0.03422)
(0.03368)
(0.03670)
R-square
0.45483
0.66254
0.76177
0.57516
Number of Obs.
1,920
1,920
1,920
1,920
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A weighted average of price expectations lagged two-five years
Current price (-0.23371***
0.14864†
0.01553
ρi)
(0.04621)
(0.10810)
(0.09407)
Expected future
0.03787
-0.21742**
-0.15301**
price (Hi)
(0.06734)
(0.11015)
(0.08484)
R-square
0.45443
0.66434
0.76199
Number of Obs.
1,920
1,920
1,920
a

-0.22013***
(0.03704)
-0.12690**
(0.06264)
0.57291
1,920

Intermediate
/Labor

Intermediate
/Capital

-0.33850***
(0.03586)
-0.08462**
(0.03584)
0.77766
1,920

-0.55566***
(0.08844)
-0.14099**
(0.07295)
0.87950
1,920

-0.23512***
(0.03935)
-0.17325***
(0.06573)
0.77722
1,920

-0.20067***
(0.06859)
-0.52407***
(0.15029)
0.88055
1,920

Standard errors are in parentheses; p-value of estimated parameters: * p<0.1, ** p<0.05, *** p<0.01. The t-tests conducted for the coefficients on current
and expected price ratios are one-tailed tests (with the null hypothesis that the coefficient is greater than or equal to zero). T-tests for coefficients on other
regressors are two-tailed tests (null hypothesis that the coefficient is equal to zero). † p<0.1 is given to positive significant expected price ratios. The null
hypothesis in this case is that the coefficient is less than or equal to zero. Time fixed effects and state fixed effects are included in all models but are not
reported. Other parameter estimates are suppressed.

Table 2.1. Summary of Adjustment Interactions between Inputs
̅𝑖 )
̅𝑗 ) Adjustment
𝑚𝑖𝑖 (𝐾𝑖 − 𝐾
𝑚𝑖𝑗 (𝐾𝑗 − 𝐾

Complementary

Speed

/Substitute

̅𝑖 , 𝐾𝑗 < 𝐾
̅𝑗
𝐾𝑖 < 𝐾
𝑚𝑖𝑖 < 0, 𝑚𝑖𝑗 < 0

>0

>0

Up

Substitute

𝑚𝑖𝑖 < 0, 𝑚𝑖𝑗 > 0

>0

<0

Down

Complementary

𝑚𝑖𝑖 < 0, 𝑚𝑖𝑗 < 0

>0

<0

Down

Complementary

𝑚𝑖𝑖 < 0, 𝑚𝑖𝑗 > 0

>0

>0

Up

Substitute

𝑚𝑖𝑖 < 0, 𝑚𝑖𝑗 < 0

<0

>0

Down

Complementary

𝑚𝑖𝑖 < 0, 𝑚𝑖𝑗 > 0

<0

<0

Up

Substitute

𝑚𝑖𝑖 < 0, 𝑚𝑖𝑗 < 0

<0

<0

Up

Substitute

𝑚𝑖𝑖 < 0, 𝑚𝑖𝑗 > 0

<0

>0

Down

Complementary

̅𝑖 , 𝐾𝑗 > 𝐾
̅𝑗
𝐾𝑖 < 𝐾

̅𝑖 , 𝐾𝑗 < 𝐾
̅𝑗
𝐾𝑖 > 𝐾

̅𝑖 , 𝐾𝑗 > 𝐾
̅𝑗
𝐾𝑖 > 𝐾

Notes: Relationship between inputs 𝐾𝑖 and 𝐾𝑗 with regard to the speed of adjustment for input 𝐾1 , where its
̅𝑖 ) + 𝑚𝑖𝑗 (𝐾𝑗 − 𝐾
̅𝑗 ); 𝑚𝑖𝑗 denotes the element of the adjustment matrix M in
adjustment equation is ∆𝐾𝑖 = 𝑚𝑖𝑖 (𝐾𝑖 − 𝐾
the ith row and jth column.
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Table 2.2. Test Results for Adjustment Hypotheses
Hypothesis
Parametric
Test
restrictions
statistic
Independent and
120,645.83
𝑀𝑖𝑖 = −1 &
instantaneous adjustment
𝑀𝑖𝑗 = 0 for all
𝑗≠𝑖≠𝑗
Strict fixity
𝑀𝑖𝑗 = 0 for all 𝑖, 𝑗 742.95
Univariate accelerator model 𝑀𝑖𝑗 = 0 for all
241.61
𝑗≠𝑖≠𝑗
Independent and
instantaneous adjustment for
each input
Capital
54,247.71
𝑀𝑐𝑐 = −1 &
𝑀𝑐𝑗 = 0 for all
𝑗≠𝑐≠𝑗
Labor
5,534.33
𝑀𝑙𝑙 = −1 &
𝑀𝑙𝑗 = 0 for all
𝑗≠𝑙≠𝑗
Land
59,048.15
𝑀𝑑𝑑 = −1 &
𝑀𝑑𝑗 = 0 for all
𝑗≠𝑑≠𝑗
Intermediate inputs
2,125.51
𝑀𝑚𝑚 = −1 &
𝑀𝑚𝑗 = 0 for all
𝑗≠𝑚≠𝑗
Strict fixity for each input

df

p-value

16

0.0000

16
12

0.0000
0.0000

4

0.0000

4

0.0000

4

0.0000

4

0.0000

Capital

𝑀𝑐𝑗 = 0 for all 𝑗

196.19

4

0.0000

Labor

𝑀𝑙𝑗 = 0 for all 𝑗

186.20

4

0.0000

Land

𝑀𝑑𝑗 = 0 for all 𝑗

29.93

4

0.0000

Intermediate inputs

𝑀𝑚𝑗 = 0 for all 𝑗

228.00

4

0.0000

𝑀𝑖𝑖 = 𝑀𝑗𝑗 for all
𝑖, 𝑗

319.87

3

0.0000

Uniform adjustment rate
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Table 2.3. 3SLS Estimates of Adjustment Rate
Capital
Labor
Capitalt-1
Labort-1
Landt-1
Intermediate
inputst-1

-.0332**
(.0046)
.0461*
(.0206)
-.0089**
(.0018)
.0146**
(.0054)

.0259**
(.0027)
-.1587**
(.0119)
-.0005
(.0010)
.0035
(.0031)

Land
.0064
(.0109)
.0810
(.0485)
-.0075
(.0043)
-.0020
(.0126)

Intermediate
inputs
.1120**
(.0155)
.2154**
(.0690)
.0212**
(.0060)
-.2651**
(.0180)

Notes: *p<0.05, **p<0.01. R-square > 0.98 for each demand equation. The number of observations is 2,054, 48
states for 43 years (1962-2004); the first two observation years (1960-1961) were dropped since we use two-period
lagged input quantities as instruments. Parameter estimates are suppressed for other variables included in the
estimation equation (total output, private and public research stocks, 50-year rolling average of temperature and
precipitation, state and time dummies).
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Table 2.4. Statistical Estimates with Adjusted Expectation Lag
Parameter
Adaptive Expectation
Naïve Expectation
Capital
Intm.
Intm.
Capital
Intm.
Intm.
/Labor
/Labor
/Capital
/Labor
/Labor
/Capital
Current
-0.233*** -0.394***
-0.885***
-0.187*** -0.357***
-0.742***
Price Ratio
(0.034)
(0.032)
(0.254)
(0.028)
(0.034)
(0.098)
Expected
Future Price
Ratio

-0.052
(0.045)

-0.124***
(0.049)

-1.167**
(0.562)

0.013
(0.032)

-0.109***
(0.040)

-0.127
(0.140)

Total
Agricultural
Output

-0.240**
(0.112)

0.451***
(0.092)

0.517***
(0.143)

-0.101
(0.123)

0.537***
(0.115)

0.301***
(0.077)

Public
Research
Stock

-0.362
(0.384)

0.120
(0.078)

0.302
(0.319)

0.071
(0.172)

0.010
(0.094)

-0.329**
(0.132)

Private
Research
Stock

0.194
(0.188)

-0.104*
(0.061)

-0.025
(0.173)

-0.087
(0.079)

-0.056
(0.072)

0.132**
(0.067)

50-year
Rolling
Average of
Precipitation

-0.230*
(0.128)

-0.156*
(0.090)

0.148
(0.138)

-0.109
(0.237)

-0.212*
(0.106)

0.020
(0.067)

50-year
Rolling
Average of
Temperature

19.684
(15.737)

-4.871
(4.866)

-20.834
(21.420)

19.560
(10.572)

-15.855**
(6.497)

-3.731
(9.608)

Constant

-71.161
(63.569)

11.698
(20.471)

74.316
(88.577)

-79.480*
(44.688)

57.370
(27.555)

15.788
(38.978)

0.5

0.4

0.4

0.6119

0.7515

0.2883

0.4239

0.7599

0.4074

192

1,344

192

432

1,584

432

Optimal
Geometric
Lag
Coefficient
R-square
Number of
Obs.
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Notes: Standard errors are in parentheses; p-value of estimated parameters: * p<0.1, ** p<0.05, ***
p<0.01. The t-tests conducted for the coefficients on current and expected price ratios are one-tailed tests
(with the null hypothesis that the coefficient is greater than or equal to zero). The t-tests for coefficients
on other regressors are two-tailed tests (with null hypothesis that the coefficient is equal to zero). Time
fixed effects and state fixed effects parameter estimates are suppressed.
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Table 2.5. Statistical Estimates with Hypothetical Input Quantities
Parameter
Adaptive Expectation
Naïve Expectation
Capital
Intm.
Intm.
Capital
Intm.
Intm.
/Labor
/Labor
/Capital
/Labor
/Labor
/Capital
Current
-0.812*** -0.922***
-0.998***
-0.827*** -0.928***
-1.221***
Price Ratio
(0.176)
(0.119)
(0.361)
(0.158)
(0.110)
(0.355)
Expected
Future Price
Ratio

0.175
(0.209)

-0.018
(0.111)

-1.454***
(0.600)

0.184*
(0.133)

0.093
(0.087)

-0.895**
(0.438)

Total
Agricultural
Output

0.174
(0.227)

0.680***
(0.200)

0.492**
(0.223)

0.127
(0.192)

0.590***
(0.193)

0.360
(0.180)

Public
Research
Stock

0.140
(0.314)

0.028
(0.184)

0.097
(0.226)

0.117
(0.231)

0.030
(0.149)

0.084
(0.172)

Private
Research
Stock

-0.012
(0.155)

-0.194*
0.111

-0.190
(0.123)

0.023
(0.128)

-0.182*
(0.098)

-0.234**
(0.093)

50-year
Rolling
Average of
Precipitation

0.253
(0.661)

-0.377
(0.282)

-0.855**
(0.335)

0.223
(0.555)

-0.377
(0.270)

-0.787***
(0.259)

50-year
Rolling
Average of
Temperature

-2.600
(13.894)

-2.011
(9.137)

4.340
(12.450)

-12.069
(10.802)

-9.998
(8.234)

5.765
(9.842)

Constant

4.855
(60.121)

-0.835
(39.120)

-23.319
(52.187)

44.821
(46.798)

33.181
(34.844)

-27.244
(41.637)

0.4

0.4

0.9

R-square

0.2937

0.2309

0.6049

0.3063

0.2413

0.6287

Number of
Obs.

1,296

1,543

1,349

1,526

1,773

1,589

Optimal
Geometric
Lag
Coefficient

Notes: Standard errors are in parentheses; p-value of estimated parameters: * p<0.1, ** p<0.05, *** p<0.01. The ttests conducted for the coefficients on current and expected price ratios are one-tailed tests (with the null hypothesis
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that the coefficient is greater than or equal to zero). The t-tests for coefficients on other regressors are two-tailed
tests (with null hypothesis that the coefficient is equal to zero). Time fixed effects and state fixed effects parameter
estimates are suppressed. Because some hypothetical input quantities were negative, data used in the estimation was
1
∗
no longer balanced. Note that hypothetical input quantities 𝐾𝑖𝑡𝑠
are negative when
(𝐾𝑖𝑡𝑠 − 𝐾𝑖(𝑡−1)𝑠 ) < 0 and
|

1
𝑀𝑖𝑖

𝑀𝑖𝑖

(𝐾𝑖𝑡𝑠 − 𝐾𝑖(𝑡−1)𝑠 )| > 𝐾𝑖(𝑡−1)𝑠 .
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Table 3.1. States Ranked by Level and Growth of Factor Productivity
Rank in Annual
State
Rank in 2004
Level in 2004
growth (19602004)
California
1
1.7979
25
Florida
2
1.6304
38
Iowa
3
1.5297
17
Illinois
4
1.5297
11
Delaware
5
1.4345
22
Idaho
6
1.4285
8
Indiana
7
1.4220
5
Rhode Island
8
1.4192
2
Georgia
9
1.3891
14
Massachusetts
10
1.3877
4
Arizona
11
1.3847
33
Arkansas
12
1.3705
12
North Carolina
13
1.3554
19
Connecticut
14
1.3209
6
Oregon
15
1.3154
1
New Jersey
16
1.2831
24
Maryland
17
1.2457
20
Minnesota
18
1.2359
18
Ohio
19
1.2075
7
Alabama
20
1.1791
40
Nebraska
21
1.1619
30
Maine
22
1.1458
15
Washington
23
1.1457
23
New York
24
1.1327
36
Mississippi
25
1.1306
10
South Carolina
26
1.1247
28
Wisconsin
27
1.1130
31
Michigan
28
1.1058
3
Vermont
29
1.0762
26
South Dakota
30
1.0760
35
Pennsylvania
31
1.0601
21
Colorado
32
1.0325
45
North Dakota
33
1.0278
16
Missouri
34
1.0212
27
New Hampshire
35
1.0204
9
Kansas
36
1.0124
46
Louisiana
37
0.9904
13
Virginia
38
0.9660
34
Nevada
39
0.9640
42
Utah
40
0.9638
32
Kentucky
41
0.9403
29
New Mexico
42
0.8925
37
98

Annual Growth
(%)
1.66
1.44
1.87
1.96
1.80
2.01
2.28
2.48
1.91
2.29
1.53
1.93
1.84
2.20
2.58
1.67
1.83
1.86
2.16
1.32
1.60
1.90
1.73
1.48
1.98
1.61
1.59
2.41
1.62
1.51
1.81
1.10
1.90
1.62
2.00
1.05
1.93
1.53
1.24
1.55
1.61
1.44

Texas
Montana
Oklahoma
Tennessee
West Virginia
Wyoming

43
44
45
46
47
48

0.8873
0.8145
0.7693
0.7648
0.5777
0.5712

Source: USDA ERS Agricultural Productivity in the U.S.
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43
39
48
44
41
47

1.14
1.38
0.58
1.13
1.29
0.66

Table 3.2. Summary Statistics
Variable
Total factor productivity
Technical change
Technical efficiency
change
Scale and mix
efficiency change
Public research stock
Extension
Education
Health care access
Farm size
Family-to-total labor
Terms of trade
Land quantity
Labor quantity
Capital quantity
Intermediate input
quantity

-0.0639
0.0610

Minimum
Value
-0.9140
-0.4684

Maximum
Value
0.7680
0.6518

Standard
Deviation
0.3032
0.2693

-0.0105

-0.3420

0.0000

0.0375

-0.1179

-0.8990

0.1160

0.1894

16.1865
4.6214
1.0269
2.4040
6.1827
-0.3831
0.2109
12.8945
14.0159
12.9125

13.8550
-3.5890
0.3441
1.5596
4.3048
-2.1854
-0.5629
8.2977
9.8917
8.9026

18.4320
6.3320
1.3429
3.6195
9.3613
-0.0678
1.1381
15.4518
16.0197
15.0187

0.8948
0.8627
0.2276
0.3972
0.5928
0.2875
0.2803
1.3180
1.1192
1.1507

13.8471

9.4905

16.0620

1.2318

Mean

Notes: Summary statistics are reported in natural logarithms as used in estimation.
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Table 3.3. Maximum Likelihood Estimates of a Spatial Durbin Model with a Land
Resource Region Weighting Matrix
Variables
(a)
(b)
(c)
(notation as in equation)
Parameter estimates
Direct effects
Indirect effects
Public research stock
0.113*
0.126*
0.201*
(0.0106)
(0.0109)
(0.0285)
ln(𝑟𝑝𝑢𝑏)𝑖𝑡
Extension
-0.00710
-0.00775
-0.00641
(0.00653)
(0.00663)
(0.00555)
ln(𝑒𝑥𝑡)𝑖𝑡
Education
-0.0389
-0.0387
-0.0318
(0.0213)
(0.0216)
(0.0183)
ln(𝑒𝑑)𝑖𝑡
Health care access
-0.0383*
-0.0406*
-0.0335*
(0.0144)
(0.0147)
(0.0129)
ln(ℎ𝑐𝑎)𝑖𝑡
Farm size
0.0110
0.0113
0.00926
(0.00831)
(0.00835)
(0.00686)
ln(𝑓𝑠)𝑖𝑡
Family-to-total labor
-0.123*
-0.129*
-0.106*
(0.0135)
(0.0138)
(0.0146)
ln(𝑓𝑡𝑡𝑙)𝑖𝑡
Terms of trade
-0.114*
-0.120*
-0.0982*
(0.0148)
(0.0159)
(0.0146)
ln(𝑡𝑜𝑡)𝑖𝑡
Land quantity
-0.0578*
-0.0612*
-0.0499*
(0.0181)
(0.0178)
(0.0139)
ln(𝑙𝑑)𝑖𝑡
Labor quantity
-0.117*
-0.122*
-0.100*
(0.00964)
(0.0154)
(0.0115)
ln(𝑙𝑟)𝑖𝑡
Capital quantity
-0.0710*
-0.0753*
-0.0615*
(0.0146)
(0.0154)
(0.0125)
ln(𝑐𝑎𝑝)𝑖𝑡
Intermediate input quantity
0.00278
0.00258
0.00209
(0.0121)
(0.0124)
(0.0103)
ln(𝑖𝑛𝑡𝑚)𝑖𝑡
Payment-in-kind
-0.0349*
-0.0361*
-0.0295*
(0.0101)
(0.0112)
(0.00933)
𝑃𝐼𝐾
Knowledge spillover
(Spatially lagged public
research stock)
0.0587*
(0.0176)
∑ 𝑤 ln(𝑟𝑝𝑢𝑏)
𝑗

𝑖𝑗

𝑗𝑡

Spatial autocorrelation
∑ 𝑤𝑖𝑗 ln(𝑇𝐹𝑃)𝑗𝑡

0.475*
(0.0225)

𝑗

Observations
R-squared

2,064
0.899

Notes: Standard errors are in parentheses; * implies p < 0.05. Parameter estimates for state fixed effects
are suppressed. The spatial weight matrix W constructed based on U.S. Land Resource Regions is used to
create the spatially lagged dependent variable (i.e., spatial autocorrelation) and the spatially lagged
independent variable (i.e., knowledge spillover). Standard errors for direct and indirect effects are
calculated using Monte-Carlo simulation. The estimation was carried out in STATA 14.2 using the
“xtmle” routine.
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Table 3.4. Maximum Likelihood Estimates using Different Spatial Weighting Matrices
Variables
Base (LRR)
GCR
FPR
Inverse Distance
Public research stock
0.113*
0.123*
0.128*
0.113*
(0.0106)
(0.0105)
(0.0110)
(0.0113)
Extension
-0.00710
-0.00602
0.00250
-0.00757
(0.00653)
(0.00673)
(0.00679)
(0.00678)
Education
-0.0389
-0.0316
0.00597
-0.0467
(0.0213)
(0.0228)
(0.0220)
(0.0244)
Health care access
-0.0383*
-0.0259
-0.0216
-0.0180
(0.0144)
(0.0147)
(0.0147)
(0.0150)
Farm size
0.0110
0.00713
-0.000683
0.00277
(0.00831)
(0.00845)
(0.00842)
(0.00853)
Family-to-total labor
-0.123*
-0.142*
-0.138*
-0.134*
(0.0135)
(0.0138)
(0.0141)
(0.0140)
Terms of trade
-0.114*
-0.131*
-0.150*
-0.113*
(0.0148)
(0.0153)
(0.0152)
(0.0158)
Land quantity
-0.0578*
-0.0680*
-0.0956*
-0.0645*
(0.0181)
(0.0187)
(0.0185)
(0.0187)
Labor quantity
-0.117*
-0.116*
-0.124*
-0.120*
(0.00964)
(0.00995)
(0.0100)
(0.0100)
Capital quantity
-0.0710*
-0.0807*
-0.106*
-0.0470*
(0.0146)
(0.0150)
(0.0150)
(0.0158)
Intermediate input quantity
0.00278
0.0102
0.0207
0.0199
(0.0121)
(0.0122)
(0.0120)
(0.0123)
Payment-in-kind
-0.0349*
-0.0421*
-0.0494*
-0.0292*
(0.0101)
(0.0104)
(0.0105)
(0.0106)
Knowledge spillover
0.0587*
0.0426*
0.0359*
-0.0348
(Spatially lagged public
(0.0176)
(0.0198)
(0.0156)
(0.0307)
research stock)
Spatial Autocorrelation
0.475*
0.427*
0.334*
0.594*
(0.0225)
(0.0238)
(0.0195)
(0.0341)
Observations
2,064
2,064
2,064
2,064
R-squared
0.899
0.899
0.897
0.897
AIC
-5258
-5172
-5096
-5166
BIC
-4987
-4901
-4825
-4895
Notes: Standard errors are in parentheses; * implies p < 0.05. Parameter estimates for state fixed effects
are suppressed.
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Table 3.5. Regression Estimates for TFP Components: Technical Change (TC), Technical
Efficiency Change (TEC) and Scale and Mix Efficiency Change (SMEC)
Variables
Base (TFP)
TC
TEC
SMEC
Public research stock
0.113*
0.0420*
0.0137*
0.0459*
(0.0106)
(0.00689)
(0.00440)
(0.0115)
Extension
-0.00710
0.00652
-0.00538*
-0.0121
(0.00653)
(0.00425)
(0.00272)
(0.00713)
Education
-0.0389
-0.00551
0.00669
-0.0612*
(0.0213)
(0.0139)
(0.00889)
(0.0233)
Health care access
-0.0383*
0.0190*
-0.000583
-0.0659*
(0.0144)
(0.00941)
(0.00603)
(0.0158)
Farm size
0.0110
0.0162*
-0.00743*
-0.00115
(0.00831)
(0.00543)
(0.00348)
(0.00911)
Family-to-total labor
-0.123*
0.0293*
-0.0111*
-0.127*
(0.0135)
(0.00875)
(0.00560)
(0.0147)
Terms of trade
-0.114*
0.00297
-0.00423
-0.0762*
(0.0148)
(0.00952)
(0.00608)
(0.0160)
Land quantity
-0.0578*
-0.0328*
-0.0181*
0.0716*
(0.0181)
(0.0119)
(0.00733)
(0.0192)
Labor quantity
-0.117*
-0.0375*
0.000593
-0.0651*
(0.00964)
(0.00627)
(0.00400)
(0.0105)
Capital quantity
-0.0710*
-0.0222*
-0.00853
-0.00159
(0.0146)
(0.00928)
(0.00585)
(0.0153)
Intermediate input quantity
0.00278
-0.0116
0.00276
0.0138
(0.0121)
(0.00787)
(0.00504)
(0.0132)
Payment-in-kind
-0.0349*
0.000403
-0.00174
-0.0188
(0.0101)
(0.00651)
(0.00416)
(0.0110)
Knowledge spillover
0.0587*
0.0284*
-0.0259*
-0.0600*
(Spatially lagged public
(0.0176)
(0.0118)
(0.00697)
(0.0183)
research stock)
Spatial Autocorrelation
0.475*
0.808*
0.0687
0.622*
(0.0225)
(0.0128)
(0.0387)
(0.0212)
Observations
2,064
2,064
2,064
2,064
R-squared
0.899
0.917
0.027
0.092
Notes: Standard errors are in parentheses; * implies p < 0.05; Parameter estimates for state fixed effects
are suppressed.
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Table 3.6. Simulation Results – Estimated Increase in TFP in 2003 (%)
Scenario (1) Scenario (2) Scenario (3) State
TX
WA
OK
Alabama
0.006400
0.000055
0.006136
Arizona
0.003211
0.000029
0.004196
Arkansas
0.009033
0.008287
0.002776
California
0.004311
0.010593
0.001248
Colorado
0.003958
0.006590
0.004042
Connecticut
0.000091
0.000001
0.000135
Delaware
0.001851
0.000014
0.000604
Florida
0.002071
0.000013
0.001022
Georgia
0.004136
0.000033
0.002291
Iowa
0.002589
0.000128
0.009472
Idaho
0.001575
0.029723
0.000651
Illinois
0.002185
0.000096
0.008260
Indiana
0.001632
0.000068
0.006173
Kansas
0.020792
0.000359
0.055848
Kentucky
0.001240
0.000016
0.002783
Louisiana
0.005676
0.000040
0.002279
Massachusetts
0.000096
0.000001
0.000135
Maryland
0.001157
0.000009
0.000501
Maine
0.000046
0.000001
0.000079
Michigan
0.000381
0.000023
0.001484
Minnesota
0.001088
0.000152
0.004087
Missouri
0.001773
0.000063
0.007265
Mississippi
0.005136
0.000041
0.002733
Montana
0.001018
0.009033
0.001036
North Carolina
0.002967
0.000024
0.001712
North Dakota
0.000461
0.000941
0.000967
Nebraska
0.008960
0.000732
0.020420
New
Hampshire
0.000066
0.000001
0.000110
New Jersey
0.000974
0.000008
0.000393
New Mexico
0.008398
0.004397
0.004472
Nevada
0.005101
0.007893
0.001463
New York
0.000071
0.000001
0.000135
Ohio
0.000904
0.000030
0.003280
Oklahoma
0.026229
0.000336
0.130797
Oregon
0.002247
0.055068
0.000707
Pennsylvania
0.000507
0.000006
0.001229
Rhode Island
0.000049
0.000001
0.000074
104

Scenario (4)
0.476908
0.347565
0.450147
0.361043
0.321801
0.373026
0.318247
0.251216
0.368930
0.377756
0.324832
0.391791
0.370295
0.355228
0.357950
0.305985
0.390638
0.318646
0.291887
0.261145
0.339853
0.348618
0.359875
0.297075
0.341765
0.268357
0.341532
0.358485
0.317358
0.352365
0.384769
0.316049
0.332149
0.335968
0.372914
0.319864
0.349408

South Carolina
South Dakota
Tennessee
Texas
Utah
Virginia
Vermont
Washington
Wisconsin
West Virginia
Wyoming

0.003620
0.001665
0.002029
0.118471
0.003708
0.001601
0.000044
0.001042
0.000828
0.000949
0.002962

0.000028
0.000945
0.000021
0.001081
0.006804
0.000013
0.000001
0.131538
0.000056
0.000013
0.005642

0.001845
0.003695
0.003367
0.030569
0.001189
0.001719
0.000071
0.000407
0.003177
0.002693
0.001521

0.344635
0.319717
0.352347
0.221885
0.365701
0.336286
0.338128
0.336362
0.329807
0.337010
0.340151

Notes: Scenarios (1), (2), and (3) assume knowledge stocks increase by 1% in Texas, Washington, and
Oklahoma, respectively; Scenario (4) assumes knowledge stocks increase in all 47 states except Texas by
1%. Values in the simulated state are italicized.
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Figure 1.1. Neutral and Non-Neutral Innovation Possibility Frontiers (IPF)

(a) Neutral IPF,

ci1  ci 2

(b) Non-Neutral IPF,
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ci1  ci 2

Figure 3.1. U.S. Agricultural Output, Inputs, and Total Factor Productivity, 1948-2013
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Figure 3.2. Average Annual Productivity Change 1960-2004.
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Figure 3.3. Land Resource Regions (LRR)
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Figure 3.4. Simulation Results (%)
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APPENDIX

Appendix I. First Order Conditions in Two-Stage Optimization
In this appendix, we show the optimization process. Subscripts for state are omitted for
notational simplicity. A single output Y at time t is produced by the following 2 level CES
production function:


 1
 1  1


Yt   X 1t   (1   ) X 2t  ,



where the input indices X 1t and X 2t are produced respectively by pairs of inputs that also follow
i

i 1
i 1  1

 i
i
a CES form: X it   i (ai1t xi1t )  (1   i )(ai 2t xi 2t ) i  , i {1, 2} as in equation (2), where  s



are the elasticity of substitution between input indices and  s are a share parameter. A static cost
minimization problem for period t can be stated as:

min  wijt xijt for i, j {1, 2}
i

j


 1
 1  1


s.t. Yt   X 1t   (1   ) X 2t  .





where wij is the price of input xij . This gives the Lagrangian: L   wijt xijt  Y  Yt  At 1 


i
j



where Y is a lagrangian multiplier. First order conditions for x11t and x12t are
1

(A-1)

1
L
 1
 1 1
 w11t   At  X 1t A1t 1  a11t x11t  1 a11t  0 ,
x11t

(A-2)

1
L
 1
 1 1
 w12t   At  X 1t A1t 1  1   a12t x12t  1 a12t  0
x12t

1

1

1

1

1

0

i 1
i 1
 1
 1




i


where At   X 1t  (1   ) X 2t  and Ait   i (ai1t xi1t )  (1   i )(ai 2t xi 2t ) i  . We only





derive the static conditions for input pair of x11t and x12t and the conditions for the other pair of

x21t and x22t can be obtained analogously. Dividing (A-1) by (A-2), we obtain
1
1

w11t
 a x  a
 1  11t 11t  11t .
w12t 1  1  a12t x12t  a12t

(A-3)

Solving for

x11t
, we obtain the condition for the optimal ratio of inputs
x12t
1

x11* t  1   w11t 


 
x12* t  1  1   w12t 

(A-4)

 1

 a11t 


 a12t 

1 1

Which is equation (3).
Now, consider research and development opportunities. For a given research budget R ,
the innovation function is given by Ri (t k )   ci1(t k ) aˆi1t    ci 2(t k ) aˆi 2t  where Ri (t k ) is
i

i

expenditure on research in period t-k to augment the ith input index, the total research budget is
assumed to be exogenously given and is fully expended, i.e., Rt k  R1(t k )  R2(t k ) , aˆij is the
factor-augmentation parameter which is assumed to be nonregressive, i.e., aˆijt  aij if t   ;

cij (t k )  0 denotes marginal research costs for technology that augments xij by 1 percent; and  i
>1 is a concavity parameter. In the two-stage optimization problem, the cost minimization
problem for the firm’s research resource allocation in period t-k can be expressed, as in (5), by:

min
xijt ,aˆijt

 E

t k

i

( wijt ) xijt for i, j {1,2}

j

1



 1
 1  1



s.t. Yt   X 1t  (1   ) X 2t  ,



Rt k  R1(t k )  R2(t k )
i

i 1
i 1  1

 i
i
where X it   i (aˆi1t xi1t )  (1   i )(aˆi 2t xi 2t ) i 
, Et k ( wijt ) denotes expectation for price of



input xijt at t given information at t-k, and aˆijt is defined in the text. A tilde is given to input
levels to denote that those values are “conceived” at time t-k and thus are distinguished from the
values that are actually chosen by the firm at time t.



 1
The lagrangian is given by L   Et k ( wijt ) xijt  Y  Yt  At   R  Rt  R1t  R2t 


i
j



where  s are a lagrangian multiplier. First order conditions for x11t and x12t are
1

1

(A-5)

1
L
 Et k ( w11t )  Y At 1 X1t A1t 1 11  aˆ11t x11t  1 aˆ11t  0
x11t

(A-6)

1
L
 Et k ( w12t )  Y At 1 X1t A1t 1 1 (1  1 )  aˆ12t x12t  1 aˆ12t  0
x12t

1

1

1

1

First order conditions for aˆ11t and aˆ12t are
1

1

(A-7)

1
1 1
L
 Y At 1 X1t A1t 1 11  aˆ11t x11t  1 x11t  R1  c11(t k ) aˆ11t  c11(t k )  0
aˆ11t

(A-8)

1
1 1
L
 Y At 1 X1t A1t 1 1 (1  1 )  aˆ12t x12t  1 x12t  R1  c12( t k ) aˆ12t  c12( t k )  0
aˆ12t
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1

1

1

Dividing (A-5) by (A-6) yields

2

1

Et k ( w11t )
  aˆ x  1  aˆ 
 1  11t 11t   11t 
Et k ( w12t ) 1  1  aˆ12t x12t   aˆ12t 

(A-9)
Dividing (A-7) by (A-8) yields

 c11(t k ) aˆ11t

 c12(t k ) aˆ12t

(A-10)

1 1





1

c11(t k )
c12(t k )

Dividing (A-9) by (A-10) and solving for

  aˆ x    x 
 1  11t 11t   11t 
1  1  aˆ12t x12t   x12t 
1

x11t
, we obtain
x12t

x11t  Et k ( w11t ) 


x12t  Et k ( w12t ) 

(A-11)

Substituting (A-11) into (A-9) and solving for

1

 c11(t k ) aˆ11t

 c12(t k ) aˆ12t

1





aˆ11t
we obtain
aˆ12t
1

1 1

1

aˆ11* t  1 11  1  Et k ( w11t ) 11  1  c11( t k ) 11 1






aˆ12* t  1  1 
 Et k ( w12t ) 
 c12( t k ) 

(A-12)

which corresponds to equation (6) in the text. Asterisks are given to the factor-augmenting
parameter to denote that they are optimal values. Substituting (A-12) into (A-11) yields
*
11t
*
12 t

x
x

(A-13)

  
 1 
 1  1 

11

11  1

 Et k ( w11t ) 


 Et k ( w12t ) 

1  11 1
11  1

(1 1 )1

 c11( t k )  11  1


 c12( t k ) 

which is equation (7). By substituting (A-12) into the optimal condition for period t (A-4) with

aˆ1* jt replacing a1 jt , and rearranging, we get

(A-14)

*
11t
*
12 t

x
x

  
 1 
 1  1 

11

11  1

 w11t 


 w12t 

 1

 Et k ( w11t ) 


 Et k ( w12t ) 

3

 (1 1 )2
11  1

 c11(t k )

 c12( t k )

(1 1 )1

 11  1



which is equation (8). The condition for

(A-15)

*
21t
*
22 t

x
x

  
 2 
 1 2 

2 2
1 2  2

*
x21
t
can be analogously found as
*
x22t

 w21t 


 w22t 

 2

 Et k ( w21t ) 


 Et k ( w22t ) 
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 (1 2 )2
1 2  2

 c21(t k )

 c22(t k )

(1 2 ) 2

 12  2
.



Appendix II. Concave Innovation Frontier
In this appendix, we demonstrate that the condition i  1 ensures that

aˆi 2
 2 aˆi 2
 0 and
0
aˆi1
aˆi21

on the innovation frontier. At a given research budget, differentiating both sides of innovation
  1
  1
function with respect to aˆi1 yields 0  i ci1i aˆi1i  i ci 2i aˆi 2i

aˆi 2
aˆ
. Solving for i 2 to find
aˆi1
aˆi1

i 1

aˆi 2
c  c aˆ 
  i1  i1 i1 
aˆi1
ci 2  ci 2 aˆi 2 

 0 . Differentiating both sides of first derivative of innovation function
2

i i  2
i1 i1

with respect aˆi1 to gives 0  i (i  1)c aˆ

i i  2
i2 i2

 i (i  1)c aˆ

2
 aˆi 2 
ˆi 2
i i 1  a
ˆ


c
a
and


i i2 i2
aˆi21
 aˆi1 

2

 aˆi 2
 2 aˆi 2

solving for
yields
2
aˆi21
aˆi1
2

i i  2
i1 i1

i (i  1)c aˆ

i i  2
i2 i2

 i (i  1)c aˆ

i ci2 aˆi2 1
i
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i

 aˆi 2 
 ˆ 
 ai1   0
.

Appendix III. Two-Stage Optimization Process
In Figure I, we describe a firm’s optimization process, when a gap between expected prices and
realized prices exists, with assistance of Innovation Possibility Curve (IPC) introduced by
Ahmed (1960). The IPC is the envelope of all conceivable isoquant curves that could be created
from a given research budget at a point of time. The state subscript is suppressed for simplicity.
At time t-k, the firm contemplates R&D with existing production technology represented by the
isoquant it  k . Given budgets for research, the envelope of all possible isoquants is illustrated by
IPC. Based on the expected price ratio

Et k ( wi1t )
which is denoted by the dotted line, the
Et k ( wi 2t )

optimizing pair of technical change and input coordinates is represented by the point A. The
point corresponds to the research outcome generating isoquant it with conceived cost-minimizing
input levels xi*1t and xi*2t . Now let us assume that the ratio of input prices

wi1t
is realized at time
wi 2t

t as denoted by the dashed lines and that they do not coincide with the expected relative price.
Notice that even though the firm is constrained by the isoquant it generated as a research
outcome, it is not constrained to operate at a point on the isoquant. Given the actual price ratio,
the conceived production plan ( xi1t , xi 2t ) is no longer optimal, and instead, the optimizing input
coordinates occur at point B ( xi*1t , xi*2t ) where realized isoquant is tangent to realized relative
price. Had the firm had perfect foresight, the research plan they would have contemplated and
invested in would have been the technology represented by isoquant it' with optimizing input
coordinates at point C, in which case no adjustment of input coordinates would have taken place
from the conceived production plan.
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Figure I. Visualization of the Optimization Process

Source: Adapted from Ahmed (1960)
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