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Abstract
Using a newly constructed panel dataset for agriculture in 17 OECD countries over the 1973–2011 period, we investigate the
role of capital deepening in affecting agricultural TFP growth and the convergence of relative TFP levels across countries
with different relative factor endowments. Our results show that capital deepening contributes positively to agricultural
productivity growth among countries with similar levels of land relative to labor as reflected in relative prices. Depending on
the relative endowments of land to labor, countries with relatively more abundant land are more likely to achieve
technological gains through capital deepening than countries with relatively more labor. This finding is consistent with
Hayami and Ruttan (1970a) and provides supportive evidence for the induced innovation hypothesis.
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1 Introduction

Cross-country differences in agricultural productivity are
one of the key factors affecting global food security and
rural development. This has important implications for
the design of agricultural policy. In 2019, more than half
the global production of cereals was by countries whose
yields (or land productivity) are around three tons per
hectare, less than half of the world best practice (FAO
2020). This implies that there are opportunities for

laggard countries to catch up in agricultural productivity.
Narrowing the yield gap across countries will sig-
nificantly increase global food supplies without requiring
more use of land. Reducing cross-country differences in
agricultural productivity will also help to promote rural
development in developing countries. For example, many
developing countries have achieved rapid rural devel-
opment partly because they have achieved more rapid
growth of agricultural productivity than the rest of the
world (IFAD 2015).

While much of the theoretical and empirical literature
attempts to explain cross-country differences in agricultural
productivity, puzzles still remain. On the one hand, significant
differences in relative levels of agricultural productivity are
widely observed between developed and developing coun-
tries, when cross-country differences in agro-ecological and
climatic conditions, as well as measurement errors, are
properly taken into account (Coelli and Rao 2005; Ludina
et al. 2007; McMillan and Rodrik 2011; Gollin et al.
2014a, 2014b; Gong 2018). On the other hand, the agri-
cultural productivity gap persists even across developed
countries, which have advantages over developing countries
in removing institutional barriers and market distortions
(Alston et al. 2010, 2015; Sheng et al. 2015; Restuccia and
Rogerson 2017). This is despite the fact that globalization has
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contributed to diffusion of technical knowledge across
countries more quickly with the digital technology revolution.
This highlights the need to better understand how technical
progress and capital accumulation affect cross-country dif-
ferences in agricultural productivity.

Differences in capital per unit of labor have contributed to
productivity divergence across countries (Baumol 1986; Barro
and Sala-i-Martin 1995; Kumar and Russell 2002; Badunenko
et al. 2010, 2013). For example, both Kumar and Russell
(2002) and Acemoglu (2010) find that technological progress
is usually non-neutral toward saving labor and thus the inter-
national divergence could be driven by an increase in the
capital-labor ratio (or capital deepening).1 Moreover, Whelan
(2007) and Ball et al. (2001, 2004, 2010, 2014) provide evi-
dence for the embodiment hypothesis by suggesting that
innovations embodied in capital inputs are also an important
channel for technology adoption. This helps explain the cross-
country productivity differences among developed countries.
Nonetheless, few studies have examined whether this expla-
nation applies to measured differences in cross-country total
factor productivity (TFP) in agriculture. Nor does it explain
whether such productivity convergence based on capital dee-
pening is related to the country’s initial factor endowments.

This paper investigates the role of capital deepening in
affecting agricultural productivity convergence across coun-
tries with different relative factor endowments. We start by
constructing cross-country consistent production accounts for
agriculture in 17 OECD countries including 14 EU countries
(Belgium, Denmark, Finland, France, Germany, Greece, Ire-
land, Italy, Luxembourg, the Netherlands, Portugal, Spain,
Sweden and the United Kingdom, and Australia, Canada, and
the United States over the period 1973–2011. The purpose is
to develop more robust measures of relative levels of agri-
cultural output, input and TFP. This problem is widely
observed in existing cross-country agricultural productivity
comparison studies (Gollin et al. 2014a).

Our empirical study takes two steps. The first step is to
examine whether capital deepening contributes positively to
agricultural productivity growth, while controlling for other
potential determinants of productivity differences across
countries. We consider capital deepening as a vehicle to
facilitate cross-country technology catch-up in agriculture
of developed countries. The second step is to use the con-
ditional quantile regression technique to investigate whether
productivity convergence driven by capital deepening will
differ across countries with different initial factor endow-
ments (measured by using land per unit of labor).

A key finding of our study is that capital deepening
will contribute positively to agricultural TFP growth
across the 17 OECD countries, but may contribute to the

rising cross-country differences in relative TFP levels.
This implies that capital deepening may not necessarily
facilitate technology catch-up of the laggard countries,
which violates conventional wisdom. However, when we
group countries by the relative factor endowments
(measured by using the relative price of land to labor), we
show that capital deepening is likely to facilitate pro-
ductivity convergence among those countries where we
observe a relatively lower price of land to labor. This
implies that differences in relative factor endowments
affect cross-country productivity differences. Our find-
ings provide supporting evidence for the induced inno-
vation hypothesis, which implies that differences in
initial factor endowments matter for the path toward
technological progress (Hayami and Ruttan 1970a).

We contribute to the literature in several ways. First, our
study constructs a new cross-country consistent system of
production accounts for the farm sector in 17 OECD
countries, which adjusts inputs for changes in input quality.
The production accounts allow us to compare the relative
levels of agricultural output, input and productivity, based
on internationally peer-reviewed methodology. Second, our
study explores whether capital deepening affects the rate of
agricultural productivity growth across developed coun-
tries. We show that capital deepening may cause pro-
ductivity divergence across countries, depending on initial
factor endowments. This provides a complementary
explanation for the observed differences in agricultural
productivity across the OECD countries. Third, we show
that capital deepening fosters productivity convergence
among countries with similar relative factor endowments
and is more likely to promote agricultural TFP growth in
relatively land-abundant countries. Finally, we also con-
sider the contributions of openness to trade, human capital
spillovers, and agricultural output structure to productivity
growth in agriculture.

The rest of the paper is organized as follows. Section
Production Accounts for Agriculture in 17 OECD
Countries discusses methods and data used to construct
the production accounts that underpin our empirical
analysis. Section Examining Uneven Agricultural TFP
Growth across OECD Countries briefly discusses agri-
cultural TFP differences across OECD countries, and
reviews the related literature. Section Estimation Strat-
egy: The Conditional Convergence Analysis provides the
empirical specifications used to investigate the impact of
capital deepening on cross-country agricultural pro-
ductivity differences and their linkages to the con-
vergence process. Section Cross-country Convergence of
Agricultural TFP and Capital Deepening discusses the
empirical results followed by a series of sensitivity ana-
lyses in Section Robustness check. Section Conclusions
concludes.

1 By “capital deepening” we mean an increase in capital input per unit
of labor.
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2 Production accounts for agriculture in 17
OECD countries

We construct the production accounts for each of the 17
OECD countries following Ball et al. (2008, 2010, 2016).
Data on production patterns for each country are generated
by a gross output model of production. Output is defined as
gross production leaving the farm, as opposed to real value
added. Inputs are not limited to labor and capital but include
intermediate inputs as well. The text in this section provides
an overview of methods and data.

We construct translog price indices and implicit
quantities of output and capital, land, labor, and inter-
mediate inputs for each of the 17 OECD countries over
the period 1973–2011. In order to compare relative levels
of output and factor inputs across countries, we construct
multilateral translog price indices. A price index which
converts the nominal value ratio between two countries
into an index of real values is referred to in the interna-
tional comparison literature as a purchasing power parity.
The dimensions of the purchasing power parities are the
same as exchange rates. However, unlike exchange rates,
the purchasing power parities reflect the relative prices of
the goods and services that make up the sector’s output
and capital, land, labor, and intermediate inputs in each
country. These are relative prices in each country
expressed in terms of national currencies per dollar. We
divide relative prices by the exchange rate to translate the
purchasing power parities into relative prices in dollars.
This allows us to decompose nominal values into price
and quantity components.2

We calculate the purchasing power parities for 2005. We then
extend the estimates backward and forward in time using time-
series price indices for each country. The result is a true panel
dataset that can be used in cross-sectional or time series analysis.

2.1 Output and intermediate input

Our measure of agricultural output includes deliveries to final
demand and to intermediate demand in the nonfarm sector.
We include deliveries to intermediate farm demand so long as
these deliveries are intended for different production activities
(e.g., crop production intended for use in animal feeding). We
also include output of certain non-agricultural or secondary
activities in our measure of sectoral output. These activities
are defined as activities whose costs cannot be observed
separately from those of the primary agricultural activity. Two
types of secondary activities are distinguished. The first
represents a continuation of the agricultural activity, such as

the processing and packaging of agricultural products on the
farm, while services relating to agricultural production, such
as machine services for hire, are typical of the second.

The total output of the sector represents the sum of
output of agricultural goods and the output of goods and
services from secondary activities. We evaluate sectoral
output from the point of view of the producer. Subsidies are
added and indirect taxes are subtracted from market values.
In those countries where a forfeit system prevails, the dif-
ference between payments and refunds of the tax on value
added (or VAT) is also included in the value of output.

Intermediate input consists of all goods and services con-
sumed during the accounting period, excluding fixed capital.
Those goods and services that are produced and consumed
within the agricultural sector are included in intermediate
input so long as they also enter the farm output accounts. The
value of intermediate input includes taxes (other than the
deductible VAT) less subsidies, whether paid to suppliers of
intermediate goods or to agricultural producers.3

2.2 Capital input

The measurement of capital input begins with data on the
stock of capital and capital rental price for each asset type in
each country.4 At each point of time the stock of capital, K(T),
is the sum of all past investments, I(T−τ), weighted by the
relative efficiencies of capital goods of each age τ, S(τ).

K Tð Þ ¼
X1
τ¼0

S τð ÞI T � τð Þ ð1Þ

To estimate the capital stock, we must introduce an
explicit description of the decline in efficiency. This func-
tion, S, may be expressed in terms of two parameters, the
service life of the asset L and a curvature or decay parameter
β. One possible form of the efficiency function is given by

S τð Þ ¼ L� τð Þ= L� βτð Þ; 0 � τ � Lð Þ ð2Þ

S τð Þ ¼ 0 τ<Lð Þ

2 Since our dataset did not cover Japan and Korea which have quite
different land-labor endowments, the finding from this work may not
necessarily apply to those Asian developed countries.

3 The data on output and intermediate input for the European countries
are from the Economic Accounts for Agriculture NewCronos database
http://epp.eurostat.ec.europe.eu/. Comparable data for the United
States, Canada and Australia are available from the Economic
Research Service, US Department of Agriculture, Statistics Canada,
and the Australian Bureau of Statistics, respectively.
4 Data on investment for the European countries are from Capital
Stock Data for the European Union (Beutel 1997). The series was
extended through 2011 using Eurostat’s NewCronos database http://
europa.eu.int/comm/eurostat/newcronos/. Data for the United States
are from Fixed Reproducible Tangible Wealth in the United States
(U.S. Dept. of Commerce). Data for Canada come from Canadian
Statistics and Agri-Food and Agriculture Canada, while for Australia
come from Australian Bureau of Statistics.
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This function is a form of a rectangular hyperbola that
provides a general model incorporating several types of
depreciation as special cases. The value of β is restricted only
to values less than or equal to one. For values of β greater than
zero, the function S approaches zero at an increasing rate. For
values less than zero, S approaches zero at a decreasing rate.

There is little empirical evidence to suggest a precise value
for β. However, a number of studies provide evidence that
efficiency decay occurs more rapidly in the later years of
service, corresponding to a value of β in the zero-one interval.
Utilizing data on expenditures for repairs and maintenance of
745 farm tractors covering the period 1958–1974, Penson
et al. (1977) found that the loss of efficiency was very small in
the early years and increased rapidly as the end of the asset’s
life approached. Romain et al. (1987) compare the explana-
tory power of alternative capacity depreciation patterns for
farm tractors in a model of investment behavior. They found
that the concave depreciation pattern better reflects actual
investment decisions. Beutel (1997), Baldwin et al. (2015)
and Australian Bureau of Statistics (2018) provide further
empirical evidence to support using the concave decay pat-
tern. For purposes of this study, it is assumed that the effi-
ciency of a structure declines very slowly over most of its
service life. The decay parameter for machinery and trans-
portation equipment assumes that the decline in efficiency is
more uniformly distributed over the asset’s service life. Given
these assumptions, the final β values chosen were 0.75 for
structures and 0.5 for machinery and equipment.

The other variable in the efficiency function is the asset
life L. For each asset type, there exists some mean service
life L around which there exists a distribution of actual
service lives. In order to determine the amount of capital
available for production, the actual service lives and the
relative frequency of assets with these lives must be deter-
mined. It is assumed that this distribution may be accurately
depicted by the normal distribution truncated at points two
standard deviations before and after the mean service life.

Once the frequency of a true service life L is known, the
decay function for that particular service life is calculated
using the assumed value of β. This process is repeated for all
other possible values of L. An aggregate efficiency function is
then constructed as a weighted sum of individual efficiency
functions using as weights the frequency of occurrence.5 This
function not only reflects changes in efficiency, but also the
discard distribution around the mean service life.

To construct measures of the user cost of capital, we
draw on the literature of investment demand (see Coen
1975; Penson et al. 1977; Romain et al. 1987). Firms
undertaking investment decisions should add to capital
stock if the present value of the net revenue generated by an

additional unit of capital exceeds the purchase price of the
asset. Stated algebraically, this condition is

X1
t¼1

P
∂Y

∂K
�WK

∂Rt

∂K

� �
1þ rð Þ�t >WK ð3Þ

where P is the price of output, Wk is the price paid for a new
unit of capital, Rt is replacement investment, and r is the real
discount rate.

To maximize net worth, firms will add to capital stock
until Eq. (3) holds as an equality

P
∂Y

∂K
¼ rWK þ r

X1
t¼1

WK
∂Rt

∂K
1þ rð Þ�t¼ c ð4Þ

where c is the implicit rental price of capital. The rental
price consists of two components. The first term, rWK,
represents the opportunity cost associated with the initial
investment. The second term, r

P1
t¼1 WK

∂Rt
∂K 1þ rð Þ�t, is the

present value of the cost of all future replacements required
to maintain the productive capacity of the capital stock.

We can simplify the expression for the rental price in the
following way. Let F denote the present value of the stream
of capacity depreciation on one unit of capital according to
the mortality distribution m

F ¼
X1
τ¼1

m τð Þ 1þ rð Þ�τ ð5Þ

where m(τ)=−[S(τ)−S(τ−1)], (τ= 1,2,…,L). It can be
shown that

X1
t¼1

WK
∂Rt

∂K
1þ rð Þ�t¼ F

1� F
ð6Þ

so that c ¼ rWK
1�F.

The real rate of return r is calculated as the nominal yield
on government bonds less the rate of inflation as measured
by the implicit deflator for gross domestic product.6 An
ex ante rate is obtained by expressing observed real rates as
an ARIMA process.7 We then calculate F holding the
required real rate of return constant for that vintage of
capital goods. In this way, implicit rental prices c are cal-
culated for each asset type.

Although we estimate the decline in efficiency of capital
goods for each component of capital input separately for all

5 The mathematical model that underpins our estimates of capital
stock can be found in Ball et al. 2008.

6 The nominal rate was taken to be the average annual yield over all
maturities.
7 Ex ante real rates are expressed as an AR(1) process. We use this
specification after examining the correlation coefficients for auto-
correlation, partial and inverse autocorrelation and performing the unit
root and white noise tests.
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17 countries, we assume that the relative efficiency of new
capital goods is the same in each country. The appropriate
purchasing power parity for new capital goods is the pur-
chasing power parity for the corresponding component of
investment goods output (OECD 1999, p. 62). To obtain the
purchasing power parity for capital input, we multiply the
purchasing power parity for investment goods output for
any country by the ratio of the price of capital input in that
country relative to the United States.

2.3 Land input

To estimate the stock of land in each country, we construct
translog price indices of land in farms. The stock of land is
then constructed implicitly as the ratio of the value of land
in farms to the translog price index.

Spatial differences in land characteristics or quality pre-
vent the direct comparison of observed prices. To account
for these differences, indexes of relative prices of land are
constructed using hedonic regression methods in which a
good is viewed as a bundle of characteristics that contribute
to the productivity derived from its use. According to the
hedonic framework the price of a good represents the
valuation of the characteristics that are bundled in it, and
each characteristic is valued by its implicit price (Rosen
1974). These prices are not observed directly and must be
estimated from the hedonic price function.

A hedonic price function expresses the price of a good or
service as a function of the quantities of the characteristics it
embodies. Thus, the hedonic price function for land may be
expressed as

ln wi
j

� �
¼

XI

i¼1

δiDi þ
XC

c¼1
βcx

i
jcþ εij ð7Þ

where wi
j is the price of land in region j of country i, xij is a

vector of land characteristics, and Di is a dummy variable
equal to unity for the corresponding country and zero
otherwise, and εij is a stochastic error term.

Sanchez et al. (2003) introduced a soil taxonomy that is
used to identify attributes relevant for crop production. The
attributes most common in major agricultural countries are
loamy topsoil (particularly in the United States, Portugal and
Spain) and moisture stress (particularly in Australia, Greece,
Italy, Portugal and Spain). In areas with moisture stress,
agriculture is not possible without irrigation. Hence, irrigation
(i.e., the percentage of cropland that is irrigated) is included as
a separate variable. We also include the interaction between
moisture stress and irrigation in the hedonic regression.

In addition to environmental attributes, we also include a
“population accessibility” score for each region in each
country. This index is constructed using a gravity model of
urban development, which provides a measure of accessibility

to population concentrations (Shi et al. 1997). A gravity index
accounts for both population density and distance from that
population. The index increases as population increases and/
or distance from the population center decreases.

Other variables (denoted by D) are also included in the
hedonic equation, and their selection depends not only on
the underlying theory but also on the objectives of the
study. If the main objective of the study is to obtain price
indexes adjusted for quality, as in our case, the only vari-
ables that should be included in D are country dummy
variables, which will capture all price effects other than
quality. After allowing for differences in the levels of the
characteristics, the part of the price difference not accounted
for by the included characteristics will be reflected in the
country dummy coefficients.

Several methods have been used to calculate price
indexes adjusted for quality using hedonic functions,
including characteristics prices and dummy variable tech-
niques. The latter is used in this study because it is simpler
and because Triplett (1989) has provided extensive evi-
dence of the robustness of the hedonic price indexes to the
method of calculation. Using the dummy variable approach,
quality-adjusted price indexes are calculated directly from
the coefficients on the country dummy variables D in the
hedonic regression.

2.4 Labor input

Data on labor input in agriculture consist of hours worked
disaggregated by hired and self-employed and unpaid family
workers (European Statistics (Eurostat) 2000; Ball et al. 2010;
Sheng et al. 2015). Compensation of hired farm workers is
defined as the average hourly wage plus the value of perquisites
and employer contributions to social insurance. The compen-
sation of self-employed workers is not directly observable.
These data are derived using the accounting identity where the
value of total product is equal to total factor outlay. Our index
of labor input will then reflect differences in marginal products
of hired and self-employed and unpaid family workers.

We have constructed indices of prices of aggregate out-
put relative to the United States and the corresponding
implicit quantities. Similarly, we calculated indices of
relative input prices defined over capital, land, labor, and
intermediate inputs and implicit quantities of total factor
input. Finally, we have constructed indices of relative levels
of total factor productivity as the ratio of output for each
country relative to the United States divided by the index of
total factor input. These data are reported in Appendix A.

2.5 Other control variables

Other control variables include the human capital index,
openness to trade index and agricultural output structure.
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The human capital index is defined as the average years of
schooling at the economy level using the Barro-Lee
approach (Barro and Lee 2013). The openness to trade
index is defined as the ratio of total export and import value
to total GDP. Both human capital and openness to trade
indexes are calculated at the economy level. We measure
agricultural output structure by using the proportion of
cropping output value to total agricultural output value.

3 Examining uneven agricultural TFP growth
across OECD countries

Agricultural total factor productivity (TFP) in OECD coun-
tries has exhibited a relatively high growth rate over the past
four decades, contributing to agricultural development
throughout the world. Figure 1 shows the relative levels of
agricultural TFP for 17 OECD countries over the 1973–2011
period, using the data that we have constructed. Over this
period, agricultural TFP for the 17 OECD countries has
grown at an average rate of 2 percent a year, which is about
twice the global average for agriculture for the same time
period and comparable to manufacturing and service sectors
in the same OECD countries (FAO 2018). Agricultural TFP
levels in OECD countries are relatively higher than those in
their developing country counterparts. The diffusion of tech-
nical knowledge promotes productivity growth in many
developing countries (IFAD 2015; Pardey and Alston 2021).

Despite the rapid growth in the average rate of agri-
cultural TFP, significant disparities remain in the rates of
growth across countries. This contributes to differences in
relative levels of TFP across countries (Fig. 1a). As is
shown in Fig. 1b, the cross-sectional coefficient of variation
of agricultural TFP declines rapidly in the 1970s, but held
constant in the 1980s and the 1990s. The variance declined
again in the 2000s, but at a decreasing rate. This suggests
that cross-country differences in agricultural TFP levels
remained large since the early 1980s. This result is contrary
to the intuition that globalization is making technological
innovation more accessible to these OECD countries which
are in similar economic development stages (Gardner 1996)
and suffer less from institutional barriers and market dis-
tortions relative to their developing country counterparts
(Gollin et al. 2014b). It is even more puzzling that the
remaining large gap in relative agricultural TFP levels in
recent years also coincides with slowdowns in growth of
agricultural productivity (Ball et al. 2013; Alston et al.
2015).8

It is widely believed that agricultural technology is not
readily transferrable across regions with different agro-
ecological and climatic conditions. Thus, cross-country
differences in agro-ecological and climatic conditions
determine cross-country differences in agricultural pro-
ductivity (McMillan and Rodrik 2011; Gollin et al.
2014a, 2014b; Sheng et al. 2015). However, the revolution
in “biological”, “mechanical”, “chemical” and “informa-
tion” technologies for the past three decades has facilitated
technology transfer. For example, crop varieties and hus-
bandry practices suitable for rainy regions were unsuitable
for drought regions. Gene-modified or gene-editing tech-
nologies are changing the breeding technology, and
drought-resistant crop varieties and husbandry practices are
being created for drought regions. Meanwhile, tropical
fruits can now be transplanted in nursery houses in most
regions of the world. In both examples, capital accumula-
tion plays an important role in supporting cross-country
productivity growth.

For decades, many studies have examined the role of
capital deepening in affecting productivity growth across
countries but they do not agree that it will facilitate cross-
country productivity convergence. For example, at the
economy level, Baumol (1986), Barro and Sala-i-Martin
(1995), Quah (1996, 1997) and Temple (1999) found that
capital accumulation will foster the convergence of labor
productivity across countries. But Kumar and Russell
(2002), followed by Henderson and Russell (2005) and
Badunenko et al. (2010, 2013), found that capital deepening
can drive non-neutral technological progress and cause
international productivity divergence. Applying the exercise
to agriculture, Ball et al. (2001) examined the role of capital
deepening in explaining cross-country agricultural pro-
ductivity growth patterns in the US and 10 EU countries
between 1973 and 1993. The results showed that capital
deepening facilitated agricultural TFP convergence for the
11 OECD countries before the 1980s, providing support for
the embodiment hypothesis (Solow 1956; Solow 1957;
Jorgenson 1966). However, they also showed that the role
of capital deepening in facilitating agricultural TFP con-
vergence across developed countries disappeared in the
1980s when net investment became negative.

After accounting for quality changes in capital and labor
inputs,9 we show that relative capital intensities for the 17
OECD countries and changes in agricultural TFP levels

8 A similar phenomenon is also observed by Ludina et al. (2007),
Coelli and Rao (2005) and Fuglie and Rada (2018), although they have
used different methodologies, data and indicators to measure agri-
cultural productivity.

9 Using a common methodology that allows comparisons across
countries, Butzer et al. (2010) compiled a data series on fixed capital in
agriculture based on national accounts data. The fixed capital measure
differs remarkably from the Food and Agriculture Organization’s data
on tractors, which has been widely used as a proxy for agricultural
fixed capital. This highlights the importance of using accurate mea-
sures to better understand the cross-country differences in agricultural
productivity (Gollin et al. 2004; Gollin et al. 2014a, 2014b).
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exhibit similar patterns. For example, as most OECD
countries have faced increasing farm labor shortages since
the 1970s, substitution of capital input for labor input closed
the gap in cross-country capital intensities before the 1980s.
However, capital intensities grew at a slower rate through-
out the 1980s and the 1990s, when high real interest rates
choked off new investment. This, combined with the spike
in world energy prices resulted in obsolescence of the
capital stock (Ball et al. 2001; 2010). This trend persisted
through the 2000s. As seen in Figs. 1 and 2, the relationship
between convergence of capital intensities and convergence
of cross-country agricultural TFP still requires a thorough
empirical examination.

4 Estimation strategy: the conditional
convergence analysis

To analyze the impact of capital deepening on agricultural
TFP growth across countries, we derive the determinants of
agricultural TFP growth from a standard growth accounting
model. Specifically, we assume that the agricultural sector
of our sample countries shares the same general multi-input

and multi-output production technology, which takes the
following transformation form

f Y1; ¼ ; YM ;X1; ¼ ;XJ ; tð Þ ¼ exp vð Þ ð8Þ

where Y1,…,YM denote outputs and X1,…,XJ denote inputs.
The variable t indicates time trend and v reflects exogenous
production shocks including but not restricted to technology
progress, weather shocks, etc.

Taking the logarithm on both sides of Eq. (8) and making
the total derivative, we get

P
m

∂lnf X;Y ;tð Þ
∂lnYm

dlnYm
dt þP

j

∂lnf X;Y ;tð Þ
∂lnXj

dlnXj

dt

þ ∂lnf X;Y ;tð Þ
dt ¼ dv

dt

ð9Þ

where ∂lnf(X, Y, t)∂t≡λt captures technology progress,
weather shocks and/or other exogenous factors that may

affect agricultural productivity. Defining ∂lnf ðX;Y ;tÞ
∂lnYm

� λYm and
∂lnf ðX;Y ;tÞ

∂lnXj
� λXj , we re-arrange Eq. (9) as follows:P

m λYm _Ym þP
j λXj

_Xj þ λt ¼ dv
dt, where the dot over a

variable indicates its rate of change. Agricultural TFP

 

 

Fig. 1 Comparing agricultural
TFP levels and coefficients of
variance across 17 OECD
countries. Source: Authors’ own
estimates
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growth (defined as TFP
� ¼ P

m Rm _Ym �P
j Sj _Xj where

Rm ¼ PmYm=
P

m PmYm and Sj ¼ wjXj=
P

j wjXj) can thus

be written as

TFP
� ¼ RTS� 1ð ÞP

j
Sj _Xj � λt

λY

� �
þP

m
Qm _Ym

þ P
j
Dj _Xj þ dv

dt =λY
ð10Þ

where RTS denote returns to scale, Qm ¼ ½ λYm
λY

� �
� Rm� and

Dj ¼ ½ λXj
λY

� �
� λX

λY
Sj�. When producers are assumed to

maximize profit subject to Eq. (8), we have Qm= 0 and
Dj= 0, and thus Eq. (10) is reduced to

TFP
� ¼ RTS� 1ð Þ

X
j

Sj _Xj � λt
λY

� �
þ dv

dt
=λY ð11Þ

Equation (11) decomposes industry-level TFP growth
into four components, including scale effects, changes in
input mix (or capital-labor ratio) and output structure, and
other external shocks. If the production technology is
strongly labor saving and has externalities of production
and all inputs are categorized into two groups: labor and
capital, we can re-write Eq. (11) into

TFP
� ¼ RTS� 1ð ÞSj _K � _L

� �� λt
λY

� �
þ dv

dt
=λY ð12Þ

Equation (12) shows that agricultural TFP change can be
decomposed into four components, which include increasing
returns to scale, capital deepening, output structural change,
and technological progress and other external shocks. More-
over, if we further impose the condition of constant return to
scale and assume the factors affecting agricultural TFP growth
but not related to capital deepening are held constant, we can
take the integral of Eq. (13) such that

ln TFP ¼ ; ln K

L

� �
þ C ð13Þ

which implies that capital deepening tends to facilitate
agricultural TFP growth.

To put the theoretical framework into empirical practice,
we use conditional convergence analysis to investigate how
capital deepening affects the convergence of agricultural TFP
—an indicator of technological progress and innovation. The
conditional convergence analysis, initially used by Baumol
(1986) and standardized by Barro and Sala-i-Martin (1995),
has long been regarded as an important empirical tool used to
examine sources of productivity growth across countries
(Jones 1997; Temple 1999; Quah 1996). For decades, many
studies have used this approach to explore the role of capital-
deepening in affecting cross-country differences in pro-
ductivity growth either at the economy-wide or the sectoral
level. But most focus on labor productivity while neglecting
that capital-deepening could also cause productivity con-
vergence through affecting technological change (Kumar and
Russell 2002). As Bernard and Jones (1996, p. 1043) pointed
out, “…future work on convergence should focus much more
carefully on technology.”

Applying the conditional convergence framework to
analyze the role of capital deepening in affecting agri-
cultural TFP convergence across countries, the basic model
is assumed to take the form of :10

ln dTFPi;t ¼ β0 þ β1lnTFPi;t�1 þ β2
d

ln Kit
Lit

� �
þ β3ln

bMit
Lit

� �
=ln bKit

Lit

� �
þ β4cHit þ β5Xit þ ui þ vt þ εit

ð14aÞ

dlnTFPi;t ¼ β0 þ β01lnTFPi;t�1 þ β03ln
bMit
Lit

� �
=ln bKit

Lit

� �
þ β04cHit þ β05Xit þ ui þ vt þ εit

ð14bÞ
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Fig. 2 Comparing relative
capital intensities across 17
OECD countries: 1973–2011.
Source: Authors’ own estimates

10 The theoretical relationship has also been derived following Ace-
moglu (2010) and shown in Appendix B. In addition, a similar model
specification has been used in Ball et al. (2001) for the United States
and nine European countries over the period of 1973–1993 and Ball
et al. (2004; 2014) for cross-state analysis in the US over the period of
1960–2004. Meanwhile, for simplicity, we exclude material-intensity
from the baseline model (while leaving it to be controlled in the full
model), since we believe that material-deepening may play a similar
role as capital deepening in affecting agricultural productivity con-
vergence across countries.
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where lnTFPt is the logarithm of the TFP level of country i at
time t. Kit

Lit
is the ratio of capital input to labor input which is

used to capture the effects of relative capital intensities, Mit
Lit

is
material-labor ratio and Hit is the Barro-Lee human capital
index. The circumflexes (^) denote time derivatives or relative
rates of change. Xit is a vector of other control variables
including openness-to-trade and output structure measured as
the value share of crop products in total agricultural outputs.
Country fixed effects (ui) are included to deal with the time
invariant omitted variable problem and year-dummies (vt) are
included to account for year-to-year technology shocks. It is
to be noted that we use a relative measure between material-
intensity and capital-intensity (namely, bMit

Lit

� �
= bKit

Lit

� �
)) to

capture the impact of materials and capital intensities on
technology convergence across countries in our model. This is
because capital intensity and material intensity are highly
correlated. Their correlation coefficient in our sample is 0.752.
Directly incorporating material intensity into our model would
introduce the multi-collinearity problem.

Comparing the estimated coefficients obtained from Eq.
(14a) with those obtained from Eq. (14b) that excludes Kit

Lit
,

the null hypothesis is: if capital deepening contributes to
technology (or TFP) convergence across OECD countries,
two conditions should hold. The first condition is that the
estimated coefficient β1 should be more negative than the
estimated coefficient β′1, implying that agricultural TFP of
the laggard countries will grow more rapidly to catch up
with the frontier when capital intensities are accounted for.
The second condition is the estimated coefficient β2 should
be positive and significant, indicating capital deepening
contributes positively to cross-country TFP growth through
embodied technical change.

The estimation of Eqs. (14a) and (14b) could suffer from
the omitted variable problem, mainly caused by unobserved
time variant factors such as technological breakthroughs
independent of capital deepening and human capital accu-
mulation. For example, recent developments in bio-
technology and the widely used custom machine services
have greatly impacted agricultural production practices,
which are embodied in intermediate input (Ball et al. 2010;
Andersen et al. 2018). Similarly, capital accumulation is
also widely believed to affect the convergence in levels of
total factor productivity (TFP) (Henderson and Russell
2005). To deal with this problem, we adopt the general
method of moments (GMM) estimator), in addition to
controlling for country fixed effects.11 Meanwhile, we also
conduct panel unit root tests proposed by Levin-Lin-Chu
(2002), Im-Pesaran-Shin (2003) and Breitung (2000),

respectively, to minimize the potential for spurious regres-
sion results.12 All of the test statistics are less than the
critical value of −2.59 at the 1% level. Thus, we reject the
null hypothesis of a unit root and proceed to estimate Eqs.
(14a) and (14b) assuming stationarity.

Although Eqs. (14a) and (14b) can be used to examine
whether capital deepening contributes to convergence in
relative levels of agricultural TFP, they do not explain
whether capital deepening affects technology catch-up of
laggard countries with different initial factor endowments.
In the literature, differences in relative endowments of land
to labor will affect the ability of a country to adopt capital-
intensive technology, which is termed the “induced inno-
vation hypothesis”. As in Hayami and Ruttan
(1970b, 1985), a country with relatively more abundant land
is more likely to adopt capital-intensive technology while a
country with relatively more abundant labor is more likely
to adopt material-intensive technology. To further examine
the impact of initial factor endowment on the TFP con-
vergence across countries, we need to determine how
capital deepening affects agricultural TFP convergence
among countries with different initial factor endowments.
However, the conventional linear regression technique
assumes their marginal returns to investment are the same
(Koenker and Hallock 2001; Ma et al. 2020).

To resolve this problem, we further adopt the conditional
quantile regression technique to decompose the average
impact of capital deepening on agricultural TFP con-
vergence into the marginal impacts by clustering countries
with similar initial endowments of land relative to labor.
Compared to linear regression, the conditional quantile
regression technique provides a convenient approach to
implement the decomposition procedure. Instead of
assuming the means fall on a line or some linear surface,
conditional quantile regression allows us to group obser-
vations into homogeneous cells according to the relative
land-labor price where relative prices are intended to proxy
relative input levels. When we define the quantiles by using
the relative land-labor price, the marginal impacts of capital
deepening on cross-country TFP convergence can be mea-
sured for the countries facing similar land-labor prices
(Tomohiro and Bai, 2015; 2020; Ma et al. 2020; Cai et al.
2022).

In this paper, we assume that the marginal impacts of
capital deepening on cross-country TFP convergence
depend on a country’s relative endowment of land to labor,
and they are unknown functions of the relative prices of

11 The instruments used in the IV-GMM estimation are two-period
lagged input usages, and performed in STATA. We conduct the post-
Sargan test to examine whether the econometric model is valid and
whether the instruments included are exogenous.

12 Compared with individual unit root tests, such as the Augmented
Dickey-Fuller test or the Phillips and Perron (1988) test, all of these
have common advantages when dealing with small samples. However,
they also have their own limitations, which suggest that a joint inter-
pretation of the test results would be preferred. The panel data unit root
test results are reported in Appendix Table A15.
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land to labor. Thus, Eq. (9) can be transformed into

ln dTFPi;t ¼ β0 þ βT1 Uitð ÞlnTFPi;t�1 þ βT2 Uitð Þ d
ln Kit

Lit

� �
þ β3ln

bMit
Lit

� �
=ln bKit

Lit

� �
þ β4cHit þ β5Xit

þ ui þ vt þ εit

ð15Þ
where βT1 ð:Þ and βT2 ð:Þ are two vectors of smoothed
functions defined on G, which have continuous second
derivatives and may take a flexible functional form for
different individuals, Uit denotes the relative labor supply
for each country (proxied by the relative price of land to
labor). εit ¼ γT2 f2t þ eit where f2t is a vector of unobserved
common factors and eit is the idiosyncratic error. We use the
relative price of land to labor as a measure of relative factor
endowments for three reasons. First, changes in the relative
prices of land and labor may reflect initial factor endow-
ments, under which capital deepening may play different
roles in affecting productivity convergence. Second, the
relative price between land and labor input is exogenous to
agriculture, since agriculture is such a relatively small share
of the total economy in most developed countries. Third,
capital investment in agriculture is more likely to be
induced by market price signals than by relative factor
scarcities. Finally, in order to reduce the potential impact of
agricultural production on the relative price of land to labor
input, we adopt the 5-year lags of these price as the measure
in practice.

Equation (15) can be treated as a non-parametric
decomposition of Eq. (14a) while accounting for the
dependence condition (or particular initial endowments of
labor and land for a country). It can be used to make
inferences on the quantile co-movement of technology
adoption in response to the relative labor supply (Tomohiro
and Bai, 2015; 2020; Ma et al. 2020; Cai et al. 2022). In
order to estimate Eq. (10), we need not only to resolve the
conventional endogeneity problem, but also to resolve the
problem arising from the potential correlation between the
unobserved factors f2t and our main independent variables
including lagged TFP level lnTFPi,t−1 and the percentage

change in capital intensity
dKit
Lit

� �
.

Following Cai et al. (2022), we address this problem by
using a locally common correlated effect pooled technique
(LCCEP) to estimate βi1ð:Þ and βi2ð:Þ and apply a two-step
procedure in the estimation process. Specifically, in the first
step, we use Eq. (14a) to exclude the impact of control
variables such as material intensity and human capital
spillovers on the change in agricultural TFP after properly
accounting for country fixed effects and time dummies. In
the second step, we use the one-step LCCEP approach
developed by Cai et al. (2022) to estimate the marginal

impact of capital deepening on agricultural TFP growth and
the convergence of relative productivity levels as the rela-
tive prices of land to labor vary across the sample (which is
split into ten quantiles).13

Finally, a nonparametric goodness-of-fit statistic is pro-
posed for testing the constancy of functional coefficients.
Specifically, for the τth conditional quantile function (where
uτ∈U), we have

lndTFPτ
it ¼ β0 þ βτ1 Uitð ÞlnTFPi;t�1 þ βτ2 Uitð Þ d

ln Kit
Lit

� �
þ β3ln

bMit
Lit

� �
=ln bKit

Lit

� �
þ β4cHit þ β4Xit

þ ui þ vt þ εit

ð16Þ
and the estimated coefficients bβ�j ð:Þ (where j= 1,2) could be
written as

bβ�j uτð Þ ¼ babb
� �

¼ argmax
a;b

PT
t¼1

dlnTFPit � Zit aþ b Uit�uτð Þ
h

� �h
� ϑiqt

i2
kh Uit � uτ=hð Þ

ð17Þ

where k(.) is a kernel function and kh(.)= k(./h)/h, and a and
b represent the lower and upper bound of uτ. Please see
appendix C for a more detailed discussion of the conditional
quantile regression approach. Using the estimated coeffi-
cients from (16), we are expecting that bβ�1 uτð Þ is positively
correlated with uτ while bβ�2 uτð Þ is negatively correlated with
uτ, if the labor shortage induces the adoption of capital-
intensive technology.

5 Cross-country convergence of agricultural
TFP and capital deepening

In this section, we first describe the relationship between
agricultural TFP growth and the initial level of TFP for the
17 OECD countries for the period 1973–2011. Next, we
examine the effect of capital deepening in fostering TFP
growth across countries and whether this will facilitate
technology catch-up of the laggard countries. Finally, we
investigate how differences in relative factor endowments
will affect the role of capital deepening in productivity
convergence. We do this by clustering our sample according
to their initial endowments of land relative to labor, proxied
by the price of land relative to the price of labor.

We find that (1) agricultural TFP grows faster in the
laggard countries than in the frontier countries; (2)

13 For more a detailed discussion on the conditional quantile regres-
sion approach, please refer to Appendix C.

Journal of Productivity Analysis



agricultural TFP converges among the 17 OECD countries
over the 1973–2011 period; (3) the rate of technology catch-
up will differ among countries, that club convergence of
agricultural TFP is more likely to be achieved than is global
convergence, and that capital deepening can facilitate
technology catch-up among country groups with similar
initial factor endowments.

5.1 Agricultural TFP growth across OECD countries

Based on the descriptive statistics, we observe that agri-
cultural TFP growth is inversely related to the initial level of
TFP. Figure 3 confirms that annual agricultural TFP growth
and the lagged TFP level are inversely related. This implies
that agricultural TFP grows faster in the laggard countries
than in the frontier countries, suggesting diffusion of tech-
nical knowledge and productivity catch-up (or convergence)
among the 17 OECD countries over the sample period.

Capital deepening is positively correlated with agricultural
TFP growth. Figure 4 illustrates the relationship between
annual TFP growth rates and changes in capital intensity for
each of the 17 OECD countries (to be used as the dependent
and independent variables, respectively). Over the entire
sample period, annual agricultural TFP growth rates are
positively correlated with changes in capital intensities for all
countries. This strong positive relationship between relative
TFP growth rates and changes in relative capital intensities
suggests that a substitution of capital for labor has con-
tributed to agricultural productivity growth. While capital
deepening is a fundamental driver (Gardner 1996; Haniotis
2018) of agricultural TFP growth, it is not clear whether it
will lead to the convergence of relative TFP levels across
countries. If capital deepening occurs more rapidly in the
frontier (or the laggard) countries, it is expected to enlarge (or
reduce) the gap in relative TFP levels across countries.

It is widely believed that initial factor endowments of
land (measured as land per unit of labor) affect investments
in physical capital which in turn influence technology
adoption (Hayami and Ruttan 1970a). Therefore, differ-
ences in relative factor endowments may drive agricultural
TFP growth through capital deepening, leading to a
widening gap in relative levels of TFP in agriculture. To
illustrate this point, we split our sample into three groups
according to the relative price of land to labor: <30, 30–70
and >70%. The relative prices of land and labor are used as
a proxy for the relative factor endowments.

Figure 5 compares the relationships between TFP growth
and lagged TFP levels for the three groups (<30, 30–70 and
>70%) (Fig. 5a), as well as the relationship between TFP
growth and capital intensities grouped by the relative prices
of land to labor (Fig. 5b). We observe an inverse relation-
ship between agricultural TFP growth and the lagged TFP
level for the three groups. With capital deepening con-
tributing positively to agricultural TFP growth, the inverse
relationship between agricultural TFP growth and the lag-
ged TFP level decreases when the relative price of land to
labor increases. This suggests that capital deepening is
likely to facilitate technology catch-up among countries
with a larger land endowment relative to labor.

5.2 The convergence analysis: testing the
embodiment hypothesis

Using Eqs. (14a) and (14b), we examine how capital dee-
pening affects agricultural TFP convergence across the 17
OECD countries. Growth in TFP is regressed on the lagged
TFP level, with and without controlling for changes in
capital intensities (representing capital deepening). In
addition, we have also controlled for the impact of changing
material intensities, human capital spillovers, openness to
trade of the economies, changes in output structure, and
included dummy variables to capture year-to-year pro-
ductivity shocks. The results are reported in Table 1, with

Fig. 3 The relationship between annual TFP growth and the lagged
TFP level. Note: the dotted line is a horizontal reference line. The
“lowess” function has been used to generate the non-linear fit-line
from the “scatters” between lagged agricultural TFP and annual
growth of agricultural TFP (Cleveland 1979). Source: Authors’ own
estimates

Fig. 4 The relationship between TFP and capital intensities. Source:
Authors own estimates

Journal of Productivity Analysis



columns 1 through 4 representing different models such as
panel data regression controlling for country fixed effects
(FE) and the general method of moments with lagged
variables as instruments (GMM) based on Eqs. (14a) and
(14b) respectively.

Our estimation results confirm the convergence of agri-
cultural TFP among the 17 OECD countries over the
1973–2011 period. Controlling for country-specific effects
(e.g., commitment to freedom of trade and government poli-
cies to support agriculture), year-to-year productivity shocks
and other potential endogeneity problems caused by time
variant omitted variables (by using the GMM regression), we
estimate the proposed models and compare their results. The
estimated coefficients on lagged TFP levels are −0.16 and
−0.14 and significant at the 1% level, obtained from the
models with and without controlling for differences in capital
intensity. The negative and significant coefficients on lagged
TFP levels imply that agricultural TFP in the laggard countries
is growing faster as a result of diffusion of technical

knowledge. This finding is consistent with Ball et al. (2001)
which used the data for 11 OECD countries over the period of
1973–1993, and is robust when different model specifications
and estimation techniques are employed.

Moreover, capital deepening contributes positively to
agricultural TFP growth. This suggests that capital accu-
mulation will foster technological progress either through
embodiment or through labor-saving technology innova-
tion. In the convergence model controlling for capital
intensity, the change in the logarithm of capital intensity has
a coefficient of 0.13, which is significant at the 1% level
(Column 4 in Table 1). This implies that a one percent
increase in capital intensity contributes to TFP growth of
0.13%. However, when comparing the models without
controlling for capital intensity, the estimated coefficients
on the lagged TFP level increased from −0.16 to −0.14 and
the goodness of fit of the model measured by using the
R-squared increased from 0.14 to 0.32. This indicates that
the speed of productivity convergence decreased. As an

Fig. 5 Relationship among
relative price of land to labor,
change in capital intensity and
agricultural TFP growth. Source:
Authors’ own estimates
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increase in capital intensity will contribute positively to
agricultural TFP growth, this also implies that capital dee-
pening tends to enlarge the cross-country productivity gap
by increasing technological progress of the frontier coun-
tries more rapidly than in the laggard countries.

Finally, we use agricultural TFP rather than labor pro-
ductivity measures in the analysis. Thus, the impact of
capital deepening on productivity convergence is likely due
to its impact on technological progress rather than from
decreasing marginal return on investment. Our results cor-
roborate the finding of Kumar and Russell (2002) which
show that capital deepening is more likely to cause inter-
national productivity divergence through accelerating
technological progress among the frontier countries.

Other factors such as material intensities and human capital
spillovers may also affect productivity growth and cross-
country productivity convergence. As a control variable,
changes in material intensities also increase agricultural TFP
growth. The estimated coefficient on the relative change
between materials and capital-intensities is not significant,
suggesting that materials deepening has played a similar role
as capital deepening. In addition, the coefficient on the human
capital index (measured by using the Barro-Lee human capital
index) is positive but insignificant. A possible explanation for
this is that we have quality-adjusted the measures of labor

input, which in turn weakens the impacts of human capital
accumulation and its spillover effects. Finally, the change in
the share of crops in total output is found to contribute posi-
tively to productivity growth.

5.3 Club convergence: impact of initial factor
endowments

The convergence analysis provides a measure of the average
impact of capital deepening on agricultural TFP growth and
cross-country differences in relative TFP levels. However,
questions remain. Why does capital deepening promote
productivity growth but cause productivity divergence in
relative levels across countries? Is capital deepening driving
the TFP divergence consistently across countries? Or, is it
possible that capital deepening is causing the TFP con-
vergence among some country groups while driving the
TFP divergence among other groups? What is the role of
initial factor endowment in affecting capital deepening and
cross-country TFP convergence?

Since countries with different initial factor endowments
will have different production technologies, the rate of
technology catch-up will differ among countries. As noted
by Hayami and Ruttan (1970a), technological innovation in
agriculture is usually induced by market price signals, which

Table 1 The conditional
convergence analysis: capital
deepening and its impacts

Model I: Without K/L ratio Model II: With K/L ratio

FE GMM FE GMM

Dependent variable: TFP growth (log)

Lagged agricultural
TFP (log)

−0.139***
(0.044)

−0.164***
(0.041)

−0.119***
(0.0403)

−0.140***
(0.037)

Change in K/L ratio (log) – – 0.135***
(0.0444)

0.130*** (0.037)

Change in M/L ratio (log) – – −0.000 (0.000) −0.000 (0.000)

Change in human capital
index (log)

0.684*** (0.242) 0.066 (0.490) 0.438 (0.324) 0.087 (0.468)

Change in openness to trade
index (log)

−0.016 (0.067) 0.038 (0.075) −0.110 (0.0731) −0.067 (0.076)

Change in crop share (%) 0.516*** (0.151) 0.620*** (0.178) 0.539*** (0.150) 0.640*** (0.183)

Constant 0.012 (0.037) 0013 (0.037) 0.034 (0.037) 0.011 (0.036)

Year dummies Yes Yes Yes Yes

Heteroskedasticity Yes Yes Yes Yes

Number of observations 646 646 646 646

R-squared 0.143 – 0.315 –

Wald Test: Chi2-statistics 507.43 770.37

Number of countries 17 17 17 17

The numbers in parentheses below the coefficients are robust standard errors. “*” indicates statistical
significance at the 10% level, “**” indicates statistical significance at the 5% level, and “***” indicates
statistical significance at the 1% level. The chi-square statistics for the post-Sargan test of two GMM models
are 484.2 and 484.5 respectively, which suggests that the model specification is valid and instrumental
variables are correctly specified

Source: Authors’ own estimation
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loosen growth constraints imposed by relative factor scar-
cities. Thus, one may expect that capital deepening—an
important vehicle for embodied technologies—is more likely
to facilitate technology catch-up among countries with
similar factor endowments. To test this hypothesis, we
cluster the sample into 10 quantile groups (namely, 1, 5, 10,
25, 50, 75, 90, and 99%) according to the relative factor
endowments between land and labor, proxied by their rela-
tive prices. The conditional quantile regression technique is
applied to re-examine the impact of capital deepening on
agricultural TFP growth, β2(Uit), and the convergence of
relative TFP levels, β1(Uit) for each quantile group. The
results are compared with the estimated β1 and β2 obtained
from the convergence analysis, which is shown in Table 2.
For robustness, we also cut off the tails at the top and bottom
1% level, and the estimation results are illustrated in Figs. 6
and 7.14 Three interesting findings are discussed below.

First, the speed of TFP convergence across countries
increases substantially when we cluster the 17 OECD
countries by their relative factor endowments. As is shown
in Fig. 6, the estimated coefficients on the lagged TFP levels
for all 10 quantiles ranged from −0.23 to −0.62, which are
far less than that (e.g., −0.14) obtained from Eq. (9).15 This

implies that technology catch-up is more likely to be
achieved among countries with similar factor endowments.
In other words, the club convergence of agricultural TFP is
more likely to be achieved than is global convergence, a
result that is consistent with the recent literature such as
Quah (1996) and Gong (2018). But, we show the club
convergence will occur among countries with similar factor
endowments.

Second, capital deepening has played different roles in
affecting agricultural TFP growth for the countries facing
different relative prices of land to labor. As is shown in Fig.
7, the marginal contribution of capital deepening to agri-
cultural TFP growth is positive and large for the countries
with relatively lower prices of land to labor, but declines
when the relative price of land to labor increases.16 In
particular, for the very labor abundant countries, the mar-
ginal contribution of capital deepening to agricultural TFP
growth becomes negative. This implies that capital dee-
pening is more likely to promote agricultural TFP growth
among land abundant countries. (See Hayami and Ruttan
1970a).

Third, capital deepening can facilitate technology catch-
up among country groups with similar initial factor
endowments. Figure 8 plots the relationship between the
marginal impact of capital deepening on TFP growth and
the speed of TFP convergence, obtained from the condi-
tional quantile regression. As is shown, the estimated
coefficients on lagged TFP level by quantile groups are
negatively correlated with the marginal contribution of
capital deepening to productivity growth, when we control
for the impact of their different initial factor endowments.
This indicates that for countries with similar initial factor
endowments, the convergence speed increases with capital
deepening.

6 Robustness check

In this section we conduct four robustness checks: (1) we
check whether our findings are robust to the way that we
measure differences in factor endowments across countries;
(2) we examine whether capital deepening is the channel
through which differences in relative factor endowments
affect cross-country technology catch-up; (3) we explore
whether the marginal impacts of capital deepening across
different quantile groups are robust to the estimation
method; (4) we examine the role of adding public R&D
knowledge stock in our results. Finally, we also test whether

Table 2 Marginal contributions of capital deepening to productivity
convergence

β1 β2

Dependent variable: Agricultural TFP growth (log)

1% −0.606 0.169

5% −0.437 0.134

10% −0.416 0.159

25% −0.405 0.065

50% −0.371 0.045

75% −0.286 0.033

90% −0.261 0.006

95% −0.231 −0.022

99% −0.152 −0.127

Other control variables Yes Yes

Constant Yes Yes

Year dummies Yes Yes

Heteroskedasticity Yes Yes

Number of observations 561 561

The numbers in parentheses below the coefficients are robust standard
errors. “*” indicates statistical significance at the 10% level, “**”
indicates statistical significance at the 5% level, and “***” indicates
statistical significance at the 1% level

Source: Authors’ own estimation

14 At the tails, the sample size is really small and thus the impact
becomes unstable.
15 The statistical test (reported in Appendix C) shows that the con-
ditional quantile regression model fit the data better than the
baseline model.

16 We noticed that there is an inconsistent change in marginal impacts
from 1 to 5%, and believed that this is more likely to be caused by the
small sample issue.
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year-to-year fluctuations in agricultural TFP growth could
negatively affect the robustness of our empirical results.17

First, we use the lagged relative price of land to labor to
measure cross-country differences in factor endowments.
However, there are concerns that the lagged relative price
could be affected by other factors than the relative
endowments of land and labor. As a robustness check, we
directly use the level of lagged land input per unit of labor
to group the countries into 10 quantiles, and re-conduct the
conditional quantile analysis. Generally, the change in the
marginal impact of capital deepening on agricultural TFP
growth and cross-country differences in relative TFP levels
for each quantile are consistent with our results shown in
Section Club Convergence: Impact of Initial Factor
Endowments.

Second, there could be concerns about whether capital
deepening is the appropriate channel through which dif-
ferent relative factor endowments may affect technology
catch-up across countries. As a robustness check, we
examine the marginal impacts of human capital spillovers
by using the conditional quantile regression technique. We
perform this test because the relative endowment of land is

not expected to directly affect human capital accumulation
but strongly affects technological progress (Hayami and
Ruttan 1970b). Comparing the estimated coefficients on
human capital for different quantile groups (proxied by the
relative prices between land and labor) in the conditional
quantile regression, we find little change in human capital’s
marginal impact across different quantile groups. This
suggests that capital deepening is the channel through
which differences in relative factor endowments affect
cross-country technology catch-up.

Third, there could be concerns that our findings on the
marginal impacts of capital deepening across different
quantile groups may not be robust to the estimation
approach (e.g., the conditional quantile regression analysis).
Therefore, we conduct a two-stage regression to check the
robustness of our findings in Section Club Convergence:
Impact of Initial Factor Endowments. Specifically, we first
regress capital intensity on the relative price of land to
labor, and calculate the fitted values for capital intensity.
Then, we conduct the convergence analysis by using the
predicted capital intensity as a conditional variable in the
convergence analysis. This two-stage regression approach
provides an alternative way to examine the relationship
among factor endowment, capital deepening and agri-
cultural productivity convergence. The results show that
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17 The related results for all the five robustness checks are available in
Appendix D.
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relative abundance of land to labor (proxied by using the
relative price of land to labor) is positively related to capital
deepening. This contributes to agricultural TFP growth and
cross-country productivity convergence, which is consistent
with our findings in Section Club Convergence: Impact of
Initial Factor Endowments.

Fourth, it is believed that public R&D investment is a
relevant and direct factor that could affect the speed of TFP
convergence in the literature. Failure to account for its impact
may lead to biased estimates. To examine the robustness of
our finding to public R&D investment, we construct the
public R&D knowledge stock by applying the 25-year lag
profile to the public R&D investment data from Fuglie and
Rada (2018) and include the measure as a control variable in
our regressions. The estimated results are generally consistent
with what we have obtained before.

Finally, year-to-year fluctuations in agricultural TFP
growth could negatively affect the robustness of our
empirical results. To deal with this concern, we also use
3-year and 5-year averages for the rates of change to reduce
random noise in the convergence analysis. The results
obtained from these new exercises generally corroborate our
earlier finding that capital deepening contributes positively
to TFP growth but drives agricultural TFP divergence
across countries. When the relative price of land to labor is
used to group countries by quantiles, capital deepening
contributes to agricultural TFP convergence among each
country group. In particular, such an impact is relatively
larger among the more land abundant countries than among
the relatively labor abundant countries.

7 Conclusions

Relative factor endowments and technological gains
embodied in capital are the two most important factors
contributing to the convergence in levels of agricultural
productivity across developed countries. While capital

deepening contributed to convergence in levels of TFP
before the 1980s (Ball et al. 2001), differences in levels of
TFP persisted since the early 1980s even as capital per unit
of labor continued to increase. To better explain the
inconsistent role of capital deepening in affecting cross-
country productivity convergence, this paper applies the
conditional quantile regression technique to a newly con-
structed panel dataset for 17 OECD countries. We then re-
examine cross-country productivity TFP convergence and
its potential determinants.

By incorporating differences in relative factor endow-
ments across countries in the convergence analysis, we find
that capital deepening may play different roles in affecting
technology catch-up among different country clusters. In
particular, capital deepening is more likely to promote
agricultural TFP growth in relatively land abundant coun-
tries than in relatively labor abundant countries. This implies
that differences in relative factor endowments across coun-
tries may affect endogenous technological progress (through
capital deepening) and cause cross-country productivity
differences. Our findings provide supportive evidence for the
induced innovation hypothesis (Hayami and Ruttan 1970a).

Our findings also provide an alternative explanation for
why capital deepening contributes to the convergence of
agricultural productivity across OECD countries before the
1980s, but not since then. We conclude that capital dee-
pening would have helped the laggard countries to catch up
in agricultural productivity to their frontier counterparts,
had those countries shared the same relative factor
endowments. However, there are significant differences in
relative factor endowments across countries. Capital per
unit of labor grew more slowly in relatively labor abundant
countries than in relatively land abundant countries. This
diminishes the role of capital deepening in facilitating cross-
country productivity catch-up, in particular for those
countries with relatively abundant labor. Yet, will this
finding survive when more data for other countries are
available? We can only leave it for future study.
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