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Abstract

This paper proposes a new empirical framework for analyzing specialization dynamics. A coun-
try’s pattern of specialization is viewed as a distribution across sectors, and statistical techniques
for analyzing the evolution of this entire distribution are employed. The empirical framework is
implemented using data on 20 industries in 7 OECD countries since 1970. We find substantial
mobility in patterns of specialization. Over time horizons of 5 years, this is largely explained
by forces common across countries including world prices and common changes in technical effi-
ciency. Over longer time horizons, country-specific changes in factor endowments become more
important. There is no evidence of an increase in countries’ overall degree of specialization.
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1 Introduction

Theoretical models of trade and growth emphasize that patterns of specialization are dynamic and

evolve endogenously over time. This contrasts with much of the existing empirical trade literature,

which is concerned with production and trade at a point in time. This paper proposes a new

empirical framework for analyzing specialization dynamics. The analysis begins with a measure

of a country’s extent of specialization in an individual industry derived directly from neoclassical

trade theory: the share of the industry in that country’s GDP. A country’s pattern of specialization

at any one point in time is characterized by the distribution of shares of GDP across industries.

The dynamics of a country’s pattern of specialization correspond to the evolution of this entire

cross-section distribution over time. The focus on a country’s distribution of GDP shares across

industries means that the paper is concerned with production structure within countries. We employ

a statistical model of distribution dynamics that has been widely used in the cross-country growth

literature and is explicitly suited to analyzing the evolution of entire distributions. The empirical

framework is implemented using data on 20 industries in 7 OECD countries since 1970.1

Using these techniques, it becomes possible to analyze a variety of issues relating to specialization

dynamics that are suggested by the theoretical literature on trade and growth. One set of issues

relates to the evolution of the external shape of the distribution of GDP shares and concerns changes

in countries’ overall degree of specialization - the extent to which production activity is concentrated

in a few industries. For example, more rapid technological progress in the industries in which a

country specializes and the accumulation of factors used intensively in these industries will result in

increased specialization over time. This will be reflected in a polarization of the distribution of GDP

shares towards extreme values, as countries increasingly specialize in one set of industries and reduce

specialization in others. In the extreme, a bimodal or ‘twin-peaked’ distribution will emerge.

A second set of issues relates to how a country’s extent of specialization in individual industries

changes over time and is concerned with intra-distribution dynamics. A number of theoretical models

of trade and growth identify reasons why initial patterns of specialization may either be locked-in

(persistence) or reversed (mobility) over time. Whether patterns of specialization exhibit persistence

or mobility therefore becomes an empirical question which can be addressed by analyzing the move-

ment of industries within a country’s distribution of GDP shares. Suppose an industry lies in the

lower tail of the distribution of GDP shares. What is the probability over a given period of time

that the industry will remain there? What is the probability that it will transit to the upper tail of

the distribution of GDP shares and become a sector in which the country specializes? Where in the

distribution is the greatest degree of mobility observed?
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A third set of issues concerns the economic determinants of changes in a distribution’s external

shape and of industries’ movements within the distribution of GDP shares. A structural econometric

equation linking GDP shares, relative prices, technology levels, and factor endowments is derived

from neoclassical trade theory. This econometric relationship is used to decompose observed changes

in patterns of specialization into two components: (a) country-specific changes in factor endowments

and (b) forces which are either common across countries but specific to individual industries (eg

changes in industry prices on world markets, pervasive changes in technical efficiency in individual

industries) or common across both countries and industries (eg shared changes in technical efficiency

across all manufacturing industries, common changes in factor endowments across all countries).

The same model of distribution dynamics may be used to analyze how patterns of specialization -

the entire distribution of GDP shares - would have evolved if only country-specific changes in factor

endowments had occurred or if only common forces across countries had operated.

Our main findings are as follows. First, there is substantial mobility in patterns of specialization.

In the United States, the probability of an industry transiting out of its initial quintile of the distri-

bution of GDP shares after 5 years varies from 0.39 towards the centre of the distribution to around

0.20 in the upper and lower tails. The highest levels of mobility are found in Japan and Sweden;

Canada, the United Kingdom, and United States have intermediate levels; Denmark and Finland

display the least.

Second, we find no evidence of an increase in the extent to which countries’ production is con-

centrated in a few industries. Indeed, in Finland and Denmark, there is an increase in the number of

industries located at intermediate values for shares of GDP, suggesting a decrease in specialization

in these countries. Third, estimation of the structural econometric equation derived from neoclassi-

cal theory reveals factor endowments to be an important determinant of patterns of specialization.

Over time horizons of 5 years, country-specific changes in factor endowments are found to be less

quantitatively important in explaining the observed mobility in specialization patterns than forces

which are common across countries. Exceptions are Japan and Finland, where changes in factor

endowments explain the majority of the observed mobility even over 5-year periods. In Japan, this

is related to a combination of rapid physical capital accumulation and skill acquisition; in Finland,

skill acquisition plays a central role.

Over longer time horizons of 10 years and above, common cross-country effects remain influential,

but country-specific changes in factor endowments become relatively more important. In the liter-

ature on international trade and wage inequality, there is considerable debate concerning the speed

at which ‘the Heckscher-Ohlin clock ticks.’2 In another context, our findings suggest that it takes
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time for gradual changes in countries’ relative factor abundance to manifest themselves in substantial

changes in production structure.

The paper is organized as follows. Section 2 reviews the relationship to the existing literature.

Section 3 derives a measure of a country’s extent of specialization in individual industries directly

from neoclassical trade theory and obtains a structural econometric equation linking this measure

to factor endowments, relative prices, and technology. Section 4 introduces a model of distribution

dynamics which, given this measure, may be used to analyze the dynamics of a country’s pattern of

specialization. Section 5 undertakes a preliminary analysis of the data. Section 6 presents the results

of the econometric estimation. Section 7 concludes.

2 Relation to Existing Literature

The paper is related to three main bodies of existing work. First, the theoretical literature on trade

and growth provides motivation. One strand of this literature emphasizes the role of endogenous

technological change. In the absence of international knowledge spillovers, models of endogenous

investments in R&D or sector-specific learning by doing predict that initial patterns of specialization

will become locked-in over time (eg Krugman 1987, Lucas 1988, Grossman and Helpman 1991,

Chapter 7, and Redding 1999a). However, both international knowledge spillovers and cross-country

differences in the productivity of R&D / rates of learning by doing provide reasons why initial

patterns of specialization may be reversed over time (eg Grossman and Helpman 1991).

Another strand of theoretical research emphasizes the role of factor accumulation (including

Findlay 1970, Deardorff 1974, and Davis and Reeve 1997). Again, initial patterns of specialization

may be reinforced or weakened over time. The point is made particularly clearly in the 2×2×2
Heckscher-Ohlin model, where this depends simply upon whether the initially capital-abundant or

capital-scare country experiences the more rapid rate of increase in its endowment of capital relative

to labour. If the former, then not only will initial patterns of specialization become locked-in, but

countries’ overall degree of specialization will rise over time.

Second, the paper relates to the empirical literature that estimates the relationship between

factor endowments and the international location of production. Harrigan (1995) and Bernstein

and Weinstein (1998) regress output levels on factor endowments in a specification derived directly

from the n-good, m-factor Heckscher-Ohlin model. Factor endowments are found to have a statisti-

cally significant and quantitatively important effect on levels of production, although within-sample

predictions errors are typically large, particularly using regional data.3

Harrigan (1997) estimates the neoclassical model of production and finds that levels of technology
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as well as factor endowments are an important determinant of patterns of specialization. Harrigan

and Zakrajsek (2000) estimate the model for a broad sample of developed and developing countries

and find that factor endowments are a major influence on specialization.4 With the exception of

Harrigan (1997), each of these papers is concerned with a static relationship between factor en-

dowments and production patterns at a point in time. Harrigan (1997) also considers a dynamic

specification where a regression of GDP shares on factor endowments, technology levels, and controls

for relative prices is augmented with a lagged dependent variable. This specification allows for partial

adjustment, and the coefficient on the lagged dependent variable is found to be highly statistically

significant. However, there is no analysis of the implications for intra-distribution dynamics or the

evolution of the external shape of the distribution of GDP shares.

Third, a small number of papers have explicitly considered changing patterns of trade and pro-

duction. One older branch of research has addressed these issues within the context of the n ×m
Heckscher-Ohlin model. This includes Balassa (1979), Stern and Maskus (1981), Bowen (1983), and

Maskus (1983). While the first two studies consider cross-country regressions of RCA and net exports

on factor endowments, the last two analyze cross-industry regressions of net exports on factor en-

dowments for a single country (the United States).5 The relative availability of skilled and unskilled

labour is typically found to be an important determinant of patterns of comparative advantage, and

US-based studies find that by the 1970s the Leontief Paradox no longer held.

An alternative branch of research has adopted a more descriptive approach less directly linked

to theory. Kim (1995) and Amiti (1999) analyze a production-based measure of specialization (the

‘location quotient’) that is directly analogous to trade-based measures of Revealed Comparative

Advantage (RCA).6 Both papers examine changes in countries’ overall degree of specialization using

summary statistics such as the coefficient of variation or Gini coefficient. While informative, these

are not generally sufficient statistics for a distribution’s external shape and yield no information

concerning intra-distribution dynamics.

Proudman and Redding (1998), (2000) use a RCA-based measure of specialization to analyze

both persistence versus mobility and changes in countries’ overall degree of specialization. A model

of distribution dynamics is used to analyze the evolution of the entire distribution. However, the

measure of specialization used is ad hoc and cannot easily be related to general equilibrium trade

theory. For these reasons, it is not possible to link changes in specialization patterns to structural

economic determinants.7
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3 Neoclassical Theory and Economic Determinants

In this section, we use neoclassical trade theory to derive a theory-consistent measure of specialization

and to relate that measure to underlying structural economic determinants (see Dixit and Norman

1980 for a wider exposition). Time is indexed by t, countries by c ∈ {1, ..., C}, final goods by
j ∈ {1, ..., n}, and factors of production by i ∈ {1, ..,m}. Each country is endowed with an exogenous
vector vct of factors of production, and production is assumed to occur under conditions of perfect

competition and constant returns to scale. We allow for differences in factor endowments across

countries c and technology differences across both countries c and industries j.

General equilibrium in production may be represented using the revenue function rc(pct, vct). Un-

der the assumption that this function is twice continuously differentiable, the vector of the economy’s

profit-maximizing net outputs yc(pct, vct) is equal to the gradient of rc(pct, vct) with respect to pct.8

The analysis allows for Hicks-neutral and factor-augmenting technology differences. Our main spec-

ification considers Hicks-neutral technology differences across countries, industries, and time. In this

case, the production technology takes the form ycjt = θcjtFj(vcjt), where θcjt parameterizes technol-

ogy in industry j of country c at time t. The revenue function is given by rc(pct, vct) = r(θctpct, vct),

where θct is an n× n diagonal matrix of the technology parameters θcjt.9 Changes in technology in

industry j of country c have analogous effects on revenue to changes in industry j prices.

We follow Harrigan (1997) and Kohli (1991) in assuming a translog revenue function. This

flexible functional form provides an arbitrarily close local approximation to the true underlying

revenue function,10

ln r(θ.p, v) = α00 +
P
j α0j ln θjpj +

1
2

P
j

P
z αjz ln (θjpj) ln (θzpz)

+
P
i β0i ln vi +

1
2

P
i

P
h βih ln vi. ln vh

+
P
j

P
i γji ln (θjpj) . (ln vi)

(1)

where j, z ∈ {1, ..., n} index goods and i, h ∈ {1, ...,m} index factors. Symmetry of cross effects
implies: αjz = αzj, βih = βhi for all j, z, i, and h. Linear homogeneity of degree 1 in v and p

requires:
P
j α0j = 1,

P
i β0i = 1,

P
j αzj = 0,

P
i βih = 0,

P
i γji = 0. Differentiating the revenue

function with respect to each pj , we obtain the following equation for the share of industry j in

country c’s GDP at time t,

scjt =
pcjt.ycjt(θctpct, vct)

r(θctpct, vct)
= α0j +

X
z

αjz ln pczt +
X
z

αjz ln θczt +
X
i

γji ln vcit (2)

This equation provides the theory-consistent measure of specialization in an industry (the share

of the industry in the country’s GDP) that will be used with the model of distribution dynamics
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introduced below. It also relates the specialization measure to underlying economic determinants:

relative prices, technology, and factor endowments. The translog specification implies coefficients on

these variables that are constant across countries and over time. This is true even without factor

price equalization. Indeed, with cross-country differences in technology, factor price equalization will

typically not be observed. The effect of cross-country differences in relative prices and technology on

patterns of production is directly controlled for by the presence of the second and third terms on the

right-hand side of equation (2). The analysis so far makes no assumptions about whether countries

are large or small and allows for both tradeable and non-tradeable goods. If countries are small

and all goods are tradeable, the vector of relative prices will be determined exogenously on world

markets. With either large countries or non-tradeable goods, relative prices will be endogenous and

will depend in part on factor endowments. Other things equal and on average across industries in a

given country, the relative price of a non-traded good will be lower the more intensively it uses the

country’s relatively abundant factors of production.

If all goods are freely traded, relative prices will be same across countries (pczt = pzt for all c), and

the second term on the right-hand side of equation (2) can be captured by a full set of time dummies

for each industry j. In practice, there may be country-specific barriers to trade and some goods may

be non-tradeable, and we wish to allow for both possibilities. We therefore follow Harrigan (1997)

in modelling non-traded goods prices as being drawn from an estimable probability distribution,

consisting of a country-industry effect, time dummies, and an independently distributed stochastic

error.

The specification in (2) is more general than those typically considered in the empirical trade

literature, and allows for cross-country differences in technology, the magnitude of which may vary

across industries as is consistent with empirical evidence.11 In principle, the Hicks-neutral technology

differences, θcjt, can be measured using data on factor inputs and output together with results from

the literature on Total Factor Productivity (TFP) measurement (see, for example Caves et al. 1982

and Harrigan 1997). However, compatible data on factor inputs and outputs are not available at the

level of the highly disaggregated manufacturing industries considered in this paper. We therefore

also model country-industry technology differences as being drawn from an estimable probability

distribution.12 From (2), our main estimation equation becomes,

scjt = ηcj + fjt +
X
i

γji ln vcit + ωcjt (3)

where the country-industry effect, ηcj, controls for any permanent country-industry specific barriers

to trade and/or any permanent country-industry differences in technology. The industry-year dum-
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mies, fjt, capture common changes in relative prices across countries in individual industries, common

and potentially industry-specific changes in technology, and common changes in factor endowments

across all countries.

Equation (3) may be estimated separately for each industry using a panel of data across coun-

tries and over time. Observed changes in countries’ patterns of specialization are explained by a

combination of country-specific changes in factor endowments, vct, and forces which are common

across countries and potentially industry-specific, fjt. If one country accumulates a given factor of

production over time, this will result in changes in industrial structure. On average, industries using

this factor of production the most intensively will experience the greatest increases in output, while

those using the factor of production least intensively will experience the smallest increases in output.

This will have implications for both the location of individual industries within the distribution of

GDP shares and for the external shape of this distribution. If the factor of production accumulated

is used most intensively in the industries where the country is initially specialized, we will observe

persistence in initial patterns of specialization over time and an increase in the country’s overall

degree of specialization. These specialization dynamics correspond to movements between long-run

equilibria. The model of distribution dynamics may also be applied to the predicted values for shares

of GDP from equation (3). We denote these by sPcjt,

sPcjt = η̂cj + f̂jt +
X
i

γ̂ji ln vcit (4)

where a hat above a parameter denotes an estimated value. Comparing the results of the distribution

dynamics analysis with those using actual shares of GDP reveals the extent to which the model is

able to explain observed changes in specialization patterns - both changes in external shape and

movements of individual industries within the distribution of GDP shares.13

Equation (3) may also be used to decompose observed changes in specialization into the compo-

nent explained by common cross-country effects and the component explained by factor endowments.

Predicted values may be constructed holding factor endowments constant at their beginning of sam-

ple values, vc0, and only allowing industry-time effects, fjt, to change over time. We denote these by

sIcjt (industry-year predictions). Similarly, predicted values may be constructed holding the industry-

time effects constant at their beginning of sample values, fj0, and only allowing factor endowments,

vct, to change over time. We denote these by sEcjt (endowment predictions). Applying the model

of distribution dynamics to sIcjt and s
E
cjt reveals the extent to which common cross-country effects

and country-specific changes in factor endowments respectively can explain observed specialization

dynamics.
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The error in equation (3) includes stochastic determinants of relative prices and technology not

captured by a country-industry effect and time dummies. If these are uncorrelated with factor en-

dowments, estimation of equation (3) will yield unbiased and consistent values of the structural

parameters γji. These correspond to the Rybczynski derivatives of Heckscher-Ohlin theory: the di-

rect general equilibrium effects of changes in factor endowments on the shares of sectors in GDP,

holding constant relative prices and technology. More generally, the estimated coefficients on factor

endowments will also capture the effects of stochastic determinants of relative prices and technology

correlated with factor endowments (to the extent that these are not controlled for by the country-

industry effect and industry-time dummies). If countries are large or goods non-tradeable, changes in

factor endowments will affect relative goods prices, giving rise to a correlation between endowments

and relative prices. In the absence of factor price equalization, relative factor abundance may influ-

ence the direction of technological change. Entrepreneurs may endogenously choose innovative effort

in response to factor intensities and relative factor prices, inducing a correlation between endowments

and technology.14

In each case, the correlation is capturing an indirect effect of factor endowments on output

levels - in the first case through relative prices and in the second through technology levels. In the

distribution dynamics analysis, we are not concerned with the structural estimation of Rybczynski

derivatives. Rather, we seek to examine how much of observed changes in patterns of specialization

can be statistically explained by country-specific changes in factor endowments and by considerations

that are common across countries. For this purpose, it does not matter whether the coefficient on

factor endowments is capturing a direct Rybczynski effect or an indirect effect through relative prices

and technology. The analysis simply examines how patterns of specialization are predicted to evolve

based on factor endowments on the one hand and considerations that are common across countries

and potentially industry-specific on the other hand.

The industry-time dummies impact on patterns of specialization because their value typically

varies across industries. Changes in relative prices will for example lead some industries to expand

and others to contract, resulting in both intra-distribution dynamics and changes in external shape.

Although the industry-time dummies in equation (4) take the same value for all countries, their

effect on patterns of specialization will be different in different countries. This is because the effect

on patterns of specialization depends on the correlation between common changes in industry size

on the one hand and a country’s initial pattern of specialization on the other. For example, suppose

that all countries experience a systematic increase over time in the GDP share of Chemicals and a

systematic decrease in the GDP share of Iron and Steel. For those countries that initially specialize

9



in Chemicals and where Iron and Steel is initially a small share of GDP, this common change in

industrial structure will result in an increased degree of specialization and a polarization of GDP

shares towards extreme values. For those countries that initially specialize in Iron and Steel and

where Chemicals is initially a small share of GDP, a decrease in the extent of specialization and

mobility within the distribution of GDP shares will be observed.

The evolution of countries’ patterns of specialization will also vary substantially depending upon

their precise paths of factor accumulation and the correlation between factor accumulation and

the factor intensities of industries where they initially specialize. For these reasons, the model of

distribution dynamics introduced in the next section is estimated country by country.

4 Empirical Modelling of Specialization Dynamics

Denote a country c’s extent of specialization in industry j at time t by scjt. A country’s pattern

of specialization at a point in time is characterized by the cumulative distribution function of scjt

across industries j, Fct(s). Corresponding to Fct, we may define a probability measure, λct,

λct((−∞, s]) = Fct(s), ∀ s ∈ <, (5)

where, in the empirical application below, scjt is the share of an industry in a country’s GDP and

λct is the probability density function for shares of GDP across industries j in country c at time t.

The dynamics of a country’s pattern of international specialization correspond to the evolution

of the entire cross-section distribution of s over time. We employ a statistical model of distribution

dynamics that has been widely used in the cross-country growth literature. Following Quah (1993),

(1996a), and (1996b) the evolution of the cross-section distribution is modelled using a stochastic

difference equation,

λct = P
∗
c (λc(t−1), ut), integer t (6)

where {ut : integer t} is a sequence of disturbances to the entire distribution and P ∗c is an operator
that maps disturbances and probability measures into probability measures. For simplicity, we begin

by assuming that this stochastic difference equation is first-order and that the operator P ∗c is time

invariant. Absorbing the disturbance ut into the definition of the operator P ∗c , we obtain,

λc(t+τ) = P
∗
c (λc(t+τ−1)) = P ∗c (P ∗c (λc(t+τ−2)))

...
= (P ∗c )τλct

(7)

If the set of possible values for s is divided into a number of discrete cells k ∈ {1, ...,K}, P ∗c becomes
a matrix of transition probabilities,

λc(t+1) = P
∗
c .λct, (8)
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where λct is now a K × 1 vector of probabilities that an industry is located in a given grid cell at
time t. An element pklc of the K ×K matrix P ∗c denotes the probability that an industry beginning

in cell k moves to cell l, and may be estimated by counting the number of transitions out of and into

each cell. The matrix of transition probabilities yields information on both the degree and pattern

of mobility throughout the entire distribution s. High values of transition probabilities along the

diagonal indicate persistence, while larger off-diagonal terms imply greater mobility.15

Taking the limit τ →∞ in equation (7), one obtains the implied ergodic or stationary distribution

of s. This is the long-run distribution towards which patterns of specialization are evolving, and

corresponds to the eigenvector associated with the largest eigenvalue of the transition probability

matrix. It provides information on the evolution of the external shape of the GDP shares distribution.

The degree of mobility in patterns of specialization may be summarized using indices of mobility.

These formally evaluate the degree of mobility throughout the entire distribution of GDP shares

and facilitate direct cross-country comparisons of mobility. The first of these indices (M1, following

Shorrocks 1978 and Quah 1996c) evaluates the trace, tr, of the transition probability matrix. This

index thus directly captures the relative magnitude of diagonal and off-diagonal terms, and can be

shown to equal the inverse of the harmonic mean of expected durations of remaining in a given grid

cell. The second (M2, following Shorrocks 1978 and Geweke et al. 1986) evaluates the determinant,

det, of the transition probability matrix,16

M1
c =

K − tr[P ∗c ]
K − 1 , M2

c = 1− |det(P ∗c )| (9)

Conventional hypothesis testing on the estimated transition probabilities is possible using results

from Anderson and Goodman (1957). Under the null hypothesis pkl = qkl, the transition probabilities

for each state k have an asymptotic χ2 distribution,

KX
l=1

N̄k.

¡
pkl − qkl¢2
qkl

∼ χ2(K − 1), N̄k ≡
T−1X
t=0

Nk(t) (10)

where pkl are the estimated transition probabilities, qkl are the probabilities of transition under the

(known) null, and Nk(t) denotes the number of industries in cell k at time t. This test statistic

holds for each state k = 1, ...,K. Since the transition probabilities are independently distributed

across states, we may sum over states, and the resulting test statistic is asymptotically distributed

χ2(K(K − 1)).
A key advantage of the statistical techniques used in this paper is that they facilitate an analysis

of the evolution of the entire distribution of GDP shares. It becomes possible to explicitly address

issues such as persistence versus mobility and changes in the overall degree of specialization. The
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implementation of the techniques raises a variety of issues of econometric specification, including the

length of the transition period, the number of grid cells, and the stability of the operator P ∗c over

time. In the empirical analysis below, we present a series of tests that demonstrate the robustness

of the results across different econometric specifications.

5 Preliminary Data Analysis

We consider patterns of specialization across 20 manufacturing industries in 7 OECD countries during

1970-90. Industry-level data on current price value-added are taken from the OECD’s Structural

Analysis Industrial (STAN) database, while current price GDP data come from the Penn World

Tables 5.6.17 Endowments of five factors of production are considered: durable goods capital, other

capital, arable land, skilled labour, and unskilled labour. The data on both categories of capital

goods are from the Penn World Tables 5.6, while the source of information on hectares of arable land

is the United Nations Food and Agricultural Organization (FAO).

Skilled and unskilled labour are measured using the proportion of non-production and production

workers in total manufacturing employment from the United Nations General Industrial Statistics

Database (UNISD). Multiplying these proportions by the economy’s total population, we obtain

endowments of skilled and unskilled labour. The use of information on non-production / production

workers to measure skills follows a large number of authors including Berman, Bound and Machin

(1998) and Feenstra and Hanson (1999).18 The UNISD data are collected in a consistent way across

countries by a single organization. A key advantage over the information on educational attainment

in Barro and Lee (1993) is that the data are available annually. The country-industry effect will

control for any time-invariant errors of measurement in the factor endowments data. The choice

of countries reflects the availability of the UNISD data. Our sample includes Canada, Denmark,

Finland, Japan, Sweden, the United Kingdom, and the United States; a group of countries among

which one would expect to observe substantial differences in both patterns of specialization and

factor endowments.

Table 1 reports the percentage share of total manufacturing value-added in GDP and the share

of each industry’s value-added in total manufacturing for all seven countries in 1970 and 1990.

Manufacturing’s share of GDP declines in all countries during the sample period, although the rate

of decline varies substantially across countries: from a decline of 30.6% between 1970 and 1990 in

the United Kingdom to 10.1% in Denmark. Table 1 also reveals marked changes in the relative

importance of individual sectors within manufacturing. Some sectors account for a declining share of

manufacturing value-added in all countries (eg Textiles and Ferrous Metals), while others constitute a
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rising share of manufacturing value-added in all countries (eg Drugs and Radio/TV). Again, the rate

of decline or increase varies noticeably across countries: for example in Radio/TV, the rate of increase

varies from 19.8% between 1970 and 1990 in the United Kingdom to 62.5% in Japan and 297.6% in

Finland. There are also examples of sectors which account for rising shares of manufacturing value-

added in some countries and declining shares in others: for example, the share of the Computing

sector displays a rapid increase in all countries except Canada and Sweden where it declines by 37.3%

and 52.8% respectively between 1970 and 1990.

<Table 1 about here>

Table 2 presents information on the evolution of factor endowments. The econometric specifica-

tion presented above incorporates a country-industry effect and industry-time dummies. In the fixed

effects estimation below, the endowments’ coefficients are identified from country-specific variation

in factor endowments over time. Table 2 shows that paths of factor accumulation do indeed differ

substantially across countries during the sample period. For example, capital accumulation is partic-

ularly rapid in Japan. The evolution of numbers of non-production and production workers reflects

both changes in skill composition and population growth. Increases in the number of non-production

workers are largest in Finland, Japan, and the United States. Numbers of production workers fell in

most European countries, but rose in Canada and the United States.19

<Table 2 about here>

6 Econometric Estimation

Having informally examined changes in specialization and factor endowments, this section moves on

to econometric estimation. We begin by estimating the structural equation (3) from neoclassical

trade theory linking the share of a sector in a country’s GDP to underlying economic determinants.

The model of distribution dynamics introduced above is then used to analyze the actual evolution

of patterns of specialization and their predicted evolution based on changing factor endowments and

forces that are common across countries.

6.1 Estimating the Neoclassical Model

Table B1 presents the results of estimating equation (3) for each industry using a panel of data

across countries and over time. Estimation is by within groups (fixed effects), and therefore explicitly

allows the country-industry effect, ηcj , to be correlated with countries’ factor endowments. Factor

endowments are found to be a statistically significant and quantitatively important determinant of

patterns of specialization. Of the 100 coefficients on factor endowments, approximately one half are

13



statistically significant at the 10% level.

The pattern of estimated coefficients across industries accords with economic priors. In the Paper

and Wood industries, where factor endowments might be expected to be particularly important for

specialization, we find that 4 and 3 of the estimated coefficients on the 5 endowments are statistically

significant at the 10% level. Endowments of non-production workers and durable capital have a

negative and statistically significant effect on the Wood industry’s share of GDP, while the effect of

endowments of other capital is positive and statistically significant. The two industries where factor

endowments are least successful in explaining specialization patterns are Non-metallic Minerals and

Shipbuilding. The first most likely reflects the omission of information on endowments of natural

resources (some of which will be captured in the fixed effect), while it is plausible that the second is

explained by the extensiveness of government intervention in the Shipbuilding industry.

In Figure 1, we display the estimated industry-year effects. These are normalized so that the

1970 value for each industry is 100, and correspond to the average time-path in the share of that

industry in GDP across all 7 countries. The Figure demonstrates the role of the industry-year effects

in generating systematic changes in patterns of specialization. There is a secular rise over time in

the share of one group of industries in GDP (eg Chemicals and Drugs) and a secular decline in the

share of a second group (eg Food and Textiles). The implied share of a third group of industries (eg

Electrical and Rubber) remains broadly constant.

<Figure 1 about here>

6.2 Specialization Dynamics

Estimation of the model of distribution dynamics enables an analysis of intra-distribution dynamics,

the evolution of the external shape of the distribution of GDP shares, and their economic deter-

minants. We begin with the evolution of actual shares of sectors in GDP, scjt. Equation (8) is

estimated by dividing the space of possible values for s into 5 discrete grid cells and estimating tran-

sition probabilities over 5-year periods.20 The boundaries between grid cells are chosen such that

industry-year observations are divided roughly equally between the cells, and each cell corresponds

to approximately one quintile of the distribution of GDP shares across industries and time.

Table 3 presents estimation results for the United States. Panel A of the table is concerned

with the evolution of actual shares of sectors in GDP, and its interpretation is as follows. The

numbers in parentheses in the first column are the total number of industry-year observations in

a particular grid cell over the sample period, while the first row of numbers denotes the upper

endpoint of the corresponding grid cell. Thereafter, each row reports the estimated probability of
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passing from one state into another. For example, the second row of numbers presents (reading

across from the second to the sixth column) the probability of remaining in the lowest state and then

the probability of moving into the lower-intermediate, intermediate, higher-intermediate, and highest

state successively. The final two rows of the upper panel of the table give the initial distribution of

industries across grid cells in 1970 and the ergodic distribution implied by the estimated transition

probability matrix.

We find evidence of substantial mobility in patterns of specialization. In the United States, the

estimated probability of moving out of a quintile of the distribution after 5 years ranges from 0.39 to

0.20. Mobility is smallest at the extremes of the distribution of GDP shares - in the lower and upper

quintiles - and greatest in the centre. A comparison of the initial and ergodic distributions provides

evidence of the general decline in the size of manufacturing industries during the sample period.

The ergodic distribution reveals evidence of a polarization of GDP shares towards the bottom three

quintiles of the distribution.

The estimated transition probabilities in Panel A of Table 3 capture two effects. First, the

general decline in the size of manufacturing will tend to induce the average industry to move from a

higher to a lower grid cell. Second, individual manufacturing industries will move between grid cells

because they experience different rates of growth and decline, resulting in changes in their relative

position within the distribution of GDP shares. The theoretical model of Section 3 implies that both

phenomena are of interest and should be included in the empirical analysis. Manufacturing’s decline

is one of the features about the evolution of patterns of specialization that the model seeks to explain.

For example, the contribution of changes in world relative prices (associated with the development

of manufacturing centres in East Asia and elsewhere) and of pervasive technological change will be

captured in the estimated industry-year dummies. Moreover, a number of manufacturing industries

experience increases in their share of a country’s GDP during the sample period. This is reflected in

the upward trend over time in the industry-year effects for a number of sectors in Figure 1.

Nonetheless, in order to demonstrate that the finding of mobility is not driven by the decline

in the average size of manufacturing sectors and that changes in the relative size of individual

industries are important, we undertake the following robustness test. At each point in time, the

share of a manufacturing industry in a country’s GDP, scjt, is normalized by the average share of

all manufacturing industries, s̄ct = 1
n

P
j scjt. Transition probabilities are then re-estimated using

the normalized variable, s̃cjt ≡ scjt / s̄ct. The normalization removes any country-specific decline

in the average GDP share of manufacturing industries, and means that the analysis now captures

specialization within manufacturing. The cross-section mean of s̃cjt is 1 at each period in time, and
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a value greater than 1 denotes an industry with an above average share of a country’s GDP.

Panel B of Table 3 reports estimation results for the United States, where the mean value of

scjt across industries in 1970 was 1.177. Boundaries between grid cells are again chosen such that

industry-year observations are distributed roughly equally across cells, and we are therefore again

concerned with movements between quintiles of the distribution. The estimated transition probabil-

ities now only capture changes in the relative position of industries within the distribution of GDP

shares. Again, we find evidence of mobility in patterns of specialization. The estimated probability

of moving out of one quintile of the distribution in the United States varies from 0.36 to 0.16. We

find no evidence of increased specialization within the manufacturing sector. The greater mass of the

ergodic distribution is concentrated in the middle three quintiles, and there is actually a decrease in

mass in the upper and lower quintiles relative to the initial distribution in 1970.

<Table 3 about here>

6.3 Economic Determinants of Specialization Dynamics

Having shown that changes in the relative size of individual manufacturing industries are driving

the empirical findings of mobility, we now consider the economic determinants for observed changes

in patterns of specialization. We return to the use of un-normalized GDP shares as implied by

theory. Panels C-E of Table 3 present results for fitted values of shares of GDP (sPcjt, from equa-

tion (4)), predicted values holding industry-year effects constant at their beginning of sample values

(the endowment predictions, sEcjt), and predicted values holding factor endowments constant at their

beginning of sample values (the industry-year predictions, sIcjt). In each case, exactly the same

boundaries between grid cells are used as for actual GDP shares. The estimated transition probabil-

ities therefore tell us to what extent the model or the relevant component of the model can explain

observed movements of industries between quintiles of the distribution of actual GDP shares. By

construction, the three sets of predicted values are equal at the beginning of the sample period, and

the initial distribution of industries across grid cells is therefore the same in panels C-E.

Comparing Panel C with the results for actual shares of GDP in Panel A, the estimated values of

transition probabilities generally lie close together, implying that the model is reasonably successful

at explaining observed mobility in patterns of specialization. Over 5 years with the fitted values, the

estimated probability of moving out of one quintile of the distribution of GDP shares ranges from

0.32 to 0.20. Estimated values for the diagonal elements of the transition probability matrix are

higher in the middle three quintiles of the distribution when using fitted, sPcjt, rather than actual,

scjt, values. This suggests a potential role for other considerations in explaining mobility in the
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centre of the distribution, including country-specific changes in technology or relative prices that are

uncorrelated with factor endowments. This is consistent with the theoretical model presented earlier.

The predicted movements of industries within the distribution of GDP shares using the fitted

values are the result of a combination of both changes in endowments and industry-year effects.

The lower two panels of Table 3 present estimation results using endowment predictions, sEcjt, and

industry-year predictions, sIcjt. In principle, these may individually display either more or less mobil-

ity than when using the fitted values. If the changes in a country’s pattern of specialization induced

by factor endowments tend to reinforce those brought about by industry-year effects, predicted move-

ments of industries within the GDP shares distribution will be smaller when considering one of these

sets of influences than when considering both together. In contrast, if the changes in specialization

induced by factor endowments tend to offset those brought about by industry-year effects, examining

factor endowments (or industry-year effects) individually will predict larger movements of industries

within the GDP shares distribution.

In the case of the United States, less mobility in patterns of specialization is observed with the

endowment or industry-year predictions individually than with fitted or actual values of GDP shares.

The estimated values of transition probabilities along the diagonal are generally larger in the bottom

two panels of the table. This is particularly true for the endowment predictions which display

the least mobility. Therefore, over a 5-year time horizon, considerations that are common across

countries are quantitatively more important in explaining changes in US patterns of specialization

than country-specific changes in factor endowments.

The pattern of mobility with the endowment predictions is also of interest. These are characterized

by extreme immobility in the lower and upper quintiles of the GDP shares distribution, combined

with a level of mobility in the centre of the distribution not dissimilar (and in fact higher in the

third quintile) than found with the industry-year predictions, fitted values, and actual shares of

GDP. During the sample period, factor endowments were responsible for a polarization in patterns

of specialization in the United States, reinforcing specialization in sectors which initially had high

shares of GDP, preserving low shares of GDP in sectors that were initially small, and reducing the

number of sectors with intermediate values for shares of GDP.

In Table 4, we examine how these results are affected by allowing transitions to occur over a

longer time horizon of 10 years. Exactly the same boundaries between grid cells as before are used.

Over longer time horizons, more mobility in patterns of specialization is observed. In the United

States, the estimated probability of moving out of a quintile of the distribution after 10 years ranges

from 0.83 to 0.38. Mobility remains greatest in the centre of the distribution and smallest at the
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extremes. The relative contribution of factor endowments to changes in patterns of specialization

is now greater: the average value of the diagonal elements of the estimated transition probability

matrix with the endowments predictions is lower than with the industry-year predictions. A similar

pattern of mobility is also observed. The endowment predictions exhibit extreme immobility in the

lower and upper quintiles of the GDP shares distribution, combined with much greater mobility in

the centre of the distribution.

These results are consistent with the idea that changes in relative factor abundance occur gradu-

ally and take time to manifest themselves in substantial changes in patterns of specialization. They

also confirm the role of US factor endowments in reinforcing specialization in sectors which began

with high shares of GDP and acting against specialization in sectors which began with low shares of

GDP.

<Table 4 about here>

6.4 Indices of Mobility

Table 5 uses formal indices of mobility to evaluate the overall degree of mobility in patterns of

specialization. Results are reported for the United States and the other 6 countries in the sample.21

When estimating transition probabilities for the other countries, boundaries between grid cells are

again chosen such that industry-year observations are allocated roughly equally across the cells.

We are therefore always concerned with movements of industries between quintiles of the GDP

shares distribution. For a given country, the same grid boundaries are used for actual shares of

GDP, fitted shares of GDP, endowment predictions, and industry-year predictions. The estimated

transition probabilities again capture the ability of the model or the relevant component of the

model to explain observed movements of industries between quintiles of the distribution of actual

GDP shares. Mobility indices are evaluated based on the results for actual shares of GDP, fitted

shares of GDP, endowment predictions, and industry-year predictions.

Table 5 also reports the ratio of the mobility indices for the endowment and industry-year pre-

dictions. This provides a measure of the relative importance of these two sets of considerations in

explaining changes in patterns of specialization. Levels of mobility vary across the 7 countries. With

5-year transitions, Japan and Sweden exhibit the highest levels; Canada, the United Kingdom, and

United States have intermediate levels; Denmark and Finland display the least. A similar pattern

is observed with 10-year transitions. Mobility remains high in Japan and is low in Denmark and

Finland. Over the longer time horizon, the United Kingdom and United States display higher levels

of mobility relative to other countries in the sample.
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We saw above that the model was reasonably successful at explaining changes in US patterns of

specialization. This is confirmed for the other countries in Table 5, where levels of mobility using the

fitted values for shares of GDP are typically close to those using the actual values. The conclusions

concerning the relative importance of factor endowments and industry-year effects in the United

States are confirmed using the formal indices of mobility. A similar pattern of results is found for

the other 6 countries. Over 5-year periods, common cross-country effects are more important in

explaining observed changes in patterns of specialization than factor endowments for the majority

of countries. Over 10-year periods, factor endowments become relatively more important in each

country in the sample. Over the longer time horizon, factor endowments account for most of the

observed mobility in specialization patterns in all countries except Canada and Sweden.

The two countries where the relative contribution of factor endowments to changes in specializa-

tion is greatest are Japan and Finland. Even over 5-year periods, factor endowments explain most

of the observed mobility in these countries’ patterns of specialization. These findings are consistent

with the preliminary data analysis in Table 2. Japan displays the highest rates of accumulation

of durable capital and other capital, and exhibits the second highest rate of accumulation of non-

production workers. Similarly, Finland has the highest rate of increase of non-production workers

and the second highest rate of decrease in production workers.

<Table 5 about here>

6.5 Statistical Significance

Table 6 examines the statistical significance of the differences between the transition probability

matrices estimated using actual shares of GDP, fitted shares of GDP, endowment predictions, and

industry-year predictions. In each case, the null hypothesis is that the Data Generation Process

(DGP) equals the matrix of transition probabilities estimated using actual GDP shares. We test

whether the matrices estimated using the fitted values, endowment predictions, and industry-year

predictions are statistically significantly different from this null. In the interests of brevity, the

analysis is restricted to the transition probability matrices estimated over 5-year periods.

Column (2) reports the results using fitted shares of GDP, where we are unable to reject the null

hypothesis at the 5% level for a majority of countries. This provides further evidence of the model’s

ability to explain observed mobility in patterns of specialization. The exceptions are Finland and

Japan, although only the Japanese matrix is statistically significantly different from the null at the

1% level. Thus, while factor endowments are important in accounting for changes in specialization in

Japan, there remains a potential role for country-specific changes in technology and relative prices.
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Columns (3) and (4) present the results using endowment and industry-year predictions respectively.

The null hypothesis is rejected at the 5% level in all countries, except for the endowments predictions

in Denmark and the industry-year predictions in Finland. In almost all cases, the distinctive predic-

tions of factor endowments for patterns of specialization noted above are statistically significantly

different from the null of actual specialization dynamics.

<Table 6 about here>

6.6 External Shape

Table 7 examines the evolution of the external shape of the distribution of GDP shares in the other

countries. For each country, we report the initial distribution of industries across grid cells and the

ergodic distribution implied by the transition probability matrix estimated using actual shares of

GDP and with 5-year transitions.

In Canada, Japan, Sweden, and the United Kingdom, the decline in the size of manufacturing is

reflected in the polarization of the ergodic distribution towards the bottom two quintiles. In Finland

and Denmark, the ergodic distribution shows an increase in the number of industries located at

intermediate values for shares of GDP relative to the initial distribution, providing evidence of a

decrease in the overall degree of specialization in these countries. If actual shares of GDP are

normalized by their mean across industries, we find no evidence of an increase in specialization

within manufacturing for any of the countries in the dataset. In Finland and Denmark, there is

again an increase in the number of industries located at intermediate values.

<Table 7 about here>

6.7 Robustness of Results

Finally, we undertake a series of econometric robustness tests.22 Our results are robust to each of

these tests. First, the space of values for shares of GDP was divided into 4 grid cells rather than 5

and transition probability matrices were re-estimated over 5-year and 10-year time periods. We again

find evidence of substantial mobility in patterns of specialization. Transition probabilities estimated

using the fitted values for shares of GDP are close to those estimated using the actual values.

The relative importance of factor endowments in explaining changes in patterns of specialization is

greater over longer time horizons, and there is no evidence of an increase in countries’ overall degree

of specialization over time.

Second, we return to the case of 5 grid cells and examine the robustness of the results to estimating

transition probabilities over 3-year and 8-year time periods rather than 5-year and 10-year. Again,

a very similar patterns of results is observed with factor endowments becoming more important as
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explanations for mobility over longer time horizons. Third, we examine the stability of the estimated

transition probability matrices over time. Transition probabilities are re-estimated excluding the last

five years of the sample period and compared with those estimated for the full sample (this ensures

a minimum of over 30 observations in each grid cell). We test the null hypothesis that the transition

probabilities estimated for the full sample are the result of a Data Generation Process (DGP) given

by the matrix estimated excluding the last 5 years. For each of the countries in the sample, we are

unable to reject the null hypothesis at conventional levels of statistical significance.

Fourth, we examine the sensitivity of the results to the inclusion of individual industries. Each

industry was sequentially excluded from the sample and transition probability matrices were re-

estimated. There is little variation in the estimated transition probabilities across the 20 sets of

estimation results. The sample mean of each element of the transition probability matrix lies close

to the value estimated for the full sample above. The sample standard deviation of each element

of the matrix across the 20 sets of estimation results is an order of magnitude smaller than the

estimated transition probabilities.

7 Conclusions

Much of the existing empirical trade literature is concerned with the static predictions of international

trade theory for cross-section patterns of specialization at a point in time. This contrasts with

the theoretical literature on trade and growth, which emphasizes that comparative advantage is

dynamic and evolves endogenously over time. This paper proposes an empirical framework for

analyzing the dynamics of specialization; the framework is implemented using disaggregated data on

20 manufacturing industries in 7 OECD countries during 1970-90.

The analysis begins with a measure of a country’s extent of specialization in an industry derived

directly from neoclassical trade theory: the share of the industry in that country’s GDP. A country’s

pattern of specialization at a point in time is characterized by the distribution of this measure across

industries, while the dynamics of specialization correspond to the evolution of this entire distribution

over time. We employ a model of distribution dynamics from the cross-country growth literature

that is explicitly suited to an analysis of the evolution of entire distributions. Transition probability

matrices are estimated for each of the 7 countries in our sample: Canada, Denmark, Finland, Japan,

Sweden, United Kingdom, and United States. There is evidence of substantial mobility in patterns

of specialization, with Japan typically displaying the highest levels of mobility, and Denmark and

Finland displaying the least.

Over 5-year time periods, considerations which are common across countries, including changes

21



in prices on world markets and common changes in technical efficiency, explain most of the observed

mobility in patterns of specialization for the majority of countries. A notable exception is Japan.

Even over 5-year time periods, the substantial changes in Japan’s pattern of specialization are largely

explained by the rapid accumulation of physical and human capital. Over longer time horizons of

10 years, common cross-country effects remain substantial but country-specific changes in factor

endowments become relatively more important. In the literature on international trade and wage

inequality, there is considerable debate concerning the speed at which ‘the Heckscher-Ohlin clock

ticks.’ This finding suggests that it takes a number of years for gradual changes in relative factor

abundance to manifest themselves in substantial changes in patterns of specialization.

We find no evidence of an increase in the extent to which countries’ production is concentrated in

a few industries. Indeed, in Finland and Denmark, there is an increase in the number of industries

located at intermediate values for shares of GDP, suggesting a decrease in specialization in these

countries. The results were shown to be robust to the number of grid cells chosen, the exact length

of the transition periods considered, and to the exclusion of individual industries. We find no evidence

of a statistically significant change in the estimated transition probability matrices over time.

Taken together, our results show how statistical models of distribution dynamics may be used to

shed light on a variety of issues relating to specialization dynamics, bringing empirical work closer

to the focus on dynamic comparative advantage evident in theoretical research on trade and growth.

Appendix A: Data Appendix

OECD Structural Analysis Industrial (STAN) database: data on current price value-added (US
dollars) for 20 manufacturing industries (International Standard Industrial Classification (ISIC)), 1970-90.
Penn World Tables 5.6: data on current price GDP per capita (US dollars), population (thousands), non-
residential capital stock (1985 US dollars), and Producer durables (% of non-residential capital stock, 1985
US dollars), 1970-90. United Nations General Industrial Statistics Database (UNISD): data on the
proportion of non-production and production workers in total manufacturing, 1970-90. See Berman, Bound
and Machin (1998) and Machin and Van Reenen (1998) for further discussion of the data. FAO Arable
Land Data: data on hectares of arable land (thousands) from the United Nations Food and Agricultural Or-
ganization (FAOSTAT), 1970-90. Country Coverage: Canada, Denmark, Finland, Japan, Sweden, United
Kingdom, and United States. Industrial Composition (ISIC Code): 1. Food, Drink and Tobacco (3100),
2. Textiles, Footwear and Leather (3200), 3. Wood, Cork and Furniture (3300), 4. Paper, Print and Pub-
lishing (3400), 5. Chemicals excl. Drugs (3512), 6. Drugs and Medicines (3522), 7. Petroleum Refineries and
Products (3534), 8. Rubber and Plastic Products (3556), 9. Non-metallic Minerals (3600), 10. Ferrous Metals
(3710), 11. Non-ferrous Metals (3720), 12. Metal Products (3810), 13. Office and Computing Equipment
(3825), 14. Non-electrical Machinery (3829), 15. Radio, TV and Communication (3832), 16. Other Electrical
Machinery (3839), 17. Shipbuilding & Repairing (3841), 18. Motor Vehicles (3843), 19. Professional Goods
(3850), 20. Other Manufacturing (3900).
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Appendix B
Table B1: Endowments Regressions, Panel 1

Industry Fixed Industry Fixed Industry Fixed
Effects Effects Effects

1. Food 5. Chemicals 9. Minerals
nprod -0.244 nprod -0.371 nprod -0.130

(0.310) (0.537) (0.143)
prod 2.008 prod 1.599 prod 0.024

(0.653) (0.921) (0.222)
dkap -0.264 dkap -0.655 dkap -0.103

(0.173) (0.236) (0.088)
okap -0.743 okap -0.677 okap -0.005

(0.210) (0.279) (0.104)
arable -0.257 arable -0.570 arable 0.001

(1.057) (1.337) (0.371)
R2 0.927 R2 0.926 R2 0.927
2. Textiles 6. Drugs 10. Ferrous
nprod -0.265 nprod -1.596 nprod -0.039

(0.084) (0.420) (0.196)
prod -0.664 prod -0.020 prod 1.538

(0.190) (0.814) (0.349)
dkap 0.043 dkap -0.057 dkap -0.303

(0.055) (0.273) (0.115)
okap -0.279 okap -0.100 okap -0.181

(0.067) (0.255) (0.138)
arable 0.458 arable -1.421 arable -1.838

(0.313) (1.366) (0.623)
R2 0.962 R2 0.891 R2 0.935
3. Wood 7. Petroleum 11. Non-Ferrous
nprod -0.692 nprod -0.281 nprod 0.123

(0.161) (0.405) (0.153)
prod -0.341 prod 1.677 prod 0.131

(0.303) (0.748) (0.252)
dkap -0.199 dkap -0.183 dkap -0.230

(0.121) (0.245) (0.093)
okap 0.320 okap -0.689 okap 0.587

(0.148) (0.245) (0.109)
arable -0.462 arable -3.653 arable -0.511

(0.439) (1.241) (0.305)
R2 0.964 R2 0.806 R2 0.922
4. Paper 8. Rubber 12. Metals
nprod -0.666 nprod -1.625 nprod -0.148

(0.383) (0.497) (0.076)
prod -1.823 prod -0.411 prod -0.092

(0.789) (0.847) (0.208)
dkap 1.223 dkap 0.456 dkap 0.121

(0.244) (0.325) (0.053)
okap -0.763 okap -0.519 okap 0.061

(0.278) (0.368) (0.077)
arable -1.833 arable -3.873 arable -0.805

(1.139) (1.617) (0.270)
R2 0.940 R2 0.948 R2 0.987
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Table B1: Endowments Regressions, Panel 2

Industry Fixed Industry Fixed
Effects Effects

13. Office Equip. 17. Shipbuilding
nprod 0.203 nprod 0.064

(0.400) (0.111)
prod 3.506 prod 0.098

(0.849) (0.253)
dkap -0.998 dkap -0.072

(0.310) (0.077)
okap 0.336 okap 0.015

(0.269) (0.097)
arable -4.441 arable 0.258

(1.529) (0.398)
R2 0.965 R2 0.961
14. Non-electrical 18. Motor Vehicles
nprod -0.585 nprod 0.883

(0.199) (0.223)
prod -0.142 prod 2.346

(0.492) (0.610)
dkap 0.387 dkap -0.181

(0.141) (0.182)
okap -0.689 okap -0.681

(0.115) (0.172)
arable -1.333 arable 0.657

(0.928) (0.917)
R2 0.683 R2 0.895
15. Radio, TV 19. Professional
nprod 0.174 nprod -0.194

(0.140) (0.322)
prod 0.385 prod 1.417

(0.281) (0.619)
dkap 0.276 dkap 0.675

(0.081) (0.204)
okap -0.620 okap -0.993

(0.083) (0.196)
arable -1.870 arable -1.307

(0.494) (0.946)
R2 0.942 R2 0.943
16. Electrical 20. Other
nprod 1.022 nprod -0.609

(0.293) (0.300)
prod 0.919 prod -0.016

(0.576) (0.641)
dkap -0.185 dkap -0.302

(0.206) (0.213)
okap 0.860 okap -0.031

(0.246) (0.195)
arable 0.209 arable 1.594

(0.913) (1.105)
R2 0.940 R2 0.924

Notes: dependent variable is the percentage share of sector in GDP. Independent variables are as follows: nprod is
log number of non-production workers (thousands); prod is log number of production workers (thousands); dkap is
log stock of durable capital (thousands of 1985 US dollars); okap is log stock of other capital (thousands of 1985 US
dollars); arable is log arable land (thousands of hectares). See Appendix A for a list of industry names in full and
International Standard Industrial Classification (ISIC) codes. Sample size is 147 observations per industry; time-period
is 1970-90. Standard errors are Huber-White heteroscedasticity robust. All industry regressions include a full set of
year dummies and country fixed effects.
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Endnotes

1 Rather than focusing on production structure within countries, one could also use the same techniques to analyze

the evolution of the distribution of production activity across countries within an industry. This is closely related to

the concept of localization in the empirical economic geography literature (see, for example, Overman et al. 2001).
2 See, for example, the discussion in Leamer (1998).
3 See Hanson and Slaughter (1999) and Gandal, Hanson, and Slaughter (2000) for analyses of the generalized Rybczynski

Theorem using US State and Israeli data. Another literature considers the relationship between factor endowments

and international trade in factor services. See, for example, Leamer (1984), Bowen et al. (1987), Trefler (1995), and

Davis et al. (1997).
4 See Nickell et al. (2000) for a neoclassical analysis of OECD countries’ specialization in non-manufacturing industries.
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5 See Feenstra and Rose (2000) for an analysis of the dynamic predictions of the product lifecycle hypothesis for

cross-country export patterns.
6 Revealed Comparative Advantage (RCA) is defined as a country’s share of world exports in sector j divided by that

country’s share of world exports of all goods. The ‘location quotient’ is thus a country’s share of world production in

sector j divided by the country’s share of world production of all goods.
7 For related work, again using ad hoc and atheoretic measures of specialization such as RCA or the location quotient,

see Brasili et al. (1999), Hinloopen and Marewijk (1998), and Stolpe (1994).
8 Formally, a sufficient condition for the revenue function to be twice continuously differentiable is that there are at

least as many factors as goods: m ≥ n. With n > m, production levels may be indeterminant, although this will
depend on technology differences, trade costs, and whether or not there is joint production. The potential existence of

production indeterminacy is really an empirical issue. In the presence of production indeterminacy, the specification

below including factor endowments and controls for relative prices and technology will be relatively unsuccessful in

explaining countries’ patterns of production.
9 See Dixit and Norman (1980), pages 137-9.
10 To save notation, country-time subscripts are suppressed except where important.
11 See, for example, Harrigan (1997), (1999), and Griffith et al. (2000).
12 An alternative would be to aggregate up to a higher level of industrial disaggregation. However, this would entail

losing a wide range of interesting specialization dynamics.
13 For a related analysis of conditioning in distribution dynamics models of growth, see Quah (1996b) and (1997).
14 See Acemoglu (1998) for an analysis of directed technological change and wage inequality.
15 Rather than dividing the space of possible values for shares of GDP into a number of discrete cells, one may continue

to treat s as a continuous variable and estimate the stochastic kernel corresponding to P ∗c (see, for example, Quah
1996b). In the present application, there are two few industries to estimate stochastic kernels for each country. The

working paper version of this paper reported stochastic kernels estimated from pooling observations across countries

(see Redding 1999b).
16 For further discussion of these indices and the circumstances under which they yield transitive rankings of transition

probability matrices, see Shorrocks (1978), Geweke et al. (1986), and Quah (1996c).
17 See Appendix A for further details concerning the data used and an industrial classification.
18 There is a high time-series correlation between these occupation-based measures of skills and those based on educa-

tional attainment: see, for example, Machin and Van Reenen (1998). See Nickell and Bell (1996) for further discussion

of educational attainment based measures of skills.
19 For changes in relative factor endowments to have an important effect on patterns of specialization, we require there

to be differences in factor intensity across sectors. The working paper version of this paper (Redding 1999b) provided

evidence of substantial differences in factor intensity at the level of 2 and 3-digit manufacturing industries.
20 All estimation is undertaken using Danny Quah’s TSRF econometrics package, which can be downloaded from

http://econ.lse.ac.uk/staff/dquah/tsrf.html. Responsibility for any results, opinions and errors is the author’s alone.
21 In the interests of brevity, full estimation results for the other countries are not reported. These are contained in

an Appendix available from the author on request.
22 Further details of the robustness tests are contained in an Appendix available from the author on request.
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Table 1: Share of manufacturing in GDP and share of industries in total manufacturing
in 1970 and 1990 (%)

Industry Year Can Den Fin Jap Swe UK USA
Food 1970 14.86 20.96 13.26 10.57 8.13 13.32 12.33

1990 14.55 20.54 11.76 10.16 10.18 13.36 10.72
Textiles 1970 8.35 8.89 9.94 7.26 6.17 10.32 7.93

1990 5.43 4.64 3.87 4.65 2.16 6.24 4.99
Wood 1970 5.78 5.96 9.94 3.55 8.12 2.63 4.34

1990 6.47 5.60 8.81 2.71 7.66 3.05 4.58
Paper 1970 13.98 11.40 22.46 5.84 14.91 8.45 9.12

1990 15.81 10.88 20.89 7.39 15.20 11.07 11.56
Chemicals 1970 4.99 4.82 5.08 7.85 4.40 8.07 6.93

1990 6.31 5.20 5.87 5.60 4.73 8.28 8.62
Drugs 1970 1.02 1.08 0.55 2.08 0.81 1.52 1.37

1990 1.97 3.68 0.94 2.29 2.12 3.14 2.82
Petroleum 1970 1.34 1.26 2.13 1.22 1.18 1.14 1.47

1990 1.43 1.19 2.60 0.59 2.50 2.03 2.01
Rubber 1970 2.59 2.76 2.29 3.03 2.71 2.90 2.27

1990 3.23 3.46 1.83 3.92 2.43 4.42 3.74
Minerals 1970 3.54 7.45 4.22 4.21 3.99 3.51 3.23

1990 3.19 4.43 4.86 3.61 3.18 3.72 2.41
Ferrous 1970 5.17 1.27 3.19 9.05 7.26 6.31 5.30

1990 2.98 0.96 3.07 5.84 3.20 3.18 2.67
Non-ferrous 1970 3.80 0.54 1.27 2.26 2.19 1.68 2.06

1990 3.07 0.32 1.31 1.97 1.45 1.09 1.47
Metals 1970 6.70 7.22 4.51 5.99 9.69 6.57 7.31

1990 5.54 8.72 6.71 5.90 10.39 5.84 6.73
Office Equip. 1970 1.53 0.49 0.13 1.18 1.23 0.79 1.30

1990 0.96 0.73 1.49 3.26 0.58 2.22 1.87
Non-electrical 1970 6.76 10.70 10.03 9.52 11.63 10.38 10.28

1990 6.47 14.08 11.30 9.86 13.11 9.48 9.26
Radio, TV 1970 2.63 1.93 0.84 5.57 2.89 3.68 2.67

1990 3.71 2.41 3.34 9.05 3.52 4.41 5.56
Electrical 1970 3.57 4.78 3.37 5.28 3.97 4.05 4.71

1990 2.92 3.23 3.65 6.94 3.24 4.28 3.64
Shipbuilding 1970 0.65 3.38 3.38 2.32 1.94 1.78 0.78

1990 0.52 3.25 2.40 0.60 0.95 1.00 0.67
Motor Vehicles 1970 7.27 0.97 1.06 7.83 4.60 5.91 6.52

1990 9.34 1.18 1.94 8.64 8.19 5.74 4.47
Professional 1970 1.85 1.14 0.44 1.66 0.87 1.87 3.82

1990 1.66 2.66 1.31 1.82 2.44 1.42 5.06
Other 1970 1.00 1.58 0.94 3.06 0.61 1.08 1.66

1990 0.89 2.55 0.83 4.67 0.68 1.09 1.96

Total 1970 19.31 17.39 22.43 36.71 22.73 29.46 24.67
1990 14.71 15.63 19.38 28.51 18.58 20.45 18.87

Notes: See Appendix A for a list of industry names in full and International Standard Industrial
Classification (ISIC) Codes. Data sources: OECD STAN database and Penn World Tables 5.6.
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Table 2: Factor Endowments

Endowment Year Can Den Fin Jap Swe UK US
Non-production 1970 6158 1213 913 43236 2162 14414 53534

1990 6755 1634 1519 65880 2626 18861 77790
41990-70 9.70% 34.78% 66.39% 52.37% 21.47% 30.86% 45.31%

Production 1970 15166 3716 3693 61109 5881 41218 151518
1990 19767 3507 3467 57657 5933 38550 172582
41990-70 30.34% -5.64% -6.12% -5.65% 0.88% -6.47% 13.90%

Durable 1970 28849 11959 12389 170549 19169 145042 580639
Capital 1990 115521 26844 29560 810732 65246 285313 1471855

41990-70 300.43% 124.46% 138.61% 375.36% 240.38% 96.71% 153.49%
Other 1970 171493 34038 36004 454174 59071 155875 1449569
Capital 1990 450760 68012 87741 2043958 110147 315346 2794390

41990-70 162.84% 99.81% 143.70% 350.04% 86.46% 102.31% 92.77%
Arable 1970 43610 2661 2667 4910 3053 7116 188735

1990 45820 2561 2544 4121 2845 6607 185742
41990-70 5.07% -3.76% -4.61% -16.07% -6.81% -7.15% -1.59%

Notes: number of non-production and production workers in thousands; durable and other capital
in thousands of 1985 dollars; arable land area in thousands of hectares. 41990-70 is the percentage
growth in the endowment over the 21 year sample period. Data Sources: Penn World Tables 5.6,
United Nations General Industrial Statistics Database (UNISD), and United Nations FAO.
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Table 3: Transition probabilities, United States, Shares of GDP
5-year transitions, 1971:76-1985:90

A. Actual, scjt Upper Endpoint (% GDP)
Number (0.410) (0.690) (1.050) (1.660) (>1.660)
(61) 0.79 0.21 0.00 0.00 0.00
(59) 0.22 0.61 0.17 0.00 0.00
(53) 0.02 0.17 0.74 0.08 0.00
(63) 0.00 0.06 0.25 0.67 0.02
(64) 0.00 0.00 0.00 0.20 0.80
Initial 0.250 0.150 0.100 0.200 0.300
Ergodic 0.351 0.317 0.264 0.063 0.005
B. Normalized, scjt / s̄ct Upper Endpoint
Number (0.407) (0.676) (1.047) (1.567) (>1.567)
(61) 0.70 0.28 0.02 0.00 0.00
(59) 0.19 0.64 0.17 0.00 0.00
(61) 0.02 0.10 0.74 0.15 0.00
(58) 0.00 0.05 0.10 0.74 0.10
(61) 0.00 0.00 0.00 0.16 0.84
Initial 0.250 0.150 0.200 0.200 0.200
Ergodic 0.154 0.222 0.245 0.233 0.147
C. Fitted, sPcjt Upper Endpoint (% GDP)
Number (0.410) (0.690) (1.050) (1.660) (>1.660)
(60) 0.80 0.20 0.00 0.00 0.00
(56) 0.21 0.68 0.11 0.00 0.00
(58) 0.00 0.19 0.78 0.03 0.00
(65) 0.00 0.00 0.26 0.71 0.03
(61) 0.00 0.00 0.00 0.20 0.80
Initial 0.200 0.150 0.150 0.300 0.200
Ergodic 0.394 0.367 0.208 0.027 0.004
D. Endowment, sEcjt Upper Endpoint (% GDP)
Number (0.410) (0.690) (1.050) (1.660) (>1.660)
(50) 0.98 0.02 0.00 0.00 0.00
(71) 0.14 0.86 0.00 0.00 0.00
(55) 0.00 0.25 0.65 0.09 0.00
(64) 0.00 0.00 0.31 0.69 0.00
(60) 0.00 0.00 0.00 0.00 1.00
Initial 0.200 0.150 0.150 0.300 0.200
Ergodic 0.000 0.000 0.000 0.000 1.000
E. Ind-year, sIcjt Upper Endpoint (% GDP)
Number (0.410) (0.690) (1.050) (1.660) (>1.660)
(62) 0.90 0.10 0.00 0.00 0.00
(53) 0.08 0.68 0.25 0.00 0.00
(41) 0.00 0.17 0.71 0.12 0.00
(59) 0.00 0.00 0.20 0.61 0.19
(85) 0.00 0.00 0.00 0.11 0.89
Initial 0.200 0.150 0.150 0.300 0.200
Ergodic 0.139 0.179 0.257 0.154 0.271

Notes: s̄ct ≡ 1
n

P
j scjt. Initial is the distribution of industries across grid cells in 1970. Ergodic is the

stationary distribution implied by the estimated transition probability matrix.
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Table 4: Transition probabilities, United States, Shares of GDP
10-year transitions, 1971:81-1980:90

A. Actual, scjt Upper Endpoint (% GDP)
Number (0.410) (0.690) (1.050) (1.660) (>1.660)
(42) 0.62 0.38 0.00 0.00 0.00
(35) 0.46 0.17 0.29 0.09 0.00
(32) 0.03 0.38 0.59 0.00 0.00
(42) 0.00 0.19 0.43 0.36 0.02
(49) 0.00 0.00 0.00 0.41 0.59
Initial 0.250 0.150 0.100 0.200 0.300
Ergodic 0.389 0.306 0.260 0.042 0.002

Fitted, sPcjt Upper Endpoint (% GDP)
Number (0.410) (0.690) (1.050) (1.660) (>1.660)
(40) 0.55 0.45 0.00 0.00 0.00
(36) 0.47 0.33 0.19 0.00 0.00
(33) 0.03 0.30 0.67 0.00 0.00
(45) 0.00 0.02 0.51 0.47 0.00
(46) 0.00 0.00 0.00 0.35 0.65
Initial 0.200 0.150 0.150 0.300 0.200
Ergodic 0.407 0.374 0.218 0.000 0.000

Endowment, sEcjt Upper Endpoint (% GDP)
Number (0.410) (0.690) (1.050) (1.660) (>1.660)
(31) 0.97 0.03 0.00 0.00 0.00
(44) 0.23 0.77 0.00 0.00 0.00
(38) 0.11 0.37 0.34 0.18 0.00
(47) 0.00 0.06 0.51 0.43 0.00
(40) 0.00 0.00 0.00 0.00 1.00
Initial 0.200 0.150 0.150 0.300 0.200
Ergodic 0.000 0.000 0.000 0.000 1.000

Ind-year, sIcjt Upper Endpoint (% GDP)
Number (0.410) (0.690) (1.050) (1.660) (>1.660)
(42) 0.86 0.10 0.05 0.00 0.00
(35) 0.11 0.66 0.23 0.00 0.00
(27) 0.00 0.15 0.81 0.04 0.00
(39) 0.00 0.00 0.15 0.64 0.21
(57) 0.00 0.00 0.00 0.12 0.88
Initial 0.200 0.150 0.150 0.300 0.200
Ergodic 0.168 0.210 0.378 0.091 0.152

Notes: initial is the distribution of industries across grid cells in 1970. Ergodic is the stationary
distribution implied by the estimated transition probability matrix.
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Table 5: Mobility Indices by Country

5-year 10-year
Country Variable M1

c M2
c M1

c M2
c

Canada Actual, scjt 0.345 0.856 0.463 0.950
Fitted, sPcjt 0.360 0.873 0.510 0.990
Endowment, sEcjt 0.253 0.719 0.463 0.941
Ind-year, sIcjt 0.338 0.874 0.465 1.000
E/I ratio (%) 75% 82% 100% 94%

Denmark Actual, scjt 0.273 0.748 0.388 0.891
Fitted, sPcjt 0.285 0.768 0.418 0.898
Endowment, sEcjt 0.213 0.645 0.365 0.900
Ind-year, sIcjt 0.285 0.824 0.318 0.862
E/I ratio (%) 75% 78% 115% 104%

Finland Actual, scjt 0.288 0.764 0.343 0.821
Fitted, sPcjt 0.288 0.780 0.453 0.948
Endowment, sEcjt 0.348 0.866 0.515 0.980
Ind-year, sIcjt 0.200 0.603 0.333 0.819
E/I ratio (%) 174% 144% 155% 120%

Japan Actual, scjt 0.420 0.934 0.618 1.003
Fitted, sPcjt 0.245 0.684 0.515 0.967
Endowment, sEcjt 0.303 0.780 0.515 0.962
Ind-year, sIcjt 0.213 0.639 0.293 0.784
E/I ratio (%) 142% 122% 176% 123%

Sweden Actual, scjt 0.440 0.939 0.498 0.965
Fitted, sPcjt 0.310 0.802 0.513 0.971
Endowment, sEcjt 0.200 0.600 0.325 0.809
Ind-year, sIcjt 0.303 0.788 0.393 0.888
E/I ratio (%) 66% 76% 83% 91%

United Kingdom Actual, scjt 0.345 0.841 0.563 1.004
Fitted, sPcjt 0.263 0.745 0.440 0.945
Endowment, sEcjt 0.175 0.550 0.290 0.769
Ind-year, sIcjt 0.233 0.685 0.245 0.704
E/I ratio (%) 75% 80% 118% 109%

United States Actual, scjt 0.348 0.847 0.668 1.020
Fitted, sPcjt 0.308 0.792 0.583 1.015
Endowment, sEcjt 0.205 0.647 0.373 0.960
Ind-year, sIcjt 0.303 0.809 0.288 0.776
E/I ratio (%) 68% 80% 130% 124%

Notes: M1
c =

K−tr[P∗c ]
K−1 ; M2

c = 1 − |det(P ∗c )|; see main text for further discussion of the mobility
indices. E/I ratio is the ratio of the mobility indices for the endowment and industry-year predictions
expressed as a percentage.
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Table 6: Statistical Significance, 5 year transitions

Country Fitted, sPcjt Endowment, sEcjt Ind-year, sIcjt
(p-value) (p-value) (p-value)

Canada 0.923 0.010 0.000
(Accept) (Reject) (Reject)

Denmark 0.471 0.174 0.008
(Accept) (Accept) (Reject)

Finland 0.044 0.001 0.510
(Reject) (Reject) (Accept)

Japan 0.000 0.006 0.000
(Reject) (Reject) (Reject)

Sweden 0.491 0.000 0.000
(Accept) (Reject) (Reject)

United Kingdom 0.785 0.023 0.000
(Accept) (Reject) (Reject)

United States 0.999 0.000 0.000
(Accept) (Reject) (Reject)

Notes : null hypothesis is that the Data Generation Process (DGP) equals the matrix of transition
probabilities estimated using actual GDP shares. We test whether the matrices estimated using
the fitted values, endowment predictions, and industry-year predictions are statistically significantly
different from this null. Test statistic is distributed χ2(20); reported rejections are at the 5% level.

Table 7: Evolution of the External Shape of the Distribution of Shares of GDP, scjt,
5-year transitions

Canada Cell 1 Cell 2 Cell 3 Cell 4 Cell 5
Initial 0.150 0.200 0.200 0.150 0.300
Ergodic 0.302 0.388 0.215 0.077 0.017
Denmark Cell 1 Cell 2 Cell 3 Cell 4 Cell 5
Initial 0.250 0.200 0.100 0.150 0.300
Ergodic 0.125 0.112 0.440 0.216 0.108
Finland Cell 1 Cell 2 Cell 3 Cell 4 Cell 5
Initial 0.300 0.100 0.200 0.150 0.250
Ergodic 0.179 0.295 0.308 0.183 0.037
Japan Cell 1 Cell 2 Cell 3 Cell 4 Cell 5
Initial 0.150 0.250 0.100 0.200 0.300
Ergodic 0.431 0.322 0.138 0.076 0.033
Sweden Cell 1 Cell 2 Cell 3 Cell 4 Cell 5
Initial 0.250 0.100 0.200 0.200 0.250
Ergodic 0.314 0.415 0.151 0.063 0.056
United Kingdom Cell 1 Cell 2 Cell 3 Cell 4 Cell 5
Initial 0.150 0.250 0.150 0.200 0.250
Ergodic 0.596 0.294 0.077 0.027 0.006
United States Cell 1 Cell 2 Cell 3 Cell 4 Cell 5
Initial 0.250 0.150 0.100 0.200 0.300
Ergodic 0.351 0.317 0.264 0.063 0.005

Notes: initial is the distribution of industries across grid cells in 1970 and ergodic is the stationary distribution
implied by the transition probability matrices estimated for actual shares of GDP, scjt.
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Figure 1: Industry-year Effects, Fixed Effects Estimation, 1970=100
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