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Abstract

This study tests the importance of Ricardian technology differences for international
trade. Panel regressions find technology growth increases manufacturing exports. To
establish a causal relationship between technology and trade, instrumental-variables speci-
fications exploit uneven technology diffusion from the US through ethnic scientific networks.
The instrumented elasticity of export growth to the exporter’s technology development is
0.9 in the preferred specification. Supplemental specifications show this elasticity is robust
to incorporating the importer’s technology development and to controlling for the Rybczyn-
ski effect due to factor accumulation. An exogenous reform of US immigration law also
confirms the results are not due to reverse causality. These findings suggest technology
differences are an important determinant of trade patterns.
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1 Introduction

Trade among countries due to technology differences is a core principle in international eco-
nomics. Countries with heterogeneous technologies focus on producing goods in which they
have comparative advantages; subsequent exchanges afford higher standards of living than are
possible in isolation. This Ricardian finding is the first lesson in most undergraduate courses on
trade, and it still undergirds many modelling frameworks on which recent theoretical advances
build (e.g., Dornbusch, Fischer, and Samuelson 1977, Eaton and Kortum 2002). In a famous re-
sponse to Stanislaw Ulam’s challenge to name a true and nontrivial theory in the social sciences,
Paul Samuelson chose this principle of comparative advantage due technology differences.

While empirical tests of this framework date back to its original proponent David Ricardo
(1817), the underlying technology differences across countries are very difficult to quantify. Prox-
ies for technology (e.g., total factor productivity) allow substantial progress but do risk confound-
ing heterogeneous technologies with other country-specific determinants of trade, especially in
cross-sectional exercises. In principle, the relationship between technology and trade is best
estimated through panel data models that remove time-invariant characteristics of each nation
(e.g., distances, colonial history) and afford explicit controls of the time-varying determinants
deemed important (e.g., factor accumulation, economic development, trading blocs). Of course,
quantifying the dynamics of uneven technology advancement across countries is an even more
challenging task, and whether the uncovered partial correlations represent causal parameters
still needs to be addressed.!

This study develops this form of empirical environment by exploiting differences across coun-
tries in their access to the US technology frontier. Recent research emphasizes the importance
of ethnic scientists and entrepreneurs living in the US for the diffusion of US technologies to their
home countries. These frontier expatriates facilitate the transfer of the codified details of new
innovations, but perhaps more importantly also convey the tacit knowledge required for success-
ful adoption. In a companion study, Kerr (2005a) finds that a larger ethnic research community
in the US improves technology diffusion to foreign countries of the same ethnicity. That is, new
computer technologies flow faster to Chinese economies than to Latin America if the Chinese
computer research community in the US is stronger than the Hispanic community. Moreover,
the foreign countries realize substantial manufacturing output and productivity gains from the
stronger scientific integration. As invention is disproportionately concentrated in the US, these

ethnic channels significantly influence the technology opportunities of imitating economies.?

!The panel exercises in this paper are closest in spirit to Harrigan (1997b), who evaluates the importance
of both technology and factor supply differences across countries for determining industry specialization. This
paper differs, however, in its direct study of trade flows, its substantial attention to non-OECD economies, and
in its IV analysis using heterogeneous technology diffusion. Other tests of the Ricardian model are McDougall
(1951, 1952) and Stern (1962).

2Kerr (2005a) provides additional references on the role of ethnic networks in transmitting new technologies.
Other sources of heterogeneous technology frontiers are geographic distances to major R&D nations (e.g., Keller
2002b), the innovative efforts of trading partners (e.g., Grossman and Helpman 1991, Coe and Helpman 1995,



This uneven technology diffusion through ethnic networks offers an empirical foothold for
evaluating the importance of technology differences across countries in explaining trade pat-
terns. The empirical specifications, however, must be carefully designed to isolate technology’s
role, and the next section of this paper utilizes the multi-country Ricardian model of Eaton and
Kortum (2002) to guide the form of the estimating equations. FEaton and Kortum construct a
special theoretical framework that relates trade flows among countries to the technology capa-
bilities, distances, and input costs of each economy. A simple application in Section 2 replaces
Eaton and Kortum’s random technology parameters with country-specific technology capabil-
ities that depend upon a frontier country’s technology state and the follower’s human-capital
stock with respect to the frontier innovations. The human-capital stocks for each country are
acquired through scientists of the following country’s ethnicity who work in the frontier econ-
omy. Reduced-form expressions thereby relate the trade patterns of the technology follower to
its ethnic scientific community in the technology leader.

After the appropriate estimating specifications are developed, Section 3 describes the dataset
constructed for this project. Ethnic scientists working in the US are identified by applying an
ethnic-name database to individual US patent records (e.g., identifies inventors with Chinese
versus Hispanic names). The matched dataset describes the 1980-1997 ethnic composition of
US inventors with unparalleled cross-sectional and longitudinal detail, and the sizes of ethnic
research communities are determined at the industry level by aggregating individual patent
records. These research communities are joined with detailed export data for foreign countries
(e.g., US Chinese computer research is paired with China’s trade in the computer industry) in
an econometric framework that follows from theoretical model. Total factor productivity (TFP)
indices are also developed as proxies for aggregate technology states.

The fourth section presents the main empirical results using bilateral manufacturing exports
aggregated over industries from 1980-1997.> Following the reduced-form equations developed
in Section 2, tests of the Ricardian theory first regress these bilateral exports on the exporter’s
ethnic human-capital stocks for US technologies as measured in the ethnic patenting dataset.
Panel fixed effects remove time-invariant determinants of bilateral trade and global developments
in technology and trade; gravity covariates are also included to isolate technology’s role. Ex-
port volumes rise with an elasticity of about 0.6 to better human capital for the US technology
frontier, with the coefficient statistically different from zero. The results are robust to a number
of sample decomposition exercises and specification variants. The strong elasticity of exports
to the exporter’s integration to the US frontier is also preserved when the importer’s technology
integration is added as an additional regressor. Moreover, the elasticity estimates for the im-

porter’s technology regressor are smaller and not statistically different from zero. The combined

Coe, Helpman, and Hoffmaister 1997), or international patenting decisions (e.g., Eaton and Kortum 1999). Keller
(2004) reviews the technology transfer literature.

3 As discussed below, exports to the US are excluded from the trade patterns examined in this paper due to
potential network effects operating alongside technology transfer. Kerr (2005b) separately analyzes the role of
ethnic scientific networks in US bilateral trade.



pattern suggests countries export more manufacturing goods when they develop a comparative
advantage due to uneven technology diffusion from the US.

These initial reduced-form estimations assume the following order of events: technologies
are developed in the US, ethnic scientists in the US transmit the technologies to their respec-
tive countries, and trade patterns are determined. Reverse causality, however, is an important
concern, with a plausible alternative being that foreign human-capital development is respon-
sible for both the export growth, perhaps with industry reallocations due to the Rybczynski
effect, and the emigration of ethnic researchers to the US. If true, the ethnic human-capital
stock for US technologies measured through the patenting data would not be a valid instru-
ment for the exporter’s technology set. To begin addressing this issue, Section 4 continues by
developing a second estimator using exogenous, differential changes in the sizes of US ethnic re-
search communities following the US Immigration Act of 1990. Reduced-form regressions with
this immigration quotas estimator also find positive export growth following stronger scientific
integration with the US, and the strong contrast with the importer’s integration is again evi-
dent. While the new elasticity estimate of 0.5 is not directly comparable to the ethnic patenting
estimator, the directions of the two exercises support each other.

After establishing these two estimators for heterogeneous technology diffusion, Section 4
concludes with the full OLS and IV regressions of bilateral export volumes on the exporter’s and
importer’s technology states. Aggregate technology capabilities are proxied with country-level
TFP indices. In the OLS regressions, growth in the exporter’s technology set correlates with
positive export growth, but the elasticity estimates are sensitive whether the gravity covariates
are included; the importer’s TFP coefficients are much weaker. IV regressions instrument for
technology development in both countries using the heterogeneous diffusion from the US through
ethnic scientific networks. First-stage regressions with both the patent-based and quotas-based
instruments find a robust growth in foreign technology levels with a stronger US ethnic research
community.

The second-stage regressions exhibit instrumented elasticities of exports to the exporter’s
technology development that range from 0.6 to 1.1 with the patent-based instruments; the higher
estimates are for specifications that exclude the (potentially endogenous) gravity covariates. The
range of elasticities evident with the quotas-based instruments is 1.1 to 1.6. In all cases these
elasticity estimates are statistically different from zero. By contrast, the instrumented elasticities
of exports to the importer’s technology state are smaller and not consistently different from zero,
especially when the gravity covariates are included. The conclusion from these country-level
exercises is that Ricardian technology differences are important determinants of trade patterns.

Section 5 extends these core tests of the Ricardian model by exploiting the additional in-
dustry and geographic variation available in the combined trade and ethnic patenting dataset.
These extensions are of interest in their own right, and more importantly provide additional
confidence that the measured role for technology development is not reflecting an omitted factor



accumulation. In contrast to the Ricardian framework, Heckscher-Ohlin-Vanek (HOV) models
describe trade as resulting from factor differences across countries (e.g., labor, capital, natural

1 During the period studied, some countries experienced significant growth in their

resources).
skilled labor forces and physical capital stocks, as well as their technology sets, and the former
could lead to significant growth in manufacturing exports due to the Rybczynski effect.

Section 5 tests this alternative hypothesis by contrasting industries within each country of
similar factor input intensities. = Technology’s important role is preserved in these detailed
matching exercises. Exploiting the within-country variation also ensures the findings are robust
to other country-level explanations like nations entering trade agreements or multinational bodies
(e.g., the World Trade Organization), asynchronous business cycles, and so on.  Section 5
concludes by further analyzing the geographic margin of trade expansion. Export growth is
strongest in bordering and nearby countries, but positive growth is evident at all distances
studied.

The results of this project confirm technology is an important determinant of trade; moreover,
it is relevant for explaining changes in trade patterns over time. Section 6 concludes this paper by
discussing future projects that will utilize the uneven transmission of technologies through ethnic
networks to characterize how Ricardian technology differences shape international exchanges.

2 Theoretical and Estimating Frameworks

This section develops the estimating equations employed in Section 4’s empirical analysis. It
begins by briefly sketching a recent multi-country Ricardian model of Eaton and Kortum (2002).
This framework is unique in relating trade to technology differences across several countries,
and a simple application builds into this theory ethnic research networks and heterogeneous
technology diffusion. From this analysis, reduced-form specifications are developed that relate
bilateral exports to ethnic human-capital stocks with respect to frontier technologies. The
second half of this section in turn manipulates these theoretical specifications into a framework

suitable for empirical analysis.?

2.1 Theoretical Framework

The world consists of N countries producing and consuming a continuum of goods j € [0, 1].
Consumers maximize utility in each period by purchasing these goods in quantities () accord-

4See Heckscher (1919), Ohlin (1933), and Vanek (1968). Dornbusch, Fischer, and Samuelson (1980) provide a
classic HOV model, while Schott (2003) and Romalis (2004) offer state-of-the-art extensions and empirical tests.

Trefler (1994, 1996), Harrigan (1997b) and Davis and Weinstein (2001) also jointly explore technology and factor
differences as determinants of trade.

5See also Alvarez and Lucas (2004). The Dornbusch, Fischer, and Samuelson (1977) approach to Ricardian
trade is not readily extended to multiple countries, although some local comparative statics are feasible (e.g.,
Wilson 1980).



ing to a constant elasticity of substitution (CES) objective function,

7 - (folQ(j>(al)/Udj>U/(J_1) ’ (1)

subject to prices determined below. o > 0 is the elasticity of substitution across goods for the
consumers. Consumers earn wage w and consume their full wages in each period. Accordingly,
time subscripts are omitted throughout most of this discussion.

Countries are free to produce or trade all goods. Inputs can move among industries within
a country but not across countries. Industries are characterized by identical Cobb-Douglas
production functions employing labor with elasticity o and the continuum of produced goods,
also aggregated with (1), with elasticity 1—«. Factor mobility and identical production functions
yield constant input production costs across goods within each country, ¢;(j) = ¢; Vj.

Technology differences exist across countries, so that country ¢’s efficiency in producing good
J is z;(7). With constant returns to scale in production, the unit cost of producing good j in
country i is ¢;/2;(j). While countries are free to trade, geographic distance results in "iceberg"
transportation costs so that delivering one unit from country ¢ to country n costs d,; > 1 units
in 2. Thus, the delivery to country n of good j made in country 7 costs

i) = () o )

An increase in country ¢’s efficiency for good j lowers the price it must charge. Perfect compe-

tition allows consumers to buy from producers in the country offering the lowest price (inclusive
of shipment costs). Thus, the price that consumers in country n pay for good j is

Pu(j) = min[pni(j);i = 1,..., N]. (3)

The technology determining the efficiency z;(j) is modelled as the realization of a random
variable Z; drawn from a country-specific probability distribution F;(z) = Pr[Z; < z|. Draws
are independent for each industry j within a country. A core innovation of Eaton and Kortum’s
model is to use the Fréchet functional distribution to model technologies,

F(z) =T (4)

where T; > 0 and # > 1. The country-specific parameter 7T; determines the location of the
distribution, while the common parameter 6 determines the variation within each country’s
distribution. By the law of large numbers, a larger 7T; raises the average efficiency of industries
for country i, and therefore its absolute advantage for trade. A larger 6, on the other hand,
implies a tighter distribution for industries within every country and thereby limits the scope
for comparative advantage across nations.

To model heterogeneous technology diffusion through ethnic ties to the frontier economy, the
technology location parameter is specified as

Tw=1T:-7:-(H; )BH- (5)



T, is the exogenously determined frontier technology stock.® T; models time-invariant differences
in the access or importance of frontier technologies to country i, potentially arising due to
geographic separation (e.g., Keller 2002), heterogeneous production techniques (e.g., Davis and
Weinstein 2001), and so on. Finally, H;; is the human-capital stock of country ¢ with respect to
the frontier innovations, including both the codified and tacit knowledge required for successful
adoption. This human-capital stock depreciates at a rate d, and the population of researchers of
country 4’s ethnicity (L;) working in the frontier country replenishes it: OH;/0t = —0H;+ L;. If
the number of expatriate researchers is constant, the steady-state human-capital stock of country
i with respect to frontier inventions is 6 *L;. The elasticity p 1s empirically estimated below.

2.2 Estimating Framework

The Fréchet distribution (4) allows prices from equations (2) and (3) to be determined. The
probability that country 7 is the lowest-cost producer of an arbitrary good for country n is
i = Ti(cidni) 0/ Z]kvzl Tr(cpdnr) %7 With a continuum of goods, 7,; is also the fraction of
goods country n purchases from country . Country n’s average expenditure per good does not
vary by source country, so that the fraction of country n’s expenditure on goods from country i

is also

Xni T;(cidni) ™ (6)
X 3L Telcndnr)

where X, is total expenditure in country n. Holding input prices constant, technology growth

in country ¢ increases its exports to country n through entry into industries in which it was
previously uncompetitive. Looking across import destinations for an industry in which it already
exports, country ¢ also becomes the lowest-cost producer for more distant countries it could not
previously serve due to the markup of transportation costs. Condition (6) also shows how
trading costs d lead to deviations in the law of one price.

For the case of frictionless trade or constant trading costs (d., = d Vn, k)®, condition (6) can

be rearranged into the structural estimating equation for year t,
In (Xyi) = In(Ty) = 01n(cie) + I (Xo) = In (00, Thalene) ™) (7)

Panel estimations of bilateral exports evaluate this structural relationship in the next sec-

tion. A vector of year effects 7, will control for the world price and technology aggregate

6Variables referring to the frontier economy are generally denoted by a tilda.

"The distribution of prices country i presents to country n is Gp;(p) = Pr[P; < p] = 1 — Fi(cidni/p) =
1 — exp(—T;(c;dyn;)~%p?). Country n buys from the lowest cost producer of each good, so that its realized price
distribution is G, (p) = Pr[P, <p]=1— Hl 1[1 Gm( )] =1 —exp(—p? Zfil Ti(cidni)~%). The probability is
Tni = Pr[Ppi(j) < min{Pos(j);s # i} = [; I1 s2ill = Gns(p)|dGri(p). See Eaton and Kortum (2002) for the
full derivation of the price 1ndeX

8The assumption of constant trading costs is unimportant for the upcoming panel estimations if the number of
countries is large. The numerator’s bilateral distance d;f is time-invariant and absorbed into the cross-sectional
effects. The error from modelling the denominator’s world price and technology aggregate with year effects is
small,  lim [0 (30, Tt (crednr) %) /0 In(T;)] = 0.



In (Zszl T, kt(ckt)*g); the year effects also remove uniform growth in trade volumes and price
changes during the period studied. A vector of cross-sectional effects ¢, further extract time-
invariant determinants of bilateral exports from country n and country i (e.g., distances, colonial
ties).

Many empirical studies in the trade literature include gravity covariates in estimations. Sim-
ilar to planetary pull, countries tend to trade more with nations that are economically larger
and geographically closer. As noted above, geographical distances are controlled for by the
cross-sectional effects ¢,,;. To model changes over time in the economic sizes of nations, some
specifications below further incorporate the gravity covariates of the exporter’s and importer’s
GDP and GDP per capita. These gravity covariates are interacted following Frankel (1997) and
Rauch (2002).° The augmented estimating equation is

In (X)) = a+BrIn(Ty)+yIn(GDP/CAP; - GDP/CAP,) (8)
+(In(GDPy - GDPyt) + ¢y + 1y + €nit,

where the theoretical elasticity of one between technology and bilateral exports is empirically
evaluated with the 3, coefficient. Specification (8) also direct models the importer’s aggregate
expenditure X,,; in (7) with the importer’s GDP. The exporter’s GDP per capita further captures
broad changes in the input costs c;;.'°

The OLS specification (8) is evaluated in Section 4 with the aggregate technology parameter
T;; measured through country-level TFP indices. While this Ricardian framework clearly assigns
a causal relationship of export growth to technology development, in practice the empirical esti-
mation of (8) can be confounded by reverse causality or omitted variable biases. Moreover, the
possible simultaneous accumulation of factor endowments and new technologies is particularly
worrisome for isolating the Ricardian impetus for trade from relative factor scarcities. Tech-
nology is the only channel promoting export growth in this framework due to identical factor
endowments and no intertemporal factor accumulation.!'?

Anticipating these issues, this section closes with how heterogeneous technology transfer from
the frontier economy (5) provides a foothold for establishing causality when these complications
are introduced. The human-capital stock of country ¢ with respect to the frontier innovations
(H;) affects country i’s exports only through technology transfer and can thus serve as an instru-

ment for country i’s technology in the structural specification (8). This human-capital stock is

9The interaction of the gravity covariates is further discussed below. The gravity relationship in the Eaton
and Kortum model arises due to technology differences interacting with distances and production costs. An
alternative derivation through Armington or monopolistic competition builds on imperfect substitution among
goods for consumers. The former predicts trade growth at the extensive margin with technology development,
while the latter two predict trade growth at the intensive margin.

Tnput costs can be endogenized through a specification of the labor market. This study does not undertake
this step, instead measuring export growth due technology transfer net of input costs increases from general-
equilibrium wage pressure.

! Differences in preferences or non-homothetic utility functions can also promote trade. Hunter and Markusen
(1988) and Hunter (1991) find these stimulants account for up to 20% of world trade. The specified production
function also abstracts from trade due to increasing returns to scale (e.g., Helpman and Krugman 1985, Antweiler
and Trefler 2002).



acquired through researchers of country i’s ethnicity (L;) working in the frontier economy, and
two instruments are developed in Section 4 using ethnic scientific communities in the frontier US
economy. Substituting (5) into the structural equation (8) yields the reduced-form contribution

of these communities for exports from their home countries,

+(In(GDPy - GDPyt) + ¢y + 1, + €nit,

with By = B - B - The log frontier technology state T, is separated from the ethnic human-
capital stock H;; and absorbed into the year effects 7,; likewise, the time-invariant differences in

2 The empirical exercises

access for country i are absorbed into the cross-sectional effects ¢,,.!
below commence with this reduced-form relationship, and then analyze (8) in a two-stage least

squares framework.

3 Dataset Preparation

To test empirically these Ricardian predictions, a dataset is prepared combining bilateral trade
data, foreign-country technology measures, and US ethnic human-capital stocks. The core
industry-level and country-level variation exploited in this study is dictated by the ethnic patent-
ing metrics developed first. Once this panel foundation is established, the mapping in of trade
and foreign-country TFP measures is easily motivated.

3.1 US Ethnic Human-Capital Stocks

This paper exploits technology differences across countries arising due to uneven technology
diffusion from the US through ethnic scientific networks. The ethnic human-capital stocks with
respect to US technologies are developed through the NBER Patent Data File (Hall, Jaffe, and
Trajtenberg 2001). This dataset offers detailed records for all patents granted by the United
States Patent and Trademark Office (USPTO) from January 1975 to December 1999. Each
patent record provides information about the invention (e.g., technology classification, citations
of prior art) and the inventors submitting the application (e.g., name, city). To estimate
inventor ethnicities, a commercial database of ethnic first names and surnames is mapped into
the inventor records. The match rate is 98% for US patent records, and the process affords the
distinction of nine ethnicities: Chinese, English, European, Hispanic, Indian, Japanese, Korean,
Russian, and Vietnamese.

Table 1 describes the 1980-1997 US sample. The trends demonstrate a growing ethnic con-
tribution to US technology development, especially among Chinese and Indian scientists. Also

matching popular perceptions, ethnic inventors are more concentrated in high-tech industries

12More generally, technology differences across countries orthogonal to the US ethnic human-capital stock H;
are absorbed into the error term e,;; without biasing the 5 coefficient.



like computers and pharmaceuticals and in gateway cities relatively closer to their home coun-
tries (e.g., Chinese in San Francisco, European in New York, and Hispanic in Miami). The
final three rows demonstrate a close correspondence of the estimated ethnic composition to the
country-of-birth composition of the US science and engineering workforce in the 1990 Census.!?
Figure 1 illustrates the evolving ethnic contribution to US technology development as a percent-
age of patents granted by the USPTO, while Figure 2 provides a more detailed glimpse of ethnic
contributions by broad technology groups.'*

From this matched database, the ethnic human-capital stocks H; to the US frontier are
easily developed. Recall that these stocks depend upon the number of frontier researchers
undertaking inventive activity of country i’s ethnicity (f}i): OH;/0t = —6H,; + L;. Define the
patenting productivity of a US researcher to be P, so that the measured patenting of ethnicity
¢ in year t is expected to be plf low — p. . Inverting this expression suggests the size of the
ethnic research community can be inferred annually using the observed number of ethnic patent
applications divided by the constant researcher productivity (Ly = P /P).

With the population of US ethnic researchers quantified annually, subject to a multiplica-
tive constant, the human-capital stocks H; could be estimated through the perpetual inventory
method. The empirical results presented below, however, take a slightly different approach. In
an examination of international patent citations, Kerr (2005a) finds ethnic scientific networks
aid direct communications among inventors. Inventors living outside of the US cite US inventors
of their own-ethnicity approximately 50% more often than other US-based inventors, even after
controlling for technology classes. Moreover, by considering different time lags between the
filing dates of the cited and citing patents, the ethnic bias is shown to be most important in the
first five years of the diffusion process. The human-capital stocks H; are accordingly modelled
by aggregating the number of ethnic patents over the previous five years, with the panel fixed
effects controlling for any changes in patenting productivity P of US researchers.'?-16

These ethnic human-capital stocks for US innovations are developed at the four-digit level of
the International Standard Industrial Classification (ISIC) system. This framework distinguishes

81 manufacturing industries at a level of detail that straddles the two-digit and three-digit levels

13The estimated European ethnic contribution is naturally higher than the immigrant contribution measured
by foreign born.

MKerr (2005¢) further details the ethnic patenting dataset and provides additional descriptive statistics. A
quality assurance exercise matching the ethnic-name database to foreign patent records registered in the US is
also presented. The ethnic-name procedure assigns ethnicities to 98% of foreign inventor records, and the average
own-ethnicity contribution is 88%. Similar to the US, own-ethnicity contributions should be less than 100% due
to expatriate researchers.

15Tn an influential survey, Griliches (1990) notes that annual fluctuations in US patents granted occur due to
changes in USPTO personnel resources, as well as technology development. Over the last two decades, US patent
grants have increased dramatically. While several explanations for this increase are put forth (e.g., Kortum and
Lerner 2000, Kim and Marshcke 2004, Hall 2004, and Branstetter and Ogura 2005), it is clear that the number of
patents awarded has grown faster than the growth in research scientists would suggest. The time effects account
for changes in the underlying patenting productivity, effectively contrasting ethnic shares of US patents granted.

16GQimilar results are found if the perpetual inventory method is employed. The two disadvantages of this
technique are the assignments of a depreciation rate § for human capital and initial human-capital stocks. The
latter is particularly burdensome since the ethnicity of inventors can only be determined after 1975.



of the US Standard Industrial Classification system. Table Al in the appendix lists the ISIC
industries employed.!”

3.2 Export Volumes

Bilateral exports are taken from the World Trade Flows Database (WTF), compiled by Statis-
tics Canada and Feenstra (2000). This rich data source documents the product-level values
of bilateral trade for most countries from 1980-1997. These product flows are aggregated into
the four-digit ISIC industries developed in the US patent dataset, and exporting countries are
grouped into the eight non-English ethnicities that are identifiable with the ethnic-name data-
base. Five ethnicities map to a single country, while the Chinese, European, and Hispanic
ethnicities have larger blocs. Table 2 lists the countries studied and their summary character-
istics.!®

The first pair of columns present the mean 1980-1997 multilateral export volumes and growth
rates for each country (in nominal US dollars). Exports to all countries other than the US
are considered in this paper; trade relations with the US are excluded, however, due to the
strengthening network effects — which are also thought to increase trade flows — operating

9 The base panel is thus asymmetric in the

alongside the heterogeneous technology transfer.!
sense that exporters are limited to countries of non-English ethnicities contained in the ethnic-
name database, but in many specifications their bilateral exports to other countries are included
(e.g., exports to English or African countries). Variations on the base panel below restrict the
sample to be only bilateral flows among the eight non-English ethnicities, particularly when the
importer’s technology growth is being contrasted with the exporter’s technology development.
The forty-four economies account for 53% and 64% of global manufacturing exports in 1980
and 1997, respectively, with countries of English ethnicity accounting for most of the residual
(the US export share is 12% in 1980 and 13% in 1997). Not surprisingly, the largest exporters
are European nations (especially Germany) and Japan, while the smallest exporters are found
in Latin America. Vietnam (25%), Hong Kong (15%), Korea (13%), and Mainland China
(13%) experience the strongest compound annual growth in nominal exports; only Venezuela

demonstrates an absolute decline in trade volumes over the seventeen years.

1"The USPTO issues patents by technology categories rather than by industries. Combining the work of
Johnson (1999) and Silverman (1999), concordances are developed between the USPTO classifications and the
four-digit ISIC industries in which new inventions are manufactured or used. The main estimations focus on
industry-of-use, affording a composite view of the technological opportunity developed for an industry. Studies
of advanced economies find accounting for these inter-industry R&D flows important (e.g., Scherer 1984, Keller
2002a). Estimations with manufacturing industries support the using-industry specifications.

18The empirical analysis verifies the multiple country mappings do not unduly influence the results. Some
country to ethnicity mappings are debatable (e.g., placing Spain and Portugal with European rather than His-
panic, including the Scandinavian countries in European), as is the inclusion of communist countries. The results
are robust to these marginal reclassifications.

Y9Kerr (2005b) explores how ethnic scientific networks facilitate bilateral trade with the US. See also Rauch
(2001) and Rauch and Trindade (2002).
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3.3 TFP Indices and Development Indicators

This study employs country-level total factor productivity (TFP) as a proxy for the technology
location parameter T;. Section 2’s theory abstracts from capital stocks by specifying a Cobb-
Douglas production function of labor (with elasticity «) and intermediate inputs from the CES
aggregator. Capital accumulation, however, is important for explaining economic development,
particularly the rapid advances made by several East Asian economies (e.g., Young 1992, 1995;
Ventura 1997). Accordingly, TFP indices are developed for each country c relative to the US
frontier with a production function employing capital and labor,

Y. (Lys\® (Kus\'°
TFP.ys = Yos ( I > ( K ) , (10)

with the year subscripts omitted. This index is superlative (i.e., it is exact for the Cobb-Douglas
production function).?’ As this index is also transitive (i.e., TF P,. = TF P,,-TF B,.), the choice
of the base country is irrelevant, with the US baseline providing intuition only. The second pair
of columns in Table 2 presents the country-level TFP indices calculated from the Penn World
Tables (PWT) using data on aggregate GDP, workers, and capital stocks.?!

The final pair of columns exhibit GDP per capitas for each country that are also used in
the estimations below. Comparing the TFP indices to the GDP per capitas highlights several
important points about the former. First, the mean country TFPs relative to the US range
from <1% for Honduras, Nicaragua, and Bolivia to 34% for Germany and 46% for Japan.
In the GDP per capita series, the four lowest 1980-1997 means are India ($1364), Mainland
China ($1653), Honduras ($1747), and Nicaragua ($2007), while the four highest are Switzerland
($19,258), Norway ($17,829), Denmark ($17,487), and Japan ($17,120). The levels and rank
correlations are 55% and 68%, respectively. The core difference between the two series is that
the relative TFP metrics of larger to smaller countries (e.g., Mainland China, India, and Brazil
vis-a-vis Scandinavian nations) tends to be greater than the relative GDP per capita metrics.
This difference may reflect how workers are measured in the underlying PWT data or may be
due to an increasing discrepancy in using the US labor share. The levels of both series are
inconsequential, however, as the estimations employ cross-sectional fixed effects.

The correlation in growth rates is much higher at 94%, and their rankings are closely tied.
The three fastest growing economies in both series are Mainland China, Taiwan, and Korea;
Vietnam’s GDP per capita also experiences a fast 10% growth rate, but TFP measures are
unavailable due to insufficient capital data. Likewise, TFP metrics cannot be constructed for

20Caves, Cristensen, and Diewert (1982) derive the general TFP index for the translog family. The Cobb-
Douglas index (10) is a special case where labor shares are constant.

21Gee Heston, Summers, and Aten (2002). Real GDP levels are adjusted for PPP differences and for price
movements using the Laspeyres method (rgdpl, pop). Real capital stocks are measured beginning-of-year and
calculated from aggregate investment (ki) using the perpetual inventory method. Initial stocks are developed for

1970, and a depreciation rate of 15% is employed. Worker estimates are developed by the PWT from International
Labour Organization data, with linear interpolation between census or survey dates for each country (rgdpwok).
The share of labor « is taken to be 0.67.
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Belize, Cuba, and the former Soviet Union. While these four economies are excluded from the
IV regressions, they are retained in the reduced-form exercises that form the bulk of this study.

Estimating country-level TFP indices is fraught with peril: the industrial structures of coun-
tries differ, inputs are only coarsely measured, pricing differentials and exchange rates are difficult
to handle, and so on (e.g., Harrigan 1997a, 1997b). Measurement error is clearly present in the
TFP metrics constructed. However, errors confined to cross-sectional levels or aggregate yearly
fluctuations (e.g., due to mismeasurement in the US baseline) do not affect the analysis due to
the log specification and panel fixed effects. Idiosyncratic errors across countries with time,
however, are not captured by the panel effects and bias the estimated elasticities towards zero.
This scope for this concern, however, is also limited in that the TFP indices are primarily used

in the IV regressions, which circumvent measurement error in the endogenous regressor.

4 Country-Level Estimations

This combined dataset is a unique laboratory for evaluating Ricardian technology differences in
international trade. This section evaluates country-level regressions of bilateral export volumes
using the derived specification (8), while the next section concentrates more on the industry
and geographic dimensions of the data. These later extensions provide a better platform for
distinguishing heterogeneous technology diffusion from shifts in factor endowments than the
country-level regressions. Accordingly, most discussion of the factor content of trade is post-
poned until then.

The study deviates from the typical arrangement of empirical papers by presenting the
reduced-form specification (9) first, with the OLS and IV regressions using the exporting coun-
try’s TFP index held until the section’s end. This ordering takes early advantage of the richness
of the ethnic patenting dataset; it further segues into the introduction of a second estimator for
US ethnic human-capital stocks that exploits exogenous changes in US immigration law. Both of
these estimators are used in the IV analysis. Throughout this section, technology development
is found to be a strong determinant of exports.

4.1 US Ethnic Human-Capital Estimations

Table 3 evaluates the reduced-form specification (9). The dependent variable for each regression

is the log dollar value of bilateral exports from country n to country 7.22

The base regression
includes the log of the exporting country’s human-capital stock H; with respect to US technolo-
gies, as well as the interacted gravity covariates of the exporter’s and importer’s log GDP per

capitas and log GDPs. Although not reported in the table, vectors of cross-sectional and year

22Nominal dollar values are employed, with the vector of year effects extracting aggregate price changes. This
approach is motivated by the expenditure specification derived in Section 2. Section 5 demonstrates, however,
that the results are robust to individually deflating each industry’s trade with the NBER shipments deflators
(Bartlesman and Gray 1996) before aggregating to country-wide exports.
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fixed effects are included as well. Finally, to account for the multiple countries mapping into the
Chinese, European, and Hispanic ethnicities, standard errors are clustered at the ethnicity level.
This conservative cross-sectional clustering further addresses the serial-correlation concerns of
Bertrand, Duflo, and Mullainathan (2004).

As both variables are in logs, the 0.569 coefficient in the upper-left corner finds a 0.6%
increase in the value of bilateral exports with a 1% increase in the exporter’s human-capital
stock for US technologies. Stronger scientific integration with the US technology frontier clearly
correlates with an increase in manufacturing exports to other countries. From this estimated
elasticity and the measured growth in US ethnic human-capital stocks, back-of-the-envelope
calculations find increasing technology transfer from the US accounts for about 14% of the total
manufacturing export growth experienced by the sample countries from 1980-1997. This share
is only approximate but conveys the order-of-magnitude of the trade effect stemming from ethnic
integration.

The gravity covariates are important for isolating technology’s role, as the growth in human-
capital stocks could otherwise be confounded with other sources of growth in country size or
standards of living that independently promote trade. The economic development of the ex-
porter, however, is clearly endogenous — technology transfer in Section 2’s model simultane-
ously increases the exporter’s GDP and trade. The second column finds the estimated elasticity
increases to 1.3 if the gravity covariates are excluded. As strong arguments exist for both
approaches, this study will continue to present and compare both specifications.

Figures 3 and 4 provide a graphical view of these two regressions if export volumes are

summed across importers into single exporter-year observations,
In(Xy) =a+Byln(Hy) +vyIn(GDP/CAPy) + (In (GDPy) + ¢, + 1, + €t

The data points in Figure 3 are the residuals of total non-US multilateral exports and US ethnic
human-capital stocks after the country and year fixed effects and the exporter’s gravity covariates
are removed. The slope of the trend line through Figure 3’s residuals is akin to the 3, coefficient
estimated in the first column. Figure 4, on the other hand, follows the second column and does
not partial out the gravity covariates. Without the gravity covariates, the strong relationship
is driven by the exceptional performance of Chinese economies, Korea, and India. Removing
development levels, on the other hand, leads to a more nuanced picture with a broader set
of nations contributing to the positive relationship. The sample composition exercises below
directly evaluate the importance of different ethnic groups to the measured elasticity.??

The constructed dataset builds on two rich sources for economic data, and thus trade and
ethnic patenting data are available for all observations (subject to the ethnicities identifiable

23Figures 3 and 4 exclude Belize, Cuba, the former Soviet Union, and Vietnam, all of which are included
in Table 3’s reduced-form analysis. This done for consistency with TFP graphs examined later, when these
countries are dropped due to missing TFP indices. The exports of the former Soviet Union and Vietnam also
demonstrate strong correlations to their US ethnic human-capital stocks. For visual ease, the figures also exclude
three other trade outliers (Panama 1988, Paraguay 1991, Venezuela 1991); the inclusion or exclusion of these
observations does not have a noticeable effect on the results.
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with the ethnic-name database). The base specification, however, excludes observations if the
gravity covariates are missing or if the export volume is zero. Columns 3 and 4 evaluate whether
these restrictions are overly influencing the measured elasticity. First, gravity covariates are not
always available for very small importers, resulting in a 22% loss from the maximum possible
sample size of non-zero bilateral exports. Column 3 demonstrates, however, that this attrition
is unimportant as the elasticity estimate in the larger sample is very close to Column 2.

Second, approximately 25% of the possible bilateral exchanges have zero values. In some
cases these zero values reflect explicit restrictions on trade, but most are due to a combination of
geographic distance and small country sizes. Zero values are undefined in a log specification like
(9), and the base regression drops these observations. To ensure this procedure is not dictating
the results, Column 4 retains the zero-valued observations through recoding and including ap-
propriate indicator variables. The results are again very close to the base regression in Column
1, indicating that ignoring zero-valued observations is not overly influencing the estimated elas-
ticities. Moreover, Figures 3 and 4 also find a positive relationship at the exporter-year level,
where no zero values are encountered.

As highlighted in the data description section, the base sample is asymmetric in the sense that
it only considers bilateral exports from the forty-four countries with ethnicities identifiable with
the ethnic-name database; the countries receiving the imports, however, can be of any ethnicity
(including English). Column 5 restricts the base sample to consider only bilateral exports within
the countries associated with the ethnic patenting dataset. There is no significant difference
from Column 1.

More importantly, this balanced panel is a platform for further characterizing the direction of
trade due to technology differences. Column 6 introduces the similarly constructed importer’s
human-capital stock with respect to the US frontier. The strong elasticity of manufacturing
exports to the exporter’s scientific integration is preserved. On the other hand, the elasticity
to the importer’s integration is smaller and not statistically different from zero. A related
regression of bilateral imports on the two ethnic human-capital stocks equivalently finds that
imports respond positively to the foreign country’s technology development and less to own-
country ethnic human-capital stocks for US technologies.

Finally, Columns 7 and 8 present two reduced-form regressions that correspond directly to
the IV regressions (with gravity covariates) later in this section. Belize, Cuba, the former Soviet
Union, and Vietnam are excluded from the IV regressions since TFP indices are not available.
While this attrition is only 10% of the countries in the sample, the number of non-English
ethnicities is reduced from eight to six. Comparing Column 7 to Column 1, the elasticity of
bilateral exports to the exporter’s US ethnic human-capital stocks is somewhat weaker but still
statistically significant in the smaller sample. Column 8, however, finds a substantial reduction
in the measured elasticity of exports to the importer’s human-capital stocks for US technologies,
although the large standard errors in both cases indicate the estimate is imprecisely measured.
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This contrast is further discussed in the IV section.?*

4.2 Sample Composition

The assembled dataset is a diverse set of countries and experiences. While Figures 3 and 4
suggest the unique outcomes of a single exporter or ethnicity (e.g., Mainland China, India) are
not solely responsible for the positive correlations, Columns 9-16 formally test the robustness
of the measured elasticity to sequentially dropping each ethnicity. The (3, coefficient remains
strong and statistically significant throughout; the regressions are individually discussed below
to highlight further the underlying features of the dataset.

First, Column 9 drops the four Chinese economies. Perhaps surprisingly, the measured elas-
ticity strengthens when these economies are excluded (although the coefficient is not statistically
different from the base regression). The US Chinese research community exhibits the strongest
growth over the 1980-1997 period, and therefore receives significant attention in the fixed effect
estimations. All four economies exhibit strong export growth during the period studied and
contribute to a high elasticity in the regressions without the gravity covariates (evident in Fig-
ure 4). After the gravity covariates are included, however, Taiwan’s export growth is weaker
than the expanding US Chinese human-capital stock would have predicted (evident in Figure
3). Dropping this ethnicity thus raises the estimated elasticity from the base regression. In-
dividually excluding each Chinese economy also results in 10%-20% positive or negative shifts,
but the results are remarkably robust to dropping this special case.

The constructed sample also includes several industrialized economies that are undertaking
extensive R&D themselves. For example, Japanese inventors living in the US, who are well
identified with the ethnic-name database, patented less than 10,000 inventions from 1985-1997;
almost 300,000 patents were awarded to Japanese inventors living outside of the US during this
period.?” Positive correlations of export growth to US ethnic research may simply be capturing
reverse technology flows, intra-company patenting, or defensive patenting from these advanced
economies. Columns 10 and 13 demonstrate, however, that excluding the large European bloc
or Japan only results in small increases in the estimated elasticity. Hispanic countries also
account for about 45% of the sample, and Column 11 demonstrates that the results are robust
to dropping these nations too. Individual European and Hispanic countries can similarly be
excluded.?®

The last five columns turn to the ethnicities with single country mappings. India and Korea,
like the Chinese ethnicity, are widely noted for their export growth and US research presence

24The standard errors for the importer’s technology regressor in Columns 6 and 8 are calculated through dual
regressions clustering on the importer’s ethnicity.

2>The estimates are sums over inventor ethnicity percentages at the patent level. Japanese inventors are
associated with more patents due to multiple inventors.

26 An alternative strategy to mapping multiple countries into the Chinese, European, and Hispanic ethnicities
is to run the export regressions at the ethnicity level (thereby also removing intra-ethnicity trade). As these
sample composition exercise suggest, this approach yields similar results to the country-level analysis.
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during the 1980-1997 period. Excluding these two countries in Columns 12 and 14 leads to
only small declines in the estimated elasticity. Finally, the seventeen years covered by this
study witnessed the integration of the former Soviet Union and Vietnam into the world trading
community. During this period, the US research presence of these two ethnicities also increased,
especially Vietnamese which roughly quadrupled its ethnic share of US patent applications (from
a low initial position of 0.1%). Columns 15 and 16 show these groups contribute to the estimated
elasticity, but that the measured effect is not being driven by their integration alone.

Finally, unreported regressions divide the sample into two smaller, overlapping time periods:
1980-1992 and 1985-1997. The positive dependence of exports on technological advancement is
clearly present in both subsamples, but the relationship is stronger in the later years (elasticities
of 0.4 and 1.0, respectively). This higher elasticity stems from the stronger growth of Asian
research communities in US high-tech industries and their associated export growth in the later
years. Section 5’s industry-level regressions further evaluate the different elasticities in high-
tech versus low-tech industries. In summary, the sample composition adjustments find positive
export growth from scientific integration with the US is evident throughout the panel studied.

4.3 US Immigration Reform Estimations

The reduced-form estimations demonstrate a strong correlation between the growth of US ethnic
scientific communities and their home country’s export development. In preparation for the IV
specifications, it is important to question whether these correlations capture causal relationships.
Of particular concern is reverse causality. A plausible alternative to technology transfer from
the US is that foreign human-capital development leads to both export growth abroad, perhaps
with industry shifts due to the Rybczynski effect, and the emigration of scientists to the US.
If true, using US ethnic research communities measured through the patenting database as an
instrument for foreign technology levels would not solve the endogeneity problem.?’

US immigration law is a foothold for establishing greater confidence in the direction of cau-
sation as it only influences foreign exports (to countries other than the US) through the sizes
of US ethnic research communities and their associated technology transfer. If the populations
of immigrant scientists and engineers (ISEs) are exogenously determined by legal restrictions, a
second reduced-form strategy for ethnic human-capital stocks with respect to the US frontier can
be developed within the US quotas system. US immigration law does not control the population
sizes of foreigners in the US, but it does control the inflow of new immigrants. Define the quota
on ISE inflows from country ¢ to the US to be QUOT A.;. Assuming that only the previous

three years of immigration matter for a research stock?®, a reduced-form immigration estimator
9

2T Another concern may be omitted variables that simultaneously boost the productivity of US ethnic researchers
and the exports of their home countries (e.g., Japanese technology diffusion through Asian business networks).
The ability to contrast exporter and importer technology levels substantially weakens this concern, and most of
the ensuing discussion centers on reverse causality.

28The immigration reform examined below focuses on a very sharp surge in immigration that makes this
assumption reasonable.
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for ethnic scientific integration to the US is modelled as

5
In(IMME") =1n | Y (QUOTAcp—s + QUOTAcyy 1 + QUOT Agyy)| . (11)
s=1
The summation over the previous five years maintains the human-capital stock modelling tech-
nique employed with the ethnic patenting dataset. This section designs and implements an
empirical version of (11) using exogenous changes in US immigration quotas from the Immigra-
tion Act of 1990 (1990 Act).

The disproportionate influence of ISEs in the US is staggering: while immigrants account
for 10% of the US working population, they represent 25% of the US science and engineering
workforce and 50% of those with doctorates. Even looking within the Ph.D. level, immigrant
researchers have an exceptional contribution to science as measured by Nobel Prizes, election to
the National Academy of Sciences, patent citation counts, and so on.?? Yet, the US immigration
system significantly restricted the inflow of ISEs from certain nations prior to its reform with
the 1990 Act.

US immigration law applies two distinct quotas to numerically restricted immigrants.® Both
of these quotas were increased by the 1990 Act, and their combined change dramatically released
pent-up immigration demand from researchers in constrained countries. The first quota governs
the annual number of immigrants admitted per country. This quota is uniform across nations,
and the 1990 Act increased the limit from 20,000 to approximately 25,620.3! Larger nations are
more constrained by country quotas than smaller nations and benefited most from these higher
admission rates. Second, separately applied quotas govern the relative admissions of family-
based versus employment-based immigrants. Prior to the 1990 Act, the quotas substantially
favored family-reunification applications (216,000) to employment applications (54,000). The
1990 Act shifted this priority structure by raising employment-based immigration to 120,120
(20% to 36% of the total) and reducing family-based admissions to 196,000.*> Moreover, the
relative admissions of high-skilled professionals to low-skilled workers significantly increased
within the employment-based admissions.

The uniform country quotas and weak employment preferences constrained high-skilled im-
migration from large nations, and long waiting lists for Chinese, Indian, and Filipino applicants
formed in the 1980s. When the 1990 Act simultaneously raised both of these quotas, the number
of ISEs entering the US dramatically increased. Figures 5 and 6 detail the response. Figure

2 For example, Stephan and Levin (2001), Burton and Wang (1999), Johnson (1998, 2001), and Streeter (1997).

30US immigrants are admitted through numerically restricted categories, governed by the quotas discussed in
this section, and numerically unrestricted categories (e.g., immediate relatives of US citizens). The reduced-form
estimator centers on the numerically restricted categories that admit 75% of ISEs (versus 43% of all immigrants).
Jasso, Rosenzweig, and Smith (1998) outline US immigration policy and the 1990 Act; they further discuss
behavioral responses to changes in quotas. ISE inflows through the unrestricted categories are stable in the
years surrounding the 1990 reform.

31The worldwide ceiling for numerically restricted immigration now fluctuates slightly year-to-year based on
past levels; maximum immigration from a single country is limited to 7% of the worldwide ceiling.

32The employment limit increased to 140,000, but 120,120 corresponds to the previously restricted categories.
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5 plots the number of ISEs granted permanent residency in the US from 1983-1997 for selected
ethnicities (summed over countries within each ethnicity). Prior to the 1990 Act, no trends are
evident in ISE immigration. The 1990 Act took effect in October 1991, and a small increase
occurred in the final three months of 1991 for Chinese and Indian ISEs. Immigration further
surged in 1992-1995 as the pent-up demand was released.?

National Science Foundation surveys of graduating science and engineering doctoral students,
the group most important for developing human capital with respect to US innovations, confirm
the strong responses evident in the INS data. The questionnaires ask foreign-born Ph.D.
students in their final year of US study about their plans after graduation. Figure 6 exhibits
the percentage intending to remain in the US for available countries. The 60% to 90% jump
for Mainland China from 1990 to 1992 is striking. Substantial increases are also apparent for
India and Western Europe.

The second reduced-form strategy exploits differences in the extent to which countries were
affected by the 1990 reform. It is inappropriate, however, to use the outcomes exhibited in
Figures 5 and 6 to determine treatment and control groups. Kerr (2005a) undertakes a formal
analysis of researcher immigration responses to the legislation change, finding the constrained
countries to be India, Mainland China, the Philippines, and Taiwan. The reduced-form immi-

gration estimator (11) then takes the form

5
In(IMME") =In |> (QUOTAZ! + QUOTAZ | + QUOTAZ )|, (12)

ct—s et—s—1
s=1

where QU OTAgf 7 is the effective quota for country c in year t. Raising the numerical ceilings
did not change the effective quota for nations unconstrained by the former immigration regime,
and their effective quota is held constant at a pre-reform theoretical limit of the 20,000 country-
level quota multiplied by the 20% employment allocation. The effective quota for the four
constrained countries increases to reflect both the higher country limit of 25,600 and the larger
employment preference allocation of 36% (i.e., 120,120/336,000). This quota increase occurs
in 1991, and the shift is moved forward to 1990 for Mainland China to account for the Chinese
Student Protection Act.3*

Table 4 documents the reduced-form specifications (9) using the immigration quotas estima-

33Kerr (2005a) shows that low-skilled immigration remained constant during the 1990 reform; temporary
versus permanent immigration and the responses of other skilled occupations are also discussed. ISE trends
are developed from immigrant-level INS records using the Engineers, Natural Scientists, and Mathematical and
Computer Scientists occupations.

34The extremely large Chinese response and sharp decline in Figure 5 is partly due to a second law that slightly
modified the timing of the 1990 Act’s reforms. Following the Tiananmen Square crisis in June 1989, Chinese
students present in the US from the time of the crisis until May 1990 were permitted to remain in the US until at
least 1994 if they so desired. The Chinese Student Protection Act (CSPA), signed in 1992, further granted this
cohort the option to change from temporary to permanent status during a one-year period lasting from July 1993
to July 1994. The CSPA stipulated, however, that excess immigration from the CSPA, over Mainland China’s
numerical limit, be deducted from later admissions. The timing of the CSPA partly explains the 1993 spike, and
the ability of graduating Chinese science and engineering students to remain in the US in 1990 is factored into
the timing of the reduced-form estimator.
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tor (12) in place of the ethnic patenting estimator. The format of Table 4 mirrors Table 3.
Exports are found to increase with an elasticity of about 0.5 to the exporter’s scientific integra-
tion with the US. Although the 3, coefficients from the two reduced-form estimators should
not be directly compared, their similar qualitative directions do provide confidence that reverse
causality is not responsible for the positive reduced-form elasticities evident in Table 3. The
elasticity of exports to the importer’s technology integration is negative with this quotas-based
estimator. If the gravity covariates are excluded, however, this elasticity is instead positive and
very small.?

4.4 TFP Estimations

With both instruments and their reduced-forms described, this subsection completes the country-
level analysis with OLS and IV regressions of bilateral export volumes on the TFP indices (a
proxy for the country technology-location parameter T;). Column 1 of Table 5 estimates the
structural specification (8). While the TFP indices vary by country, the standard errors are
still clustered by ethnicity for comparison to the IV regressions. In contrast to Tables 3 and
4, the bilateral export elasticity to the exporter’s TFP development is much weaker (0.2) and
statistically insignificant when the gravity covariates are included. Column 2, however, shows
a much stronger response when the gravity covariates are excluded. Figures 7 and 8 illustrate
these regressions in a form similar to Figures 3 and 4.

The large coefficient swing from Column 1 to Column 2 brings to the forefront an underlying
data concern. Unlike the reduced-form estimations, the TFP indices and the gravity covariates
are derived from the same PWT data and are highly colinear by construction (recall the 92%
correlation in growth rates for the TFP indices and the exporters’ GDP per capitas). As
a result, the TFP elasticity is very sensitive to small specification changes. For example,
substituting the non-interacted exporter’s and importer’s GDPs and GDP per capitas for the
two interacted covariates restores the measured elasticity to 0.8. Moreover, it is questionable
whether the gravity covariates should be included in the upcoming IV regressions anyway due
to their endogeneity. As shown below, the IV regressions are robust to including or excluding
the gravity variables, and Table 5 maintains the same baseline estimation as the reduced-form
exercises for consistency.

Examining the remainder of Table 5, the balanced panel specifications of Columns 5 and 6 find
a stronger and statistically significant elasticity of exports to the exporter’s TFP index, while the
elasticity to the importer’s TFP index is negative and statistically insignificant. Column 8 shows
the positive elasticity derives from the latter part of the sample, while the sample decompositions
find the Chinese and Indian outcomes are most responsible for the partial correlations evident
between export and TFP growth. As noted in Section 3, TFP indices are unavailable for the
former Soviet Union and Vietnam (as well as Belize and Cuba), and these two ethnicities are

35Graphs for the immigrations quotas estimator are presented in the appendix.
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dropped from the sample considered in Figures 7 and 8 and Tables 5 and 6.

The core IV regressions using the US ethnic human-capital stocks instruments are presented
in Table 6A. The first four columns document again the OLS permutations with and without the
importer’s TFP regressor and gravity covariates. As noted earlier, the inclusion of the gravity
covariates substantially reduces the coefficient on the exporter’s TFP regressor. Columns 5-8 of
Table 6A instrument for the exporter’s and importer’s technology development with the ethnic
human-capital stocks developed from the US patenting dataset. The first-stage regressions in
Panels B and C demonstrate that ethnic scientific integration with the US improves the TFPs
of their home countries. The gravity covariates are included in the first-stages of Columns
6 and 8, but the coefficients are not reported to conserve space. Figures 9 and 10 plot the
first-stage regressions for the exporters, highlighting that technology transfer is most evident
for the Chinese, Indian, and Korean ethnicities. The first-stage relationship is weaker among
European economies and is not present for Latin America or Japan unless the gravity covariates
are included.

In contrast to the OLS regressions, the instrumented elasticities for the exporter’s technology
state are strong and statistically significant regardless of whether the gravity covariates are
included. The IV specifications are able to overcome the measurement error and colinearity
problems from the coarse TFP proxy. The estimated elasticity for the importer’s technology
state, on the other hand, is not robust to the including the gravity covariates. Unfortunately, the
null hypothesis that the two elasticities are equal cannot be rejected due to the large standard
errors for the importer’s technology state, but the greater importance of the exporter’s technology
does appear to hold true.

Columns 5-8 of Table 6B present the IV regressions using the immigration-based instruments.
The instrumented export elasticities of 1.1-1.7 to the exporter’s technology state are 50% larger
than those using the patent-based instrument; all of the elasticities but Column 8 are again
statistically significant. Moreover, the importer’s technology development is not found to in-
crease export volumes and is statistically different from the exporter’s contribution in Column
7. Taken together, these IV regressions find strong support for Ricardian technology differences
as a source of trade.?

4.5 Discussion of IV Elasticities

While both of this study’s instruments model the heterogeneous transfer of US technologies
through ethnic networks, the properties of the two instruments are quite different. The ethnic
human-capital stocks instrument calculated from the US patenting dataset is very rich in detail
and well measured, but it is admittedly exposed to reverse causality concerns. The immigration
quotas instrument, on the other hand, is exogenous and provides greater confidence in the

36Table A2 in the appendix shows the IV results are robust to the sample decompositions undertaken in the
reduced-form analysis. The only major departure is for the immigration quotas instrument when the Chinese
ethnicity is excluded.
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direction of technology flows. The price of this exogeneity, however, is less variation that can
be exploited. Of course, no instrument is perfect, but the liabilities of these two approaches are
largely orthogonal. Hence, the fact that the elasticities in Table 6 are relatively close should
provide confidence in the identified results.

A definitive explanation for the larger elasticity with the immigration-based instrument can-
not be given, but two hypotheses are readily identified. First, the theoretical development in
Section 2 assumes both constant country sizes and that the labor resources of each country are
fully employed in manufacturing. Several countries in the sample, however, have large reservoirs
of underutilized labor in agriculture, and the transition of these workers to manufacturing is im-
portant for characterizing their economic development (e.g., Harris and Todaro 1970). Kerr
(2005a) finds that technology transfer from the US to these emerging economies produces a
larger growth in manufacturing output compared to industrialized economies due employment
growth from sector reallocation complementing labor productivity gains.

In the current framework, this transition process is equivalent to an increase in effective
country size. If wage equality with the agricultural sector is also maintained, general-equilibrium
increases in the input costs ¢; for the manufacturing sector are also depressed. Both effects
further promote growth in export volumes. The immigration-based instrument focuses attention
on three economies undergoing this transition. The 1980 agriculture employment share for
Mainland China, India, and the Philippines are 70%, 74%, and 52%, respectively, compared to
8% in Taiwan and a sample mean of 22%.3" Additional sector reallocation to manufacturing
in these economies following technology transfer from the US may explain part of the larger
elasticity.

A second candidate explanation, however, is an omitted variable bias. The reduced variation
inherent in the immigration estimator’s design potentially exposes it to spurious correlation with
omitted factors that differentially affect the four treatment economies from the control group
around the 1990 Act. To take one case, India undertook several trade reforms in the early 1990s
as part of an IMF-supported adjustment program (e.g., Topalova 2004). While it is possible to
argue these reforms are endogenous outcomes to facilitate the expansion of exports, it certainly
conceivable that India’s reforms are in fact independent and potentially bias technology’s role
with the immigration IV upward. The price of the exogeneity in the immigration quotas
instrument is greater exposure to these types of concerns.

To summarize the material presented in this section, two estimators are developed to model
heterogeneous technology diffusion from the US through ethnic scientific networks. The first
uses ethnic patenting data to measure the human-capital stocks of each ethnicity with respect to
US innovations, while the second exploits exogenous changes in the sizes of US ethnic scientific
communities following the Immigration Act of 1990. In both reduced-form and IV specifications,

the exporter’s integration with the US frontier consistently yields growth in export volumes, while

37 Agricultural shares are from the United Nations Statistical Division and Sun, Fulginiti, and Peterson (2003).
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the importer’s integration has an inconsistent and often negligible effect. Taken together, these
country-level regressions provide strong evidence that Ricardian technology differences across
countries are important for explaining trade patterns.

5 Empirical Extensions

The bilateral perspective taken in Section 4’s country-level regressions affords a detailed contrast
of the exporter’s and importer’s technology development. The large number of exporter-importer
permutations, however, prohibits the use of much of the underlying industry and geographic
variation available in the ethnic patenting and trade datasets. This section undertakes two
extensions that highlight instead these other dimensions.

The first extension sums multilateral exports across destination countries to focus on industry-
level exports for each country. Technology advancement is again found to increase exports at
this disaggregated level. Moreover, this result is robust to including detailed country-level trends
that remove aggregate changes for the manufacturing sectors in each nation. This finding argues
against alternative hypotheses for the earlier results that would operate at the country-level (e.g.,
entry into trading blocs). Through matching exercises that further group industries according
their capital and skilled-labor intensities, the industry-level analysis also provides additional
confidence that a generalized Rybczynski effect due to factor accumulation is not responsible for
the positive elasticities assigned to technology growth.

The second extension returns to the bilateral trade data to explore how the elasticity esti-
mates differ by different geographic distances to import destinations. Export growth appears to

be strongest in bordering and nearby countries, but positive growth is evident at all distances.?®

5.1 Industry Analysis

The industry-level analysis sums exports for each country i across import destinations by the
ISIC industries listed in Table A1l. For comparison, country ¢’s imports from nations other than
the US are also calculated. As in the bilateral exercises, some observations have zero values
that are undefined in a log specification. The multiple specification checks undertaken in Table
7 (e.g., first differences, time trends) are best conducted with panels of uniform series length.
Accordingly, country-industry observations are excluded if they do not maintain $10k in non-US
multilateral exports and imports throughout the 1980-1997 period. A second bar of one ethnic
patent per annum is also applied. These hurdles focus the analysis on economically important
interactions, but the results are robust to raising or removing these hurdles.
The basic industry-level regressions for country ¢ and industry j in year ¢ take the form

In (X)) = a+ BIn (Hij) +yIn(GDP/CAP;) + (In (GDPy) + ¢;; + 1, + €iji- (13)

38Industry-level analyses do not follow directly from the Eaton and Kortum model, which requires random
industry technologies around the country technology aggregate to satisfy the Fréchet distribution.
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All of the industry-level specifications employ the detailed US ethnic human-capital stocks H,j;
that are constructed through the ethnic patenting database. The regressions retain the exporting
country’s gravity covariates and include vectors of country-industry fixed effects ¢,; and industry-
year fixed effects 7;,. In Table 7, Column 1 of the top panel finds a 5 coefficient of 0.7
when estimating (13). As in the country-level regressions, positive integration with the US
technology frontier increases manufacturing exports. The industry-level elasticity is statistically
significant, with the standard errors now clustered at the ethnicity-industry level to reflect the
more disaggregated data employed.

By itself, this industry-level regression provides two important checks on the earlier results.
First, the data development in Section 3 asserts that five-year sums of US ethnic patents can
proxy for the underlying sizes of ethnic research communities because changes in the patenting
productivity of US researchers will be absorbed into the aggregate year effects n,. This as-
sumption may be cavalier, however, as the patenting rate per researcher likely increased faster
in high-tech sectors than in more mundane fields. With ethnicities specializing in different
industries (e.g., the US Chinese in computer research), this composition effect can potentially
bias the results. By narrowing the focus to within-industry variation, this liability is minimized
because the patenting productivity is now controlled for at the industry-year level by the fixed
effects 7,,. Likewise, differential changes in industry prices (e.g., the rapid decline in computer
prices) in the nominal export volumes are now captured.

The second column in Panel A weights the observations by each industry’s patenting level
from 1980-1982. This weighting scheme focuses more attention on high-tech industries, finding
a small growth in the estimated elasticity. The stability of the elasticity across Columns 1
and 2 highlights, however, how pervasive the industry-level response of exports to technology
integration is.

The country-level exercises found weak export elasticities to the importer’s technology de-
velopment. The analogous industry-level prediction is that non-US multilateral imports should
respond less to scientific integration with the US frontier than exports. This Ricardian outcome
is evident in Columns 3 and 4, which present the unweighted and weighted regressions for im-
ports using a specification similar to (13). Unreported regressions further find that multilateral
imports respond more to the scientific integration of other ethnicities to the US frontier. This
contrast between exports and imports again emphasizes the role of technology in determining
trade patterns. Moreover, the asymmetry argues against omitted trade agreements affecting
the outcomes measured.

Many empirical analyses first difference a levels specifications for estimation,

Aln (Xz'jt) =«a+ BA In (Hijt) —+ ’)/A hl(GDP/OARt) + CA In (GD.PZt) + njt + Eijta (14)

where €;;; = € — €;4—1. The efficiency of a first-differences form versus the levels specification
turns on whether the error term ¢ is autoregressive. If autoregressive deviations are substantial,
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the first-differences form is preferred; a unit-root error is fully corrected. If there is no serial cor-
relation, however, first differencing introduces a moving-average error component. Estimations
of the autoregressive parameter in the levels specification (13) find moderate serial correlations
of 0.5-0.6. Columns 5-8 of Panel A show the Ricardian findings are evident in a first-differences
form too, although the measured export elasticity is weaker at 0.2-0.3.%

The lower panel in Table 7 presents a battery of specification checks to the base regressions
from Panel A. The tabulated coefficients are from separate regressions that modify the base re-
gressions as indicated in the left-hand column; the coefficients for the gravity covariates are again
omitted to conserve space. The first row of Panel B excludes the computer and drug industries.
Case studies of successful technology diffusion often focus on the computer and pharmaceutical
industries, and the exceptional outcomes of Asian scientific communities in Silicon Valley are
widely noted. While the industry-year effects control for the overall growth in each industry’s
research and output (e.g., Griliches 1994), it would be important to note if ethnic differences
in high-tech industries alone are responsible for the positive correlations. The minor elasticity
changes indicate that they are not.

More importantly, the bottom four rows introduce aggregate ethnicity-level and country-level
controls. The power of the industry-level analysis is its ability to isolate within-country variation,
even after removing levels differences and global industry trends. A positive 3 coefficient in these
regressions requires that China’s exports in the computer industry grow faster than its exports
in the pharmaceuticals industry if Chinese integration to the US computer frontier grows faster
than its integration to the pharmaceutical frontier. Strong performance in these regressions
places this same burden on any competing explanations.

The elasticity estimates are remarkably stable to these country-level controls. The spec-
ifications become more stringent as one moves down the rows from the linear time trends to
nonparametric country-year effects; the coefficient estimates naturally decline as the additional
variation is removed. Yet, a strong elasticity of export growth to scientific integration with the
US frontier is maintained even when the triple combination of country-industry, industry-year,
and country-year fixed effects are introduced. Moreover, the asymmetric growth of multilateral
exports over multilateral imports is maintained throughout. The robust conclusion from Table
7 is that Ricardian technology differences are important determinants of industry-level patterns
even after aggregate country trends are removed.

39 As first differencing exacerbates the downward bias in estimated coefficients due to measurement error in
the regressor, the levels form remains the preferred specification in this study. GLS estimations that correct the
autoregressive parameter yield elasticity estimates bounded by the levels and first-differences results presented.
Lagged dependent variable specifications that test for mean reversion also demonstrate export growth with
scientific integration.
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5.2 Testing for the Rybczynski Effect

In contrast to the Ricardian framework, Heckscher-Ohlin-Vanek (HOV) models describe trade as
resulting from factor differences across countries (e.g., labor, capital, natural resources). During
the period studied, some countries experienced significant growth in their skilled labor forces
and physical capital stocks, as well as their technology sets, and the former could lead to growth
in manufacturing exports due to the Rybczynski effect. Section 4’s immigration reform exer-
cise argues against this reverse causality explanation, and Table 7’s finding of strong technology
elasticities using only within-country variation again suggests a Rybczynski effect for the man-
ufacturing sector as a whole (e.g., a shift from agriculture to manufacturing due to capital
accumulation) is not responsible for the observed trade patterns. This subsection provides ad-
ditional evidence that technology’s role is not reflecting changes in trade patterns due to factor
accumulations by using industry comparisons within the manufacturing sector itself.

The intuition behind the proposed test is straightforward. Under the Rybczynski effect, the
accumulation of skilled workers in country ¢ shifts country i’s specialization towards manufac-
turing industries that employ skilled labor more intensively than other factors. By grouping
manufacturing industries by their skilled-labor intensities, tests examine if technology’s impor-
tant role is preserved after time trends are removed for these industry groups within each country.
To illustrate, both the computer and pharmaceutical industries are highly skill intensive. A
general Rybczynski effect due to skilled worker accumulation in China would favor specialization
and export growth in these industries equally. Additional confidence for technology’s role is
warranted if China’s exports grow faster in the skill-intensive industry that receives the strongest
technology transfer from the US relative to its peer industries.

To implement this matching exercise, industries are grouped into quintiles based upon their
mean 1980-1997 factor intensities in the US. Three intensities are studied — the industry’s
capital-labor ratio, the share of non-production workers in the industry’s labor force, and the
industry’s average wage. Table Al lists for each industry the quintile groupings assigned.
Textiles rank in the lowest quintiles in all three classifications schemes, while chemicals and
industrial machinery consistently fall into the top quintiles. Some differences do exist though.
The correlations among quintile groupings are 76% for capital-labor and wage, 59% for wage
and non-production share, and 37% for capital-labor and non-production share.

These detailed comparisons place a premium on the number of industries available for each
country. Accordingly, the matching test employs a slight variant of (13) that regresses the share
of country i’s manufacturing exports in industry j on the share of its US ethnic human-capital
stock in industry j,

(%) =a+f <§I{—Jz> + &5 + My + Eigee (15)
The regression retains the vectors of country-industry fixed effects ¢;; and industry-year fixed
effects 77;,. This regression is similar to the specification that included country-year fixed effects,
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but without the log transformation the zero export values can be incorporated.

The first column in Table 8 finds an unweighted [ coefficient of 0.7 with this modified speci-
fication. The next three columns incorporate into (15) the ethnicity time trends interacted with
each quintile group. For all three factor intensity comparisons, the positive role of technology
is preserved. The robustness of technology’s role in this matching exercise is also evident in the
weighted regressions of Columns 5-8.4°

These findings suggest an omitted factor accumulation is not confounding the strong role
for technology identified throughout this study. Of course, the test is not foolproof, as spe-
cialized foreign development could produce both export shifts within intensity groups and the
emigration of ethnic researchers trained in these specialized fields to the US. Nevertheless, the
combined evidence from the earlier immigration quotas estimations and this stringent matching
exercise suggests the results are robust to alternative factor-based explanations of trade. This
study concludes that Ricardian technology differences are an important determinant of trade

patterns.*!

5.3 Geographic Expansion

This study closes with some initial findings regarding the geographic margin of export growth
due to technology advances. This margin is quantified in the reduced-form specification (9)
for country-level bilateral exports. Table 9 begins by repeating the basic regression with the
bilateral exports for which distances are available (using the Great Circle distances between
capital cities). The sample is then divided into bordering countries in Column 2 and non-
bordering countries in Columns 3-7. Non-bordering countries are further separated into five
distance categories: 0-1500 km., 1501-3000 km., 3001-6000 km., 6001-9000 km., and greater
than 9000 km. To give a feel for these demarcations, the distances from Beijing, China, to the
capitals of Taiwan, Bangladesh, United Arab Emirates, and Spain are 1723 km., 3029 km., 5967
km., and 9229 km., respectively.

The estimated elasticities suggest export growth declines slightly with distance and in a
non-linear way. The strongest elasticities are found for bordering countries, although the small
sample size yields substantial standard errors, and non-bordering countries within 1500 km. The

remaining groupings, however, are not very different from the average elasticity estimate and

40Vietnam is excluded as its US ethnic patenting is very small in the early years of the sample, producing
several outliers in this industry-comparison exercise. The coefficient estimates are lower if Vietnam is included,
but they remain statistically significant and convey the same results.

4IThe ideal test would simply remove factor-based trade from the export volumes studied. This is test is
unattainable for several theoretical and practical reasons. First, while 2x2x2 HOV models (two countries, factors,
and goods) cleanly predict a country exports goods that intensely use the factors in which the country is well
endowed, this prediction does not hold universally in settings with multiple goods and factors (e.g., the critique of
Leamer (1980) on Leontief’s (1953) paradox). Likewise, bilateral trade patterns due to factor-based differences
are only determined for special cases in a multi-country world (e.g., Romalis 2004). Thus, strong assumptions
would be required for distinguishing factor-based trade in this empirical setting. Practically speaking, the data
constraint is also prohibitive as factor data and industry input-output matrices are very poorly measured for
most of the countries and years covered by this study. See Davis and Weinstein (2001) for an application using
richer OECD data.
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do not display an obvious trend. This latter stability is a comforting result as it suggests local
shocks (e.g., regional trade agreements, macroeconomic cycles) are not responsible results. A
complete characterization of the interaction between distance and export growth from technology
advancement is left for future work.

6 Conclusions

While the principle of Ricardian technology differences as a source of trade is well established
in the theory of international economics, empirical evaluations of its importance are relatively
rare due to the difficulty of quantifying and isolating technology differences. This study ex-
ploits heterogeneous technology diffusion from the US through ethnic scientific networks to make
additional headway using panel estimation techniques. Country-level regressions find bilateral
exports respond positively to the exporter’s technology development. This result is robust to
1) including the importer’s technology development as a regressor, 2) instrumenting for technol-
ogy development using scientific integration with the US frontier, 3) testing for reverse causality
using an exogenous reform of US immigration quotas, and 4) considering industry-level specifica-
tions that focus on within-country variation and test for factor accumulation alternatives. The
results strongly support the conclusion that technology differences are an important determinant
of trade.

Several promising extensions are currently being pursued using the additional geographic
and industry variation discussed in Section 5. The first project seeks a fuller characterization of
the industry and geographic margins of export expansion (including their joint interactions for
intensive and extensive growth). This research will bring specific attention to industry entry
and exit decisions and characterize the importance of different country sizes. A second project is
exploring the impact of technology transfer for trade policies and political institutions (and vice
versa). This additional work will further refine our understanding of how Ricardian technology

differences influence trading patterns among countries.
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