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Summary. — This paper empirically examines the different comparative advantages of China and India, in relation to their different skill
distribution patterns. By utilizing industry export data on China and India from 1983 to 2000, we find that a country with a greater
dispersion of skills (i.e., India, especially in the earlier years) has higher exports in industries with shorter production chains, while a
country with a more equal dispersion of skills (i.e., China, especially in the later years) has higher exports in industries with longer pro-
duction chains. The causal relationship is fairly robust and skill sorting mechanism seems to work behind.
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1. INTRODUCTION

China and India started economic reform around the early
1980s. Since then, both countries have enlarged their presence
in the global economy as a result of their rapid growth and
large populations. However, the patterns of economic devel-
opment in these two rapidly emerging economic giants seem
fairly different. Economic development in China has been dri-
ven by growth in manufacturing industries and exports,
whereas the Indian economy has been fueled by growth in ser-
vice industries and exports such as software, business process
outsourcing, and call center services. As of 2005, the shares of
manufacturing and service in GDP were 33% and 41% in
China, while 15% and 53% in India (World Bank, 2010).
The 2009 export value and share in total merchandise exports
of manufacturing goods were 1125 billion USD and 94%,
respectively in China, while 107 billion USD and 66% in India.
In contrast, in 2008, computer and information service exports
in India amounted to 36 billion USD, 5.8 times larger than in
China (WTO,2010a, 2010b). As will be examined in this paper,
the export patterns of China and India also differ within
manufacturing sector.

Why have China and India attained these different compar-
ative advantages? This paper aims to provide an answer to this
question. In particular, the analysis empirically examines the
different patterns of comparative advantages of China and In-
dia that result from the differences in skill distribution in each
country. It is notable that China historically has been enjoying
a much more equal skill distribution with a larger proportion
of semi-skilled workers who are equipped with a primary and
lower secondary level education. By contrast, the skill distribu-
tion in India is characterized by a large number of illiterate
populations and relatively large proportion of skilled people
with upper secondary and post-secondary education. As of
2005, the shares of employed people who were illiterate or
have only received education below the primary level (Level
1), primary and lower secondary education (Level 2), and
upper secondary and post-secondary education (Level 3) were
50%, 30%, and 21% in India, while 8%, 73%, and 19% in Chi-
na. Furthermore, the proportion of the most high-skilled
workers who have attained postgraduate (or above) education
was 1.5% in India compared with 0.2% in China.' Asuyama
(2011a) has raised several factors explaining why these
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different skill distribution patterns emerged between China
and India. However, in the present paper, skill distribution
is treated as exogenous. The possibility of endogeneity of skill
distribution is tested in the robustness analysis.

By utilizing industry export data on China and India from
1983 to 2000, this paper empirically shows that a country with
a relatively even skill distribution, that is China, has more ex-
ports in industries with longer production chains, whereas a
country with a relatively unequal skill distribution, that is In-
dia, has more exports in industry with shorter production
chains. In this paper, the length of production chains which
varies across industry is defined by how many units of domes-
tic nonlabor inputs are required in order to produce one unit
of industry output. It measures the size of production linkage
with the domestic intermediate input industries. For example,
automobile industry has longer production chains since pro-
ducing a car requires a huge amount of parts, including both
software and hardware. By contrast, software industry has
shorter production chains, because writing a software pro-
gram mainly requires labor and computers. As can be easily
imagined from this simple example, production chains gener-
ally tend to be longer in manufacturing compared with agri-
cultural, mining, and service sectors, although variation also
exists within each sector. Although the empirical results of this
paper are mostly based on nonservice industries, they indicate
that the difference in skill distribution between China and
India has influenced the patterns of their comparative advan-
tages. This finding is fairly robust across different specifica-
tions, including those which examine manufacturing samples
only, correct for selection bias, and control for infrastructure
factors.

The rest of the paper is organized as follows. Section 2 pre-
sents hypothesized mechanisms and related literature. Section
3 explains the empirical methodology. Section 4 describes the
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data and explains the construction of the key variables. Sec-
tion 5 presents the estimation results, including several analy-
ses of robustness. Section 6 concludes.

2. HYPOTHESIZED MECHANISMS AND RELATED
LITERATURE

This section briefly presents two hypothesized mechanisms
which can explain the causal linkage among skill distribution,
length of industry’s production chain, and comparative advan-
tage. To begin with, consider a world in which there are two
countries A and B and each country has two industries, X
and Y. Each country has a uniform distribution of workers’
skill with the same mean skill level g;, but country B has a
more unequal skill distribution, the mean-preserving spread
of country A’s skill distribution. Industry differs in the number
of nonlabor inputs #, that is, the “length of production chains”
or the size of production linkage, required to produce one
quality-unadjusted output. Industry Y has more » than indus-
try X does. Production function of each industry is supermod-
ular, exhibiting complementarity among input quality.

The first possible mechanism is closely related to the one
proposed by Grossman (2004). Let fi(qr, g(gnits - - - qNLn))
be industry k’s quality-adjusted output produced by a team
of one assembling/processing worker and n nonlabor inputs.
qr and gy, indicate skill level of the worker and quality level
of nonlabor input i, respectively. As an example, consider the
case where fi = \/q;[]\_ /@ Which is an O-ring type pro-
duction function proposed by Kremer (1993). Furthermore,
let us assume that gn;; has been produced by a worker and
that producing perfect-quality nonlabor input requires a cer-
tain minimum skill ¢,,, < ;. gyz; equals to the probability
of success in producing perfect-quality nonlabor input, which
corresponds to the proportion of workers in the economy with
skill level above ¢;,,,. It follows that gy;; becomes smaller in
country B which has a greater proportion of very low-skilled
workers. Moreover, increase in n leads to smaller
g = II;-1v/@yy (and thus having larger negative impact on
fi) in both countries, through accumulating the defect oc-
curred while each nonlabor input is produced.

The above setting is very close to the one in Grossman
(2004). In his model there are two industries, X’ and Y’. Indus-
try Y’ is characterized by team production (e.g., automobile
industry) involving two complementary tasks performed by
a team which consists of one manager and one worker. He
assumes imperfect labor contract in industry Y’, where an
individual’s contribution to the output is not observable and
team’s output is not verifiable. By contrast, an individual’s
contribution to firm output can be measured perfectly in the
other industry X' (e.g., software industry) which does not
involve team production. High-skilled individuals are discour-
aged from entering industry Y’, where industry productivity,
and thus the wages offered, are dragged down by the lower
skilled workers. Most talented individuals are sorted into
industry X’ where they can earn wages according to their
own skill levels. Furthermore, this tendency is much stronger
in country B because wages in industry Y’ are further dragged
down due to larger proportion of low-skilled workers in the
economy. Consequently, Grossman (2004) shows that employ-
ment and output of X’ expand in country B, which eventually
exports the goods of industry X’ that are produced by the most
skilled people. By contrast, country A exports the goods of
industry Y'.

If we replace the skill level of a “worker” in a team of Gross-
man (2004) with the aggregate quality of nonlabor inputs

gr, our X and Y become analogous to Grossman’s X' and
Y'. As a result, we can expect similar skill sorting mechanism
and reach a similar conclusion by assuming that true contribu-
tion of worker and nonlabor inputs is not observable and
team’s output is not verifiable. In my case, a team in industry
Y is constructed by labor and skill-embodied nonlabor inputs.
High-skilled workers are sorted into industry X, because in
industry Y, their wages are dragged down by the quality of
nonlabor inputs g.> Furthermore, g is lower in country B.
As in Grossman (2004), country B exports the goods of X,
while A exports the goods of Y. Since the negative impact of
gr on industry productivity and wages also becomes worse
as n increases, we can expect that country B has a comparative
advantage in industries with smaller n (shorter production
chain), while country A has one in industries with larger n
(longer production chain). However, since the model of Gross-
man (2004) is based on two-county, two-industry model with
zero n in one industry, whether the above logic applies to
the multi-county, multi-industry world with variant positive
n, is an empirical question.

The second possible mechanism is based on the model pro-
posed by Bombardini, Gallipoli, and Pupato (2009). They the-
oretically and empirically show that a country with greater
dispersion of human capital has more exports in industries
with a lower degree of complementarity among workers’ skills.
They construct multi-country, multi-industry model in which
all industry output is supermodular in workers’ skill and pro-
duced by a mass of workers who inherit country’s skill distri-
bution. Unlike Grossman, skill sorting does not occur. They
assume that workers’ skill is ex-ante unobservable and work-
ers are randomly matched with firms. Industries only differ
in the degrees of skill complementarity, resulting from exoge-
nous production technologies. As complementarity becomes
higher, the industry’s output declines with greater magnitude
in a county with greater skill dispersion. In our setting, in-
crease in n (the length of production chains) can play similar
role in magnifying the negative impact on industry output,
when no skill sorting is assumed. Let us assume that quality
of each nonlabor input is determined similarly to the one in
the first mechanism. Or alternatively, we can assume that each
nonlabor input is produced by a mass of workers whose skill
distribution is the same as the entire economy and its quality
is supermodular in workers’ skill. In this setting, the negative
impact of nonlabor inputs on industry output becomes larger
(and thus, industry output becomes smaller), as n increases, or
as country’s skill distribution becomes more disperse. By
applying the logic of Bombardini et al. (2009), we can con-
clude that country A exports the goods of industry Y, while
country B exports the goods of industry X.

This paper contributes to the literature in two ways. First,
the causal impact of the different skill distribution patterns
in China and India on the development patterns in each coun-
try is identified empirically. To my knowledge, only a limited
number of academic studies have explained why China and In-
dia differ in their comparative advantages (Gregory, Nollen, &
Tenev, 2009; Lo & Liu, 2009; Ohara & Lin, 2011). Although
the existing studies (Lo & Liu, 2009, in particular) regard
the skill level of workers as an important factor that influences
the pattern of development of China and India, none of them
have provided empirical evidence by identifying causal rela-
tionship.

Second, this paper proposes a new mechanism which links
country skill distribution to comparative advantage via the
length of industry production chains, and empirically indenti-
fies its causal relationship. This contributes to the literature
exploring the sources of comparative advantage. As Chor
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(2010) summarizes the recent surge of empirical studies on
sources of comparative advantages, differences between coun-
tries in productivity (as predicted by the Ricardian model),
factor endowments (as predicted by the Heckscher—Ohlin
model), and institutions have been identified as sources of
comparative advantage (for more details, see the introduction
of Chor (2010) and the papers cited). With regard to the
impact of skill distribution on comparative advantage, a few
theoretical and empirical studies exist (Bombardini et al,
2009; Grossman, 2004; Grossman & Maggi, 2000; Ohnsorge
& Trefler, 2007; Tang, 2010). Although the idea of the present
paper is closely related with Grossman (2004) and Bombardini
et al. (2009), none of the existing studies characterize industry
by the length of production chains which affects the quality of
nonlabor inputs. In addition, among those studies, only Bom-
bardini et al. (2009) and Tang (2010) empirically examine the
linkage between country skill distribution and comparative
advantage. Furthermore, as explained in Section 4(b), the
match index in the present paper has some advantages over
previous specifications. By using panel data, which is not com-
mon in the literature, and conducting a series of robustness
checks, this paper also increases the credibility of the results
obtained.

3. EMPIRICAL STRATEGY

I mostly follow the estimation strategy of Bombardini ez al.
(2009). Their estimation equation modifies the gravity equa-
tion, which aims to explain the size of bilateral trade flows by
various trade barriers as examined in Helpman, Melitz, and
Rubinstein (2008). Similar empirical strategies are employed
in several recent studies such as Chor (2010), Levchenko
(2007), Nunn (2007), and Cunat and Melitz (2007), which try
to detect the sources of comparative advantage by estimating
industry trade flows. In this paper, I primarily estimate the
following equations:

In(Export,,,,) = PMatchindex,; + Xy + FE + &xmir

where In(Export,,,;;) denotes the logarithm of exports from ex-
porter x (i.e., China or India) to importer m in industry i at
period 7 (divided by the product of GDPs of exporter x and
importer m); Matchlndex,;, is a measure to indicate how well
the skill dispersion of exporter x matches with the length of the
production chains of the domestic industry 7 at period #; X de-
notes other control variables as will be mentioned in Section
4(c). FE indicates various fixed effects: exporter-time fixed ef-
fects and importer-industry fixed effects (FE1), exporter-indus-
try fixed effects and importer-time fixed effects (FE2), and
exporter—importer-industry fixed effects and time fixed effects
(FE3). Our main focus is on the coefficient f as will be ex-
plained in Section 4(b).

4. DATA
(a) Exports

The industry export flow data on China and India are from
the “National Bureau of Economic Research-United Nations
(NBER-UN) Trade Data, 1962-2000” constructed by Feen-
stra and Lipsey (for details of the dataset, see Feenstra, Lip-
sey, Deng, Ma, & Mo, 2005). I extract the values of export
of China and India from the dataset, and convert them into
real 2000 USD values by deflating with the implicit GDP
deflator of each country and fixing both countries’ exchange

rates as those of year 2000. Then, the original 4-digit Standard
International Trade Classification (SITC codes) in the export
data is converted to the 19 industry classifications used in
my analysis. > In order to smooth the year-to-year fractional-
ization of exports, I use the 3-year average export for the four
periods: 1983-85, 1988-90, 1993-95, and 1998-2000.* These
3-year average industry exports are divided by the product
of GDPs (real 2000 USD price) of exporter x and importer
m to control for the size of both economies as sometimes done
in standard gravity equations (e.g., Anderson & Wincoop,
2003). The number of importers used in the present empirical
analysis amounts to 175.

(b) Match index of country skill dispersion and industry length
of production chains

First, skill dispersion index is constructed from the “Interna-
tional Data on Educational Attainment: Updates and Implica-
tions” constructed by Barro and Lee (for details, see Barro &
Lee, 2000). Using their distribution data on educational
attainment for the populations over age 15 of China and In-
dia, I construct skill dispersion index, CV,, which is the coef-
ficient of variation of skill computed as follows”:

CVy = \/ S (YEDU oy — AVG,,)*Pey] JAVG,,, where AVG,, is

average years of education of the population in country x at
time ¢, computed as AVG,, = > ., YEDU,,,P.,,. Subscript e de-
notes the level of educational attainment (no schooling, pri-
mary, secondary, and post-secondary); YEDU,,, is the
allocated years of education for each schooling level (0, 6,
12, and 16 years for China, and 0, 5, 12, and 16 years for India,
respectively, considering the typical years of schooling in each
country); and P,,, denotes the é)roportion of population with
educational attainment level e.” I also experimented with two
different skill dispersion indices, that is, the Gini coefficient
(Giniy,) and the proportion of semi-skilled population with
primary and secondary education level (MID,,). The three
skill dispersion indices and other related skill measures are
reported in Table 1. In order to minimize the possibility of re-
verse causality, following the treatment of Bombardini et al.
(2009), I use the measure of skill dispersion that is 8-10 years
before the year in which the exports occur.” All three skill dis-
persion indices indicate that skill distribution of China is more
equal compared with India, and that the degree of skill
inequality declined during 1975-90 in both countries. Since
the main empirical findings of the present paper generally do
not depend on which skill dispersion index we use, this paper
only presents the results obtained when using CV,.

As an index for the length of production chains of industry i
of exporter x at time ¢, the column sum of the Leontief inverse
coefficient of each industry (Leontief.;) computed from the in-
put—output (I0) tables of China and India is used. It is com-
puted as follows: Leontief,; = > rleon i, where leon., is
the Leontief inverse coefficient in cell ki of exporter x’s IO ta-
ble at time ¢. Subscripts k and i denote row and column of the
10 table, respectively. The Leontief inverse coefficient matrix
L comprised of kxi leon,;, s is computed as L = (I — Ad)’l,
where [ is the identity matrix; 4, is the input coefficient matrix
for domestic inputs, in which the coefficient in cell ki is the
amount of domestic input of industry k used by industry i di-
vided by the output of industry i. In sum, Leontief,; measures
how many units of domestic nonlabor input industry i re-
quires, both direct and indirect, to produce one unit of output
in industry 7. ® I use this Leontief; as a proxy for the length of
production chains of industry i. It should be noted that only
domestic inputs are used, since the quality of imported input
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Table 1. Skill dispersion indices of China and India (for the population over age 15)
Exporter Year Average years Percentage of population Percentage of population cv Gini MID
of education with no schooling with post-secondary education

China 1975 4.380 40.2 0.9 0.925 0.502 58.9
1980 4.760 34.0 0.9 0.829 0.452 65.0
1985 4.940 31.5 1.2 0.792 0.431 67.4
1990 5.850 222 1.9 0.653 0.352 75.9

India 1975 2.700 62.6 2.1 1.535 0.706 353
1980 3.270 66.6 2.4 1.561 0.731 31.1
1985 3.640 61.6 2.8 1.436 0.699 355
1990 4.100 55.8 33 1.295 0.656 41.0

Sources: Average years of education: Barro and Lee (2000); other variables: computed by author from Barro and Lee (2000). See Section 4(b).

is assumed to be relatively good and is not affected by the skill
of domestic workers. Industry’s intensity of imported input
usage is separately controlled in regression analyses.

Leontief;, of China is computed from the “Asian Interna-
tional I/O Table” of 1985, 1990, 1995, and 2000, constructed
by the Institute of Developing Economies, Japan External
Trade Organization (IDE-JETRO). For India, Leontief,; is
computed from the “Input-Output Transaction Table” of
1983-84, 1989-90, 1993-94, and 1998-99, published by the
Central Statistical Organisation (CSO) of India.'® Twenty-
four industry classifications (see Table 2) are used, as only
24 industry classifications are available for China for all
years.

Table 2 reports the four-period average Leontief;,. First, as
expected, the results show that the length of production chains
tends to be longer in manufacturing compared to the agricul-
tural, mining, and service industries in both countries. Second,
China tends to have developed longer domestic production

chains compared with India. ' It is possible that Indian firms
have more incentives to shorten the length of domestic pro-
duction chains in order to reduce the negative impact from
lower-skilled workers by increasing imported inputs. In this
case, the impact of country’s skill distribution on comparative
advantage is further strengthened through affecting firms’
decision on the length of domestic production chains. It is also
possible that industry technology is different across countries
due to other reasons. The previous studies mentioned earlier
constructed industry characteristics using data from only one
country (i.e., the United States), and assumed the same indus-
try structure across countries. However, it seems more appro-
priate to utilize country-specific industry characteristics, as
long as the endogeneity problem is avoided.

Finally, Matchlndex.;, (of industry i of exporter x at time 7)
is constructed as the product of the standardized skill disper-
sion index (of exporter x at 810 years before time #) and
the standardized index for the length of production chains

Table 2. Four-period average Leontief,; and Matchindex(CV);,

4-period average Leontief

4-period average Matchindex(CV)

Sector Industry China (Rank) India (Rank) China (Rank) India (Rank)

1 Paddy 1.687 (21) 1.572  (15) -0.530  (22) 0.728  (10)

Agric 2 Other agricultural products 1.592 (23) 1.408  (20) -0.628  (23) 1.088  (5)
cultrue 3 Livestock and poultry 1.907  (18) 1.873  (12) 0.041 (18) 0.022  (15)
4 Forestry 1.553  (24) 1.154  (23) -0.781  (24) 1.666  (2)

5 Fishery 1.685 (22) 1.223  (21) -0.437  (21) 1.528 (4)

Mining 6 Crude petroleum and natural gas 1.791  (19) 1.192  (22) -0.275  (20) 1.601 3)
7 Other mining 2.185 (13) 1.449  (19) 0.604 (13) 1.002  (6)

8 Food, beverage and tobacco 2233 (12) 1.881 (11) 0.698 (12) 0.106  (13)

9 Textile, leather, and the products thereof 2.458 4) 2.186 (1) 1.164  (6) -0.555  (24)

10 Timber and wooden products 2313 (10) 1.768  (14) 0.940 (9 0.333  (11)

11 Pulp, paper and printing 2336 (9 2.051 (6) 0.864 (10) -0.295 (20)

12 Chemical products 2365  (7) 2.054 (5 1.013  (8) -0.308  (21)

Manu- 13 Petroleum and petro products 2134 (14) 1.563  (16) 0.479  (15) 0.774  (9)
facturing 14 Rubber products 2235 (11 2.101 3) 0.754 (11) -0.333 (22)
15 Non-metallic mineral products 2.441 (6) 1.841  (13) 1.185 5) 0.148  (12)

16 Metal products 2555 (2 2,137 (2) 1457 (1) -0.512 (23)

17 Machinery 2456  (5) 1.926 (9) 1.189  (4) -0.006 (17)

18 Transport equipment 2509  (3) 2.055 4) 1.342  (3) -0.246  (19)

19 Other manufacturing products 2.361 (8) 1.929  (8) 1.015 (7)) 0.081 (14)

20 Electricity, gas, and water supply 2122 (15) 2.002 (7) 0.507 (14) -0.165 (18)

21 Construction 2.570 (1) 1.904 (10) 1.431 @) 0.006 (16)

Service 22 Trade and transport 1.999 (16) 1.515  (17) 0.206 (16) 0.855 (8)
23 Services 1.953  (17) 1.490 (18) 0.102 (17) 0942 (7)

24 Public administration 1.732  (20) 1.000 (24) -0.173  (19) 1.997 (1)

Average 2.132 1.720 0.507 0.436

Note: Cells are highlighted when the rank is less than or equal to 12.
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(of industry i of exporter x at time 7), multiplied by negative
one (—1). " The key here is that by standardizing both the skill
dispersion index and Leontief.;, Matchlndex.; is constructed
so that it becomes larger either when higher skill dispersion
and shorter production chains are multiplied (matched) or
when lower skill dispersion and longer production chains are
multiplied (matched).'* In this way, we can simultaneously
test whether a country with higher skill dispersion has more
exports in industries with shorter production chains and
whether a county with lower skill dispersion has more exports
in industries with longer production chains. A positive coeffi-
cient for the Matchindex ., indicates that exports become lar-
ger when skill distribution and the length of production chains
match better, thus supporting my hypothesis. This Matchin-
dex.;; has an advantage over the specification used by Bom-
bardini er al. (2009), which does not simultaneously test the
two directions of comparative advantage.

Table 2, which displays the four-period average of Matchiln-
dex(CV),ir, shows that China has a relatively larger Matchin-
dex(CV),; in most of the manufacturing industries, which are
characterized by longer production chains, while India has lar-
ger Matchlndex(CV),;, in industries with relatively shorter
production chains including agricultural, mining, and services,
and some manufacturing industries such as “Timber and woo-
den products,” “Petroleum and petro products,” and “Non-
metallic mineral products.”

(c) Other control variables

The first group of additional control variables accounts for
various conventional trade barriers between exporter—importer
pairs. They include logarithm of distance (In( Distance)_xm); the
presence of colonial ties (Colonial_xm); geographically contigu-
ity (Contiguous_xm); shared legal systems, languages, and reli-
gions (Legalsystem_xm, Language xm, and Religion_xm); and
the number of exporter/importer who are members of GATT
or WTO (GATT_WTO_xm). Those variables are mostly con-
structed from Helpman ez al. (2008), CEPII’s data, and Barro
and McCleary (2005).

The second group of control variables includes endowment
characteristics of the exporting country and its industries. These
control variables include the imported input ratio of industry
(ImportRatio_i); capital intensity of the exporting country (Kin-
tensity_x); the interaction term of Kintensity x with capital
intensity of industry (Kintensity_xxi); educational level of pop-
ulation in the exporting country (StdAvgEdu_x); skill intensity
of industry (Skillintensity_i); the interaction term of Skillinten-
sity_i with the skill intensity of the exporting country (Skillin-
tensity_xxi). Kintensity xxi and Skillintensity_xxi are added to
control for effects predicted by the Heckscher—Ohlin model that
a country exports relatively more in industries using relatively
more abundant factors in the country. Data on the skill distribu-
tion of workers at a detailed industry-level are only available for
India. Thus, Skillintensity_i and Skillintensity_xxi are added as
controls in regressions, when restricting the sample to India.
More detailed explanations on the above control variables are
provided in Appendix Table 7.

5. ESTIMATION RESULTS
(a) Baseline results
The baseline regression results with three types of fixed ef-

fects mentioned in Section 3 are reported in Table 3. The esti-
mates in columns (1), (3), and (5) use all exports in the 19

nonservice industries of China and India. However, exports
from primary industries might be substantially affected by in-
puts such as land, weather, and natural resources, which are
not included as inputs in the IO tables nor affected by worker
skill levels. Considering those unobserved factors on the pri-
mary industries, specifications (2), (4), and (6) restrict the sam-
ple to only the 12 manufacturing industries. The regression
result reported in column (7) is based on the sample of the
bilateral nonservice industry export data of 103 countries.
Although the sample is cross-section (1998-2000 average),
and Leontief.;, is computed from the 1997 10 table of the Uni-
ted States and applied for all countries as in the literature, the
result serves as reference point and contributes to supporting
those obtained from China and India sample, in which the var-
iation in skill dispersion is relatively small. '*> Results based on
the India sample with Skillintensity_i and Skillintensity_xxi
additionally controlled are reported in columns (1)—(4) of
Appendix Table 8.

Consistent with my hypothesis, the estimated coefficients for
MatchIndex(CV),;, are positive and statistically significant in
all specifications. For example, in column (1), a unit increase
in Matchindex(CV),;, is associated with a 36.3% (=[ex-
p(0.310) — 1] % 100) increase in industry exports. Similarly, a
unit increase in Matchindex(CV),;, in columns (2)—(6) is asso-
ciated with 10.8%, 50.8%, 39.7%, 33.3%, and 26.9% increase in
industry exports, respectively. Even under the most modest
estimate of 10.8%, for instance, if the Matchindex(CV),;, of
the machinery industry in India (—0.229) had been the same
as that of China (1.200) in the third period, mainly by achiev-
ing more even skill distribution, Indian exports in machinery
would have been larger by 15.8% point (=[exp{0.103 * [1.200 —
(—0.229)]} — 1] * 100) after controlling for various other deter-
minants. The statistically significant coefficient of Matchin-
dex(CV),;; in column (7) makes the results obtained from
China and India sample robust.

The estimated coefficients for standard trade barriers be-
tween exporter-importer paris exhibit the predicted signs ex-
cept for GATT/WTO membership based on the China and
India sample. Distance is negatively associated with exports.
Geographic continuity, colonial ties, common legal systems,
languages, and religions are all positively associated with ex-
ports, although not all estimates are statistically significant.
Somewhat unexpectedly, capital intensity of the exporting
country is negatively associated with exports in most columns.
The average educational level of the population in the export-
ing country is positively associated with exports. The esti-
mated positive relationship between exports and the
interaction terms of capital/skill intensity of exporting country
and industry confirms the prediction of the Heckscher—Ohlin
model. The coefficient of industry ratio of imported input is
positive with FE2 and FE3, but negative with FE1.

(b) Robustness analyses

(i) Test for endogeneity

The patterns of industry exports may influence the skill dis-
tribution and the length of industry production chains of the
exporting country. In addition to such a reverse causality
problem, Matchlndex(CV),; might be correlated with unob-
served factors in the error term. Such endogeneity problems
of the match index would lead to the biased estimates for
the coefficients of MatchIndex(CV),;, in Table 3.

In order to take into account the possibility of endogeneity,
I construct an instrument for Matchindex(CV),; and test
whether Matchindex(CV),;, is endogenous or not. 16 The
instrument (Matchindex(IV),;,) is constructed similarly to
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Table 3. Determinants of comparative advantage (baseline results)

Sample China and India (Ref.) World, nonservice
Nonservice Manufacturing Nonservice Manufacturing Nonservice Manufacturing (1998-2000 average)
(1) (2) (3) 4) (5) (6) (7)
Matchindex(CV)_xxi 0.310™" 0.103"" 0.411™" 0.334™" 0.287"" 0.238""" 0.332""
(0.025) (0.042) (0.056) (0.062) (0.072) (0.075) (0.020)
ImportRatio_i —0.004 —0.010™"" 0.026™" 0.009 0.028"" 0.011
(0.003) (0.003) (0.006) (0.006) (0.007) (0.007)
Kintensity_x —0.016™" —0.012""" —0.001 0.006
(0.003) (0.004) (0.006) (0.007)
Kintensity_xxi 0.000 0.000" 0.000""" 0.000 0.000™" 0.000
(0.000) (0.000) (0.000) (0.000) (0.000) (0.000)
StdAvgEdu_x 0.402""" 0.340™" —0.006 —0.139
(0.121) (0.146) (0.211) (0.245)
In(Distance)_xm —0.868""" —0.787"" —0.917"" —0.808™" —0.932""
(0.303) (0.345) (0.263) (0.316) (0.022)
Contiguous_xm 0.796" 0.624 0.824"" 0.867" 0.429"
(0.456) (0.493) (0.345) (0.393) (0.080)
Legalsystem_xm 0.113 0.112 0.071 0.089 0.179™"
(0.117) (0.128) (0.096) (0.107) (0.025)
Colonial_xm 0.184 0.497"" 0.305 0.507"" 0.616™"
(0.212) (0.229) (0.207) (0.224) (0.074)
Language_xm 0.056 0.113 0.071 0.083 0.191°"
(0.157) (0.173) (0.131) (0.147) (0.039)
Religion_xm 0.000""" 0.000""" 0.000""" 0.000""" 0.002"" 0.003™"" 0.000"""
(0.000) (0.000) (0.000) (0.000) (0.001) (0.001) (0.000)
GATT_WTO_xm —0.141 —0.112 —1.956"" —2.000""" —0.104 —0.081 1.723™
(0.150) (0.158) (0.171) (0.182) (0.171) (0.182) (0.412)
Fixed effects FEl FE1 FE2 FE2 FE3 FE3 FE4
Number of observations 11,017 8555 11,017 8555 11,017 8555 72,822
R-squared 0.757 0.752 0.625 0.649 0.857 0.854 0.427
F-statistics 45.06 52.29 139.09 152.73 24.70 30.48 222.19

Notes: FEI indicates exporter-time fixed effects (FE) and importer-industry FE. FE2 indicates exporter-industry FE and importer-time FE. FE3 indicates
exporter—importer-industry FE and time FE. FE4 indicates exporter FE, importer FE, and industry FE. The dependent variable is the logarithm of 3-year
average exports (divided by [GDP of exporter x * GDP of importer m]) from exporter x to importer 2 in industry i. Robust standard errors, clustered by
exporter—importer pair are reported in parentheses. In (7), dummies which indicate whether exporter x and importer m belong to a common regional trade
arrangement (RTA) and share a currency (CU; taken from Head, Mayer, and Ries (2010)), and number of islands and landlocked countries in exporter—
importer pair (islands and landlocked; taken from Helpman ez al. (2008)) are also controlled. Those control variables are not included in (1)—(6) due to

either perfect collinearity or a very small variation.
*10% significance level.
:;5% significance level.

1% significance level.

MatchIndex(CV),; by multiplying the two standardized vari-
ables. The first is equal to one minus the 3-year average ratio
of primary and secondary school enrollment to the popula-
tion, which predates the skill dispersion measures by 10 years.
The other is Leontief,;, computed for Thailand using the IDE-
JETRO’s “Asian International I/O Table” of 1985, 1990,
1995, and 2000. Thailand is chosen because it is a relatively
large developing country in Asia and exports varieties of
goods including both manufacturing and agricultural goods.
Conducting the Hansen (or Sargan) test which examines the
validity of the instrument is not feasible, because the test re-
quires more than one instrument. However, since both vari-
ables influence the patterns of industry exports only
indirectly through CV,, and Leontief,;, by construction,
Matchlndex(IV),;, satisfies the exclusion restriction necessary
in order for the instrument to be valid.

Using the above instrument, endogeneity of Matchin-
dex(CV),;, is tested following the method of Wooldridge
(Wooldridge, 2006, pp. 532-533). In the first stage, Matchiln-
dex(CV),, 1s regressed on Matchindex(IV),;, and all the exog-
enous variables in the baseline estimation (columns (1), (3),
and (5) of Table 3). In the second stage, the residual obtained

from the first stage regression is added to the baseline estima-
tion equation. If the coefficient of the first stage residual is sta-
tistically different from zero, we can conclude that our match
index is endogenous. The first-stage estimation results show
that our instrument is very strong and statistically significant
at the 1% level (the F statistics of Matchlndex(1V),;, is 4481,
1185, and 243, depending on specification). However, the sec-
ond-stage estimation results indicate that we cannot conclude
that our match index is endogenous, since the estimated coef-
ficient for the first stage residual is not significantly different
from zero, even at a 10% significance level. Thus, I assume that
our match index is exogenous.

(i1) Selection corrections

The baseline estimations omit observations with export val-
ues of zero, due to their log transformation. However, obser-
vations with zero exports constitute about half of the export
sample (e.g., 54.0% in the nonservices export sample and
43.4% in manufacturing export sample), although both China
and India have positive values for total exports in each indus-
try. Zero bilateral industry trade indicates that firms decide
not to export to a certain country due to the presence of high
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Table 4. Selection corrected estimates (PPML estimation)

Sample China and India (Ref.) World, nonservice
Nonservice Manufacturing Nonservice Manufacturing Nonservice Manufacturing (1998-2000 average)
(1) (2) (3) (4) (5) (6) (7)
Matchindex(CV)_xxi 0.163" 0.174" 0.365™ 0.038 0.315" —0.018 0.359™
(0.073) (0.095) (0.173) (0.128) (0.173) (0.128) (0.162)
ImportRatio_i 0.013™ 0.004 0.051""" 0.019™ 0.052™" 0.021°"
(0.006) (0.006) (0.010) (0.009) (0.010) (0.010)
Kintensity_x 0.011 0.028™"" 0.008 0.025™"
(0.008) (0.007) (0.013) (0.010)
Kintensity_xxi 0.000" 0.000 0.000 0.000 0.000 0.000
(0.000) (0.000) (0.000) (0.000) (0.000) (0.000)
StdAvgEdu_x 0.167 —0.543" 0.594 —0.106
(0.327) (0.281) (0.517) (0.430)
In(Distance)_xm —1.184™"" —1.004™" —1.283"" —1.083™" —0.936"""
(0.351) (0.329) (0.375) (0.356) (0.082)
Contiguous_xm 0.9417"" 1.060"" 1.000™" 1.104™" 0.300™"
(0.253) (0.251) (0.260) (0.250) (0.149)
Legalsystem_xm 0.087 0.107 0.035 0.049 0.139
(0.121) (0.128) (0.118) (0.125) (0.117)
Colonial_xm 0.847""" 0.907"" 0.747""" 0.804™"" 1.329"
(0.252) (0.273) (0.277) (0.298) (0.313)
Language_xm 0.089 —0.072 0.126 —0.004 0.591""
(0.178) (0.197) (0.178) (0.198) (0.169)
Religion_xm 0.000™" 0.000™" 0.000 0.000" 0.001"" 0.001""" 0.000"""
(0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000)
GATT_WTO_xm 0.009 —0.010 0.128 —0.044 —0.041 —0.083 0.138
(0.242) (0.232) (0.161) (0.160) (0.235) (0.218) (0.549)
Fixed effects FE1 FE1 FE2 FE2 FE3 FE3 FE4
Number of observations 17,182 12,752 20,985 13,224 15,052 11,483 305,292

Notes: PPML estimators are computed using ppm/ command of STATA developed by Silva and Tenreyro. The dependent variable is the 3-year average
exports (divided by [GDP of exporter x x GDP of importer m]) from exporter x to importer m in industry i. Robust standard errors clustered by exporter—
importer pair are reported in parentheses. Notations for fixed effects are the same as in Table 3. In (7), RTA, CU, islands, landlocked are also controlled.

:*10% significance level.
... 5% significance level.
1% significance level.

Table 5. Infrastructure match index added (PPML estimation)

Sample Nonservice Manufacturing Nonservice Manufacturing Nonservice Manufacturing
Infrastructure variables Powerloss Powerloss Road Road Powerloss Powerloss
(1) (2) (3) (4) (5) (6)
Matchindex(CV)_xxi 0.539""" 0.478"" 0.627°" 0.453"" 0.673"* 0.609""
(0.135) (0.154) (0.128) (0.145) (0.228) (0.178)
Matchlndex( Powerloss)_xxi —0.423"" —0.373"" —0.591""" —0.733"
(0.102) (0.126) (0.142) (0.184)
Matchindex( Road)_xxi 0.523"" 0.346™"
(0.130) (0.122)
Fixed effects FE1 FEI FEI FEI1 FE2 FE2
Number of observations 17,182 12,752 17,182 12,752 20,985 13,224
Sample Nonservice Manufacturing Nonservice Manufacturing Nonservice Manufacturing
Infrastructure variables Road Road Powerloss Powerloss Road Road
(7) (8) ) (10) (11) (12)
Matchlndex(CV)_xxi 0.540™ 0.413"" 0.609"" 0.519""" 0.479™ 0.295"
(0.218) (0.154) (0.236) (0.190) (0.221) (0.164)
Matchindex( Powerloss) _xxi 0.563""" —0.682"""
(0.150) (0.178)
MatchIndex(Road)_xxi 0.640™"" 0.585™"" 0.608™"" 0.489™""
(0.151) (0.165) (0.157) (0.167)
Fixed effects FE2 FE2 FE3 FE3 FE3 FE3
Number of observations 20,985 13,224 15,052 11,483 15,052 11,483

Notes: Estimation is based on the China and India sample. Control variables other than infrastructure match index are the same as in Table 4. See notes
for the columns (1)—-(6) in Table 4.
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trade barriers at time 7. ! If so, excluding zero export observa-
tions may generate biased estimates by introducing the corre-
lation between observed and unobserved trade barriers, as
Helpman e al. (2008) suggest. To correct for such selection
bias, I utilize the Poisson pseudo-maximume-likelihood
(PPML) method, which can include zero export value as the
dependent variable. By comparing several estimation methods,
Silva and Tenreyro (2006) propose this PPML method to deal
with zeros in trade data, as well as a heteroskedasticity bias,
when estimating gravity equations. '8
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Tables 4 and columns (5)—(8) of Appendix Table 8 report
the PPML estimation results. In all but one specification (col-
umn (6) of Table 4), the estimated coefficient of the match in-
dex is positive, consistent with my hypothesis. Seven of them
are statistically significant at a 5% or 10% level. The signs of
the estimated coefficients for the conventional bilateral trade
barriers are almost the same as those in Table 3. The some-
what unexpected negative signs in Table 3 now either become
positive (ImportRatio_i, Kintensity x, and Skillintensity_i) or
insignificant (GATT _WTO_xm).

100.0 N — N .
=3 a) China
90.0
(2005)
80.0 = Postgraduates
70.0 L and above
S ]
60.0 ‘ ‘ 4
:¢ :¢ FrA <: [ Undergraduates
50.0 el ke d e
e i ¢ o
400 S5 1S
¢: = <:< =1 Upper
30.0 z> >: :>‘ secondary
20.0 . :<
P
10.0 > N lower
secondary
0.0
9 5 | = w | w5 | ¢ | g g | 2l 8| 2| 8| | 5|, |l
% s Ew £ € £ 28 g B | £ e B &] &8 8 g |¥ |55l == Primary
"8 s | g 5|3 g s€ £ &£ g & 8 5|8 E|2ZF% 88
- = o = © iz — = =R 2
22 £l g 8 |22 ST 3 4 2 8 £l3zEg s
5 od 2 (U] S s | S vl @ 3 2 i [§] ¢ To £l a0
£ g - 8| & 58| - | T - £ 39 E® P )
25 s Z 2138 ¢ 5 G < S |2%| 5o 2 5| EH Belowprimary
S € (=] € € C © T S S < 9| <5 3<
o3 = 5} £8| v @ @ 8 |20l 08 Y
T T 8 Q L © o - £ w3583 o
o0 o 2 o 3 4 c S S ¢ S wn | S
< o S o L o - S S | T a 9
w © ] [e) @ = ©“ n .
= | @al < B o o w= Below primary
£ = 3 & I
S & 2
© S
s}
= Uptolower
0 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 secondary
100.0 | == — - .
. E B EH & b) India
P
90.0 E 5 (2004/05)
;
80.0 % 5 == Postgraduates
and above
70.0 -
><
;
60.0 ™~ . 3 Undergraduates
:
50.0 .
.
40.0 "
i =3 Upper
30.0 secondary
20.0 \
10.0 ! EEm |ower
’ HH secondary
0.0 lnnn il A L
% s |2 ® 00 ] c g el o3 < 3 8 4 4 c € < Y| - == Primary
o by = £ © i) o 2 © o c 8 2 o o Q o . S| o
Flgs s 5 2|8 G |c&lEl 228 g B E 2 |5%/§¢
S8 8 4| 2 » 283 T 5| 5| s % 8| S| &8 3 =8 3¢
i © k4 =] © =20 = o A © Bul © 8 s
< = 7] = © " ) ) 2 o] o° € [S] = o
U o =] o c i) 29 = o 4 o o w g 3 i g < 9 .
5 £ s = S Hh |58 T 3 £ c c L | €5| 8 2| B Belowprimary
2 B8 = > S - [ < i < = Ol nh 9
S € = S £ € 2 © I3 > S - = EN| Q<
o3 = o g9 @ ° ] @ 2 © | T'c| oR
Z T 3 o 59 © T N [ ol @ g c| <=0
2 g 2 83| & 2 g S| T |eg®|e
< w © QL = ° ‘@ o3 ) 20 & .
s @3l £ i 22 s S = = Below primary
I = 5 &5
o 2 <}
&) S (%]
o
- Uptolower
0 12 | 3 5 |6 | 7 | 8 | 9 | 10| 11| 12| 13| 14| 15 | 16 | 17 | 18 secondary
Figure 1. Educational attainment of employed population by industry. Note and Source: The same as in endnote 1.
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(iii) Additional match index controlled

One of the key hypotheses of this paper is that the produc-
tivity of an industry with longer production chains is more
likely to be dragged down by low-skilled workers involved
across the chains. However, negative impacts resulted from
low capacity and poor quality of production infrastructure,
may also accumulate across the production chains. In order
to control for these negative impacts of poor infrastructure,
I construct two match indices: Matchlndex(Powerloss).;, and
MatchIndex(Road),;. Each index is constructed similarly to
the skill match index (e.g., Matchindex(CV),;). Instead of
using the skill dispersion index CV,, I use data on electric
power transmission and distribution loss in the exporting
country (Powerloss,,;, measured as a percentage of output),
and (—1)" road density in China and India (Road,,, kilometers
of total road network divided by 100 km? of land area),
respectively.

Table 5 and the columns (9)—(16) in Appendix Table 8§ report
the PPML estimation results having introduced either Match-
Index(Powerloss);; or Matchindex(Road),;, as an additional
control variable. Each index is added separately, since adding
both indices together creates a multicollinearity problem. Even
after controlling for infrastructure, positive coefficients of
MatchIndex(CV),;, are obtained in all specifications. They are
also statistically significant, except for columns (11) and (15)
in Appendix Table 8. In Table 5, the sizes of the coefficients be-
come even larger compared to those of Table 4. The effect of
MatchIndex(Powerloss),;, is unexpectedly negative in all speci-
fications. This may be because our variable, Powerloss,, just
indicates the management technology or quality of the power
supply system, and is not related with the quality of power actu-
ally used in the production stage. In order to control for the
quality of power used in actual production, we might need data
such as the frequency of blackouts that are not restored by gen-
erator. The effect of Matchindex(Road),;, is positive in all spec-
ifications as anticipated.

In summary, the series of robustness checks presented above
largely confirm the positive impact of the skill match index on
the size of exports.

(c) Skill sorting hypothesis v.s. random matching hypothesis

The results obtained so far have shown that a country with a
greater [lesser] dispersion of skill has higher exports in indus-
tries with shorter [longer] production chains. Is the skill sort-
ing mechanism, that is the first hypothesis presented in
Introduction, working behind? Or does the random matching
between workers and firms prevail as proposed by the second
hypothesis? We can find some supporting evidence for the skill
sorting hypothesis based on descriptive statistics and the India
sample. First, Figure 1 indicates the presence of skill sorting
across industries in both countries, under the assumption of
high correlation between unobserved skill and educational
attainment. Figure 1 shows the breakdown of the educational
attainment by industry of the employed population of China
and India in 2005, although industry classification is different
from the one used in the previous regression analysis. Most
service industries employ relatively more educated people than
the agricultural, mining, and manufacturing industries.
Figure 1 also shows that the skill level of workers in China
in manufacturing is higher and more homogeneous, while
the skill level of workers in India in several service industries
(telecommunication and computer services, wholesale and re-
tail trade, leasing and business services, R&D and technical
services, and health and social work) is higher in terms of
the proportion of workers with more than lower secondary
education. This proportion is also higher in India in the agri-
culture, forestry, hunting, and fishing industries. As we have
seen, production chains tend to be longer in manufacturing
and shorter in agricultural, mining, and service industries.
Hence, the skill distribution patterns by industry of China
and India seem to be consistent with the skill sorting hypoth-

Table 6. Regression results for skill sorting (India sample)

Sample India, all industries India, nonservice
(1) (2) (3) (4) (5) (6)
leontief —8.303"" —3.646"" —2.908 —4.544 —3.189" —1.726
(3.124) (1.486) (2.122) (4.171) (1.880) (2.746)
bpleon —0.388""" —0.403""" —0.380""" —0.394™""
(0.029) (0.037) (0.036) (0.041)
Time dummy Yes Yes Yes Yes Yes Yes
Sector dummy Yes No Yes Yes No Yes
N 96 96 96 76 76 76
R-squared 0.267 0.683 0.684 0.192 0.656 0.659
F-statistics 5.40 38.73 27.24 3.32 26.69 22.19
India, manufacturing and service India, manufacturing
(7) (8) ) (10) (11)
leontief —8.200"" —3.574" —4.108" —0.337 —5.322
(3.602) (1.910) (2.292) (5.722) (3.557)
bpleon —0.457"" —0.458""" —0.473"""
(0.046) (0.046) (0.056)
Time dummy Yes Yes Yes Yes Yes
Sector dummy Yes No Yes No No
N 68 68 68 48 43
R-squared 0.218 0.698 0.699 0.143 0.685
F-statistics 3.46 28.62 23.57 1.80 18.30

Notes: The dependent variable is the percentage of workers who have attained post-secondary education in industry i.

:*10% significance level.
***5% significance level.
1% significance level.
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esis, where high-skilled people are encouraged more to be
sorted into industries with shorter production chains in a
country like India which has a greater dispersion of skill.

Second, Appendix Table 8 shows that after correcting for
selection bias, most of the coefficients of industry’s skill inten-
sity (Skillintensity i) become positive supporting the skill sort-
ing hypothesis, although they are mostly insignificant. Third,
we can also observe skill sorting trend by conducting simple
OLS regressions based on the India sample. In Table 6, the
percentage of workers who have attained post-secondary edu-
cation in industry i (postsec;) is regressed on Leontief;; and
other control variables such as the percentage of low-skilled
workers involved across the chains (bpleon;,), time dummies
(four periods), and broad sector dummies (primary, manufac-
turing, and service). bpleon;, is defined as the percentage of
low-skilled workers (i.e., illiterate workers and literate workers
without formal schooling or with below primary-level educa-
tion), who are involved across all the production chains of
industry i. It is computed as bpleon;, = > bpwing, * (leony;,/
Leontief;), where bpwiny, is the percentage of low-skilled peo-
ple working within industry k, which is computed from the
NSSO’s data (NSSO, 1983, 1987-88, 1993-94, 1999-00).
bpleon;, is controlled because in addition to the length of pro-
duction chains, the degree of involvement by low-skilled work-
ers across the chains determines how much high-skilled
workers’ wages are dragged down.

Columns of Table 6 differ in sample and control variables as
expressed in the table. Although some coefficients are not sta-
tistically significant, Leontief;, and postsec; are negatively
associated in all specifications, as expected by the skill sorting
hypothesis: The proportion of the high-skilled workers in
industry 7 declines as the industry production chains become
longer. The similar results are obtained in Asuyama (2011b)
which examines skill sorting across 42 Indian industries in
1999-2000.

6. CONCLUDING REMARKS

This paper empirically examines the different comparative
advantages of the two emerging economic giants, China and
India that result from the different skill distribution patterns
in each country. By utilizing industry export data on China
and India from 1983 to 2000, this paper finds that a country
with a greater dispersion of skills (i.e., India, especially in

the earlier years) has higher exports in industries with shorter
production chains. Conversely, a country with a more equal
dispersion of skills (i.e., China, especially in the later years)
is found to have higher exports in industries with longer pro-
duction chains. The causal relationship is fairly robust across
different specifications, including those which examine manu-
facturing samples only, test for endogeneity, correct for selec-
tion bias, and control for infrastructure factors. Although
further research is necessary, skill sorting mechanism seems
to explain this causal relationship.

Although skill distributions are becoming more equal over
time in both countries, China has enjoyed more equal skill dis-
tribution compared with India. Skill distribution in India is
characterized by a much narrower semi-skilled labor force in
the middle and much larger proportions of illiterate and
skilled workers at opposite ends of the spectrum. The length
of production chains tends to be longer in most manufacturing
industries, while shorter in the agricultural, mining, and ser-
vice industries. Although our main estimation results are only
strictly applicable to nonservice industries, our results are con-
sistent with the fact that China, a country with narrower dis-
persion of skills, has a comparative advantage in large-scale
manufacturing industries with longer production chains, while
India, a country with a greater dispersion of skills, has a com-
parative advantage in offshore service industries with shorter
production chains. ' This finding indicates that if India would
like to foster large-scale manufacturing industries with long
domestic supply chains and increase exports in these indus-
tries, it needs to increase the number of semi-skilled workers
with primary or secondary education and make skill distribu-
tion more equal. As Asuyama (2011a) has examined, potential
solutions may include various reforms in education and train-
ing policies, such as redesigning the financing system for edu-
cation and the incentive structure for teachers and local
government officials, as well as simply improving the quantity
and quality of primary and secondary education.

In addition to further exploring the linkage between skill
sorting and comparative advantage, fully incorporating ser-
vice industries into the empirical analysis is left for future re-
search. Another possible extension of this research is to take
into account the different skill content across each production
chain, in addition to the length of production chains. Finally,
building a multi-country, multi-industry skill sorting model
which endogenizes the length of production chains is also left
for future research.

NOTES

1. Skill distribution data are taken from the SC and NBS (State Council
and National Bureau of Statistics of China) (2007) and NSSO (200405,
61st round). In India, a person is considered working based on the usual
principal activity status.

2. Similar positive assortative matching between skill of labor and
quality of nonlabor inputs, which is caused by different quality of
nonlabor inputs across industries, is also suggested by Sampson (2011).

3. Nineteen industries are equal to the 24 industries used in input—output
table (see Section 4(b)) minus the five service industries which are not
included in the trade data.

4. 1 also experimented with using all year export data instead of 3-year
average as the dependent variable, and obtained very similar regression
results.

5. Taking into account for the prevalence of child labor in India would
make the skill distribution of potential Indian labor force more unequal.
Thus, including child labor would further strengthen the impact of
country’s skill distribution on comparative advantage.

6. If we assume random matching between workers and firms and ex-
ante unobservable skills as in the second hypothesized mechanism, it is
better to use distribution of unobserved skills as Bombardini ez al. (2009)
did, instead of using observable skills measured by education. However,
with the limited data availability, it is reasonable to assume a high
correlation between education and unobserved skills, at least for a large
economic sphere such as country and industry. In fact, the unobserved and
observed skill distribution of a country is highly correlated with 0.857
coefficient of correlation in Bombardini ez al. (2009) (see St Dev and St
Dev Resid in their Table 1).
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7. Using skill dispersion measure which predates exports by 3-5 years
generated similar regression results with larger f with higher statistical
significance in general.

8. For example, suppose that in order to produce one unit of output, an
automobile industry directly uses 0.4 units of input from the automobile
industry itself, 0.2 units from the steel industry, and 0.1 units from the
computer industry (the remaining 0.3 units are value added). Conse-
quently, the 0.4 units of input from the automobile industry further
require 0.4 * 0.4 units of input from the automobile industry, 0.4 * 0.2
units from steel industry, and 0.4 % 0.1 units from computer industry.
Again, to produce the 0.4 % 0.4 units of input from the automobile
industry, the automobile industry requires 0.4 x 0.4 * 0.4 inputs from the
automobile industryitself ... and so on. In this way, one output generated
by an industry also indirectly generates chains of demand for nonlabor
inputs.

9. According to the recent studies on Chinese exports (Dean, Fung, &
Wang, 2011; Koopman, Wang, & Wei, 2008), my Leontief is likely be
overestimated (and industry’s intensity of imported input usage is likely to
be underestimated) especially for China. This problem occurs because my
Leontief assumes that industry’s intensity of imported input usage is the
same, regardless of whether industry output is for processing exports
which utilize substantial amount of imported inputs, or for normal exports
or domestic consumption. In my empirical study, this overestimation
problem is largely controlled by exporter-industry fixed effects or exporter-
time fixed effects. In addition, this problem is likely to occur especially in
later periods when processing exports account for around half of the total
Chinese exports. Thus, I experimented with restricting the sample to the
first period when the share of processing exports was still low (around
10%) in China. The PPML estimators of f3, which control for selection bias
with several fixed effects specifications are still positive and statistically
significant for manufacturing sample, although they are statistically
insignificant and slightly negative for nonservice sample. These results
are available from the author upon request.

10. Since the original IO tables of India do not distinguish domestic and
imported inputs, the transaction tables of domestic inputs are computed
by using original import flow matrix, use table, and make table. The
import flow matrices of 1983-84 and 1998-99 are estimated from those of
1989-90 and 1993-94, respectively, since they are not available. It is
assumed that the share of imported input for each column i in the total
import is unchanged from 1983 to 1989, and from 1993 to 1998.

11. The original 115 industries in India’s 1O table are consolidated into
the 24 industries by using the concordance table of Saluja and Yadav
(2009) as a reference.

12.  As mentioned in endnote 9, our Leontief might be overestimated for
China. However, even comparing Leontief in the first period when the
share of processing exports in China was still low, Leontief is longer in
China than in India.

13. If MID is used as the skill dispersion index, multiplication of negative
one is not necessary.

14. For example, suppose that the standardized CV of skill distribution
of countries A and B at time ¢ are —2 and 2, respectively, and the
standardized Leontief of industries X and Y are —1.5 and 2.0 in country A
and —2.0 and 1.5 in country B. So country A’s skill distribution is more
equal, and industry Y has longer production chains in both countries.
Then, Matchlndex(CV) for the (country, industry) pair is —3.0
(=(-2.0 x —1.5) = (—1)) for (A, X); 4.0 (=(—2.0 * 2.0) = (—1)) for (A,
Y); 4.0 (=(2.0 x —2.0) * (—1)) for (B, X); and —3.0 (=(2.0 * 1.5) % (—1))
for (B, Y). Matchindex(CV) becomes larger in both (A, Y) and (B, X)
combinations, i.e., lower [higher] skill dispersion matches with industries
with longer [shorter] production chains.

15. The 1997 IO table of the US is released by the Bureau of the
Economic Analysis. Both domestic and imported inputs are included when
computing Leontief, since import structure is likely to differ substantially
across countries. Skill dispersion index is computed from Barro and Lee
(2000) for each country allocating 0, 6, 12, and 16 years of education for
each of the four schooling levels.

16. As mentioned previously, the use of skill distribution measures that
are 8-10 years before the data on exports minimizes the possibility of
reverse causality. In addition, endogeneity problem is largely controlled by
various fixed effects.

17. Trade values also become zero simply because the NBER-UN Trade
Data does not contain trade flows which do not exceed $100,000 per year
at the 4-digit SITC Rev.2 level (Feenstra et al., 2005).

18. T also employed a correction procedure for the panel data developed
by Wooldridge (1995), in particular, his procedures 3.1 and 4.1.1, which
use the Tobit-form selection equation. As the excluded variables, 1 use
either Religion_xm or Language xm, both of which are identified by
Helpman et al. (2008) to satisfy the exclusion restrictions in gravity
equations. The regression results of the first-stage indicate the presence of
selection bias. The estimated coefficients of the match index after
correcting for selection bias in the second-stage regression are positive
and statistically significant in all specifications. Furthermore, the sizes of
those coefficients are mostly similar to those obtained in Table 3.
However, since the results also indicate that at least one of our instruments
is not likely to satisfy the exclusion restrictions, the PPML estimation
seems more appropriate to correct for selection bias. The regression results
mentioned in this endnote are available from the author upon request.

19. In particular, we can easily extend our logic to software industry. As
mentioned in Introduction, India exports more from software industry,
that has shorter production chains: the Leontief of the computer and
related activities which include software industry ranks 124th out of 130
industries in India in 2003, although this Leontief is computed from all
inputs including domestic and imported inputs (India IO table, 2003-04).
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Table 7. Description of variables and sources

Variable

Sources/construction method

Export_xmi

CVy

Leontief
Matchindex(CV)_xxi
Matchindex(1V)_xxi
ImportRatio_i

Kintensity _x

Kintensity xxi

StdAvgEdu_x

Skillintensity i (only for India)

Skillintensity_xxi (only for India)

In( Distance)_xm
Contiguous_xm
Legalsystem_xm
Colonial_xm
Language_xm

Religion_xm

GATT _WTO_xm
Matchindex( Powerloss)_xxi

Matchindex( Road)_xxi

See Section 4(a). The GDP data of China and India are taken from DCS-NBS (Department of
Comprehensive Statistics of National Bureau of Statistics) (2005), NBS (National Bureau of Statistics of
China) (2009), and National Account Statistics published by CSO. GDPs of other countries and exchange
rates are taken from World Bank (2010), supplemented with the UN (n.d.), UN (1993), and IMF
(International Monetary Fund) (2010)

See Section 4(b)

See Section 4(b)

See Section 4(b)

See Section 5(b)(i). School enrollment data are taken from DCS-NBS (2005), MHRD & NIC (n.d.), and
MHRD (Ministry of Human Resource Development) (2008). Population data are from World Bank (2010)
Percentage of the imported inputs to total input value in each industry

Source: The same as Leontief,;,

Capital intensity of exporting country (hereafter, exporter) = capital stock/GDP * 100(%). Both capital
stock and GDP are real 2000 prices and 3-year average (1983-85, 1988-90, 1993-95, 1998-2000)

Source: Capital stock data are from: Holz (2006), p. 170, Table 6, BC3, for China, and National Account
Statistics published by CSO, for India. GDP is from World Bank (2010)

Interaction of Kintensity_x and Kintensity i, which is capital intensity of industry i (= capital stock/gross
value added (GVA) * 100(%)). Both capital stock and GVA are real 2000 prices Kintensity_i is estimated as
follows:

China: Capital stock is estimated as [Depreciation/0.05] assuming 5% depreciation rate. Depreciation and
GVA data are from IO table. Implicit deflators are computed from Holz (2006), p. 178, Table 8 (columns (2)/
(4)) and China’s GDP data

India: For manufacturing industries, assuming the same capital intensity between registered and unregistered
sectors, fixed asset and GVA (or net value added plus depreciation) data from the Annual Survey of
Industries (ASI) (EPW Research Foundation, 2002; ASI website of Ministry of Statistics and Programme
Implementation), which cover only registered manufacturing are used. Implicit deflators are computed from
National Account Statistics. For the nonmanufacturing industries, net fixed capital stock (NFCS) and GDP
data from National Account Statistics are used. Kintensity i of agriculture is applied for three industries
(Nos. 1, 2, and 3), and that of mining and quarrying is applied for two industries (Nos. 6 and 7), due to broad
industry classification of NFCS and GDP data

Standardized average years of education of the population over age 15 in exporting country

Source: Barro and Lee (2000)

Skill intensity of industry = percentage of working population who have completed secondary or post-
secondary education. A person is considered working based on the usual principal activity status

Source: NSSO, 1983, 1987-88, 1993-94, 1999-00

Interaction of Skillintensity_i and skill intensity of exporter (= percentage of population over age 15 who
have completed secondary education or have attained some post-secondary education). This ratio is
calculated from Barro and Lee (2000)

Logarithm of the distance between the capital cities of exporter and importing country (hereafter, importer)
Source: CEPII’s distance data (see Mayer & Zignago, 2006)

Dummy = 1 if exporter and importer are contiguous

Source: CEPII’s distance data (see Mayer & Zignago, 2006)

Dummy = 1 if exporter and importer share the same legal origin

Source: Helpman ez al. (2008)

Dummy = 1 if importer ever colonized exporter or vice versa

Source: Helpman ez al. (2008)

Dummy = 1 if a language is spoken by at least 9% of the population in both exporter and importer
Source: CEPII’s distance data (see Mayer & Zignago, 2006)

Time-variant index which indicates the degree of shared religion between exporter and importer. It is
constructed as follows by applying the method of Helpman ez al. (2008)

Religion_xm = > (% religion_k in exporter = % religion_k in importer), where % religion_k indicates
percentage of population who are adherent to religion k. There are nine religions (Catholic, Protestant, other
Christian, Orthodox, Muslim, Hindu, Buddhist, Other Eastern religions, and Jewish). Since only 1970 and
2000 data are available, the religion indices for four periods (1984, 1989, 1994, and 1999) are estimated by
assuming the constant growth rate of the index from 1970 to 2000

Source: Barro and McCleary (2005)

Number of exporter/importer who are members of GATT or WTO

Source: Helpman et al. (2008) and WTO website

For the construction of index, see Section 5(b)(iii)

Source: World Bank (2010)

For construction of the index, see Section 5(b)(iii)

Source: World Bank (2010), and Ghosh and De (2005), p. 754, Table 6.11
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Table 8. Regression results obtained when using the India sample only
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Sample A. Baseline fixed effects regression B. PPML estimation
Nonservice Manufacturing Nonservice Manufacturing Nonservice Manufacturing Nonservice Manufacturing
(1) (2) (3) 4 (5) (6) (7) (8)
Matchindex(CV)_xxi 0.217" 0.333""" 0.385"" 0.461" 0.320" 0.244 0.318" 0.251
(0.091) (0.118) (0.081) (0.114) (0.145) (0.173) (0.139) (0.171)
Skillintensity_i —0.028™" —0.010 —0.044™" —0.036™" 0.004 0.016 0.012 0.026"*
(0.011) (0.012) (0.011) (0.013) (0.011) (0.013) (0.011) (0.010)
Skillintensity _xxi 0.004"" 0.002 0.005"" 0.004"" 0.000 —0.001 —0.001 —0.002"
(0.001) (0.001) (0.001) (0.001) (0.001) (0.002) (0.001) (0.001)
Fixed effects FEl FEl FE2 FE2 FEl FEl FE2 FE2
Number of observations 5110 3886 5110 3886 7068 5255 10,146 6348

Sample
Infrastructure variables

C. PPML estimation with infrastructure controlled

Nonservice Manufacturing Nonservice Manufacturing Nonservice Manufacturing Nonservice Manufacturing

Matchlndex(CV)_xxi
MatchIndex( Powerloss)_xxi
Matchlndex( Road)_xxi
Skillintensity_i
Skillintensity_xxi

Fixed effects
Number of observations

Powerloss Powerloss Road Road Powerloss Powerloss Road Road
9) (10) (11) (12) (13) (14) (15) (16)
0.245" 0.321" 0.176 0.310" 0.248" 0.366"" 0.164 0.353"
(0.133) (0.185) (0.140) (0.176) (0.128) (0.183) (0.135) (0.174)
—0.533™" —0.288" —0.573"" —0.421™
(0.170) (0.175) (0.156) (0.200)
0.562""" 0.287" 0.594"" 0.440
(0.108) (0.174) (0.100) (0.200)
—0.005 0.010 —0.004 0.009 0.002 0.017 0.003 0.015
(0.011) (0.014) (0.010) (0.014) (0.011) (0.011) (0.010) (0.011)
0.000 —0.001 —0.001 —0.001 —0.001 —0.002 —0.002 —0.002
(0.001) (0.002) (0.001) (0.002) (0.001) (0.001) (0.001) (0.001)
FEl FEl FEl FEl FE2 FE2 FE2 FE2
7068 5255 7068 5255 10,146 6348 10,146 6348

Notes: FE1 indicates time fixed effects (FE) and importer-industry FE. FE2' indicates industry FE and importer-time FE. ImportRatio_i, Kintensity xxi.
Religion_xm (only with FE1'), and GATT_WTO_xm (only with FE1’) are also controlled. See notes of Table 3 for panel A, those of Table 4 for panel B,
and those of Table 5 for panel C, respectively.
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