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This paper examines the relationship among human capital, total factor pro-

ductivity growth and convergence using international panel data on macro-

economic indicators and educational attainment. It explicitly allows for the hetero-

geneity in technology growth across countries by use of the stochastic Solow 

model and dynamic panel estimation techniques. Thus the convergence in this pa-

per is toward the steady state of the individual country, not toward the common 

steady state for all nations in the data set as in the existing literature. It reports 

the findings as follows. First, heterogeneity in technology growth across countries, 

which has been typically assumed to be nonexistent in the growth literature, is 

found to be prominent. Second, the average estimates of convergence rates are 

between 27% and 32% per annum, which are much higher than those reported in 

the researches using cross-section data. Third, the model with human capital 

proxied by various educational attainment measures gives higher convergence 

rate estimates than the model without it. Fourth, the average estimates for tech-

nology growth are higher in the model with human capital than in the model with-

out it. Fifth, it estimates the structural equation in which human capital levels can 

influence total factor productivity growth by domestic endogenous innovation and 

technological catch-up effects. It finds that the catch-up effect is stronger than 

the domestic innovation effect. 
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본고에서는 인적자본, 총요소 생산성 성장 및 수렴간의 관계에 대해 거시경제 지

표와 교육적 성취에 대한 국제 패널 자료를 사용하여 연구하고자 한다. 확률적 솔로

우 모형과 동적 패널 추정 기법을 사용하여 모형내에서 국가간 기술 성장률의 이질

성이 명시적으로 허용된다. 따라서 본고에서의 수렴은 기존 문헌에서처럼 자료 집합

내의 모든 국가들을 위한 공통적 균제 상태로의 수렴이 아니라, 개별 국가 자신의 특

정 균제 상태로의 수렴이다. 

분석 결과, 첫째, 기존의 성장 문헌에서 부재하는 것으로 보통 가정되어 온 국가

간 기술 성장률의 이질성이 현저하다는 사실이 발견되었다. 둘째, 평균적 수렴 속도 

추정치는 연간 27~32%로 기존의 횡단면 자료를 사용한 연구에서 보고된 추정치보다 

훨씬 높게 추정되었다. 셋째, 다양한 교육적 성취 지표로 대리된 인적자본 변수가 포

함된 모형이 포함되지 않은 모형보다 더 높은 수렴 속도 추정치를 보여주었다. 넷째, 

인적자본이 있는 모형에서 없는 모형보다 기술 성장률의 평균 추정치가 더 높게 나

타났다. 다섯째, 인적자본 수준이 국내 내생적 기술혁신과 기술추격 효과를 통해 총

요소 생산성 성장에 영향을 줄 수 있는 구조 방정식을 추정한 결과, 기술추격 효과가 

국내 기술혁신 효과보다 강력하다는 사실이 발견된다.

수렴과 생산성 성장에 대한 인적자본의 효과: 

국제 동적 패널

全 相 準
명지대학교 금융지식연구소 연구교수

핵심용어: 인적자본, 수렴, 생산성 성장, 확률적 솔로우 모형, 교육적 성취, 이질적 패널 
추정
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I. Introduction

One of the major trends in economic growth research is related to the 

studies on convergence. Empirical studies on economic growth have evolved 

from the research on unconditional or absolute convergence using 

cross-country data to the one on conditional convergence employing 

cross-country data, and to the one on conditional convergence exploiting 

international panel data. I briefly summarize the results of empirical 

researches on economic growth since the 1990s as follows. 

Barro (1991) using the cross-section data of 98 countries for 1960-1985 

finds that growth in real per capita GDP is positively associated with initial 

human capital (enrollment ratios in 1960) and negatively related to the initial 

real per capita GDP level. He also finds that growth is negatively correlated 

with government expenditure/GDP and market distortion indexes and 

positively correlated with political stability indicators. Barro and 

Sala-i-Martin (1992) study convergence among 48 states in the US using the 

neoclassical growth model and cross-section data. They report that the 48 

contiguous US states show clear evidence of conditional convergence. 

Mankiw, Romer, and Weil (1992) examine whether the Solow model is 

consistent with international differences in living standards. They find that 

the augmented Solow model including human capital accumulation as well 

as physical capital describes the characteristics of cross-country data very 

well and provide evidence for conditional convergence. 

Islam (1995) employing the data of Mankiw, Romer, and Weil (1992), 

and Summers and Heston (1988) estimates convergence rates and capital 

share. His contribution is to estimate the dynamic panel data model using 

various panel estimation techniques. Prior to his study, almost all growth 

researches have employed international cross-section data. One advantage of 

this panel approach is that it can allow differences in the aggregate 

production functions of different economies. He finds higher convergence 

rates and lower capital shares than those obtained in cross-section studies. 

The results can be accounted for by the correction effects of the panel 

approach for the omitted variables biases in cross-section regressions. 

Bernard and Durlauf (1995) using data on 15 OECD countries for 

1900-1987 and cointegration tests find 3-6 common trends in the income 

levels and reject the long-term convergence hypothesis of the income levels 

of the 15 country group. Evans and Karras (1996) present strong evidence 

that the income levels of 48 US states converge rapidly to different levels. 

They reject strongly the unconditional convergence hypothesis and conclude 

that the rapidity of convergence implies high mobility of factors and 
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technology across the US states. 

Lee, Pesaran and Smith (1997) investigate convergence of per capita 

income levels and growth using international panel data of 102 countries 

over 1960-1989. The stochastic Solow model used by them has very different 

characteristics than the standard approach using the output equation that is 

obtained by adding an error term to the linearized solution of the 

deterministic Solow model. They show econometric evidence that the 

estimates of beta convergence using cross-country data have considerable 

biases and the panel approach using the stochastic Solow model can remove 

the biases. They find that steady state growth rates are significantly different 

across countries and, if heterogeneity in growth rates is allowed in the 

model, the estimates of beta convergence are substantially higher than those 

agreed upon by the existing literature. 

Hall and Jones (1999) employing the data of Summers and Heston 

(1991), decompose per capita output into capital-output ratio (capital 

intensity), years of schooling, and productivity. Then they compute the 

contributions of each component to per capita output and estimate the 

effects of social infrastructure on per capita output and its components by 

instruments. They report that social infrastructure has significant influence 

on per capita output and its components. 

Acemoglu and Zilibotti (2001) provide evidence that technology-skill 

mismatch found in less developed countries (LDCs) could account for a 

large fraction of the observed output per worker differences in the data. 

Differences in the supply of skills create a mismatch between the 

requirements of the technologies developed in the OECD economies and the 

skills of LDC workers, and lead to low productivity in the LDCs. Caselli and 

Coleman (2001) report that cross-country technology diffusion as proxied by 

computer adoption is associated with high levels of human capital and with 

manufacturing trade openness vis-à-vis the OECD. They also find 

considerable evidence that computer adoption is enhanced by good 

property-rights protection, high rates of investment per worker, and a small 

share of agriculture in GDP. Lee (2001) shows that human capital interacts 

with inflows of foreign technology embodied in machinery imports as well 

as foreign direct investment, and thereby contributes to technology growth 

in developing countries. He also finds that the human capital stock at the 

secondary and tertiary levels of education plays a key role in determining 

the development of information and communication technology. 

Empirical studies on convergence have proceeded in several stages as 

argued in Islam (1998). In the first stage, the absolute or unconditional 

convergence hypothesis was tested using cross-country data. For instance, 
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convergence was studied under the implicit assumption that every country 

in the data set has the same steady state income level as in Baumol (1986). 

In the second stage, as in Barro (1991), Barro and Sala-i-Martin (1992), and 

Mankiw, Romer, and Weil (1992), the conditional convergence hypothesis 

was defined and tested. In these studies using cross-country data, differences 

in the steady-state income level were allowed under the assumption of 

parametric homogeneity in the aggregate production function. In the third 

stage, as in Islam (1995) using the panel data estimation approach, 

differences in the parameter of productivity change in the aggregate 

production function across countries were allowed. Yet, his study maintained 

the unrealistic assumption that countries share the same steady-state growth 

rate. In the fourth stage, as in Lee, Pesaran and Smith (1997) employing the 

extended panel approach, differences in the steady-state growth rate across 

nations were taken into account. As a result, they find that the estimates of 

convergence rates are markedly higher than those in the existing literature. 

This paper performs empirical analyses on the role of human capital in 

a stochastic growth model that accounts for heterogeneity of technological 

growth rates and convergence rates across nations, by improving upon the 

recent dynamic panel approach. It uses the international panel data of World 

Development Indicators (WDI 1997) published by the World Bank. The WDI 

dataset includes 500 socio-economic indicators of 209 countries over 

1970-1995. It exploits the international panel data (for 126 countries) on 

educational attainment compiled by Barro and Lee (1996) as proxy variables 

for human capital. It uses the panel data estimation and test techniques of 

Lee, Pesaran and Smith (1997). 

This paper‘s contributions are summarized as follows. First, this paper 

includes human capital in the framework of the stochastic Solow growth 

model and panel data estimation procedures for the first time. This is an 

improvement upon the 4th stage method of Lee, Pesaran and Smith (1997) 

who do not take into account human capital in their model. Second, it 

explicitly allows for heterogeneity in technology growth across countries by 

use of the stochastic growth model and dynamic panel estimation 

techniques. Thus, the convergence in this paper is toward the steady state of 

the individual country, not toward the common steady state for all the 

countries in the sample as in the existing literature. Third, its empirical 

analysis methodology involves estimating convergence rates and the effects 

of human capital on convergence rates, total factor productivity growth and 

income growth through domestic endogenous innovation and technological 

catch-up. Its estimation procedure takes into account cross-sectional (country) 

correlation in the panel data. 
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This paper is organized as follows. In Chapter Ⅱ, regression equations 

for empirical analyses are set up by introducing the dynamic panel 

framework using the stochastic Solow growth model a la Lee, Pesaran and 

Smith (1997). In Chapter Ⅲ, data and estimation results of the dynamic 

panel regression equations are presented. Chapter Ⅳ summarizes major 

findings and makes concluding remarks. 

II. Theoretical Framework

This chapter introduces and sets up the stochastic growth model which 

will be used in the international panel data estimation of the following 

chapter. This paper employs the stochastic Solow model of Lee, Pesaran, and 

Smith (1997) for dynamic panel estimation. 

Let's assume that a representative country i(=1,2,…,N)'s output at time 

t(=1,2,…,T), Y it
 is produced by physical capital K it

 and labor L it
 , according 

to the following Cobb-Douglas production function. 

)( 1LAKY itititit
αα −= ,       10 <<α ,                               (1)

where A it
 denotes technology and endowment. Physical capital stock is 

accumulated by the following dynamic equation.

KIK titiit 1,1, )1( −− −+= δ ,                                          (2)

where δ is the rate of depreciation. Investment, YsI itiit = , and the savings 

rate, si  is constant in each country. The evolution of capital per effective 

labor unit, )/( LAKk itititit =  is then given by 

)1log()log(log )1(
1, δα −++∆−=∆ −−
−ksLAk tiiititit .                       (3)

The stochastic processes determining technology and employment are as 

follows. 

utgaA aitiiit ++= 0log ,                                           (4)

   ερ aittaiaiait uu += −1, ,         1≤ρ ai .                           (5)

utnlL bitiiit ++= 0log ,                                            (6)
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   ερ bittbibibit uu += −1, ,         1≤ρbi .                           (7)

where ai0  is the initial endowment, ε ait  and ε bit  are white noise error 

terms with mean 0 and finite variances, respectively. Equation (4) explicitly 

allows the differences1) in technology growth ( g i) across countries, which 

have been implicitly assumed away in the growth literature. 

Substituting equations (4) and (6) into equation (3), we obtain

)1log()(log )1(
1, δα −++∆−+−=∆ −−
−ksugnk tiiitiiit ,                    (8)

where uuu bitaitit +=  is a composite shock.

Denoting the logarithm of per capita output, log(Yi t /Li t ) by xit , and 

logAit by ait , the production function can be written as 

kax ititit logα+= .                                                (9)

Substituting the linearized version of equation (8) around steady state 

into equation (9), we get 

ελλµ ittiiiiiit xtgx ++−+= −1,)1( ,                                (10)

where ))(1()1( qgn iiii −++−≈− δαλ  is the speed of convergence, 

εεε bitaitit += , and qi  is a strictly positive real number whose size depends 

on the degree of the curvature of the nonlinear function in the steady state 

equation and the distribution of the composite shocks uit . The individual 

country specific effects term, µ i  is given by 

)]}log([log
1

){1( 0 qgnsaqg iiiiiiiiii −++−
−

+−+−= δ
α

α
λαλµ

.       (11)

To separate the effects of λ i  and gi  on per capita output, equation (10) 

may be rewritten as 

1) We can find this kind of explicit consideration of the differences in technology levels 
and growth across countries in the technology diffusion models of recent 
endogenous growth theories. As for technology diffusion models, see Ch. 8 of Barro 
and Sala-i-Martin (1995) and Ch. 2 and Ch. 11 of Aghion and Howitt (1998). On the 
empirical tests of the technology diffusion theories, see Benhabib and Spiegel (1994) 
and Lee, Pesaran and Smith (1997) among others.
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utgcx itiiit ++= ,                                                  (12)

ελ ittiiit uu += −1, ,                                                (13)

where )( *
0xc ii ≡ , the deterministic component of initial output, is defined by 

x
q

qgnsac i
i

i
iiiiii

*
00 1

)]log([log
1

≡
−

−−++−
−

+=
λ

α
δ

α
α

,              (14)

where µ i , λ i , ci , and gi  are related by the following equation. 

gc iiiii λλµ +−= )1( .                                               (15)

One appropriate estimator for heterogeneous panel data used in 

empirical analyses of economic growth is the mean group estimator. In 

empirical studies using dynamic heterogeneous panels, the possibility that 

the errors in equations (10) and (12) are correlated across countries should be 

considered. A simple and effective procedure is to demean (=remove the 

mean of) the observations before estimation. The demeaning procedure can 

be justified in the context of equations (10) and (12), if λλ =i  and the cross-

sectional dependence of ε it  across i can be specified by the following two-

factor model.

νηε ittit += ,                                                    (16)

where η t  is a time-varying common stochastic component and ν it  is the 

country-specific disturbance term assumed to be independently distributed 

across i. For this specification, equation (10) can be demeaned as follows. 

ννλθθµµ titttiiitit xxtxx −+−+−+−=− −− )()()( 11, ,               (17)

where  giii )1( λθ −= ,  
∑=
=

−
N

i
itt xNx

1

1
,  

∑=
=

−
N

i
iN

1

1 µµ
,  

∑=
=

−
N

i
itt N

1

1 νν
,  and

∑=
=

−
N

i
itt N

1

1 εε
.

Similar to equation (17), the demeaned version of equation (12) is given 

by 
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uutggccxx titiitit −+−+−=− )()( ,                                (18)

ννλ titttitit uuuu −+−=− −− )( 11, .                                  (19)

Estimation of the demeaned regressions (17) or (18) produces estimates 

of cci − , ggi − , etc. In order to obtain estimates of ci , gi , and µ i , we

have to estimate the following aggregate equations. 

utgcx tt ++= ,                                                    (20)

ελ ttt uu += −1 .                                                      (21)

Estimates of ci  and gi  can then be extracted from those of cci −  and 
ggi −  in equation (18), and c  and g  in equation (20). The estimate of 

µ i  can be recovered from equation (15). 

The derivations above demonstrate that the demeaning procedure works 

exactly when equation (16) holds and λλ =i . However, even though λ i 's 

differ across countries, but not markedly so, demeaning can still help 

remove some of the correlations that may exist across ε it 's. In Islam (1995), 

Evans and Karras (1996), and Lee, Pesaran, and Smith (1997) using 

heterogeneous panels, they demean the data before estimation in a similar 

way. 

If we include human capital ( Hit ) as a factor of production, the 

production function (equation (1)) changes to

)( 1LAHKY ititititit
βαβα −−= , 1,0 << βα .                              (22)

Now, the evolutions of physical and human capital per effective labor 

unit, )/( LAKk itititit =  and )/( LAHh itititit =  are given by

)1log()log(log 1,
)1(

1, δβα −++∆−=∆ −
−−
− hksLAk titikiititit ,                  (23)

)1log()log(log )1(
1,1, δβα −++∆−=∆ −−
−− hksLAh titihiititit ,                 (24)

where ski  and shi  are the rates of physical and human capital accumulation 

as fractions of income, respectively. 



46  Journal of International Economic Studies Vol. 8, No. 2, December 2004

Assuming the same stochastic processes for technology and employment 

as above (equations (4)-(7)) and substituting the linearized version of the 

dynamic equation of capital accumulation around steady state into the 

production function, we obtain after tedious computations that

ετλλµ ittiitiiiiiit zxtgx +++−+= −− 1,1,)1( ,                         (25)

where ))(1()1( qgn iiii −++−−≈− δβαλ  is the speed of convergence, τ i  is 

a coefficient on the lagged effective human capital stock ( hz titi 1,1, log −− ≡ ),ε it  

and qi  are as defined above. The individual country specific effects term, 
µ i  is given by 

)]}.log([log
1

                                                        

)]log([log
1

){1()( 0

qgns

qgnsaqg

iiihi

iiikiiiiiii

−++−
−−

+

−++−
−−

+−++−=

δ
βα

β

δ
βα

α
λβαλµ

(26)

To separate the effects of λ i  and gi  on per capita output, equation (25) 

may be rewritten as 

uztgcx ittiiiiit +++= −1,
'τ ,                                          (27)

ελ ittiiit uu += −1, .                                                  (28)

where )( *
0xc ii ≡ , the deterministic component of initial output, is defined by 

,
1

)(
)]log([log

1
           

)]log([log
1

*
0

0

x
q

qgns

qgnsac

i
i

i
iiihi

iiikiii

≡
−
+

−−++−
−−

+

−++−
−−

+=

λ

βα
δ

βα
β

δ
βα

α

 (29)

where µ i , λ i , ci , and gi  are related by the following equation, 

gc iiiii λλµ +−= )1( .                                                (30)

Using the same demeaning procedures as above, we obtain the 

demeaned versions of equations (27) and (28) as follows. 
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uuzztggccxx titttiiiitit −+−−+−+−=− −− ))(()()( 11,
'' ττ ,             (31)

ννλ titttitit uuuu −+−=− −− )( 11, .                                  (32)

Estimations of the demeaned regressions (31) and (32) produce estimates 

of cci − , ggi − , ττ '' −i , etc. In order to obtain estimates of ci , gi , τ '
i  and 

µ i , we have to estimate the following aggregate equations. 

uztgcx ttt +++= −1
'τ ,                                               (33)

ελ ttt uu += −1 .                                                     (34)

Estimates of ci , gi , and τ '
i  can then be extracted from those of cci − , 

ggi − , and ττ '' −i  in equation (31), and c , g , and τ '
 in equation (33). The 

estimate of µ i  can be recovered from equation (30). This paper estimates the 

effects of human capital on the convergence of real per capita GDP levels 

across countries using human capital proxy variables in the demeaned 

regression equations derived above. 

III. Empirical Analyses

1. Data

This paper employs the international panel data of World Development 

Indicators (WDI 1997) published by the World Bank. The WDI data set 

includes 500 socio-economic time series for 209 countries over 1970-1995 and 

is much larger and more recent than the Penn World Tables data set (with 

29 series) by Summers and Heston (1988, 1991) commonly used in the 

existing literature as in Barro (1991, 1997), Barro and Sala-i-Martin (1991, 

1992, 1995), Mankiw, Romer and Weil (1992), Islam (1995), Evans and Karras 

(1996), and Lee, Pesaran and Smith (1997). 

Per capita real GDP used in this paper employs the measure of real 

GDP in 1987 constant US dollars divided by total population. In the 

augmented Solow model of Mankiw, Romer, and Weil (1992) and 

endogenous growth models, human capital is a variable that is relatively 

difficult to measure. The current growth literature has extensively used 
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primary and secondary school enrollment ratios as in Barro (1991, 1997), 

Barro and Sala-i-Martin (1992, 1995), Mankiw, Romer, and Weil (1992), and 

others. However, this paper employs the international panel data on 

educational attainment for 126 countries over 1960-1990 compiled by Barro 

and Lee (1996) as proxies for human capital. Annual data for educational 

attainment were interpolated from the Barro and Lee (1996) data set 

available at 5 year intervals, using the standard interpolation procedure of 

the RATS econometric package. 

Specifically, this paper uses the percentages of no schooling in the total 

population aged 25 and over (NO25), of primary school attained2) (PRI25), of 

secondary school attained (SEC25), of higher school attained (HIGH25), and 

average years of total schooling in the total population (TYR25), of primary 

schooling (PYR25), of secondary schooling (SYR25), and of higher schooling 

(HYR25) as proxy variables for human capital. The term 25 behind the 

variables denotes a group of the total population aged 25 and over. 

2. Empirical Results

This section presents the results of estimation of equations (17)-(21) and 

(31)-(34) derived in Ch. 2 to estimate convergence rates, and the effects of 

human capital on per capita income, technology growth, and convergence. 

Since the data used in this paper involve much more countries than those 

used in the existing literature, I report estimation results in 4 sample groups 

such as the entire 209 country sample, the 98 nonoil country sample, the 75 

country intermediate sample, and the 25 country OECD sample. The 98 

nonoil country sample is the same as the nonoil sample used in Barro (1991), 

Barro and Sala-i-Martin (1991, 1992, 1995), and Mankiw, Romer, and Weil 

(1992). The 75 country intermediate sample is identical with the intermediate 

sample of Mankiw, Romer, and Weil (1992). 

The Organization for Economic Cooperation and Development (OECD) 

is currently made up of 30 member countries including Korea. Hungary, 

Korea, and Poland all became members in 1996, Czech Republic and Slovak 

Republic (former Czechoslovakia) in 1995, and Mexico in 1994. Since the data 

in this paper spans the 1970-1995 period, I limited the member countries of 

OECD to 25, excluding Czech Republic, Hungary, Korea, Poland and Slovak 

2) School attainment data include the people who have educational experience at the 
school level, but not necessarily completed. The percentage of the school attained is 
higher than the percentage of the school completed (graduated). The reason that I 
use the percentage of school attained is that school attainment is thought to 
represent the level of human capital stock better than school completion.
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Republic, which have entered OECD since 1995. Mankiw, Romer, and Weil 

(1992) include 22 OECD member countries, since there were 22 members in 

1992. The reason that I use the same samples of country groups in empirical 

analyses as the existing literature is to facilitate comparisons with the results 

in other studies. 

Estimation results of regression equations (17)-(21) and (31)-(34) using 

demeaned panel data are presented in Tables 1 to 9. Table 1 reports 

estimation results of the unrestricted model which allows the heterogeneity 

of both gi  (technology growth) and λ i (=1-convergence rate). We can see

that the heterogeneity of technology growth across countries is very 

substantial. For instance, in the full 209 country sample, technology growth 

(steady state growth) varies across countries from -17% per year to 6.9% 

over 1970-1995. The average rate of technology growth increases from 0.63% 

in the full sample, to 0.93% in the nonoil, 1.27% in the intermediate, and 

1.92% in the OECD sample. The standard deviation of the technology 

growth rate decreases across samples from 0.0328 in the entire sample, to 

0.0215 in the nonoil, 0.0210 in the intermediate, and 0.0059 in the OECD 

sample. The standard error of estimate of the regression also falls across 
samples. The average adjusted coefficient of determination ( R2 ), which 
represents a measure of goodness of fit of the regression equation, rises 

gradually from 0.2892 in the full sample, to 0.5398 in the nonoil, 0.5526 in 

the intermediate, and 0.5552 in the OECD sample.

The conventional estimates of convergence rates in the existing literature 

using cross country data － for instance, Barro and Sala-i-Martin (1992, 1995), 

Mankiw, Romer, and Weil (1992) － are reported at around 2% per annum.  

In view of this, one of the major distinctions of the empirical results in this 

paper as in Table 1 is the differences in the average estimates of λ i (=1- 

convergence rate). The average estimate of λ i , 0.6777 in the full sample 

implies an annual convergence rate of 32.23%. Since this paper allows the 

cross-country heterogeneity of convergence rates, the convergence is toward 

the specific steady state of the individual country, not toward the common 

steady state for all the countries in the sample. The estimates of convergence 

rates in the nonoil, intermediate, and OECD samples, 27.4%, 28.6%, and 

26.8%, respectively, are also substantially higher than the conventional 

cross-section estimates. 

Islam (1995) reports the panel estimates of convergence rates in the 

range of 3.8%∼10.7% in different samples. His study takes into account only 
the differences in individual country effects µ i , not the heterogeneity of gi
(technology growth rate) and λ i (=1-convergence rate) unlike this paper. 

Lee, Pesaran and Smith (1997) using a similar dynamic panel model and the 
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Table 1. Summary Statistics of Panel Estimation of the Model Considering
Heterogeneity in Technology Growth (1970-1995)

Estimates
Statistics λ i

∧
g i
∧

  µ i
∧

SEE R 2

Full Sample (209 countries):  N(No. of available observations)=169×26

Mean
(Std. error)

0.6777
(0.0185**)

0.0063
(0.0025**)

2.2471
(0.1172**)

0.0533
(0.0025**)

0.2892
(0.2277)

Median 0.7321 0.0103 2.0095 0.0448 0.5591

Std. Dev. 0.2401 0.0328 1.5241 0.0325 2.9603

Minimum -0.1615 -0.1703 -4.7440 0.0146 -37.8344

Maximum 1.7341 0.0694 6.3421 0.2387 0.8784

Nonoil Sample (98 countries): N=96×26

Mean

(Std. error)

0.7259

(0.0172**)

0.0093

(0.0022**)

1.8721

(0.1081**)

0.0431

(0.0021**)

0.5398

(0.0200**)

Median 0.7589 0.0105 1.6939 0.0372 0.5901

Std. Dev. 0.1684 0.0215 1.0587 0.0205 0.1962

Minimum 0.0645 -0.0500 -0.0701 0.0120 0.0036

Maximum 1.0181 0.0698 5.0619 0.1462 0.8673

Intermediate Sample (75 countries): N=73×26

Mean
(Std. error)

0.7138
(0.0192**)

0.0127
(0.0025**)

2.0308
(0.1144**)

0.0373
(0.0018**)

0.5526
(0.0238**)

Median 0.7408 0.0152 1.8498 0.0334 0.6010

Std. Dev. 0.1640 0.0210 0.9771 0.0156 0.2036

Minimum 0.1823 -0.0458 0.2360 0.0070 0.0144

Maximum 0.9587 0.0698 4.7143 0.0877 0.8594

OECD Sample (25 countries): N=24×26

Mean
(Std. error) 

0.7321
(0.0252**)

0.0192
(0.0012**)

2.4191
(0.2191**)

0.0193
(0.0015**)

0.5552
(0.0323**)

Median 0.7246 0.0189 2.5064 0.0169 0.5399

Std. Dev. 0.1233 0.0059 1.0735 0.0075 0.1581

Minimum 0.5189 0.0095 0.6783 0.0080 0.3307

Maximum 0.9245 0.0305 3.9697 0.0374 0.8176

Notes: Numbers in parentheses denote standard errors. * and ** indicate significance 

at the 10% and 5% levels, respectively. 1- λ i
∧

 = estimate of convergence rate 

for country i, g i
∧

 = estimate of technology growth rate, µ i
∧

 = estimate of 

individual country effect, SEE = standard error of estimate of the regression 

equation, R2  = adjusted coefficient of determination of the regression, Std. 

error = standard error, and Std. Dev. = standard deviation.
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Penn World Table data present convergence rate estimates of 23.8%∼29.9%, 

which are a little lower than my estimates. A major distinction between this 

paper and theirs is that they do not consider the human capital variable at 

all. Thus, we can see that the convergence rate estimates are found much 

higher than the conventional ones, when we allow cross-country heterogeneity 

in technology growth and convergence rates in dynamic panel models. 

Tables 2-9 report empirical results of estimating the importance of 

various measures of human capital in the convergence process. Tables 2.1-2.6 

display coefficient estimates of the average years of total schooling in the 

population aged 25 and over (TYR25). In Table 2.1, the average estimate of 
convergence rate (1-λ i

∧

) in the entire 98 nonoil country sample is 36.39% and 

it is about 9%p higher than the one without human capital, 27.41% in Table 

1. This implies that when we take into account the average years of 

schooling as a proxy for human capital, we find a higher convergence rate 

than in the model without it, qualitatively, and the difference is about 9%p 

per annum, quantitatively. 

The estimates of annual convergence rates of individual countries 

considering human capital, are presented in Tables 2.1-2.6. The estimates vary 

greatly from -0.09% for the Russian Federation to 102.72% for Malawi with the 

standard deviation of 0.1986. For example, the estimates for China, Hong 

Kong, Indonesia, Japan, Korea, Malaysia, the Philippines, Singapore, Thailand, 

the UK, and the US are 23.64%, 71.48%, 37.72%, 21.58%, 33.29%, 30.43%, 

26.52%, 35.33%, 8.05%, 25.37%, and 37.61%, respectively.

Table 2.1 also shows that the average estimate of technology growth 

( g i
∧

) in the entire nonoil sample is 1.55%. It is 0.62%p higher than the one 
without human capital, 0.93% in Table 1. This suggests that when we 

include human capital in the model, we get higher technology growth as 

well as higher rates of convergence. This fact implies another channel for 

human capital to contribute to income growth, which is its contribution to 

growth in total factor productivity (technology growth) in addition to its role 

as a direct input in the production function. The implication is that the 

policy facilitating accumulation of human capital proxied by educational 

attainment measures can increase technology growth, thereby enhancing 

income growth and convergence rates toward steady state. 

In Table 2.1, the average estimate of individual country effect ( µ i
∧

) is 

2.6197 and it is 0.7476 higher than the one in the model without human 

capital, 1.8721 in Table 1. This implies that the model with human capital 

can explain the cross-country differences in per capita income better than the 

one without it. The average R2  which is a measure of goodness of fit of the 
regression model is 0.4439 in the entire nonoil sample and it implies that the 
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dynamic panel model with human capital accumulation can account for 

44.4% of the cross-country variations in per capita income.

Table 2.1 reports that the average parameter estimate of average years of 

total schooling (TYR25) in the nonoil sample is -0.0410. The estimates vary 

considerably across countries from -3.2835 of Iraq to 2.4112 of Rwanda. For 

instance, the estimates for China, Hong Kong, Indonesia, Japan, Korea, 

Malaysia, the Philippines, Singapore, Thailand, the UK, and the US are 

0.2821, 0.2047, -0.0623, 0.0384, 0.0767, -0.0942, 0.2556, 0.0186, 0.1859, 0.5014, 

and -0.0480, respectively. Although the mean parameter estimate of TYR25i 

is insignificant, the numbers of individual countries' parameter estimates of 

TYR25i that are significant at the 1%, 5%, and 10% level are 52, 9, and 2 out 

of 98 countries, respectively. That is, in 63 out of 98 countries (64%), the 

parameter estimates of TYR25i are significant at conventional levels. 

The positive parameter estimates of average schooling years as a proxy 

for human capital are consistent with the predictions of traditional growth 

theories, yet the negative estimates are not. However, the finding that some 

parameter estimates of human capital proxies show negative signs is not 

peculiar to this research but very common in growth studies using 

heterogeneous panel data, as in Benhabib and Spiegel (1994), Islam (1995), 

and others. Interpretations for this seemingly anomalous result have been 

made in two ways. First, we can point out the discrepancy between the 

theoretical human capital variable in the production function and its proxy 

variables. The average years of total schooling variable and all others used 

as proxies for human capital are very imperfect measures of the true level 

of human capital and cannot explain the qualitative differences in schooling. 

When measured by these indicators, many countries have shown seemingly 

substantial progress, yet their true levels of human capital stocks have not 

increased that much. Statistically, this fact may cause a negative temporal 

relationship between the income level or growth and the human capital 

proxy. When this kind of negative temporal relationship is sufficiently 

strong, it can exceed the positive cross-sectional relationship, thereby making 

the parameter estimates negative. 

Second, we may consider a richer specification of the production 

function in regard to human capital. For instance, Benhabib and Spiegel 

(1994) find insignificant and negative coefficients on the human capital 

variables for all different samples and models, when they estimate growth 

equations in the first differenced form, which may be deemed as panel 

estimation with two periods only. This leads them to suggest a model in 

which growth in total factor productivity is a nondecreasing function of the 

level of human capital stock of a country. Such a specification provides
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Table 2.1. Summary Statistics of Panel Estimation of the Model with
Average Years of Total Schooling (TYR25): 1970-1995

Estimates
Countries λ i

∧

 TYR25i g i
∧

µ i
∧

SEE R2

Entire Nonoil Sample (98 countries):  N(No. of available observations)=98×26

Mean
(Std. error)

0.6361
(0.0201**)

-0.0410
(0.0556)

0.0155
(0.0038**)

2.6197
(0.1426**)

0.0428
(0.0030**)

0.4439
(0.0219**)

Median 0.6564 0.0035 0.0035 2.3211 0.0348 0.4614

Std. Dev. 0.1986 0.5506 0.0378 1.4113 0.0299 0.2165

Minimum -0.0272 -3.2835 -0.0891 0.0257 0.0145 -0.0011

Maximum 1.0009 2.4112 2.4112 6.8319 0.2610 0.8467

Estimates for Individual Countries (98 nonoil countries): 

Algeria 0.8763
(0.1377**)

-0.2237
(0.1564)

0.0038
(0.0145)

0.9584
(0.0512**)

0.0476 0.6848

Argentina 0.5800
(0.1537**)

0.0530
(0.0483)

0.0017
(0.0071)

3.5450
(0.3521**)

0.0453 0.3265

Australia 0.7409
(0.1531**)

0.2932
(0.0660**)

0.0127
(0.0010**)

1.6539
(0.6901**)

0.0204 0.5553

Austria 0.5603
(0.2020**)

0.0141
(0.0239)

0.0217
(0.0023**)

4.0841
(0.1060**)

0.0192 0.2732

Bangladesh 0.5756
(0.1244**)

-0.0222
(0.0537**)

0.0238
(0.0044**)

2.1220
(0.0837**)

0.0399 0.5846

Barbados 0.7384
(0.1071**)

-0.0070
(0.0149)

0.0142
(0.0018**)

2.1853
(0.1095**)

0.0403 0.5241

Belgium 0.5374
(0.2013**)

0.1080
(0.0360**)

0.0167
(0.0011**)

3.9171
(0.2121**)

0.0197 0.2733

Benin 0.6588
(0.1133**)

0.1226
(0.1836)

-0.0108
(0.0099)

1.9779
(0.0412**)

0.0371 0.4692

Bolivia 0.8461
(0.0970**)

-0.4005
(0.1315**)

0.0039
(0.0019**)

1.4197
(0.4492**)

0.0261 0.6952

Botswana 0.6248
(0.1567**)

0.3088
(0.1014**)

0.0496
(0.0065**)

2.1008
(0.1490**)

0.0531 0.4485

Brazil 0.7184
(0.1232**)

-0.4812
(0.0862**)

0.0341
(0.0044**)

2.4542
(0.2580**)

0.0380 0.4895

Notes: 1. Numbers in parentheses denote standard errors. * and ** indicate significance at 

the 10% and 5% levels, respectively. 1- λ i
∧

 = estimate of convergence rate 
for country i, TYR25i = coefficient estimate of average years of total 

schooling in the population aged 25 and over, µ i
∧

 = estimate of individual 
country effect, etc. See the notes to Table 1 for definitions of other 
variables.

2. Although the mean parameter estimate of TYR25i is insignificant, the numbers of 
individual countries' parameter estimates of TYR25i that are significant at 
the 1%, 5%, and 10% level are 52, 9, and 2 out of 98 countries, 
respectively. That is, in 63 out of 98 countries (64%), the parameter 
estimates of TYR25i are significant at conventional levels.
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Table 2.2. Summary Statistics of Panel Estimation of the Model with 
Average Years of Total Schooling (Continued): 1970-1995 

Estimates
Countries λ i

∧
TYR25i g i

∧

µ i
∧

SEE R2

Cameroon
0.8695

(0.0696**)
0.3854

(0.6743)
-0.0528

(0.0255**)
0.6275

(0.5208) 0.0759 0.7778

Canada 0.8242
(0.1270**)

-0.0087
(0.0176)

0.0177
(0.0018**)

1.6469
(0.1291**)

0.0218 0.5849

Central
African Rep.

0.3894
(0.1929**)

0.1965
(0.1320)

-0.0203
(0.0049**)

3.7208
(0.0337**) 0.0349 0.1466

Chile
0.7698

(0.0817**)
-0.3617
(0.2802)

0.0410
(0.0085**)

2.3317
(1.3119*) 0.0614 0.6808

China 0.7636
(0.0952**)

0.2821
(0.0599**)

0.0391
(0.0057**)

0.7977
(0.1708**)

0.0529 0.5506

Colombia 0.5724
(0.1434**)

-0.0541
(0.0099**)

0.0225
(0.0008**)

2.9369
(0.0285**) 0.0145 0.3270

Congo
0.8856

(0.0818**)
0.0691

(0.1337)
-0.0069
(0.0175)

0.7146
(0.1084**) 0.0757 0.7625

Costa Rica 0.8162
(0.0765**)

-0.0279
(0.0664)

0.0105
(0.0048**)

1.3820
(0.2324**)

0.0286 0.6782

Cyprus 0.5005
(0.1243**)

0.0246
(0.0454)

0.0551
(0.0084**)

3.7758
(0.2184**) 0.0325 0.3878

Denmark
0.7102

(0.1247**)
0.0869

(0.0734)
0.0087

(0.0040**)
2.3166

(0.5434**) 0.0241 0.5259

D o m i n i c a n 
Rep. 

0.4183
(0.1125**)

-0.1874
(0.0853**)

0.0262
(0.0054**)

4.1142
(0.2546**)

0.0286 0.1879

Ecuador 0.5798
(0.1337**)

0.1474
(0.0341**)

-0.0016
(0.0019)

2.5765
(0.1192**) 0.0429 0.3864

Egypt
0.9005

(0.0669**)
0.1937

(0.1134*)
-0.0056
(0.0111)

0.5474
(0.0685**) 0.0324 0.8382

El Salvador 0.8477
(0.1247**)

-0.6369
(0.0711**)

0.0164
(0.0064**)

1.2489
(0.2145**)

0.0416 0.6974

Fiji 0.3729
(0.1813**)

-0.1208
(0.0552**)

0.0287
(0.0054**)

5.0617
(0.1896**) 0.0422 0.1378

Finland
0.8545

(0.1346**)
0.0193

(0.0429)
0.0205

(0.0040**)
1.3932

(0.3412**) 0.0348 0.6786

France 0.7068
(0.1629**)

0.0985
(0.0328**)

0.0134
(0.0029**)

2.6751
(0.1290**)

0.0174 0.4950

Gambia 0.3557
(0.1799**)

0.1075
(0.5161)

0.0027
(0.0121)

3.6421
(0.1804**) 0.0551 0.1142

Ghana
0.9175

(0.1147**)
0.7312

(0.1355**)
-0.0314

(0.0090**)
0.4102

(0.2674) 0.0492 0.7336

Greece 0.1099
(0.1617)

0.1062
(0.0361**)

0.0025
(0.0029)

6.8319
(0.1269**)

0.0227 0.0033

Notes: See the notes to Table 2.1. Numbers in parentheses denote standard errors.
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Table 2.3. Summary Statistics of Panel Estimation of the Model with 
Average Years of Total Schooling (Continued): 1970-1995

Estimates
Countries λ i

∧
TYR25i g i

∧
µ i
∧

SEE R2

Guatemala
0.8618

(0.0763**)
0.0556

(0.0615)
-0.0070

(0.0031**)
0.9121

(0.0815**) 0.0207 0.7862

Guyana 0.7234
(0.0930**)

-0.9118
(0.2390**)

0.0350
(0.0099**)

2.7571
(0.6420**)

0.0436 0.5674

Haiti 0.7121
(0.1380**)

0.4380
(0.0817**)

-0.0436
(0.0067**)

1.6039
(0.0493**) 0.0491 0.5670

Honduras
0.6645

(0.1450**)
-0.0651

(0.0295**)
0.0090

(0.0032**)
2.3008

(0.0446**) 0.0254 0.3852

Hong Kong 0.2852
(0.1407**)

0.2047
(0.0268**)

0.0319
(0.0038**)

5.2055
(0.1212**)

0.0286 0.0822

Hungary 0.9088
(0.0938**)

-0.0134
(0.0505)

0.0206
(0.0027**)

0.6964
(0.3217**) 0.0342 0.7639

Iceland
0.2332

(0.1796)
0.6539

(0.0819**)
-0.0200

(0.0049**)
4.5517

(0.3126**) 0.0246 0.0547

India 0.7104
(0.0720**)

-0.2175
(0.1525**)

0.0446
(0.0089**)

1.7458
(0.2714**)

0.0377 0.6227

Indonesia 0.6228
(0.0948**)

-0.0623
(0.0463)

0.0549
(0.0032**)

2.1066
(0.0688**) 0.0217 0.4997

Iran, I.R. of
0.7368

(0.1496**)
-0.0411

(0.2574*)
0.0081

(0.0158)
2.2788

(0.1532**) 0.0874 0.5465

Iraq 0.4588
(0.2513*)

-3.2835
(0.7540**)

0.2517
(0.0769**)

5.6789
(0.3410**)

0.2610 0.1356

Ireland 0.5569
(0.1001**)

-0.1796
(0.0357**)

0.0449
(0.0020**)

4.3775
(0.1685**) 0.0259 0.3572

Israel
0.4101

(0.1419**)
-0.0710

(0.0177**)
0.0248

(0.0012**)
5.5575

(0.1147**) 0.0260 0.1752

Italy 0.5658
(0.1266**)

0.1171
(0.0426**)

0.0157
(0.0023**)

3.5496
(0.1996**)

0.0198 0.2903

Jamaica 0.8718
(0.0853**)

-0.1824
(0.3110)

0.0259
(0.0153*)

1.1229
(0.6176*) 0.0572 0.7714

Japan
0.7842

(0.1649**)
0.0384

(0.0816)
0.0306

(0.0075**)
2.0615

(0.4002**) 0.0285 0.5928

Kenya 0.4119
(0.1534**)

0.0732
(0.0309**)

0.0052
(0.0031*)

3.3177
(0.0633**)

0.0330 0.2659

Korea 0.6671
(0.1349**)

0.0767
(0.0396**)

0.0654
(0.0046**)

2.2849
(0.1064**) 0.0340 0.4613

Kuwait
0.6375

(0.0958**)
-0.7833

(0.1339**)
0.0695

(0.0169**)
4.5464

(0.2921**) 0.1226 0.4802

Lesotho 0.5964
(0.1614**)

0.2867
(0.3758)

0.0200
(0.0084**)

1.6426
(0.7074**)

0.0738 0.3317

Notes: See the notes to Table 2.1. Numbers in parentheses denote standard errors.
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Table 2.4. Summary Statistics of Panel Estimation of the Model with 
Average Years of Total Schooling (Continued): 1970-1995

.Estimates
Countries λ i

∧
TYR25i g i

∧

µ i
∧

SEE R2

Liberia
0.6110

(0.2105**)
0.0730

(0.1176)
-0.0232

(0.0078**)
2.6388

(0.1052**) 0.0208 0.4009

Libya 0.6540
(0.1549**)

-0.8853
(0.2896**)

0.0224
(0.0427)

3.4994
(0.1433**)

0.0920 0.4776

Malawi -0.0272
(0.2245)

0.1592
(0.0445**)

-0.0073
(0.0024**)

4.7596
(0.0788**) 0.0427 -0.0011

Malaysia
0.6957

(0.1567**)
-0.0942

(0.0509**)
0.0519

(0.0042**)
2.2376

(0.1081**) 0.0278 0.4821

Mali 0.4832
(0.1878**)

-0.2373
(0.3202)

-0.00002
(0.0060)

2.8217
(0.0577**)

0.0536 0.2330

Malta 0.9371
(0.1519**)

-0.7272
(0.2194**)

0.0843
(0.0170**)

0.6597
(1.0091) 0.0401 0.6802

Mauritius
0.7857

(0.1407**)
-0.3671

(0.0795**)
0.0646

(0.0076**)
1.7652

(0.2908**) 0.0424 0.5478

Mexico 0.7970
(0.1520**)

-0.0987
(0.0393**)

0.0242
(0.0055**)

1.5684
(0.1000**)

0.0443 0.4332

Nepal 0.6053
(0.0742**)

-0.3994
(0.1134**)

0.0340
(0.0054**)

1.9672
(0.0330**) 0.0314 0.5532

Netherlands
0.7976

(0.1020**)
0.2177

(0.1460)
0.0151

(0.0042**)
1.8853

(0.6497**) 0.0192 0.6725

New Zealand 0.7340
(0.1115**)

-0.0348
(0.0103**)

0.0111
(0.0010**)

2.5396
(0.0961**)

0.0229 0.5488

Nicaragua 0.5339
(0.1816**)

-0.8449
(0.3951**)

-0.0119
(0.0118)

4.5884
(0.7305**) 0.0722 0.2906

Niger
0.3879

(0.1709**)
-1.2945

(0.4406**)
-0.0029
(0.0046)

4.1013
(0.0665**) 0.0693 0.1475

Norway 0.6050
(0.1896**)

0.2352
(0.0606**)

0.0163
(0.0036**)

3.2132
(0.3015**)

0.0201 0.3699

Pakistan 0.7423
(0.1101**)

0.2345
(0.1016**)

0.0139
(0.0046**)

1.2192
(0.1545**) 0.0280 0.6281

Panama
0.6342

(0.1596**)
-0.0801
(0.0627)

0.0367
(0.0071**)

3.0488
(0.1898**) 0.0520 0.4039

Papua New 
Guinea

0.8900
(0.1089**)

0.2077
(0.2033)

0.0022
(0.0126)

0.7495
(0.1118**)

0.0451 0.7454

Paraguay 0.5189
(0.1503**)

0.4460
(0.0470**)

0.0021
(0.0020)

2.3257
(0.1335**) 0.0249 0.2700

Peru
0.5073

(0.1808**)
0.0375

(0.0349)
-0.0123

(0.0035**)
3.4271

(0.1003**) 0.0557 0.2371

Philippines 0.7348
(0.1559**)

0.2556
(0.0697**)

-0.0131
(0.0048**)

1.3624
(0.2422**)

0.0337 0.5175

Notes: See the notes to Table 2.1. Numbers in parentheses denote standard errors.
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Table 2.5. Summary Statistics of Panel Estimation of the Model with 
Average Years of Total Schooling (Continued): 1970-1995

Estimates
Countries λ i

∧
TYR25i g i

∧

µ i
∧

SEE R2

Portugal
0.6535

(0.1500**)
-0.1916

(0.0740**)
0.0354

(0.0041**)
2.9363

(0.1551**) 0.0379 0.4074

Romania 0.8197
(0.1681**)

-0.3102
(0.0320**)

0.0396
(0.0073**)

1.6034
(0.2525**)

0.0558 0.6444

Russian 
Federation

1.0009
(0.1498**)

-0.3498
(0.0899**)

0.0347
(0.0079**)

0.0257
(0.7008**) 0.0867 0.7092

Rwanda
0.1409

(0.3442)
2.4112

(0.4515**)
-0.0891

(0.0211**)
4.0558

(0.1339**) 0.1066 0.0181

Senegal 0.3335
(0.2060)

-0.1296
(0.0657**)

-0.0022
(0.0017)

4.5723
(0.0647**)

0.0439 0.1112

Sierra Leone 0.7540
(0.1254**)

1.2194
(0.4086**)

-0.0618
(0.0061**)

1.1278
(0.0674**) 0.0440 0.5687

Singapore
0.6467

(0.1604**)
0.0186

(0.0204)
0.0523

(0.0017**)
2.8476

(0.0571**) 0.0268 0.4131

South Africa 0.5318
(0.1601**)

0.1848
(0.0393**)

-0.0100
(0.0014**)

3.3281
(0.1475**)

0.0229 0.2867

Spain 0.8732
(0.0883**)

0.0353
(0.0660)

0.0218
(0.0044**)

1.1239
(0.2577**) 0.0258 0.7655

Sri Lanka
0.5911

(0.1419**)
0.0682

(0.0233**)
0.0278

(0.0023**)
2.1877

(0.0931**) 0.0273 0.4418

Sudan 0.4903
(0.1528**)

-0.9509
(0.3165**)

0.0329
(0.0104**)

3.5176
(0.0683**)

0.0625 0.2476

Swaziland 0.6415
(0.1429**)

-0.0562
(0.0321*)

0.0051
(0.0027*)

2.3014
(0.0737**) 0.0337 0.4022

Sweden
0.8467

(0.1099**)
-0.0248
(0.0206)

0.0161
(0.0025**)

1.5327
(0.1378**) 0.0248 0.6325

Switzerland 0.8261
(0.1039**)

-0.0187
(0.0129)

0.0142
(0.0021**)

1.7895
(0.0825**)

0.0283 0.6460

Syria 0.6621
(0.1222**)

-0.4644
(0.1706**)

0.0536
(0.0178**)

2.4390
(0.1657**) 0.0689 0.4598

Thailand
0.9195

(0.0749**)
0.1859

(0.0751**)
0.0423

(0.0098**)
0.4933

(0.2677*) 0.0337 0.8467

Togo 0.2790
(0.1154**)

0.2980
(0.0730**)

-0.0391
(0.0078**)

4.3193
(0.0297**)

0.0543 0.0782

Trinidad & 
Tobago

0.3958
(0.1779**)

0.2360
(0.0165**)

-0.0169
(0.0016**)

4.2746
(0.0656**) 0.0341 0.1574

Tunisia
0.3913

(0.1700**)
0.0773

(0.0569)
0.0153

(0.0052**)
4.0664

(0.0424**) 0.0314 0.1943

Turkey 0.7026
(0.0974**)

-0.0206
(0.1092)

0.0240
(0.0058**)

2.1452
(0.1438**)

0.0342 0.5183

Notes: See the notes to Table 2.1. Numbers in parentheses denote standard errors.
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Table 2.6. Summary Statistics of Panel Estimation of the Model with 
Average Years of Total Schooling (Continued): 1970-1995

Estimates
Countries λ i

∧
TYR25i g i

∧
µ i
∧

SEE R 2

United 
Kingdom

0.7463
(0.1076**)

0.5014
(0.1653**)

-0.0007
(0.0066)

1.4571
(1.0225)

0.0209 0.6505

United States
0.6239

(0.1209**)
-0.0480

(0.0143**)
0.0206

(0.0014**)
3.8076

(0.1230**)
0.0206 0.4107

Uruguay
0.3965

(0.1584**)

-0.3316

(0.0733**)

0.0374

(0.0048**)

5.8293

(0.2944**)
0.0353 0.1468

Venezuela
0.5698

(0.1236**)
-0.0992

(0.0147**)
-0.0038

(0.0021*)
3.6123

(0.0465**)
0.0387 0.3253

Zaire
0.7263

(0.1355**)
0.4987

(0.1667**)
-0.0730

(0.0113**)
1.4268

(0.0855**)
0.0411 0.4614

Zambia
0.4289

(0.1609**)

-0.1031

(0.0337**)

-0.0135

(0.0036**)

3.6539

(0.0527**)
0.0320 0.1399

Zimbabwe
0.6770

(0.1594**)
-0.4006

(0.1821**)
0.0073

(0.0044*)
2.4099

(0.3008**)
0.0489 0.4276

Notes: See the notes to Table 2.1. Numbers in parentheses denote standard errors.

multiple channels for human capital to influence growth and it permits the 

theoretical properties of the human capital variable to be better reflected in 

the estimation results. The channels are as follows. First, the level of human 

capital stock may directly affect total factor productivity growth by 

determining the national capacity to innovate new technologies suited to 

domestic production. Second, the human capital stock may influence the 

speed of technological catch-up and diffusion. 

Tables 3-9 report estimation results when various measures of 

educational attainment are used as proxies for human capital such as the 

percentage of no schooling in the total population (NO25), the percentages of 

primary (PRI25), secondary (SEC25) and higher school attained (HIGH25), 

and average years of primary (PYR25), secondary (SYR25) and higher 

schooling (HYR25). The average parameter estimates of convergence rates, 
human capital, technology growth, individual country effects, and R2  in the 

Tables are broadly similar to those in Tables 2.1-2.6. Note that as indicated 

in the notes to Table 3, the numbers of individual countries' parameter 

estimates of NO25i that are significant at the 1%, 5%, and 10% level are 55, 

4, and 3 out of 98 countries, respectively. That is, in 62 out of 98 countries 

(63%), the parameter estimates of NO25i are significant at conventional 

levels. As shown in the notes to Tables 4-9, in 63, 62, 69, 64, 56, and 64 out 
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Table 4. Summary Statistics of Panel Estimation of the Model with 
Percentage of Primary School Attained (PRI25): 1970-1995

Estimates
Statistics λ i

∧
PRI25i g i

∧
µ i
∧

SEE R2

Nonoil Sample (98 countries):  N(No. of available observations)=98×26
Mean
(Std. error)

0.6369
(0.0186**)

0.0061
(0.0050)

0.0061
(0.0044)

2.6392
(0.1561**)

0.0418
(0.0025**)

0.4444
(0.0206**)

Median 0.6502 0.0017 0.0136 2.5061 0.0346 0.4382
Std. Dev. 0.1843 0.0499 0.0433 1.5450 0.0243 0.2043
Minimum 0.0807 -0.1448 -0.2837 0.0491 0.0139 0.0054
Maximum 0.9979 0.2645 0.0820 10.4951 0.1741 0.8237
Notes: 1. Numbers in parentheses denote standard errors. * and ** indicate significance 

at the 10% and 5% levels, respectively. PRI25i = coefficient estimate of 
percentage of primary school attained in the population aged 25 and over. 
See the notes to Table 3. 

2. Although the mean parameter estimate of PRI25i is insignificant, the numbers 
of individual countries' parameter estimates of PRI25i that are significant 
at the 1%, 5%, and 10% level are 53, 7, and 3 out of 98 countries, 
respectively. That is, in 63 out of 98 countries (64%), the parameter 
estimates of PRI25i are significant at conventional levels. These results for 
individual countries are not reported in the table above due to space 
limitation, but it's available from the author upon request. 

Table 3. Summary Statistics of Panel Estimation of the Model with 
Percentage of No Schooling (NO25): 1970-1995

Estimates
Statistics λ i

∧
NO25i g i

∧
µ i
∧

SEE R2

Nonoil Sample (98 countries):  N(No. of available observations)=98×26
Mean
(Std. Error)

0.6348
(0.0182**)

0.0151
(0.0073**)

0.0055
(0.0052)

2.7461
(0.1667**)

0.0421
(0.0027**)

0.4369
(0.0195**)

Median 0.6639 0.0026 0.0131 2.4831 0.0350 0.4470
Std. Dev. 0.1797 0.0726 0.0515 1.6503 0.0266 0.1929
Minimum 0.0600 -0.1273 -0.3719 0.2326 0.0143 0.0025
Maximum 0.9584 0.2906 0.0854 10.6517 0.2129 0.8074
Notes: 1. Numbers in parentheses denote standard errors. * and ** indicate significance 

at the 10% and 5% levels, respectively. 1- λ i
∧

 = estimate of convergence 

rate for country i, NO25i = coefficient estimate of percentage of no 
schooling in the population aged 25 and over, g i

∧

 = estimate of 

technology growth rate, µ i
∧

 = estimate of individual country effect, SEE 

= standard error of estimate of the regression equation, and R 2  = adjusted 

coefficient of determination of the regression.

2. The numbers of individual countries' parameter estimates of NO25i that 
are significant at the 1%, 5%, and 10% level are 55, 4, and 3 out of 98 
countries, respectively. That is, in 62 out of 98 countries (63%), the 
parameter estimates of NO25i are significant at conventional levels. These 
results for individual countries are not reported in the table above due to 
space limitation, but it's available from the author upon request.
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Table 5. Summary Statistics of Panel Estimation of the Model with 
Percentage of Secondary School Attained (SEC25): 1970-1995

Estimates
Statistics λ i

∧
SEC25i g i

∧
µ i
∧

SEE R2

Nonoil Sample (98 countries):  N(No. of available observations)=98×26
Mean
(Std. error)

0.6346
(0.0188**)

-0.0565
(0.0489)

0.0139
(0.0028**)

2.7033
(0.1722**)

0.0425
(0.0027**)

0.4327
(0.0203**)

Median 0.6472 -0.0021 0.0149 2.3224 0.0350 0.4575
Std. Dev. 0.1862 0.4839 0.0282 1.7044 0.0271 0.2010
Minimum 0.1614 -4.7466 -0.0508 0.1299 0.0145 0.0195
Maximum 0.9885 0.1873 0.1162 12.8735 0.2233 0.8366
Notes: 1. Numbers in parentheses denote standard errors. * and ** indicate significance 

at the 10% and 5% levels, respectively. SEC25i = coefficient estimate of 
percentage of secondary school attained in the population aged 25 and 
over. See the notes to Table 3. 

2. Although the mean parameter estimate of SEC25i is insignificant, the numbers 
of individual countries' parameter estimates of SEC25i that are significant 
at the 1%, 5%, and 10% level are 48, 10, and 4 out of 98 countries, 
respectively. That is, in 62 out of 98 countries (63%), the parameter 
estimates of SEC25i are significant at conventional levels. These results for 
individual countries are not reported in the table above due to space 
limitation, but it's available from the author upon request.

Table 6. Summary Statistics of Panel Estimation of the Model with 
Percentage of Higher School Attained (HIGH25): 1970-1995

Estimates
Statistics λ i

∧
HIGH25i g i

∧
µ i
∧

SEE R2

Nonoil Sample (98 countries):  N(No. of available observations)=98×26
Mean
(Std. error)

0.6443
(0.0197**)

0.0213
(0.0485)

0.0143
(0.0037**)

2.5668
(0.1452**)

0.0430
(0.0031**)

0.4530
(0.0220**)

Median 0.6669 0.0035 0.0172 2.2659 0.0344 0.4681
Std. Dev. 0.1949 0.4800 0.0368 1.4377 0.0309 0.2176
Minimum -0.0415 -1.6774 -0.0877 -0.0364 0.0147 -0.0014
Maximum 1.0131 2.1502 0.2336 7.0049 0.2702 0.8388
Notes: 1. Numbers in parentheses denote standard errors. * and ** indicate significance 

at the 10% and 5% levels, respectively. HIGH25i = coefficient estimate of 
percentage of higher school attained in the population aged 25 and over. 
See the notes to Table 3. 

2. Although the mean parameter estimate of HIGH25i is insignificant, the numbers 
of individual countries' parameter estimates of HIGH25i that are significant at 
the 1%, 5%, and 10% level are 57, 10, and 2 out of 98 countries, 
respectively. That is, in 69 out of 98 countries (70%), the parameter 
estimates of HIGH25i are significant at conventional levels. These results 
for individual countries are not reported in the table above due to space 
limitation, but it's available from the author upon request.
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Table 7. Summary Statistics of Panel Estimation of the Model with 
Average Years of Primary Schooling (PYR25): 1970-1995

Estimates
Statistics λ i

∧
PYR25i g i

∧
µ i
∧

SEE R2

Nonoil Sample (98 countries):  N(No. of available observations)=98×26

Mean
(Std. error)

0.6371
(0.0196**)

0.0177
(0.1097)

0.0095
(0.0040**)

2.4696
(0.1532**)

0.0427
(0.0030**)

0.4438
(0.0211**)

Median 0.6554 0.0120 0.0140 2.2867 0.0348 0.4399

Std. Dev. 0.1939 1.0863 0.0399 1.5165 0.0302 0.2084

Minimum -0.0470 -5.1222 -0.1985 -3.5919 0.0143 -0.0058

Maximum 0.9990 4.8498 0.1450 6.4567 0.2618 0.8357
Notes: 1. Numbers in parentheses denote standard errors. * and ** indicate significance 

at the 10% and 5% levels, respectively. PYR25i = coefficient estimate of 
average years of primary schooling in the population aged 25 and over. 
See the notes to Table 3. 

2. Although the mean parameter estimate of PYR25i is insignificant, the numbers 
of individual countries' parameter estimates of PYR25i that are significant 
at the 1%, 5%, and 10% level are 56, 6, and 2 out of 98 countries, 
respectively. That is, in 64 out of 98 countries (65%), the parameter 
estimates of PYR25i are significant at conventional levels. These results for 
individual countries are not reported in the table above due to space 
limitation, but it's available from the author upon request.

Table 8. Summary Statistics of Panel Estimation of the Model with 
Average Years of Secondary Schooling (SYR25): 1970-1995

Estimates

Statistics λ i
∧

SYR25i g i
∧

µ i
∧

SEE R2

Nonoil Sample (98 countries):  N(No. of available observations)=98×26

Mean
(Std. error)

0.6423
(0.0192**)

-0.6033
(0.5904)

0.0156
(0.0030**)

2.6174
(0.1524**)

0.0427
(0.0028**)

0.4474
(0.0210**)

Median 0.6571 -0.0134 0.0160 2.2994 0.0351 0.4639

Std. Dev. 0.1902 5.8449 0.0296 1.5083 0.0277 0.2082

Minimum 0.0638 -56.3879 -0.0510 0.0639 0.0146 0.0040

Maximum 0.9965 4.1647 0.1220 7.0769 0.2298 0.8622
Notes: 1. Numbers in parentheses denote standard errors. * and ** indicate significance 

at the 10% and 5% levels, respectively. SYR25i = coefficient estimate of 
average years of secondary schooling in the population aged 25 and over. 
See the notes to Table 3. 

2. Although the mean parameter estimate of SYR25i is insignificant, the numbers 
of individual countries' parameter estimates of SYR25i that are significant 
at the 1%, 5%, and 10% level are 44, 8, and 4 out of 98 countries, 
respectively. That is, in 56 out of 98 countries (57%), the parameter 
estimates of SYR25i are significant at conventional levels. These results for 
individual countries are not reported in the table above due to space 
limitation, but it's available from the author upon request.
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Table 9. Summary Statistics of Panel Estimation of the Model with 
Average Years of Higher Schooling (HYR25): 1970-1995

Estimates

Statistics λ i
∧

HYR25i g i
∧

µ i
∧

SEE R2

Nonoil Sample (98 countries):  N(No. of available observations)=98×26

Mean

(Std. error)

0.6497

(0.0187**)

-1.5229

(0.8726*)

0.0161

(0.0037**)

2.5565

(0.1467**)

0.0432

(0.0030**)

0.4554(0.0

214**)

Median 0.6646 0.0048 0.0157 2.3107 0.0345 0.4671

Std. Dev. 0.1848 8.6381 0.0369 1.4525 0.0299 0.2118

Minimum 0.1489 -48.0192 -0.0776 -0.0336 0.0149 0.0198

Maximum 1.0127 19.0626 0.2736 7.2274 0.2544 0.8408
Notes: 1. Numbers in parentheses denote standard errors. * and ** indicate significance at 

the 10% and 5% levels, respectively. HYR25i = coefficient estimate of 
average years of higher schooling in the population aged 25 and over. See 
the notes to Table 3. 

2. Although the mean parameter estimate of HYR25i is insignificant, the numbers 
of individual countries' parameter estimates of HYR25i that are significant 
at the 1%, 5%, and 10% level are 52, 7, and 5 out of 98 countries, 
respectively. That is, in 64 out of 98 countries (65%), the parameter 
estimates of HYR25i are significant at conventional levels. These results 
for individual countries are not reported in the table above due to space 
limitation, but it's available from the author upon request.

of 98 countries (64%, 63%, 70%, 65%, 57%, and 65%), respectively, the 

parameter estimates of PRI25i, SEC25i, HIGH25i, PYR25i, SYR25i, and 

HYR25i are significant at conventional levels. On average, the parameter 

estimates of the human capital proxies in 63 out of 98 nations (64%) are 

found significant in Tables 2-9. The specific results for individual countries 

are not reported in Tables 3-9 due to space limitation, but it's available from 

the author upon request.

In sum, the various measures of educational attainment used as proxies 

for human capital in general do not show large variations in the parameter 

estimates of convergence rates, individual country effects, and adjusted R
2
. 

However, specifically, when the percentages of secondary and higher school 

attained in the total population, and average years of total, secondary, and 

higher schooling are employed as proxies, the average estimates of 

technology growth are found higher than the other proxies. This implies that 

policy should be focused on improving the percentages of secondary and 

higher school attained and average years of secondary and higher schooling 

rather than those of primary schooling in order to enhance technological 

progress. 
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3. Human Capital Contributing to Technology Growth

I report above the finding that the human capital proxies in some cases 

show insignificant and negative coefficient estimates when the stochastic 

growth model with human capital as a direct input in the production 

function and heterogeneous panel data are employed. This section is devoted 

to explaining the seemingly anomalous results by providing richer 

specifications of the aggregate production function.

Benhabib and Spiegel (1994) also find insignificant and negative 

coefficient estimates on the human capital variables for all different samples 

and models, when they estimate growth equations in the first differenced 

form, which may be deemed as panel estimation with two periods only. This 

leads them to suggest a model in which growth in total factor productivity 

is a nondecreasing function of the level of human capital stock of a country. 

Such a specification provides multiple channels for human capital to 

influence growth and it permits the theoretical properties of the human 

capital variable to be better reflected in the estimation results. The channels 

are as follows. First, the level of human capital stock may directly affect total 

factor productivity growth by determining the national capacity to innovate 

new technologies suited to domestic production. Second, the human capital 

stock can influence the speed of technological catch-up and diffusion.

They suggest the model specification as follows. 
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This equation means that per capita income growth is a function of 

technology (total factor productivity) growth, physical capital share(α )× 

physical capital growth, labor share( β )×labor force growth, human capital 

share(γ )×the average level of the log of human capital over the period, and 

innovation in the disturbance term. The difference between the above 

equation and the regression equation3) of the conventional growth model 

with human capital as a direct input in the production function 

( εγβα
tttttt HLKAY = ) is the fact that the log difference in human capital has 

been replaced with the average level of the log of human capital over the 

period. This is a specification to reflect the channel that the level of human 
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capital stock (not its growth) contributes to income growth through its 

effects on total factor productivity growth. 

They also propose the following structural specification that considers 

both the domestic innovation effect and the technological catch-up effect of 

the follower to the leader nation. Let's assume a Cobb-Douglas production 

function, LKHAY ttttt
βα)(= , in which the human capital stock level (Ht ) 

affects the level of technology ( At : total factor productivity). Taking log 

differences, we can specify the long-term growth relationship from time 0 to 

time T as follows. 
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They assume in equation (36) that total factor productivity growth 

depends on the following two factors. First, it depends on the level of 

human capital stock which reflects the domestic endogenous innovation as in 

Romer (1990). Second, it also relies on an interactive term that involves the 

level of human capital and the technological lag of a country behind the 

leader, to reflect the catch-up effect analogous to Nelson and Phelps (1966). 

Thus we obtain the structural specification for a representative country i's 

technology growth as follows.

],/)[()](log)([log max0 YYYHmHgcHAHA iiiittT i −++=−             (37)

where c denotes exogenous technological progress, Hg i  represents 
endogenous technological progress related with the capacity of a country to 
make domestic innovations, ]/)[( max YYYHm iii −  is a term reflecting the 

diffusion of technology from abroad or technological catch-up, Ymax  is the 

initial income per capita of the leader nation, and Y i  is the initial per-capita 
income of a specific country. The domestic endogenous innovation term 

reflects the fact that the human capital stock level may independently 

enhance technological advance, while the catch-up effect term implies that 

holding human capital levels constant, countries with lower initial 

productivity levels will show higher growth in total factor productivity. 

Substituting the simplified version of equation (37) into equation (36), we 

obtain 
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Table 10. Panel Estimation of the Model with Human Capital Contributing 
to Productivity Growth : Dep. Var. is Per Capita Income Growth

(GDPGR: 1970-1995)

H

Indep.Var.
NO25 PRI25 SEC25 HIGH25 TYR25 PYR25 SYR25 HYR25

Const.
-0.07151

(0.02128a)

-0.10731

(0.01400a)

-0.09755

(0.01428a)

-0.08880

(0.01511a)

-0.08992

(0.01607a)

-0.09238

(0.01650a)

-0.07788

(0.01567a)

-0.08269

(0.01715a)

KGR
0.04620

(0.00382a)

0.04557

(0.00395a)

0.04443

(0.00381a)

0.04530

(0.00377a)

0.04363

(0.00400a)

0.04393

(0.00406a)

0.04454

(0.00378a)

0.04559

(0.00378a)

LGR
-0.11537

(0.11211)

-0.20856

(0.10442b)

-0.16096

(0.10753)

-0.21236

(0.10609b)

-0.16439

(0.10466)

-0.16607

(0.10332)

-0.18322

(0.10636c)

-0.21580

(0.10607b)

H
-0.00437

(0.00169a)

0.00217

(0.00199)

0.00486

(0.00186a)

0.00336

(0.00138b)

0.00606

(0.00237a)

0.00505

(0.00245b)

0.00554

(0.00173a)

0.00262

(0.00141c)

GDP70
-0.00551

(0.00179a)

-0.00283

(0.00108a)

-0.00453

(0.00124a)

-0.00476

(0.00134a)

-0.00459

(0.00137a)

-0.00397

(0.00135a)

-0.00530

(0.00128a)

-0.00435

(0.00131a)

No. of Obs. 2229 2260 2260 2255 2260 2260 2260 2244

SEE 0.05110 0.05141 0.05130 0.05137 0.05131 0.05135 0.05125 0.05129

R2 0.11681 0.10639 0.11004 0.10911 0.10976 0.10847 0.11187 0.10859

Notes: Numbers in parentheses denote standard errors. a, b, and c indicate significance 

at the 1%, 5%, and 10% levels, respectively. Dep. Var. = dependant variable, 

Indep. Var. = independent variable, GDPGR = per capita income growth, 

Const. = constant term, KGR = physical capital growth = log(gross domestic 

investment/GDP), LGR = labor force growth, H = log of one of the 8 proxies 

for human capital including NO25 to HYR25, GDP70 = log(initial per capita 

income in 1970), NO25 = percentage of no schooling in the population aged 

25 and over, PRI25 = percentage of primary school attained in the population 

aged 25 and over, SEC25 = percentage of secondary school attained in the 

population aged 25 and over, HIGH25 = percentage of higher school attained 

in the population aged 25 and over, TYR25 = average years of total schooling 

in the population aged 25 and over, PYR25 = average years of primary 

schooling in the population aged 25 and over, SYR25 = average years of 

secondary schooling in the population aged 25 and over, HYR25 = average 

years of higher schooling in the population aged 25 and over, No. of Obs. 

= number of observations used in the regressions, SEE = standard error of 

estimate, and R2  = adjusted coefficient of determination.

Estimation results of equations (35) and (38) using international panel 

data are presented in Tables 10 and 11. Table 10 indicates that parameter 

estimates of all of the eight proxies for human capital are statistically 

significant in almost all cases and show theoretically predicted signs 

(negative for NO25 and positive for all the others). Moreover, coefficient 

estimates of physical capital growth (KGR) proxied by gross domestic 
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Table 11. Panel Estimation of the Model with Domestic Endogenous 
Innovation and Catch-up Effects: Dep. Var. is Per Capita Income Growth 

(GDPGR: 1970-1995)

H

Indep.Var.
NO25 PRI25 SEC25 HIGH25 TYR25 PYR25 SYR25 HYR25

Const.
-0.12170

(0.01220a) 

-0.12390

(0.01250a)

-0.12230

(0.01250a)

-0.12035

(0.01202a)

-0.11691

(0.01263a)

-0.11824

(0.01293a)

-0.12272

(0.01191a)

-0.11830

(0.01220a) 

KGR
0.04660

(0.00382a)

0.04450

(0.00403a)

0.04400

(0.00383a)

0.04546

(0.00378a)

0.04358

(0.00409a)

0.04430

(0.00416a)

0.04529

(0.00378a)

0.04540

(0.00380a)

LGR
-0.12420

(0.11390)

-0.17260

(0.09650c)

-0.15450

(0.10720)

-0.15859

(0.10485)

-0.15648

(0.10635)

-0.14714

(0.10571)

-0.08350

(0.10816)

-0.13200

(0.09970) 

H
-0.00257

(0.00103b)

0.00104

(0.00180)

0.00110

(0.00148)

-0.00060

(0.00114)

0.00019

(0.00169)

0.00003

(0.00184)

0.00388

(0.00200c)

0.00324

(0.00138b)
H*(YMAX/

Y70)

0.00002

(0.00001a)

0.000014

(0.00001b)

0.00003

(0.00001a)

0.00001

(0.00002)

0.00003

(0.00001b)

0.00002

(0.00002)

-0.00003

(0.00002c)

-0.00002

(0.00001a)
No. of Obs. 2229 2260 2260 2255 2260 2260 2260 2244

SEE 0.05115 0.05143 0.05136 0.05157 0.05147 0.05152 0.05147 0.05126

R2 0.11496 0.10542 0.10785 0.10201 0.10407 0.10239 0.10411 0.10969

Notes: See also the notes to Table 10. Numbers in parentheses denote standard 
errors. a, b, and c indicate significance at the 1%, 5%, and 10% levels, 
respectively. Dep. Var. = dependant variable, Indep. Var. = independent 
variable. H = log of one of the 8 proxies for human capital including NO25 
to HYR25 = proxy of the domestic endogenous innovation effect, 
H*(YMAX/Y70) = H*(the maximum initial per capita income/country i's 
initial per capita income in 1970) = proxy of the catch-up effect of the 
follower to the leader nation.

investment/GDP, labor force growth (LGR), and the initial income level 

(GDP70) have predicted signs. 

Table 11 shows that parameter estimates of the human capital stock (H) 

term reflecting domestic endogenous innovation have predicted positive 

signs in 6 out of 8 cases, yet statistically significant in only 3 out of 8 cases. 

However, coefficient estimates of the term (H*(YMAX/Y70)) representing the 

catch-up effect have predicted positive signs in most cases and significant in 

6 out of 8 cases. This implies that the developing nation's policy to stress 

introduction of technology from abroad is more efficient for income growth 

than simply relying on domestic endogenous innovation.

IV. Concluding Remarks

This paper performs empirical analyses on the role of human capital in 
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a stochastic growth model that accounts for heterogeneity of technological 

growth rates and convergence rates across nations, by improving upon the 

recent dynamic panel approach. It uses the international panel data of World 

Development Indicators (WDI: 1997) published by the World Bank. The WDI 

dataset includes 500 socio-economic indicators of 209 countries over 

1970-1995. It exploits the international panel data (for 126 countries) on 

educational attainment compiled by Barro and Lee (1996) as proxy variables 

for human capital. It uses the panel data estimation and test techniques of 

Lee, Pesaran and Smith (1997). 

The empirical results of this paper may be summarized as follows. First, 

heterogeneity in technology growth across countries, which has been 

assumed away in the existing literature, is found to be prominent. As Lee, 

Pesaran, and Smith (LPS: 1997) demonstrate, traditional cross-section and 

pooled fixed-effects estimation procedures ignoring growth rate 

heterogeneity are subject to important biases in the estimates of the speed of 

convergence. The estimation procedures in this and the LPS paper reduce 

such biases by explicitly allowing for heterogeneity in growth rates, which is 

a significant contribution to the econometric analysis of growth empirics. 

When growth rates of technology differ across countries, the speed of 

convergence furnishes information only about the ‘within’ country output 

movements. That is, in this paper the convergence is toward the specific 

steady state of the individual country, not toward the common steady state 

for all the countries in the sample. Each country could be converging to its 

own steady state, while cross-country steady states could be diverging. 

Estimates in Table 1 indicate that technology growth has been much higher 

in OECD countries with a smaller dispersion (as measured by standard 

deviation) compared to the world as a whole. As a result, global dispersion 

in per capita income has been increasing. In contrast to the results in the 

traditional convergence literature, this paper provides evidence that countries 

have been diverging, not converging in income as LPS (1997) and others 

correctly argue.

Second, average convergence rates have been estimated at around 27%∼
32% per year, which are substantially higher than the common estimate of 

around 2% found in the existing cross-country studies. Third, using the 

international panel data on educational attainment of Barro and Lee (1996) as 

the proxy variables for human capital, the model with human capital gives 

about 9%p higher convergence rate estimates than the model without it. This 

implies that human capital accumulation proxied by educational attainment 

has significant effects on income levels and growth by enhancing the 

convergence rate toward the steady state of a national economy. Fourth, the 
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average estimates of technology growth were found higher in the model 

with human capital than in the one without it. This suggests that technology 

growth as well as convergence rates is improved when human capital is 

included in the model. This fact implies that there is another channel for 

human capital to influence income growth, which is to contribute to growth 

in total factor productivity (technology growth) in addition to its 

contribution as a direct input in the aggregate production function. Fifth, the 

individual country effects have been estimated higher in the model with 

human capital than the model without it. This suggests that allowing 

differences in human capital leads to better explanation of variations in 

income levels across countries.

Sixth, this paper uses the percentages of no schooling in the total 

population, of primary school attained, of secondary school attained, of 

higher school attained, and average years of total schooling in the total 

population, of primary schooling, of secondary schooling, and of higher 

schooling as proxy variables for human capital. The parameter estimates of 

the proxy variables for human capital sometimes have signs contrary to the 

traditional growth theories and are in some cases statistically insignificant. 

The estimates also vary greatly in size and signs across countries. This paper 

provides two explanations for the apparent anomalies. First, it is due to the 

discrepancy between the theoretical human capital variable and the proxy 

variables for it. Second, it may be arising from the misspecifications in the 

aggregate production function with respect to the role of human capital. 

Seventh, the various measures of educational attainment used as proxies 

for human capital in general do not show substantial variations in the 

estimates of convergence rates, individual country effects, and adjusted R
2
. 

However, specifically, when the percentages of secondary and higher school 

attained in the total population, and average years of total, secondary, and 

higher schooling are employed as proxies, the average estimates of 

technology growth are found higher than the other proxies. This implies that 

policy should be focused on improving the percentages of secondary and 

higher school attained and average years of secondary and higher schooling 

rather than those of primary schooling in order to speed up technological 

progress. 

Eighth, I estimate the structural equations in which human capital levels 

influence growth in total factor productivity, and find that various human 

capital proxies have significant and positive effects on per capita income 

growth through positive impacts on total factor productivity growth. Among 

the two channels that human capital levels can influence total factor 

productivity growth, i.e. the domestic endogenous innovation effect and the 
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technological catch-up effect of the follower to the leader, the latter (the 

catch-up effect) is in general found stronger than the former. This suggests 

that the policy of introducing advanced technology from abroad is more 

efficient to enhance growth than domestic endogenous innovation for a 

developing country.
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