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Abstract: The empirical literature on the link between human capital and technological diffusion
remains inconclusive, with controversies pertaining to both the measurement of human capital as
well as that of technological adoption and diffusion. In this paper we revisit this issue, by
examining this link using newly created measures for both of these concepts. Specifically, we
examine the impact of qualitative measures of human capital (based on data on tests of cognitive
skills), and direct measures of technology adoption using country level panel data for the period
1964-2003. Our measure of cognitive skills is drawn from Trends in Mathematics and Science
Study (TIMSS). For measures of technology we use the Cross Country Historical Adoption of
Technology (CHAT) data set due to Comin and Hobijn (2009), which presents measures of
intensity and timing of adoption for a large number of technologies from various sectors of the
economy. Our analysis suggests that the link between human capital and technological adoption
and diffusion is a conditional one, which rests on various aspects of human capital and the nature
of the technology in question. We find, for example, that technologies in transport, tourism and
health exhibit a stronger evidence of correlation between our measures of technology adoption
and human capital, than technologies from “traditional” sectors such as agriculture. Our
interpretation for the lack of correlation in the latter sector is not that human capital does not
matter in agriculture; rather, other unmeasured aspects of human capital such as “learning by
doing” could matter more. Our analysis, which also controls for institutional variables and other
factors that determine technological adoption, therefore suggests that future explorations of the
link between human capital and technological adoption need to be more comprehensive, in that
they take into account the appropriate dimensions of human capital associated with the nature of
the technology in question.
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l. Introduction

A substantial strand of literature on the relationship between education and technological
diffusion stems from the work of Nelson and Phelps (1966), who show that human capital
accumulation, through its impact on technology adoption and diffusion, influences an economy’s
ability to catch up with more developed economies. Benhabib and Speigel (1994) extend this
approach by emphasizing that human capital not only helps in the adoption of more sophisticated
technologies but also facilitates development of new technologies at the frontier through better
innovation. They show that the positive link between human capital and economic growth rests
critically on both of these mechanisms. Subsequent empirical developments present evidence
that is either supportive of this view (as in Barro and Sala-i-Martin, 1995 and Barro 1998), or
supportive with caveats pertaining to the level of development (as in Krueger and Lindahl,
2001) or the measure of human capital used (as in Vandenbussche, 2006, Messinis and
Abdullahi, 2010 and Madsen 2014).

One of the drawbacks of the previously mentioned studies is that they consider changes in
total factor productivity as a measure of technological change. However, changes in productivity
growth do not properly account for changes in technology (Hulten 2000, Lipsey and Carlaw
2004), given that total factor productivity is a “residual” from growth accounting exercises which
canbe related not only to technological change, but other unmeasured inputs in the process of
production.! Moreover, as suggested by Comin and Mestieri (2013), indirect and traditional
measures do not distinguish between the extensive and intensive margins of technology adoption,
which should be central to any examination of mechanisms through which technology adoption
impacts on growth. The intensive margin refers to the intensity of use of a new technology in a
given economy while the extensive margin refers to the timing of adoption — i.e lag in adoption
of a technology for the first time relative to the leading adopter of a technology. This concept is
termed as usage lag was first defined in Comin et al (2008). If, as the human capital and

technology diffusion literature mentioned above suggests, human capital influences growth

! Other researches such as Thijs, R., & Victoria, S. (2011), provide a general framework which explains and
interrelates different approaches to measurement and decomposition of TFP growth. This may be reviewed for
information on concepts such as Solow residual.



through its impact on technology adoption and diffusion, the appropriate empirical exercise to
address this issue should focus on direct measures of both human capital and technology
diffusion.

A key objective of this study, therefore, is to empirically investigate and analyze the link
between technology and educational quality in the light of direct measures of technology
adoption and diffusion, as well as of educational quality. To that end, we examine the impact of
educational quality, as measured using the data set on cognitive skills created by Hanushek and
Woessman (2012), and on direct measures of technology adoption and diffusion based on the
recently created Cross Country Historical Adoption of Technology (CHAT) data set due to
Comin and Hobijn (2009).2 To our knowledge, this is the first attempt to examine the link
between human capital and technology adoption and diffusion by incorporating disaggregated
qualitative aspects of education (in the form of cognitive skills measured as Trends in
International Mathematics and Science Study (TIMSS) test scores and direct measures of
technology.

The literature on cognitive skills and growth suggests that the quality of human capital has a
close, consistent and stable relationship with economic growth (Hanushek and Kimko, 2000;
Hanushek and Woessman, 2012).® However, in this paper we suggest that the mechanisms which
transform human capital into output are intrinsically related to the nature of technology in
question, an issue that is relatively neglected in this literature. For example, certain technologies
require a higher embodiment of skills and educational quality than others, and this is one of the
premises of our exploration. This premise is in part inspired by the findings presented in Comin
and Hobijn (2004), who explore the link between quantitative measures of human capital and
technology adoption, and suggest that human capital is an important determinant of the intensity
of adoption. However, their regressions pool a large set of technologies into one panel, making it
difficult to address this specificity.

Following this idea, we suggest that in an analogous sense, specific types of qualitative
measures of human capital may be more or less appropriate or relevant in facilitating adoption

depending on the type of technology in question. For example, cognitive skills as represented by

> The Cross Country Historical Adoption of Technology (CHAT) data set captures both the extensive and intensive
margins of 104 technologies from 8 sectors for a sample of more than 150 countries, over a period of 1800-2000.

® The literature that uses quantitative measures of human capital, such as years of schooling and enrolment rates in
contrast exhibits mixed evidence on the link between human capital and economic growth.
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science scores may be more relevant to the adoption and diffusion of medical technologies, while
mathematics scores, which arguably embody analytical skills of a more generic nature, could be
relevant for a larger set of technologies including medical technologies, computers or digital
technologies and technologies relating to transportation. In the analysis to follow, therefore, we
prefer to refer to the human capital measure associated with mathematics scores as “generic
human capital”. The human capital measure associated with science scores is referred to as
“specific human capital”.*

Apart from the two dimensions of human capital mentioned above —i.e. ‘generic’ and
‘specific’ human capital, a third dimension pertains to what has often been referred to as
“learning by doing” in several theoretical and empirical studies of technology adoption (Parente
1994; Jovanovic and Nyarko1996; Conley and Udry 2010). This aspect of technology adoption
stresses the notion that the productivity of technologies depends on the experience of using and
adapting the technology to local conditions, and the insufficiency of this type of human capital
can present barriers to the adoption of such technologies (Basu and Weil 1998 and Acemoglu
and Zilibotti 2001). However, while direct measures of such human capital are not available in
disaggregated technology-specific form, a simple way of capturing this aspect is to examine the
impact of past levels of usage intensity and usage lags of the technology in question. Therefore,
another objective of our study is to capture this aspect and examine its implications for
technology adoption. In terms of our methodology, we do so by incorporating lags of the
dependent variable in our regressions, along with the human capital measures based on the
TIMSS data set.”

As our study analyzes two dimensions of technology; usage intensity and usage lags of
technologies, we may also argue that a change in the measure or dimension of technology may
bring a change in the association between a particular technology and skill under discussion. For

instance, human capital embodying knowledge of numeracy skills may not be as relevant in

* This may be justifiable in the sense that the mathematics test consists of basic mathematical knowledge applied to
set of analytical problems. The science test, in contrast, is more knowledge specific rather than analytical. Of course,
this may be contentious and the reader may not agree with our interpretation. Our choice of the labels ‘specific” and
“generic”, however proves convenient as well as intuitive in the context of discussing and interpreting the results to
follow.

> In addition to our reasoning above Comin et al (2008) suggest that past level of technology adoption is a strong
predictor of current levels; as such a dynamic specification is appropriate. In Comin and Hobijn (2004), which to our
knowledge is the only other study analyzing the impact of human capital on technology measures based on the
CHAT data set, the lagged variable is not considered and the focus is on quantitative measures of human capital
such as secondary school enrollment.



reducing adoption lags of a digital technology, since the invention of that technology took place
elsewhere and other factors, such as trading relationships and property rights have a greater
bearing on when the transfer of that technology takes place. However the usage intensity after
adoption may depend more critically on such human capital.®

In order to explore these issues we create two panels based on science and mathematics
scores from TIMSS and technology adoption measures from CHAT for the years 1964-2003 and
1973-2003 respectively. Given that we add a lagged measure of technology in our empirical
specifications in addition to other human capital measures, dynamic-panel methodologies are
required. For this purpose, we employ the dynamic GMM methodology due to Arellano and
Bond (1991). In our specifications we also include certain control variables that may be of
relevance to technology adoption and diffusion, such as health and foreign direct investment
(FDI), but have received less attention in previous literature pertaining to these issues.” Further,
in order to compare the impact of qualitative and quantitative measures of human capital, we also
include the average years of schooling measure from Barro and Lee (2010).

Our results support our premise about the technology-specific nature of the link between
human capital and technology adoption. For example, our analysis of cognitive skills based on
mathematics test scores suggests that the generic type human capital associated with these scores
is more likely to have a positive impact on the usage intensity of technologies we consider,
particularly in the transportation, tourism and health sectors. We note, however, that not all
regressions yield positive and significant coefficients for the human capital variable in these
sectors. Furthermore, this type of human capital does not seem to exhibit any clear-cut link with
technology adoption in agriculture; regressions based on a variety of technologies in this sector
have coefficients of human capital that are either negatively significant or positive but not
significant. In our interpretation this does not necessarily suggest that human capital does not

matter for the adoption of agricultural technologies. Adoption of technologies in agriculture, for

® While such technologies do not require mathematics skills per se, their prevalence requires human capital in the
form of qualified technicians and engineers to provide maintenance and technical support services. It is in this sense
that we suggest that the generic nature of mathematics skills is relevant.

" Barro (2013) uses life expectancy to measure the dimension intrinsic to human capital by introducing it in the
literature on economic growth. Sinani and Myer (2004) and Branstetter (2005) highlight the role of foreign direct
investment on technological spillovers which contribute to physical capital accumulation, increasing domestic
employment and generating positive effects on domestic industries and firms. We introduce these measures in the
literature on technology adoption and human capital to control for possible determinants of usage intensity and
usage lags of technology.



example, may require a different dimension of human capital in the form of “learning by doing”
of the type suggested by Foster and Rosenzweig (1995) in the context of technologies such as
high-yield varieties of seeds. Indeed, the lag of the technology measure, which we interpret as
representative of the experiential, learning-by-doing aspect of adoption, is positive and
significant across all regressions.

Nevertheless, it is interesting to note that the human capital measure yields a positive and
significant impact on usage intensity in only 16 out of the 21 technologies we consider. In the
case of adoption lags evidence regarding the hypothesis that human capital facilitates adoption
by reducing adoption lags is substantially weaker; only 6 of the 21 regressions yield a negatively
significant coefficient for the variable representing human capital. There is a consistency
between the two sets of regressions, in the sense that if the coefficient of the human capital
variable is positive and significant for the usage intensity of a particular technology, it is then
likely to be negatively significant for the usage lags for that technology. Furthermore, the
regressions also suggest that qualitative measures of generic human capital matter more relative
to quantitative measures such as average years of schooling; there are very few regressions for
which the coefficient of this variable is positive and significant.

Referring back to the literature suggesting a strong and stable positive impact of human
capital as measured by cognitive skills on economic growth, as in Hanushek and Woessmann
(2012), it is perhaps surprising that the impact of this measure is not persuasively positive in the
context of technology adoption, which is regarded as a mechanism through which growth takes
place. Even so, we believe analyses of this type, focusing on mechanisms of growth rather than
growth per se are more informative from the point of view of policy. Here, the insight that
emerges is that the notion of human capital relevant for different types of technologies is diverse,
and not easily captured by either the qualitative measures (such as test scores) or quantitative
measures (such as years of schooling). Further, there is robust and clear-cut evidence to suggest
that the learning-by-doing aspect associated with technology adoption matters, given the
significance of the lagged measure of technology in all specifications considered in our analysis.
The appropriate design of policy, then, is better informed by examining the nature of
technologies and the types of human capital more relevant for their adoption.

The analysis based on science scores reinforces this point. In this case, the human capital

measure has the hypothesized impact on usage intensity in only 4 out of the 21 regressions.



Likewise, we find that the coefficient of the human capital variable in the usage lag regressions
is negative and significant only for 3 of these technologies. The lagged technology measure,
however, remains positive and significant across all regressions. Lastly, we also consider the
inclusion of institutional quality, in the form of political rights and civil liberties along with GDP
per capita and R&D expenditures to carry out some simple robustness checks. Even when we
control for these variables the signs of the coefficients of human capital as measured by
cognitive skills and the lagged dependent variable remain similar to baseline regressions in both
the mathematics and science panel estimations.

To summarize, our study considers the impact of qualitative (generic and specific) and
quantitative measures of human capital on technology adoption. We also consider the
experiential, learning associated aspect through the presence of past levels of technology in our
specifications. We find that the most important determinant of technology adoption is the past
level of technology, reflecting the importance of the learning-by-doing aspect of technology
adoption. Qualitative measures also matter, but are conditional on the nature of technology, with
generic skills being far more relevant compared with specific skills. Finally, quantitative
measures such as average years of schooling matter even less in comparison with qualitative
measures. Based on our analysis, we suggest a multi-dimensional approach to studying human-
capital barriers to technology adoption may be more informative from a policy making point of

view.

The remainder of this document is organized as follows: Section 2 outlines the main features
of theoretical and empirical framework relevant to our study. In section 3 we summarize results
analyzing the role of cognitive skills in the process of technology adoption. Section 4 provides
examines this role from the perspective of diffusion of technologies within and across selected
sectors. Section 5 provides the results for robustness checks. Lastly section 6 presents our

conclusions.



1. Empirical Methodology:

In what follows we provide a brief review of our measures of adoption and diffusion of
technology and cognitive skills. We also present the econometric specifications examining the

role of cognitive skills in the process of adoption and diffusion of technologies.
A. Measures of Technology Adoption and Diffusion

In this section we briefly explain our measures of technology adoption and diffusion, which we
have borrowed from Comin, et al (2008).They consider two measures: usage intensity and usage
lags. The former is relatively simple and captures the intensity with which each adopter uses the
technology- i.e intensive margin Comin et al (2008).2 In our study usage intensity or intensive
margin is measured as the number of technology employed at a particular point in time scaled by
the population in a country.® Therefore, the usage intensity of technology conceptually measures
the per capita usage of technology instead of measuring technology adoption simply as the
number of units of a particular technology available in an economy for each year in our analysis.
Using this technique we estimate usage intensity of technology for 21 technologies in six sectors
given in the CHAT data set.

The latter, however, is more complex and as such we choose to reiterate and explain it in
this section for the benefit of the reader. To provide an intuitive explanation for the concept of
technology usage lag, we plot the usage levels for internet for Australia, US, France, Japan and
Netherlands in figure 1, and perform an exercise similar to Comin et al (2008).'° Specifically, we
ask the question: how many years before the year 2002 did the United States last have the usage
level that Japan had in 2002? As is visible from the figure, US last passed Japan’s 2002 usage
level in 2000, 2 years before 2002. Similarly we can perform this exercise for other countries in
our sample such as; in 2002 US led Australia by a few months, France by 4 years and
Netherlands by a year. This illustration makes it somewhat easier to understand the theoretical
definition provided in Comin et al (2008). Again, since our analysis heavily draws on this
measure we reiterate its method of calculation here, rather than inconvenience the reader by

omitting the explanation presented below.

& Comin and Mestieri (2013), use a different theoretical construct for intensive margin of technology in their
theoretical framework.

® Comin and Mestieri (2013), suggest use of population or Gross Domestic Product as scaling factors.

1% This graphical representation is based on author’s own calculations for usage levels.
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Figure 1: Graphical Representation of Technology Usage Lags.
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From a theoretical perspective technology usage lag x for a country c at time t explains
the time in terms of number years before a leader last have usage of technology. This shows
difference in time period in the usage and adoption of a technology between a country c and that
of leader. Following Comin et al (2008), we denote X; . as the technology usage intensity lag of a
specific technology for country j at a time periodt. We evaluate this usage intensity lag in
country j with the past time series of the leader. Then the time series of U.S is given as
{XU_S,S}Where the observations over time are indexed as S. As the time series data for U.S has
missing observations, let S denote the set of observations available in the past data. In this time
series S for U.S they further select two observations each indicating a technology usage level. In

the first case they selects :

§= arsge’?;i" {s|Xyss = Xjcforalls € Sands > s} 1)

In equation (1) 5 is the set of observation that denotes the first time U.S passed the level of
technology usage X;, for countryj. On the other hand, the second observations denotes the last
time U.S recorded a level of technology usage which was either equal or lower than X; . which is

given as:

s= argmin {S|XU.S,S > Xj,t} 2

SES

Given these two observations, we denote 7 as the last time U.S had technology usage level X,

which can be computed as follows:

r= (72 (5- ) ©

Xyss—Xuss

Equation (3) shows, it is known that s comes after observation s in the historical time
series data for U.S, then technology usage lag between country j and U.S at time t can be given

ast —t.
B. Measures of Cognitive Skills

Furthermore, following Hanushek and Woessmann (2012), we develop the measure of
educational quality to incorporate the dimension of human capital in our model which facilitates

technology adoption and diffusion. Educational quality reflects the educational achievement
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measured as cognitive skills which are averages of all observed mathematics and science scores
for international tests conducted during the time period (1964-2003) for a set of more than 50
countries.”*  The common metric of educational quality assists in tracking the distribution of
cognitive skills and developing comparisons across countries, time and tests. Hanushek and
Woessmann (2012) develop this metric first by standardizing the performances of students to
make it comparable across time. This metric takes US as the benchmark country, as it is the only
country that has participated in all the international tests. Given the time series evidence on test
score performance for students from US, the metric scales the current level of each International
Student Achievement Tests (ISAT) relative to the known previous comparable performance of

students from students which is expressed as:

D US,PISA

S S
Ug,g,t = (NAEng,t - NAEPg,E,w%) SpUSNAEP (4)
a,s

In equation (4), U is the standardized performance difference of students from the

benchmark country US, a is the age of student and s denotes subject at relative time t, which is

in this case year 1999. SDYSF'54s the subject specificstandard deviation of U.S students on
Programme for International Student Assessment (PISA) test, while SDZ3V4" is the age and

subject specific standard deviation of U.S students onNational Assessment of Educational
Progress (NAEP) test.

Moreover in order to bring in variation in test scores over time comparable across
countries they select a group of OECD countries as a benchmark to develop a comparable scale
for the variation on different ISATs.? The framework transforms original test scores denoted as
Oof country i, for each age a and subject s at time t into a transformed test score X which is
expressed as:

. . — . sp9sG
i _ (01, _ OOSG s,PISA (5)
ast — a,s,t ast) ¢pOSG

a,s,t

' The measure developed here is an extension of Hanushek and Kimko (2000). Details for countries and tests are
present in Hanushek and Woessmann (2012).

2 This group of countries is called OECD standardized group (OSG) which include countries: Austria, Belgium,
Canada, Denmark, France, Germany, Iceland, Japan, Norway, Sweden, Switzerland, United Kingdom and United
States.
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Given equation (5), the transformed test score X has mean zero among theOECD
standardized group countries. Furthermore it shows that between country standard deviation
among the OSG and group of countries on the PISA test is the same in a particular subject. The
variation in the metric of rescaled test score termed as X in the above equation is comparable
across tests. In order to generate the common metric for educational quality that is comparable
across time, country and subject, they combine equation (4) and (5), where the standardized test

score can be formally expressed as:
i — yi us us us
I(ll,s,t - X(ll,S,t - Xa,s,t + Os,PISA + Ua,s,t (6)

Equation (6) gives the standardized test score Icil,s,t . It determines the performance in ISAT for
all participating countries on a common scale that can be compared across ISATSs.After
performing the standardization procedures this exercise provides cognitive skills measuredas a
simple average of all standardized science and mathematics test scores of the ISAT’s for a

participating country.
C. Econometric Methodology

This section explains the empirical methodology used to examine the link between
technology diffusion and educational quality. We develop our empirical methodology based on
the earlier literature mentioned above suggestive of positive influence of previous period’s
technology on current period’s technology and learning by doing dimension of technology.
(Parente 1994; Jovanovic and Nyarko 1996; Skinner and Staiger 2007; Conley and Udry 2010).
In addition, Comin et al (2008), suggest that current analysis of adoption and diffusion of
technology requires incorporating the dynamics of technology in the form of technology lags
incorporated in panel data estimations. For that reason, we suggest that the intensity of
technology builds up from one period to another and examine the role of educational quality on
technology adoption and diffusion measured as usage intensity and usage lags of technology by
estimating dynamic panel regressions. The dynamic panel regression can be expressed as:

Tci,t =ac+ VTci,t—1 + B1CSct + BoASce + BaXer + Uet (7

Lagé,t =0, + VLagé,t—1 + BaCSce + BsASct + BeXer + €c (8)
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In equation (7), T is the usage intensity of technology, CSare the cognitive skills,AS is
average of schooling, Xis a set of control variables and ., is the error term. The subscripts
i, c, t denote a specific technology i, country ¢ and yeart respectively. In equation (8) Lag is the
usage lag of technology diffusion and the rest of the variables are the same as equation (7). The
dynamics of technology and dimension of “learning by doing” are introduced asTC",t_1 and
Lagé,t_lto denote the lag of the dependent variables in period 1 in equation (7) and (8)
respectively. Here, we expect the sign of y > 0. This implies a positive association between
previous period’s usage intensity and usage lag of technology with the current period’s usage
intensity and usage lag. While estimating these equations there is a possibility of the error term
being correlated with any of the explanatory variables in the model or with the lagged dependent
variable. To address this issue of correlation we employ the dynamic GMM estimators of
Arellano and Bond (1991). These GMM estimators take into account the dynamic nature of the
model and correlation generated due to introducing the lag of the dependent variable. ™

In our analysis cognitive skills are a measure of human capital and educational quality. In
equation (7), we expect the sign of §; > 0. This implies that human capital embodying skills
increases usage intensity of a given technology. In equation (8), we expect the sign of 8, <0
which implies that better skills results in reducing timing of adoption of a given technology.
Models of economic growth predict this association because human capital directly or indirectly
facilitates the use of technology adoption and diffusion (Lucas 1988, Mankiw, Romer and Weil
1992, Aghion et al 2009, Galor 2011). Moreover, literature focusing on the role of human
capital and technology diffusion from the perspective of specific technologies and countries also
reveals the significance of human capital in technological adoption and diffusion (Caselli and
Coleman 2001, Comin and Hobijn 2007 and Riddell and Song 2012). Therefore, based on
earlier studies, we suggest that cognitive skills as a measure of educational quality and human
capital lead to better adoption and diffusion of technology. In addition, we include quantitative
measure of human capital as average years of schooling based Barro and Lee (2010). In equation
(7), the expected sign of the coefficient of this variable, > 0. This indicates that human capital

with higher educational attainments enhances usage intensity of technology. In equation (8), we

Y In this estimation procedure we instrument current variable at time t for their past lags, which eliminates
correlation between explanatory variables and error term. For further details see Arellano and Bond (1991).
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expect Sz < 0 indicating that higher educational attainments reduce the timing of adoption of
technologies.

The control variables in our analysis include health and foreign direct investment (FDI) as
facilitators to technology adoption and diffusion. We include health as a second dimension of
human capital as it has gained importance in economic growth literature since the early 1990s.
Many studies suggest that health is one of the main components of human capital formation
which contributes to economic growth (Ainsworth and Over 1996, Jamison et al 1998, Barro
2013). However, there is a dearth of studies that examine the role of health in technology
diffusion and adoption from the human capital perspective. We therefore, add life expectancy in
order to incorporate the health dimension of human capital borrowing from Barro (2013).
Specifically, our hypothesis is that a country with higher life expectancy has better health and
human capital which in turn facilitates the adoption of technologies. We obtain data for life
expectancy for the years 1964-2003 from World Development Indicators (WDI) of the World

Bank (2015). It is measured as life expectancy at birth in total years.'*

Moreover, the literature
on technology suggests that FDI inflows may contribute to spillovers and affect domestic
industries and firms (Sun 2011). However, the empirical evidence about FDI affecting
technology diffusion and adoption remains mixed (Aitken and Harrison 1999, Li et al 2001, Sun
2011). The empirical analysis introduces FDI as a determinant of technology adoption and uses
the WDI of the World Bank (2015) data for the years 1964-2003 where FDI is measured as net

inflows percentage of Gross Domestic Product.™

4 See www.worldbank.org
15 See www.worldbank.org
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I11.  Disaggregated measures of Cognitive Skills and Usage intensity of Technology as

a measure of Technology Adoption: Empirical Evidence.

We begin by estimating equation (7) to examine the association between human capital
embodied with mathematics and science knowledge on technology adoption. The current
analysis includes a sample of 21 usage intensity of technologies that can be classified into six
broad categories. We include technologies considered in Comin et al (2008), and in the interest
of a more detailed analysis, some other technologies that were not included in that paper.'®
Specifically, we consider technologies in transportation, tourism, telecommunications and
information, health, electricity production and agriculture sectors. Appendix 1 contains
definitions and descriptive evidence regarding the data used for analysis. The results reported in
appendix 2 consist of several tables organized as follows: each table presents a sector of
economy. The left-hand side panel reports results for cognitive skills measured as mathematics
test scores while the right-hand side report results for science based cognitive skills. In turn each
of these panels consists of various sub-panels, which represent a particular technology in that

sector.

In all the regressions reported in appendix 2, the coefficients of cognitive skills measured as
mathematics and science test scores for majority of technologies are positive suggesting that
human capital embodying mathematics and science skills is associated with increase in usage
intensity of technology. Moreover, workforce equipped with knowledge of generic in contrast to
specific skills serves as a more appropriate channel to enhance usage intensity of technologies in
our sample. This implies that countries perhaps need a workforce with generic skills that are
more analytical in nature and relevant across a broad range of sectors in order to be able to
improve adoption of technologies. A sector-wise review of both sets of results show that
embodiment of a certain skill is not positively associated with adoption of all technologies. This
empirical evidence indicates that the link between human capital and technology adoption is
conditional which rests on various aspects of human capital and the nature of technology in
question. To illustrate this we provide sector-wise explanation of our empirical evidence on

mathematics and science skills in the context of usage intensity of technologies.

'® Comin et al (2008) include technologies such as; electricity production, internet, personal computers, telephones,
cell phones, cars, trucks, passenger and cargo planes and tractors.
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Table 1, presents the link between cognitive skills measured as mathematics and science test
scores and technology adoption in the context of transportation sector. Sub-panel 1 considers
usage intensity of air transportation represented in regressions as Aviationpkmp/air. The other
two sub-panels represent car and ship transportation technologies, and are represented by vehicle
car/land and shipton steammotor/sea respectively. The estimates obtained suggest a significant
and positive association between cognitive skills as measured by mathematics scores and usage
intensity of air and vehicle technologies in transportation. However, presence of human capital
with such generic skills may not be a channel facilitating adoption of sea transportation
technologies. This implies that human capital embodying mathematics skills is one of the
possible mechanisms facilitating usage intensity of few but not all technologies within the
transportation sector. This evidence reinforces our a priori hypothesis that technology response
to skill is conditional on the type of technology under discussion. Moreover, technology
responses to a particular skill vary within a sector. Hence, we may argue that countries that have
human capital equipped with generic skills may well be better placed among other countries to
adopt air and land in contrast to sea transportation technologies.

In addition, we also find that the association between type of skill and technology varies not
only within but across sectors. A review of our results in table 2- 5, show that in some sectors
work force possessing knowledge of mathematics is positively and significantly associated with
usage intensity of majority of technologies in health, electricity production and tourism sectors.
On the other hand, the sign of the coefficient for cognitive skills is negative and significant in
case of wusage intensity of radio, telephone and cellular phone technologies in
telecommunications and information sector. This implies that technologies in the later sector are
not biased towards human capital equipped with generic skills in contrast to former sectors.

We also find this notable feature of a mismatch between science skills termed as specific
skills and usage intensity of technologies within and across sectors. Our empirical evidence
shows that knowledge of science is positively associated with usage intensity of technologies in
telecommunications and information, electricity production and tourism sectors. For example,
the coefficient for science skills is positive and in some cases significant for per capita usage of
vehicle and sea aviation, cable TV, cellular phone, radio, computer and internet, electricity
production and, visitor beds and rooms technologies. However, the results for science skills may

seem to be in contrast to our perceptions for technologies in health sector. In this sector usage
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intensity of all other technologies except for bone marrow transplant procedure indicate a lack of
association with human capital embodied with such specific skills. We find technologies in
health sector biased more in favour of human capital embodying mathematics rather than science
skills. This may be supported by earlier evidence in the field of medical procedures related to
organ transplants, which shows that knowledge of mathematics assists in designing advanced
mathematical models required to design organ transplant procedures (Day, et al 2015; Rashidi,
A.2016)."

Interestingly and somewhat counter-intuitively, results for mathematics and science based
cognitive skills are significant in majority of technologies in agriculture but the association is
negative. Table 5 presents results exploring the link between cognitive skills and per capita usage
of technology in the context of agriculture sector. This inverse relationship indicates an absence
of skill-technology link in agriculture. Our results lend support to earlier empirical evidence by
Foster and Rosenzweig (1995) which suggest that agricultural technologies fail to respond to
skills because such technologies are associated to a greater degree with “learning by doing” and
may not require formal knowledge of certain subjects or disciplines. Furthermore, adoption of
technologies in this sector is also affected by learning spillovers and experience of neighbouring
farmers. These farmers perhaps are reluctant to take up new technological advancements on their
own in agriculture and prefer learning from their own or fellow farmers’ experiences. Therefore,
we may suggest that technologies in agriculture are perhaps more inclined towards learning by
doing practices rather than skills that are embodied in individuals who perform better on test
scores.

In our empirical analysis we include the quantitative dimension of human capital measured
as average years of schooling. The coefficient of average years of schooling has the expected
positive sign for a few technologies in mathematics panel. For instance, cable TV, mail,
computer, radio, telephone, cellular phone and internet technologies respond positively to an
increase in average years of schooling in telecommunications and information sector. On the
other end, in the science panel average years of schooling facilitates adoption of sea aviation,
kidney and lung transplant, cell phone, radio and computer based technologies. Based on these

results we suggest that the quantitative dimension of human capital particularly generic skills

Y We do understand that the mathematical capabilities of individuals may not be reflected in their mathematics
scores, but there is a likely possibility of a correlation between mathematics scores and advanced mathematics skills.

17



matter more relative to quantitative measures of human capital. As we examine the possibility of
technology building up from one period to another we find that intensity of usage of technology
in the previous period has a positive and significant impact on current period’s usage intensity of
all technologies in our analysis. This clear-cut and robust evidence reinforces our argument that
learning-by-doing aspect of technology is indeed one of the important determinants of adoption

of technology.

Lastly, we also control for other possible determinants of technology adoption and introduce
life expectancy and foreign direct investment in both set of analyses. These control variables
show inconclusive evidence as indicated by the sign of the coefficient. This probably suggests
that macro aggregate level variables may have threshold effects in the context of micro level
aggregates such as usage intensity of technologies in different sectors. As hypothesized and
argued earlier, we find mathematics skills more relevant for a larger set of technologies in
contrast to science skills. Hence, we may suggest that generic skills being analytical in nature are

more relevant in the process of technology adoption.

IV. Disaggregated Measures of Cognitive Skills and Technology Usage Lags as
Measures of Technology Diffusion: Empirical Evidence

We estimate equation (8) to examine the contribution of disaggregated mathematics and science
skills in the process of technology diffusion. This analysis includes a sample of 18 technologies
that can be classified into five broad categories.'® Specifically, we consider usage lags for
technologies in tourism, telecommunications and information, health, electricity production and
agriculture. Appendix 3 includes the descriptive evidence regarding data for technology usage
lags. The results reported in appendix 4 consist of several tables arranged in the same manner as

mentioned before for analysis of technology adoption.

In all the regressions, the coefficients of mathematics and science test scores as measures
of cognitive skills are negative for majority of technologies. It suggests that improvement in
human capital equipped with these skills is associated with decrease in usage lags of these

technologies. In other words, this decrease in usage lags means an implied increase in diffusion

' In some cases U.S was not the technology leader therefore, we were not able to calculate the lags. In other cases
there were not enough observations for lags to perform regressions.
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of technologies. An overview of both sets of results indicates that mathematics or generic skills
are more significant in increasing diffusion of technologies in contrast to science or specific
skills. This empirical evidence reinforces our a priori hypothesis indicating the presence of a
conditional technology-skill association which rests on various aspects of human capital and
technology under discussion. This association between type of technology and skill changes
within and across sectors. A comparison of empirical evidence on usage intensity and usage lag
of technology shows that a change in the measure or dimension of technology may also bring a
change in the association between a particular technology and skill under question. To further
illustrate these propositions we provide a sector-wise explanation on mathematics and science

skills in the context of technology usage lags.

Table 1a and 1b, presents the link between cognitive skills and technology usage lags
measuring the extent of technology diffusion in the context of telecommunications and
information sector. This sector consists of seven technologies, i.e., internet, telephone, computer,
mail, cable TV, cell phones and radio.'® The estimates obtained for mathematics skills suggest a
significant and negative association between usage lags for internet and computer technologies,
and a negative association between diffusion of telephone, mail and cable TV technologies. This
implies that workforce equipped with generic skills measured as mathematics test scores act as a
channel reducing time lags associated with diffusion of these technologies. On the other hand,
we find knowledge of mathematics as not among the factors reducing the delays associated with
diffusion of cell phones and radio technologies. The first set of technologies indicate a bias in
favour of human capital possessing generic skills, while the later exhibit an absence of skill-
technology link. This evidence supports our earlier stated hypothesis revealing that skill-
technology link is conditional on the type of technology under discussion and technology

responses to a particular skill vary within a sector.

Furthermore, we also observe that the degree of bias for a particular skill varies not only
within but across sectors. An examination of other sectors in contrast to telecommunications and
information shows that usage lags of a few technologies in health and tourism sectors do not

respond to improvement in mathematics skills. We also review our results from the perspective

'* Due to greater number of technologies the results for mathematics skills are presented in table 1a and for science
skills in table 1b.
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of Comin and Mestieri (2013), who suggest that the date of invention of a particular technology
has an impact on its international rate of diffusion. According to them technologies with a recent
date of invention and where US is the technology leader tend to have faster rate of international
technology diffusion. Given this argument we may interpret our results for some of the recently
invented technologies in our sample such as internet with caution and suggest that perhaps
human capital with mathematics based cognitive skills contribute more in reducing diffusion lags

for technologies that have a recent date of invention.®

A review of our empirical evidence examining the role of human capital embodying science
skills and technology usage lags further indicates the presence of a mismatch of skill-technology
link within and across sectors. For example, we find the coefficient of science skills negative and
in some cases significant for usage lags of mail, cable TV, computer, visitor beds and electricity
production technologies. In contrast, these specific skills do not facilitate diffusion of
technologies such as liver, kidney and heart transplant procedures in the health sector. These
results imply that countries may require a workforce with generic skills in order to reduce the
timing lags associated with diffusion of specific set of technologies in telecommunication and

information, tourism and electricity production sectors in contrast to heath sector.

Furthermore, table 4 presents results exploring the link between cognitive skills measured as
science test scores and technology usage lags in the context of agriculture sector. Counter
intuitively and somewhat interestingly the coefficient of mathematics and science skills is
positive in majority of estimations. This sector is the only sector which exhibits a complete
absence of skill-technology link. Hence, we may say that diffusion of technologies in agriculture
sector does not require human capital as measured in terms of qualitative measures of
achievement such as mathematics and science test scores. As mentioned above these
technologies do not respond to these skills because they are associated to a greater degree with
informal channels of diffusion such as learning by doing or learning from social networks and
may not require a proper understanding of subjects under discussion (Conley and Udry 2001).
Moreover, following Comin and Mestieri (2013) argument about the date of invention of

% See Comin and Mestieri (2013). In their sample of technologies internet has the most recent date of invention. We
employ this argument with caution as in case of some technologies the invention dates are very close but in those
technologies US is not the technology leader therefore, their results for usage lags tend to be different from each
other.
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technologies and its impact on international rate of diffusion, we may suggest with caution that
cognitive skills do not seem to facilitate diffusion of agriculture technologies as they are a

comparatively older set of technologies in our sample.

Our analysis for usage lags of technology also incorporates quantitative measure of human
capital. The coefficient of average years of schooling has the expected negative and significant
association with usage lags of a few set of technologies such as cellular phones, radio and heart
transplant in mathematics and science based estimations. Based on this evidence we again find
generic skills measured as mathematics test scores relatively more appropriate for diffusion of a
larger set of technologies in our sample. In addition, our empirical evidence indicates a strong
impact of lagged effects across all regressions implying the presence of learning-by-doing

dimension associated with diffusion of all technologies.

Lastly, we control for other possible determinants of technology diffusion and introduce life
expectancy and foreign direct investment in both set of analyses. A few set of technologies in
mathematics and science estimations such as radio, cellular phone, mail and internet show that
life expectancy measured as better health of individuals assists in technological diffusion.
Empirical evidence for FDI indicates that increased flow of financial resources not only leads to
faster diffusion of technologies in telecommunications and information, but also provides
mechanism conducive for diffusion of health based technologies such as liver, lung and heart
transplant procedures. To summarize, in the context of usage lags of technologies we again find
human capital embodying generic skills as a better channel in contrast to specific skills in

reducing adoption delays associated with technologies in our analysis.
V. Robustness Checks

In what follows we carry out three robustness checks for separate panels of mathematics and
science cognitive skills for adoption and diffusion of technology respectively. Firstly, we control
for the quality of institutions using measures of political rights and civil liberties. Secondly, we
use GDP per capita to examine the influence of economic growth on both adoption and diffusion
of technology. Lastly, we use expenditure on research and development (R&D) as percentage of
GDP and evaluate its impact on technology adoption and diffusion. The robustness results for

disaggregated measures of cognitive skills are reported in Appendix 5. Table 1and 2 summarize
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results for adoption of technologies for mathematics and science skills respectively. In addition,
results for diffusion of technologies for mathematics and science are reported in table 3 and 4
respectively.? Each panel in table represents a specific technology. The first column in each
panel reports results about the impact of institutional quality on adoption and diffusion of
selected technologies, while second and third columns describe how GDP per capita and R & D
expenditures affect adoption and diffusion of technology.

There has been recent emphasis on the role of institutions in the process of economic
growth as poor quality institutions adversely affect economic performance of a country
(Acemoglu et al 2005). On the other hand, good quality institutions ensure efficient allocation of
resources, protect and safeguard political rights and civil liberties, reduce uncertainties, enable
investment in high return projects and facilitate coordination among economic agents (See
Aghion et al, 2008; Rodrik et al, 2004; Glaeser et al, 2004; and Flachaire et al, 2014). Moreover,
another strand of literature argues that sound institutional framework creates an environment
providing incentives which encourage competition and knowledge acquisition. This type of
environment is conducive to technological innovations and up gradations and fosters flow of
technologies across economies (North, 1990; Meyer and Sinani, 2009; Jude and Levieuge, 2015).
Based on these findings we are interested in exploring the role of institutions from the
perspective of technology adoption and diffusion thereby examining whether institutions
intensify process of technology adoption and diffusion.

Adoption and diffusion responses of majority of technologies are similar as in baseline
regressions with the inclusion of institutional quality in both mathematics and science panel
estimations. These findings reinforce the outcomes of baseline regressions that human capital
equipped with cognitive skills facilitates adoption of technologies. Moreover, there exists skill-
technology mismatch implying that specific technologies respond to specific skills. In relation to
the role of institutions, we obtain variable coefficients for the proxies of institutional quality.?

More specifically, mathematics results show that first measure of institutional quality; political

*! We include robustness checks for a few set of technologies representing all sectors that are also a part of base line
regressions.

?2 A possible reason might be that the measures of institutional quality used in this study are perhaps unable to
capture the soundness of institutions appropriately as there is lack availability of authentic data on institutions
beginning from early 60’s, as the data on institutional quality from World Bank starts from mid-1990s. The current
study employs Freedom House data set on political rights and civil liberties as a proxy for institutional quality which
begins in the early 1970s. See for details; Freedom House official website for access to data and Freedom in the
World Report 2016.
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rights have a positive association with usage intensity of vehicle and tractor technologies. In case
of science panel political rights are positively associated per capita intensity of usage of tractors
and fertilizers agriculture. In addition, civil liberties used as a second proxy for institutions
positively and significantly influence adoption of; cable television, vehicle car and agriculture
technologies in both mathematics and science results. These results show that our measure of
civil liberty capturing several dimensions of equality, freedom, legality and fairness in society
facilitates adoption of majority of technologies in the sample. On the other hand results for
technology diffusion in mathematics panel indicate that access to political rights and civil
liberties reduce usage lags associated with bone marrow transplant procedures, cable television,
visitor beds, and tractor and fertilizer technologies. In the background of these results we may
suggest that sound institutions providing access to political rights and safeguarding civil liberties
facilitate adoption and diffusion of certain technologies in health, telecommunications and
information, agriculture and tourism sectors.

Furthermore, improvements in technology through investment in human capital lead to
economic growth. Developed economies experience higher growth because they are
technologically more advanced than developing economies (See Romer, 1990; Aghion and
Howitt, 1992). Given these findings we examine whether economic performance of an economy
influences the process of technology adoption. We introduce GDP per capita as a measure of
economic performance in our empirical analysis as another determinant of adoption and
diffusion of technology. The results for robustness checks for both generic and specific human
capital reinforce earlier findings of baseline regressions. Our results for adoption of technologies
in health sector indicate that liver and lung transplant procedures respond positively to GDP per
capita in both mathematics and science panels. In addition we see diffusion process of
technologies such as bone marrow transplant, computer and tractor responding positively
towards increases in GDP per capita. This perhaps implies that adoption and diffusion
mechanism in health sector respond to indicators of economic performance.

Lastly, literature on technology suggests that expenditure on research and development is
linked with technological innovations (Acemoglu and Zillibotti, 2001). Moreover, new entrants
invest in R&D to innovate and develop a best practice in technology which adds to the product
line and provides them a lead in the market (Acemoglu et al 2013). We therefore, examine

whether expenditure on R&D impacts upon technology adoption. We introduce expenditure on
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R&D as the third determinant for robustness checks. Our results show that coefficient for skills
and lagged dependent variables remain similar to baseline regressions. Moreover, expenditures
on R&D are significant in case of usage intensity of health and transportation sector technologies
such as liver and lung transplant and vehicle usage in mathematics based cognitive skills panel.
On the other hand evidence for diffusion of technology shows that increase in R&D is associated
with reduced usage lags for cable television, visitor beds and fertilizer technologies.

Based on the above empirical evidence, we see that the basic result suggesting that
adoption and diffusion of technologies respond positively to disaggregate measures of skills
remains robust even after controlling for other determinants of technological adoption and
diffusion.

VI.  Concluding Remarks:

This study analyzes the link between human capital and technology in the light of direct
measures of educational quality and technology adoption and diffusion. Earlier literature in the
field of human capital and economic growth use average measures of educational quality and
quantity (Barro, 1997; Hanushek and Woessmann, 2012). However, it focuses more on the link
between human capital and economic outcomes and ignores the channels through which human
capital affects economic growth of an economy. We believe that one of the channels through
which human capital may impact economic growth is its role in improving adoption and
diffusion of technologies. This study bridges this gap by investigating the missing link between
human capital and technology adoption and diffusion using direct measures of educational
quality and technology. We contribute in the literature by examining this relationship of how
disaggregated measures of educational quality facilitate technology adoption and diffusion

through improvement in human capital.

In testing the hypothesis whether educational quality enhances technology adoption and
diffusion, we use cognitive skills data for international mathematics and science test scores along
with data on direct measures of technology adoption. We use Hanushek and Woessman (2012),
measure of educational quality and further decompose average cognitive skills into mathematics
and science skills and construct separate panels for both the set of skills from 1964-2003 and
1973-2003 respectively. Moreover, we use CHAT data set developed by Comin and Hobijn

(2009) to borrow direct measures of technology. In order to empirically analyze our hypothesis
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of learning-by-doing dimension of technology, we follow the econometric approach by Comin et
al (2008) based on dynamic panel specification and incorporate the lagged effect of technology.

Based on empirical analysis our main finding reveals that the link between human capital
and technological adoption and diffusion is a conditional one, which rests on various aspects of
human capital and technology under consideration. Moreover, this skill-technology association
indicates that appropriateness of skills required for adoption and diffusion of technologies
changes within and across sectors. In summary for technology adoption, technologies from
transportation, tourism and health sectors positively respond to both disaggregated measures of
cognitive skills. However, telecommunication and information based technologies are more
influenced by generic in contrast to specific skills. On the other end, for usage lags as a measure
of technology diffusion, mathematics based generic skills assist diffusion of certain technologies
in telecommunications and information, electricity production and health sectors. Empirical
evidence for science indicates that specific skills reduce lags associated with technologies in
telecommunications and information, electricity production and health sectors. However, to our
surprise skill implications for both adoption and diffusion of technologies in agriculture are weak
as compared to other technologies in our sample.

Another noteworthy finding of this analysis is that the most important determinant for
technology adoption and diffusion is the past level of technology. This highlights the presence of
learning-by-doing aspect of technology across all sectors in our analysis. Our evidence shows
that qualitative measures of education are one of the channels facilitating adoption and diffusion
of technology. More specifically, generic human capital measured as mathematics test scores are
more relevant in comparison to specific science based skills. We also find that quantitative
measures of human capital such as average years of schooling to be of lesser relevance in
comparison with qualitative measure. Finally, the impact of cognitive skills remains robust even
after controlling for other determinants of technology adoption and diffusion which include;
institutional quality, GDP per capita and R&D expenditures. Against this background, we
suggest that in order to develop more relevant policy insights we need an approach based on
analyzing the various aspect of human capital as barriers to technology adoption and diffusion.
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Appendix 1: Definitions and Descriptive Statistics:

Mathematics Cognitive = Mathematics test scores for grade 8 National Center for Education Statistics (1992).

skills Report on TIMSS and PIRLS byinternational Study
Center, Lynch School of Education, Boston College
& International Association for the Evaluation of the
Educational Achievement. 2011.

Science Cognitive Science test scores for grade 8 National Center for Education Statistics (1992).

Skills Report on TIMSS and PIRLS bylnternational Study
Center, Lynch School of Education, Boston College
& International Association for the Evaluation of the
Educational Achievement. 2011.

Years of Schooling Average years of total schooling Barro and Lee 2010

Life Expectancy Life expectancy at birth, total (years) World Bank, World Development Indicators.(2015)
Foreign Direct Foreign direct investment, net inflows (% of World Bank, World Development Indicators.(2015)
Investment GDP)

Unemployment Rate Unemployment, total (% of total labor force) World Bank, World Development Indicators.(2015)

(national estimate)

Harvester Number of self-propelled machines that reap and Comin and Hobijn (2009)
thresh in one
operation

Milking machine Number of installations consisting of several Comin and Hobijn (2009)

complete milking units
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Tractor Number of wheel and crawler tractors (excluding Comin and Hobijn (2009)
garden tractors)
used in agriculture

Fertilizer Metric tons of fertilizer consumed. Aggregate of Comin and Hobijn (2009)
25 individual types listed in source

Bone marrow Number of bone marrow transplants performed Comin and Hobijn (2009)
Transplant

Heart Transplant Number of heart transplants performed Comin and Hobijn (2009)
Kidney Transplant Number of kidney transplants performed Comin and Hobijn (2009)
Liver Transplant Number of liver transplants performed Comin and Hobijn (2009)
Lung Transplant Number of lung transplants performed. Comin and Hobijn (2009)
Cable TV Number of households that subscribe to a Cominand Hobijn (2009)

multi-channel television
service delivered by a fixed line connection

Cell phone Number of users of portable cell phones Comin and Hobijn (2009)

Mail Number of items mailed/received, with internal Comin and Hobijn (2009)
items counted one and cross-border items counted
once for each country. May or may not include
newspapers sent by mail, registered mail, or
parcel post
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Newspaper

Radio

Telephones

Internet

Computer

Visitor beds

Visitor rooms

Aviationp kmp/air

Shipton Steammotor/sea

Number of newspaper copies circulated daily.
Note that there is a tendency for news circulation
to be under-reported, since data for weekly and
biweekly publications are not included

Number of radios

Number of mainline telephone lines connecting a
customer's

equipment to the public switched telephone
network as of year end

Number of people with access to the worldwide
network

Number of self-contained computers designed for
use by one

person

Number of visitor beds available in hotels and
elsewhere visitor rooms

Number of visitor rooms available in hotels and
elsewhere.

years)

Civil aviation passenger-KM traveled on
scheduled services by companies registered in the
country concerned. Not a measure of

travel through a country’s airports

Tonnage of steam and motor ships (above a
minimum weight) in use at midyear
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Comin and Hobijn (2009)

Comin and Hobijn (2009)

Comin and Hobijn (2009)

Comin and Hobijn (2009)

Comin and Hobijn (2009)

Comin and Hobijn (2009)

Comin and Hobijn (2009)

Comin and Hobijn (2009)

Comin and Hobijn (2009)



Vehicle car/land

Electricity production
Population

Political Rights

Civil Liberties

GDP per capita

Number of passenger cars (excluding tractors and
similar vehicles) in use. Numbers typically
derived from registration and licensing records,
meaning that vehicles out of use may occasionally
be included.

Gross output of electric energy (inclusive of
electricity consumed in power stations) in KwHTr
Population

Countries are ranked on the scale of 1-7 with
countries and territories with a rating of 1 enjoy a
wide range of political rights. These include free
and fair elections. Candidates who are elected
actually rule, political parties are competitive, the
opposition plays an important role and enjoys real
power, and the interests of minority groups are
well represented in politics and government.
Countries are ranked on the scale of 1-7 with
countries and territories with a rating of 1 enjoy a
wide range of civil liberties. These include
freedoms of expression, assembly, association,
education, and religion. They have an established
and generally fair legal system that ensures the
rule of law (including an independent judiciary),
allow free economic activity, and tend to strive
for equality of opportunity for everyone,
including women and minority groups.

GDP per capita is gross domestic product divided
by midyear population. GDP is the sum of gross
value added by all resident producers in the
economy plus any product taxes and minus any
subsidies not included in the value of the
products. It is calculated without making
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Comin and Hobijn (2009)
Comin and Hobijn (2009)

Freedom in the World Report (2016)

Freedom in the World Report (2016)

World Bank, World Development Indicators (2015)



deductions for depreciation of fabricated assets or
for depletion and degradation of natural resources.
Data are in current U.S. dollars.

Expenditure on Expenditures for research and development are World Bank, World Development Indicators (2015)
current and capital expenditures (both public and
R& D . :
private) on  creative  work  undertaken
systematically to increase knowledge, including
knowledge of humanity, culture, and society, and
the use of knowledge for new applications. R&D
covers basic research, applied research, and
experimental development.
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Appendix 1 (continued): Descriptive Statistics for Mathematics Cognitive Skills Panel for

Usage Intensity as measure of Technology Adoption (1964-2003).

I

Mathematics

Cognitive skills

Years of
Schooling

Life Expectancy
Foreign Direct

Investment

Unemployment
Rate

Harvester
Milking machine
Tractor

Fertilizer

Bone marrow
Transplant

Heart Transplant
Kidney
Transplant

Liver Transplant

Lung Transplant

Cable TV
Cell phone

480

1000

1038

672

495

856

494

894

893

176

165

398

176

120

457

671

424.064

8.001

71.68183

2.015817

7.360606

2.217481

4.761195

13.80816

46.68103

0.0214691

0.0049186

0. 0210578

0.0064384

0.0017186

94.04078

97.31201

31

111.452

2.582

6.006965

2.899249

4.875179

2.440021

5.033899

12.18866

40.69915

0.0183561

0.0033667

0.0128271

0.0046055

0.0012383

109.0733

205.5867

122.4

0.92

4492385

-0.6519227

0.9

0.0000996

0.0067787

0.001072

0.599535

0.0001206

0.0000962

0

0

0

0

12.64

81.76

22.38404

36.7

10.21824

21.15954

58.20502

229.3602

0.0746298

0.0147882

0.0507885

0.0184819

0.0046925

401.346

1026.304



Mail 554 0.1775561  0.1306173  0.0023467  0.6652465

Radio 845 0.5986825 0.4161835 0.0517568 2.147192
Telephone
678 284.8042 234.0749 2.089562 1013.462
Internet 310 105.475 150.6394 0 573.1446
Computer 368 159.2686 153.634 .8779043 696.3917
o 491 13.39978 9.011875 0.2283789 40.57656
Visitor beds
Visitor rooms 577 6.565598 4.312404 0.2860303 17.09582

Aviationpkmp/air

600 0.9307605 1.56559 0.001707 13.57749
Shipton

389 0.2673012  0.5718443  0.0018271 3.300755
Steammotor/sea
Vehicle car/land 798 216.9602 177.0675 0. 5360206 791.4692
Electricity

_ 909 5465321 5501502 35040.34 3.12e+07

production
Population 962 39562.11 63868.29 1017 291200
Political Rights 742 2.448787 1.926992 1 7
Civil Liberties 742 2.568733 1.797432 1 7
GDP per capita 903 9823.426 9927.19 105.1262 50111.66
Expenditure

168 1.611943 0.9913625 0.10166 4.22244

R&D
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Appendix 1 (continued): Descriptive Statistics for Science Cognitive Skills Panel Usage

Intensity as measure of Technology Adoption (1973-2003).

ok Jobenon ] b ] Sioer 1 ban e

Science Cognitive
skills

Years of
Schooling

Life Expectancy
Foreign Direct
Investment
Unemployment
Rate

Harvester

Milking machine

Tractor

Fertilizer

Bone marrow
Transplant

Heart Transplant
Kidney
Transplant

Liver Transplant

Lung Transplant
Cable TV
Cell phone

713

744

578

432

552

271

610

609
136

117
272

121

95

396

615

131.2

8.317363

72.27863

2.219367

7.180787

2.557819

4.700926

14.06253

47.60572
0.0179578

0.0041423
0.0227518

0.0063818

0.0018226

65.82861

89.85775

33

367.3213

2.450953

5.067044

2.994509

5.252941

2.6157

5.172172

13.14737

42.00031
0.0167072

0.0025224
0.0129084

0.0046032

0.0013436

82.7646

192.0515

151.1557

1.79

53.47881

-0.6519227

0.9

0.0007337

0.0067787

0.0085992

0.599535
0.0001206

0
0.0006714

0

0

12.64

81.76

22.38404

36.7

10.21824

21.15954

58.20502

229.3602
0.067665

0.0089563
0.0507885

0.0184819

0.0046925

278.7279

939.4391



Mail
Radio

Telephones

Internet

Computer

Visitor beds

Visitor rooms

Aviationkmp/air

Shipton

Steammotor/sea

Vehicle car/land

Electricity

production

Population

Political Rights

Civil Liberties

GDP per capita

Expenditure R&D

329
567

431

276

332

410

536

357

253

519

612

669

640

640

633

149

0.1697851
0.6420931

292.6813

102.5083

147.8118

12.78704

6.199816

1.196812

0.3441496

225.8919

6120185

42246.37

2.720312

2.829687

10574.13

1.372285

34

0.1492096
0.4513853

251.6995

149.4308

158.4431

9.883768

4514737

1.939648

0.6950479

189.7235

6228404

67901.2

1.965642

1.853152

10243.84

0.9553502

0.0036425
0.0857526

6.327229

0.8779043

0.2283789

0.2860303

0.0357245

0.0042609

2.190707

181876.8

1674

269.8519

0.10166

0.6652465
2.147192

1013.462

573.1446

696.3917

40.57656

17.09582

13.57749

3.300755

791.4692

3.12e+07

291200

50111.66

3.91382
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Appendix 2: Results for Cognitive Skills and Technology Adoption.

Table 1: Cognitive Skills and Usage Intensity of Technology in Transportation

Mathematics Skills Panel Science Skills Panel
1) 3) 1) 2 (3)

. Aviation pkm Vehicle Shipton Aviation pkm Vehicle Shipton
Variables air car/land Steam motor/ sea air car/land Steam motor/ sea
Cognitive Skills 0.00087*** 0.016 -0.00005 -0.000028 0.01673 0.00003***

(0.0003) (0.03) (0.0004) (0.0001) (0.01) (0.000005)
Years of Schooling -0.138%** -1.0545 0.0056 -0.0681** -0.75244 0.0037***

(0.02) (2.55) (0.003) (0.03) (2.45) (0.001)

Life Expectancy 0.0413*** 1.016 0.00011 0.28313* 1.0993 -0.00154***

(0.013) (1.66) (0.001) (0.016) (1.45) (0.0005)
FDI 0.0136 0.088 0.00111 0.00299 0.13722 -0.00074***

(0.011) (0.48) (0.001) (0.109) (0.41) (0.0002)
Lagged dependent 0.889*** 0.9483*** 0.955*** 1.0220*** 0.93327*** 0.81053***
variable (0.032) (0.026) (0.027) (0.03) (0.025) (0.06)
Observations 170 241 111 162 250 88

Robust standard errors in parenthesis; *, **, *** imply 10%, 5%, and 1% significance levels respectively.
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Table 2: Cognitive Skills and Usage Intensity of Technology in Health

Mathematics Skills Panel

Science Skills Panel

Variables (1) () ©) (4) (5) 1) () ®) (4) (5)
Transplant  Transplant  Transplant Transplant Transplant | Transplant  Transplant Transplant Transplant  Transplant
Liver Lung Heart Bone Kidney Liver Lung Heart Bone Kidney
marrow marrow
Cognitive 0.000012**  0.000026*** 0.0000011 0.0000052 0.000012 -0.000006***  -0.000005***  -0.0000011  0.000017**  -0.0000015
Skills (0.000006) (0.000006) (0.000006) (0.00001) (0.000008) (0.000002) (0.000001) (0.000001) (0.000007) (0.000003)
Years of 0.00069 -0.00089** -0.00064 -0.00056 0.000031 0.00031 -0.00124*** -0.00064 -0.0021 0.00059
Schooling (0.0005) (0.0003) (0.0004) (0.001) (0.0006) (0.0004) (0.0003) (0.0004) (0.001) (0.0007)
Life -0.000303 0.0004**= 0.000064 0.0014 -0.000072 0.000401 0.00023 0.00016 0.00115 0.000521
Expectancy (0.0002) (0.0001) (0.0001) (0.0009) (0.0003) (0.0002) (0.0001) (0.0001) (0.0007) (0.0003)
FDI -0.000012 0.000002 -0.000021 -0.00003 -0.00019* 0.000032 -0.0000024 -0.000015 -0.00007 -0.00014
(0.00004) (0.00002) (0.00004) (0.0001) (0.0001) (0.00003) (0.00002) (0.00004) (0.0001) (0.0001)
Lagged 0.7933*** 0.2136 0.761*** 0.817**= 0.757%*= 0.6794**= 0.40465***  0.70625***  0.7417*** 0.730%**
dependent (0.077) (0.1171) (0.075) (0.06) (0.046) (0.08) (0.104) (0.083) (0.062) (0.05)
variable
Observations 83 68 93 106 196 90 72 92 109 209

Robust standard errors in parenthesis; *, **, *** imply 10%, 5%, and 1% significance levels respectively.
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Table 3a: Mathematics based Cognitive Skills and Usage of Intensity of Technology in Telecommunications & Information

1) ) ®) (4) (5) (6) ()
Variables Cable TV Mail Computers Internet user Radio Telephone Cell phones
Cognitive Skills 0.1072*** 0.000122** 0.1891*** 0.449* -0.000004 -0.0666 -0.158*
(0.03) (0.00004) (0.057) (0.25) (0.00006) (0.04) (0.08)
Years of 1.529 0.00048 7.331** 7.018 0.0258*** 0.514 11.365***
Schooling (2.61) (0.003) (3.57) (10.009) (0.04) (2.63) (6.35)
Life Expectancy 0.0402 -0.0022 3.0355 24.95%** 0.0021 1.926 21.265***
(1.5) (0.001) (2.20) (6.44) (0.002) (1.23) (4.27)
FDI -1.113%** 0.0033** 0.2325 0.591 -0.0013 2.753 2.473***
(0.31) (0.001) (0.4) (1.02) (0.0008) (0.70) (0.93)
Lagged 0.8615*** 0.9075*** 1.0137*** 0.945*** 0.844*** 1.0002*** 1.001***
dependent (0.03) (0.028) (0.015) (0.03) (0.021) (0.025) (0.018)
variable
Observations 212 163 178 150 257 190 258

Robust standard errors in parenthesis; *, **, *** imply 10%, 5%, and 1% significance levels respectively.
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Table 3b: Science based Cognitive Skills and Usage of Intensity of technology in Telecommunications & Information

1) ) @) (4) (%) (6) (7)
Variables Cable TV Cell phones Radio Computers Internet user Mail Telephone
Cognitive Skills 0.0184* 0.00006 0.00003 0.01487 0.07052 -0.000046** -0.00452
(0.01) (0.027) (0.00002) (0.01) (0.061) (0.00001) (0.01)
Years of -0.6624 19.439%** 0.01096** 6.4531** 2.3008 -0.00052 -1.026
Schooling (2.23) (5.77) (0.005) (3.14) (8.45) (0.004) (2.63)
Life Expectancy 0.39457 17.655%** 0.00466* 5.0570** 33.118*** 0.00581*** 2.414
(1.38) (3.67) (0.002) (1.97) (6.36) (0.001) (1.634)
FDI -0.9187*** 1.9098** 0.00099 0.35111 0.3104 0.00237 2.3892***
(0.26) (0.81) (0.0008) (0.37) (0.94) (0.001) (0.58)
Lagged 0.89391*** 1.0266*** 0.9672*** 1.0159*** 0.92361*** 0.9496%*** 0.9379%***
dependent (0.02) (0.015) (0.02) (0.13) (0.028) (0.31) (0.02)
variable
Observations 253 304 265 215 177 153 162

Robust standard errors in parenthesis; *, **,*** imply 10%, 5%, and 1% significance levels respectively.
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Table 4: Cognitive Skills and Usage Intensity of Technology in Electricity Production and Tourism.

Mathematics Skills Panel

Science Skills Panel

1) ) 1) )
) Electricity Visitor beds Visitor rooms Electricity Visitor beds Visitor rooms
Variables production production
Cognitive Skills 4451.838*** 0.011*** 0.004** 256.248 0.00115 0.00185**
(1461.9) (0.003) (0.002) (560.69) (0.001) (0.007)
Years of Schooling 12885 -0.584 0.305** 50849.27 -0.10322 0.11308
(92761.2) (0.211) (0.15) (100069.4) (0.18) (0.13)
Life Expectancy 39326.89 -0.794 -0.0761 169130.4*** 0.19507* -0.082805
(53344.6) (0.13) (0.08) (55758.08) (0.11) (0.077)
FDI 4499.4 -0.687 -0.0387 6740.894 -0.04587 -0.01549
(18550.1) (0.03) (0.02) (19316.95) (0.03) (0.02)
Lagged dependent 0.7402*** 0.7342*** 0.8539*** 0.73240*** 0.81504*** 0.85242***
variable (0.04) (0.054) (0.036) (0.041) (0.042) (0.033)
Observations 279 157 244 289 190 269

Robust standard errors in parenthesis; *, **, *** imply 10%, 5%, and 1% significance levels respectively.
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Table 5: Cognitive Skills and Usage Intensity of Technology in Agriculture

Mathematics Skills Panel

Science Skills Panel

) ) 3) (4) ) ) ©) (4)

Variabl Harvester Fertilizers Milking Tractor Harvester Fertilizers Milking Tractor
ariables machine machine
Cognitive -0.0009** -0.040*** 0.000029 -0.0027* -0.00049** -0.00746 0.00095*** -0.0013**
Skills (0.0004) (0.01) (0.001) (0.001) (0.0001) (0.005) (0.0003) (0.0006)
Years of 0.032 -3.24%%** -0.1537** 0.0672 0.0342 -2.5538*** -0.06548 0.03154
Schooling (0.037) (1.12) (0.06) (0.12) (0.366) (0.98) (0.05) (0.13)
Life -0.0084 3.099*** 0.0126 -0.0049 -0.00816 2.2730 -0.0581** -0.00188
Expectancy (0.019) (0.64) (0.044) (0.64) (0.016) (0.46) (0.02) (0.57)
FDI -0.011 -0.133 0.0207 -0.0053 -0.000841 -0.219 0.0395** -0.00566

(0.007) (0.21) (0.02) (0.23) (0.007) (0.18) (0.18) (0.024)
Lagged 0.8828*** 0.834*** 0.998*** 0.8823*** 0.83778*** 0.08068*** 0.98338*** 0.9099***
dependent (0.02) (0.03) (0.015) (0.016) (0.02) (0.027) (0.012) (0.018)
variable
Observations 287 293 170 293 288 305 174 305

Robust standard errors in parenthesis; *,** *** imply 10%, 5%, and 1% significance levels respectively.
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Appendix 3. Descriptive Statistics for Mathematics Cognitive Skills Panel for Technology
Usage Lags as measures of Technology Diffusion (19673-2003)

Mathematics 428.1243 110.2615 122.4

Cognitive skills

Years of 960 7.866635 2.518101 0.92 11.76
Schooling

Life Expectancy 998 71.5944 6.093759 44.92385 81.76
Foreign Direct 638 2.082505 2.956014  -0.6519227  22.38404
Investment

Unemployment 471 7.415711 4.980973 0.9 36.7
Rate

Harvester 706 22.52295 11.17289 1.803589 40.99407
Tractor 744 21.43499 11.06449 -2.269452 40.99862
Fertilizer 701 20.55985 11.52588 -2.603976 43.00351
Bone marrow 116 1.486409 3.937542 -6.049613 12.04657
Transplant

Heart Transplant 102 7.153791 4.400163 2.974864 14.98844
Kidney 329 5.504315 7.862458 16.97348 27.2596
Transplant

Liver Transplant 148 5.309744 4.722574 2.164151 21.02741
Lung Transplant 76 3.244937 4.922544 7.649384 14.53378
Cable TV 235 13.71066 8.345276 -18.62067 27.51526
Cell phone 333 2.391144 4.276329 -7.869115 12.14841
Mail 526 60.61741 25.1219 7.968489 107.4928
Radio 787 32.74951 10.11304 13.13484 60.64052
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Telephone
Internet
Computer
Visitor beds
Visitor rooms

Aviation pkmp/air

Electricity
production
Political Rights

Civil Liberties
GDP per capita

Expenditure on
R& D

613
277
344
365
498
535

753

710

710
863

160

42.08814
2.755459
7.733123
9.568224
10.2466
16.37194

31.76108

2.514085

2.639437
9446.723

1.565586

43

26.05534
2.542218
4.754848
7.048247
8.419268
10.78567

17.77717

1.944708

1.805686
9693.34

0.9932934

-0.1616383
-1.744918
-0.7463593
-3.591774
-24.9582
-17.4344

-18

1
105.1262

0.10166

87.49915
9.251847
19.51483
23.91281
25.92233
45.87047

67.01201

;
50111.66

4.22244



Appendix 3 continued:

Descriptive Statistics for Science Cognitive Skills Panel for

Technology Usage Lags as measures of Technology Diffusion (1964-2003)

Mathematics
Cognitive skills

Years of Schooling

Life Expectancy
Foreign Direct
Investment
Unemployment Rate
Harvester

Tractor

Fertilizer

Bone marrow
Transplant

Heart Transplant

Kidney Transplant

Liver Transplant

Lung Transplant
Cable TV

Cell phone
Mail

Radio

Telephone

682

713
o547

408
438
498
494
89

93
224

102

69
201

317
307

518
386

372.5238

8.147155

72.16753
2.298172

7.233824
27.26247
26.09841
24.48208
1.729173

23.71823
6.097456

5.430726

2.885949
15.65594

2.550117
67.58051

36.40362
49.21271

44

149.0293

2.366785

5.138295
3.054491

5.389327
8.415413
8.535559
9.807492
4.164594

47.77922
9.264138

4.998367

5.33661
7.227921

4.362253
27.22576

9.782321
27.22868

131.2

1.79

53.47881
-0.6519227

0.9
11.3886
6.340208
-1.955834
-7.323859

-6.02362
-27.43828

-2.164151

-7.649384
-12.21838

-7.869115
7.968489

13.13484
-0.1616383

11.76

81.76
22.38404

36.7
40.99407
40.99862
40.96936
12.04657

216.5907
34.35971

21.02741

14.53378
43.27872

12.14841
107.4928

60.64052
87.66544



Internet

Computer

Visitor beds
Visitor rooms
Aviation pkmp/air
Electricity

production

Political Rights
Civil Liberties

GDP per capita
Expenditure on
R& D

244
309
282
445
309
483

609
609
602
141

3.099174
8.416949
9.689905
25.69847
19.55163
35.49276

2.807882
2.922824
9996.65
1.306084

45

2.666004
5.145492
7.206189
66.30322
11.03387
17.83551

1.975392
1.851996
9918.367
0.939365

-1.744918
-0.7463593
-2.562439
-24.9582
-17.4344
-18

1
1
269.8519
0.10166

9.251847
19.51483
23.91281
327.4338
45.87047
67.01201

;
7
50111.66
3.91382



Appendix 4: Results for Cognitive Skills and Technology Diffusion.

Table 1a: Mathematics based Cognitive Skills and Technology Usage lags in Telecommunications & Information.

(1) (2) (3) 4 ) (7
. nternet user elepnone Omputers al able ell phones adilo
| Teleph C Mail Cable TV Cell ph Radi
Variables
Cognitive SKlls 0.0178% 70.00345 0,015 70,0108 20,0103 0.00728 0.003
(0.009) (0.005) (0.004) (0.012) (0.006) (0.0034) (0.02)
gfﬁgiﬁ;g -0.0405 -0.0384 10.296 0.151 0.7291* L0.7148%%* 0.335
(0.269) (0.036) (0.223) (1.081) (0.429) (0.2023) (0.151)
Life Expectancy 0.004 0.0859 0.181 -0.054 0.336 -0.23703* 0.1957
(0.156) (0.2) (0.119) (0..504) (0..259) (0.1346) (0.87)
FDI 0.0016 10,378 0.018 -1.049 0.046 -0.04795 0.176
(0.034) (0.105) (0.027) (0.438) (0.051) (0.0456) (0.028)
Lagged
dependent
variable 0,559+ 0.752 0.879%%*  0.0818% 0.5823 %+ 0.77059%** 0888+
(0.103) (0.036) (0.046) (0.050) (0.073) (0.0558) (0.03)
Observations 1ot 154 157 140 123 142 222

Robust standard errors in parenthesis; *, **, *** imply 10%, 5%, and 1% significance levels respectively.
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Table 1b: Science based Cognitive Skills and Technology Usage lags in Telecommunications & Information.

1) (2) 3) 4 (5) (6) (7
Variables Mail Cable TV Computers Internet user  Telephone Cell phones Radio
Cognitive Skills -0.001172* -0.00199 -0.00259%* 0.0015 0.01364 0.0014 0.0034%%*
(0.006) (0.0017) (0.0012) (0.0024) (0.0077) (0.001) (0.0009)
Years of -0.15316 0.81142** 0.0566 -0.42386 1.2338 -0.8317%%* -0.5489%%*
Schooling (1.416) (0.362) (0.204) (0.2815) (1.397) (0.179) (0.168)
Life Expectancy -0.1228 0.3272 0.0251 -0.06973 -1.0989 -0.15883 0.5258%**
(0.649) (0.213) (0.1101) (0.1625) (0.7063) (0.1098) (0.1028)
FDI 0.0909 0.05177 -0.00667 0.0202 -0.2837 -0.0197 -0.01470
(0.416) (0.0405) (0.0277) (0.0343) (0.3488) (0.033) (0.0300)
Lagged
Sgﬁ‘fﬁ:”t 0.5672%** 0.6093*** 0.87239%** 0.38503***  -0.0114462 0.84609%** 0.7427%**
(0.0667) (0.057) (0.0447) (0.1092) (0.0934) (0.0425) (0.0382)
Observations
133 134 194 157 125 200 234

Robust standard errors in parenthesis; *,** *** imply 10%, 5%, and 1% significance levels respectively.
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Table 2: Cognitive Skills and Technology Usage lags in Health

Mathematics Skills Panel

Science Skills Panel

Variables | (1) ) ®) (4) (5) ) ) ®) (4) (5)
Transplant Transplant  Transplant Transplant Transplant | Transplant Transplant  Transplant  Transplant Transplant
Bonemarrow Lung Liver Kidney Heart Bone Lung Liver Kidney Heart
marrow
Cognitive
Skills -0.0106* -0.0726* -0.0103 0.00174 0.0063 -0.00439** -0.00268 0.000809 0.01226***  0.0636**
(0.005) (0.043) (0.010) (0.0069) (0.004) (0.002) (0.007) (0.002) (0.004) (0.0272)
Years Of *k*k **k* **
Schooling -0.1432 12.145 1.283 0.3413 0..3103 0.16846 5.6606 -0.11991 -1.3248 -13.104
(0.367) (3.449) (0.971) (0.568) (0.331) (0.501) (2.075) (0.431) (0.8300) (6.345)
E'fe 0.689*** -0.1803 2.611*** 1.139*** 0.412** 0.87889*** 0.127909 1.5232*** 1.9597*** 0.777
xpectancy
(0.187) (1.087) (0.544) (0.409) (0.204) (0.255) (0.975) (0.382) (0.4309) (2.641)
FDI 0.028 -0.0249 00104  0.1841%* 0.0169 0.04682 007635  0.0150 0.2679* -0.215409
(0.028) (00249) (0069) (0.086) (0.020) (0.040) (0.1273) (0.0384) (0.138) (0.534)
Lagged 0.7580%** 0.0111 0.121 0.637*%*  0.8602%** | 0.68134%** 02139  052200%**  0.30162***  0.89726
dependent ' ’ ' ' ' ' ' ' ' '
variable (0.0717) (0.205) (0.125) (0.065) (0.056) (0.0859) (0.1600) (0.102) (0.0795) (0.045)
Observations 59 33 60 150 58 67 48 76 166 71

Robust standard errors in parenthesis; *, **, *** imply 10%, 5%, and 1% significance levels respectively.
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Table 3: Cognitive Skills and Technology Usage lags in Tourism and Electricity Production.

Mathematics Skills Panel

Science Skills Panel

) ) ®) ) ) ®)
; Visitor beds Visitor rooms Electricity Visitor beds Visitor rooms Electricity
Variables : i
production production
Cognitive Skills -0.0043 0.0077 -0.0024 -0.0032 0.00354 -0.00249
(0.005) (0.007) (0.006) (0.001) (0.003) (0.0018)
Years of Schooling -0.5191 1.041%* -0.0355 -0.4609 0.561 0.02506
(0.394) (0.472) (0.376) (0.3915) (0.4012) (0.274)
Life Expectancy 0.6029** 0.573* 0.1862 0.79315%** 0.6225** 0.33661**
(0.207) (0.315) (0.268) (0.242) (0.276) (0.1645)
FDI 0.057 0.0069 0.0713 0.0809 0.0170 0.06272
(0.054) (0.0609) (0.110) (0.0606) (0.0581) (0.0733)
Lagged  dependent 0.533***
variable 0.8028*** (0.117) 0.8285*** 0.7796%** 0.61821*** 0.8351***
(0.043) ' (0.048) (0.046) (0.094) (0.0396)
Observations 182 100 197 198 101 203

Robust standard errors in parenthesis; *, **, *** imply 10%, 5%, and 1% significance levels respectively.

49



Table 4: Cognitive Skills and Usage lags of Technology in Agriculture

Mathematics Skills Panel

Science Skills Panel

o B) B) o B) @®)
Variables Fertilizers Harvester Tractor Fertilizers Harvester Tractor
Cognitive Skills 0.0204*** 0.0002* 0.014 0.00106 -0.00037 0.00061
(0.005) (0.0001) (0.001) (0.0013) (0.0002) (0.0004)
Years of Schooling 1.413*** -0.0018 0.0158 0.69462*** -0.00797 0.1267
(0.503) (0.006) (0.0671) (0.263) (0.0356) (0.0793)
Life Expectancy 0.382 0.003 0.0406 0.4039*** -0.04956** -0.02906
(0.255) (0.0057) (0.054) (0.133) (0.025) (0.06574)
FDI 0.0131 0.0015 0.0152 0.02846 -0.00823 -0.00948
(0.073) (0.001) (0.012) (0.037) (0.006) (0.014)
Lagged dependent 0.6091*** 0.995%** 0.963*** 0.805*** 1.01967*** 0.976***
variable (0.062) (0.001) (0.018) (0.0363) (0.007) (0.017)
Observations 183 179 214 215 192 210

Robust standard errors in parenthesis; *,** *** imply 10%, 5%, and 1% significance levels respectively.
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Appendix 5: Tablel: Robustness Checks for Mathematics Skills Usage Intensity of Technology.

) (2 (3)
Transplant Liver Transplant Lung Visitor beds
Variables @ 2 ©)) ey 2 3 (1) 2 3
Cognitive Skills 0.000013 0.0000065 0.000073 0.00002%** 0.000020***  -0000179 | 0.01187***  0.007998*  -0.023136
(0.000006)  (0.000006) (0.000068) (0.000006) (0.000007)  (0.0000633) | (0.0034) (0.00438)  (0.02688)
Years of Schooling | 0.0007603  0.00007416 0.0015205 -0.000898 ** -0.001069***  -0.000356 -0.019472  -0.079915  0.10662
(0.00052) (0.000522) (0.00132) (0.00036) (0.000369) (0.00118) (0.21529) (0.21935)  (0.56180)
Life Expectancy -0.000268 -0.000217 -0.0014993 0.000416** 0.0004319***  -0.0000532 0.05572 0.075843  -0.060272
(0.00027) (0.000275) (0.00077)* (0.000163) (0.00016) (0.00075) (0.14597) (0.14708)  (0.21628)
FDI -0.000012 -0.000008 -0.0000985 -0.000001 -0.0000015 (0.00010) | -0.07433**  -0.07094**  -0.10202
(0.00004) (0.00004) (0.00011) (0.00002) (0.000025) (0.00010) (0.03480) (0.03503)  (0.10031)
Political Rights -0.00067 -0.00022 -0.29977 -0.248431  -0.06508
(0.00077) (0.00081) (0.26496) (0.26874)  (0.47271)
Civil Liberties 0.000173 -0.000006 -0.000222 -0.00043 -0.03345 -0.027362  -0.327765
(0.00074) (0.00074) (0.00058) (0.00058) (0.33508)  (0.336527)  (0-56605)
GDP Per capita 0.00000006*  0.00000007 0.00000005**  0.00000004 0.000043  -0.0000686
(0.0000003)  (0.00000007) (0.00000002)  0.00000007 (0.00003)  (0.000142)
Research & 0.0094451** 0.0028803 0.0026051
Development (0.00438) (0.00413) (1.2998)
Lagged dependent | 0.7909***  0.751695***  0.2716344 0.2529%** 0.268187** -0.10466 0.7162%**  (.7228%**  0.6902%**
variable (0.07891) (0.08180) (0.22203) (0.11872) (0.117072) (0.81608) (0.05667) (0.0565) (0.1841)
Observations 83 83 16 68 68 16 157 157 32

Robust standard errors in parenthesis; *, **, *** imply 10%, 5%, and 1% significance levels respectively.
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Table 1 continued: Mathematics Panel

(4) (5) (6)
Vehicle car/land Cable TV Computer
Variables @) 2 (3) 1) 2) 3) (1) 2 3)
Cognitive Skills 0.018992 -0.040395 0.543810 0.1142***  0.06643* -0.239419 | 0.20109*** (0.21552***  0.873177
(0.03530)  (0.03768) (0.95384) | (0.0353) (0.03926) (0.82716) (0.05913) (0.07104) (0.67931)
Years of Schooling -1.4853 -1.436219 -3.651587 | 1.550353 1.315192 1.799311 7.683769** 7.852866**  15.3934
(2.7145) (2.6172) (10.026) (2.6539) (2.6218) (9.2926) (3.59070) (3.62043) (10.954)
Life Expectancy 1.240549 1.710958 4.333874 -.608835 -.9733144 4.953014 | 2.635373 2.581063 4.982002
(1.8851) (1.8221) (5.7518) (1.50703)  (1.49295) (4.70411) | (2.2624) (2.2829) (5.9151)
FDI 0.09599 0.072433 -2.778173 | -1.045*** -0.92542*** -0.168778 | 0.20785 0.18115 -1.86743*
(0.50518)  (0.48711) (2.4257) (0.31227) (0.31161) (0.88461) (0.40405) (0.40856) (1.1231)
Political Rights -0.72536 0.358174 6.11402 -8.769*** -8.513206***  -6.928899 | -0.0467878 -0.09809 13.3344
(2.6632) (2.5846) (7.3948) (2.7068) (2.6737) (8.1358) (2.5885) (2.6046) (10.406)
Civil Liberties 4,943798*  1.892107 1.896459 | 5.316003** 3.424606 -0.9417895 | -2.68915 -2.64764 -9.09771
(2.9863) (2.9968) (7.81754) | (2.4019) (2.4759) (7.71469) (3.3899) (3.4598) (9.5067)
GDP Per capita 0.0011**= -0.0000721 0.000583*** -0.0011603 -0.000115 .0011837
(0.00030) (0.00124) (0.00021) (0.00110) (0.000353) (0.001381)
Research & 67.29925* 9.355411 -41.75186
Development (35.716) (16.2555) (26.099)
Lagged dependent | 0.9425***  (0.8667*** 0.5731*** | 0.8569***  (.8442*** 0.5337*** | 1.0147***  1.015*** 1.011%**
variable (0.02786)  (0.03387) (0.1569) (0.03136) (0.03133) (0.1466) (0.0154) (0.0157) (0.0548)
Observations 227 227 26 212 212 54 178 178 63

Robust standard errors in parenthesis; *,** *** imply 10%, 5%, and 1% significance levels respectively.
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Table 1 continued: Mathematics Panel

(7) 8
Tractor Fertilizer
Variables @ 2 3) (1) 2 3)
Cognitive Skills -0.00303* -0.000582 0.029655 -0.0442351*** -0.00104908 -0.1352981
(0.00162) (0.00198) (0.06046) (0.01492) (0.01703) (0.12974)
Years of Schooling 0.029415 0.034499 0.464117 -3.601329***  -3.,52864** 0.4274924
(0.13385) (0.13383) (0.72843) (1.1844) (1.171003) (1.58566)
Life Expectancy 0.0058313 0.018735 0.033375 3.437704*** 3.9067*** -1.824247**
(0.06975) (0.07005) (0.35982) (0.70235) (0.70433) (0.80098)
FDI 0.0048781 0.0027866 -0.0097704 | -0.1256564 -0.1922653 -0.1750385
(0.02503) (0.02487) (0.0986123) | (0.221213) (0.2193273) (0.2115905)
Political Rights 0.1729604 0.1287412 -0.0546575 0.2797649 -0.61966 -1.11979
(0.14262) (0.14399) (0.67600) (1.24716) (1.2536) (1.4850)
Civil Liberties 0.2545829*  0.364131** 0.073563 2.09251 4.102527***  0.591595
(0.15025) (0.15872) (0.844675) (1.36454) (1.44108) (1.8202)
GDP Per capita -0.0000308**  -0.0000616 -0.0005*** -0.0005043**
(0.000014) (0.000101) (0.00012) (0.00023)
Research & -0.5875405 -4.359462
Development (1.47783) (3.1697)
Lagged dependent 0.8800*** 0.88801*** 0.7385*** 0.8244*** 0.7930*** 0.134858
variable (0.0198) (0.0201) (0.0895) (0.0346) (0.03514) (0.14849)
Observations 279 279 50 279 279 50
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Table 2:Robustness Checks for Science Skills and Usage Intensity of Technology.

) B) 3)
Transplant Liver Transplant Lung Visitor beds
Variables ()] 2 (3) 1) 2 (3) 1) (2 (3)

Cognitive 0.000006** 0.000005**  (0.00002)** | 0.000004*** 0.000004**  -0.00001 0.00157 -0.00013 0.00712
Skills (0.000002) (0.000002) (0.000009) (0.000001) (0.000001)  0.0000007 | (0.00129) (0.0014) (0.006)
Years of 0.000312 0.00028 -0.000350 -0.0012427***  -0.0013***  -0.00026 -0.07229  -0.16391 0.371475
Schooling (0.00043) (0.00043) (0.00127) (0.00037) (0.0003) (0.0009) (0.1886) (0.1895) (0.4379)
Life -0.00041 -0.000381 0.000532 0.00023 0.00028* 0.00008 0.16711 0.15817 -0.067138
Expectancy (0.00026) (0.00026) (0.0006) (0.00017) (0.0001) (0.0004) (0.1131) (0.1123) (0.1762)
FDI 0.000035 0.000036 0.00025*** -0.0000016 -0.000003 0.000013 -0.05184* -0.04324 -0.002219

(0.00004) (0.00004) (0.00008) (0.00002) (0.00002) (0.00006) (0.0312) (0.0312) (0.0506)
Political -0.00073 -0.000373 -0.23799  -0.195155 -0.19829
Rights (0.00058) (0.00062) (0.2235) (0.2222) (0.4002)
Civil Liberties | .0001867 0.000162 -0.000446 -0.000594 -0.09759 -0.053984 0.03184

(0.00038) (0.00038) (0.0006) (0.0005) (0.216) (0.2155) (0.4145)
GDP Per 0.000000005  0.0000001* 0.00000005** 0.000000056 0.0000651* -0.000005
capita (0.00000003)  (0.00000008) (0.00000002)  (0.00000005) *x (0.0001)

(0.00002)

Research & -0.0053*** 0.00036 -0.52165
Development (0.00173) (0.00167) (0.9345)
Lagged 0.6807*** 0.65282***  0.498817 0.4123*** 0.4101*** 0.14207 0.79578***  (0.7813***  (.7563***
dependent (0.0867) (0.08798) (0.20351) (0.10644) (0.1038) (0.5139) (0.0445)  (0.0445) (0.1548)
variable
Observations | 90 90 22 72 72 21 190 190 44
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Table 2 continued: Science Panel

(4) Q) (6)
Vehicle car/land Cable TV Computer
Variables (6Y) (&) ®) (6Y) 2 (©) () 2 ®)

Cognitive Skills 0.01653 0.002474 -0.06959 0.0189* -0.0086 0.03256 0.023054* 0.01626 0.041007

(0.01064) (0.01166) (0.11351) (0.01065) (0.0124) (0.158) (0.0133) (0.0168) (0.1515)
Years of Schooling -1.035602 -2.363515 -1.92958 -0.8155 -0.477803 2.9533 6.446825**  6.466533** 12.5284

(2.4878) (2.4916) (9.6117) (2.242) (2.202) (8.248) (3.125) (3.1075) (9.481)
Life Expectancy 1.319532 0.88258 0.17474 0.344787 -0.03924 4.67587 4.7476** 5.060857** 3.783758

(1.5129) (1.4846) (4.794) (1.387) (1.367) (3.999) (1.966) (2.020) (5.208)
FDI 0.1464266 0.23612 0.5974 -0.8591***  -0.68453**  -0.1067703 | 0.3075012 0.32611 -1.244442

(0.41812) (0.41285) (0.97135) (0.2698) (0.2689) (0.7349) (0.370) (0.3704) (0.9531)
Political Rights -0.553753 -0.7617381 0.16289 -7.934***  -8,12762***  -6.833525 -0.354014 -0.3511 11.24717

(2.2263) (2.1790) (6.5259) (2.439) (2.398) (7.417) (2.625) (2.6207) (9.7400)
Civil Liberties 1.579393 0.4503156  (-0.42590) | 4.426275** 2.908508 -0.84805 | -5.355732**  -5,523123** -10.03891

(2.2949) (2.2914) (7.7340) (2.029) (2.029) (7.086) (2.723) (2.731) (8.862)
GDP Per capita 0.0007**= 0.000908 0.0008*** -0.00131 0.0002313 0.00134

(0.0002) (0.00093) (0.0002) (0.0009) (0.0003) (0.0012)

Research & 24.47498 8.946207 -50.38995**
Development (20.646) (13.985) (21.225)
Lagged dependent 0.930445*** 0.8994***  0.8647*** | 0.8854*** 0.8680*** 0.5317*** 1.013*** 1.011%** 1.033***
variable (0.0257) (0.02788) (0.11925) (0.0262) (0.0261) (0.136) (0.0133) (0.013) (0.047)
Observations 250 250 36 253 253 62 215 215 75

Robust standard errors in parenthesis; *,**,*** imply 10%, 5%, and 1% significance levels respectively.
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Table 2 continued: Science Panel

(7 (8)
Tractor Fertilizer
Variables @) (2) 3) Q) 2) 3)

Cognitive Skills -.0016292** -0.000848 0.003432 -0.0096503* 0.00383 0.03638

(0.00068) (0.00077) (0.00950) (0.00525) (0.00579) (0.02373)
Years of Schooling .032197 0.062953 0.2297 -3.077685***  -2.402649**  -0.224506

(0.14000) (0.140382) (0.57673) (0.98504) (0.97232) (1.4558)
Life Expectancy 0.027081 0.06487 0.10401) 2.628*** 3.3597*** -0.9713

(0.05957) (0.06216) (0.29298) (0.47795) (0.48842) (0.7097)
FDI 0.000843 -0.00264 -0.003406 -.1793301 -0.30106 -0.16421

(0.02464) (0.02465) (0.07303) (0.1886) (0.18593) (0.1819)
Political Rights 0.164230 0.145708 -0.00545 0.89101 0.49752 -0.2900002

(0.13841) (0.13867) (0.60253) (1.058) (1.0384) (1.520)
Civil Liberties 0.203979 0.248134* 2.365319** 3.359013 1.61003

(0.138376) (0.14002) (1.1027) (1.0956) (1.8532)
GDP Per capita -0.000029** -0.0005*** -0.000307

(0.00001) (0.0001) (0.00021)

Research & -0.51270 -3.010473
Development (1.1698) (2.9443)
Lagged dependent 0.9100%*** 0.91481***  0.7356*** 0.7905*** 0.7590%*** 0.4419***
variable (0.01899) (0.01912) (0.07871) (0.02794) (0.0280) (0.11920)
Observations 305 305 61 305 305 61

Robust standard errors in parenthesis; *, **, *** imply 10%, 5%, and 1% significance levels respectively.
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Appendix 5 Continued: Robustness Checks for Mathematics and Science Skills and Technology Diffusion.

Table 3: Mathematics Panel and Technology Diffusion.

@ 2 3
Cable TV Computers Transplant Bone marrow
Variables 1) (2) 3) 1) (2) 3) 1) (2) 3)
Cognitive -0.00974 -0.01075 -0.11467 -0.0165*** -0.015%** -0.03509 -0.0102* -0.0102 0.1609
Skills (0.0068) (0.0089) (0.128) (0.0307) (0.0057) (0.006) (0.1805)
-0.005 -0.0053

Years of 0.76188* 0.79133* 0.3984 -0.31083 -0.313 -0.66413 -0.2872 -0.339 2.743%*
Schooling -0.4347 -0.437 -1.199 -0.228 -0.2288 (0.502) (0.406) -0.414 (1.284)
Life 0.35935 0.35145 0.3081 0.18962 0.1999 0.00311 0.7041%** 0.7122%** 0.4383
Expectancy (0.2618) 0.264 0.5417 0.1228 0124 (0.2202) (0.1908) (0.195) (0.979)
eDI 0.04336 0.04535 -0.05996 0.0233 0.0211 -0.05067 0.0321 0.0366 -0.0591

(0.0521) (0.0531) (0.1214) -0.028 -0.028 (0.0634) -0.029 -0.029 (0.1615)
Political 0.5064 0.59981 1.99704 0.05093 0.05189 0.27052 -0.6496 -0.686
Rights (0.437) -0.444 -1.117 -0.1644 -0.1644 (0.463) (0.724) -0.747
Civil -0.22001 -0.2534 -0.19641 0.1131 0.15041 -0.6508
Liberties (0.3834) -0.415 (0.9463) -0.217 -0.225 -0.5312
GDP Per 0.000008 0.000068 -0.00002 -0.0000303 -0.0000009 -0.00008
capita -0.00004 (0.0001) (0.00002) (0.00007) (0.00003) (0.0001)
Research & -1.66798 3.17408** 3.235
Development (2.476) 1.07 (7.586)
Iasggﬁgem 0.572%** 0.567*** 0.433*** 0.880*** 0.889*** 0.889*** 0.747%%% 0.7466 0.5862429
variable -0.0747 -0.079 -0.164 -0.046 -0.046 -0.068 (0.073) (0.074) (0.510)
Observations 123 122 43 157 157 56 59 59 12

Robust standard errors in parenthesis; *, **, *** imply 10%, 5%, and 1% significance levels respectively.
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Table 3 continued: Mathematics Panel and Technology Diffusion.

4) ) (6)
Lung Transplant Fertilizers Tractor
Variables 1) 2 3) ) 2 (3) 1) 2 3)
Cognitive SKills 20.07266 0.0752% 0.02034 00185 000722 | 000143 0.00116 70.00489"
(0.0449) (0.0454) (0.006) (0.006) (0.0713) (0.0008) (0.0008) (0.002)
Years of Schooling 12.145%%% 114445 13571%%%  1.3415%%% 0.836009 | -0.0155 0020002 -0.01745
(3.579) (3.742) (0.516) (0.517) (0.908) (0.0512) (0.0515) (0.029)
Life Expectancy 10.1803 0.29431 0.4288 0.39953 051928 0.07571%*  0.07677* 0.03677*
(1.128) (1.318) (0.268) (0.271) (0.478) (0.0447) (0.0447) (0.019)
FDI 002495 -0.041807 0.0192 0.02507 10.24803* | 0.00274 0.003307 -0.000095
(0.1499) (0.1531) (0.075) (0.076) (0.118) (0.009) (0.0096) (0.0036)
Political Rights 10,0044 0.04013 0.8273 002102 -0.01483 0.0258
(0.408) (0.414) (0.807) (0.053) (0.0539) (0.0302)
Civil Liberties 0.29271 0.1416 046166 | 0.04024 0.01939 0.00091
(0.452) (0.502) (0.942) (0.062) (0.067) (0.0309)
GDP Per capita 0.00023 0.000033 -0.000268* 0.0000058  0.00000087
(0.0003) (0.00004) (0.0001) (0.000006)  (0.000004)
Research & -0.8623 0.00129
Development (1.752) (0.058)
Lagged dependent 0.0111 20,0425 0.601%%*  0.5076%%* 06220+ | 0.968%  0.967x 0.983
variable (0.213) (0.228) (0.0638) (0.064) (0.165) (0.0152) (0.0152) (0.008)
Observations 33 33 177 177 20 204 204 38

Robust standard errors in parenthesis; *, **, *** imply 10%, 5%, and 1% significance levels respectively.
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Table 3 continued: Mathematics Panel and Technology Diffusion.

()
Visitor Beds
Variables (1) (2) 3)
Cognitive Skills 0.00870 -0.0044 0.2222**
(0.0081) (0.0115) (0.053)
Years of Schooling 1.0828** 0.90871* 1.50019
(0.4991) (0.5023) (1.154)
Life Expectancy 0.60671* 0.76900** -0.3834
(0.362) (0.3706) (0.6154)
FDI 0.01168 0.01634 0.0504
(0.0625) (0.0616) (0.201)
Political Rights 0.32961 0.46067 0.11505
(0.408) (0.4104) (1.125)
Civil Liberties -0.25474 -0.10711 -0.13357
(0.5779) (0.5759) (1.227)
GDP Per capita 0.0001205 0.000070
(0.00007) (0.00059)
Research & -0.58387
Development (2.880)
Lagged dependent 0.514*** 0.4973 0.9658***
variable (0.121) (0.119) (0.232)
Observations 100 100 28

Robust standard errors in parenthesis; *, **, *** imply 10%, 5%, and 1% significance levels respectively.
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Table 4: Science Panel and Technology Diffusion.

@) ) (©)
Cable TV Computer Transplant Bone marrow
Variables @) @ @) @ ) @) @ @ @)
Cognitive Skills -0.00159 -0.00126 -0.00030 -0.00298** -0.00216 -0.01042 -0.004** -0.003 0.0007
(0.0017) (0.0023) (0.0237) (0.001) (0.0014) (0.006) (0.002) (0.002) (0.0065)
Years of 0.83365** 0.8628** 0.5023 0.00215 0.01743 -0.57538 0.0746 0.2126 2.337**
Schooling (0.3660) (0.3678) (1.057) (0.205) (0.204) (0.426) (0.535) (0.534) (1.024)
Life Expectancy 0.32017 0.30668 0.20431 0.0684 0.05239 0.01567 0.8817*** 0.861*** 0.9658*
(0.2155) (0.217) (0.4522) (0.112) (0.113) (0.187) (0.259) (0.2556) (0.5012)
FDI 0.04677 0.04542 -0.0447 0.00406 0.00196 -0.04234 0.05008 0.05209 -0.0335
(0.0413) (0.042) (0.098) (0.0282) (0.028) (0.049) (0.0416) (0.0409) (0.0628)
Political Rights 0.43229 0.47371 2.27096** 0.08507 0.09016 0.31481 -0.5854 -0.2937
(0.3684) (0.3704) (0.975) (0.177) (0.176) (0.423) (1.039) (1.041)
Civil Liberties -0.23271 -0.22833 -0.11042 0.36952* 0.4033** -0.6151
(0.3156) (0.325) (0.854) (0.196) (0.197) (0.470)
GDP Per capita -0.0000075 0.00009 -0.00003 -0.000035 -0.00007 -0.00005
(0.00003) (0.0001) (0.00002) (0.00006) (0.00004) (0.00006)
Research & -0.71047 3.1468*** 3.793***
Development (1.996) (0.856) (1.346)
Lagged 0.606*** 0.605*** 0.402*** 0.853*** 0.856*** 0.897*** 0.6753*** 0.6444*** 0.2237
dependent (0.0585) (0.059) (0.116) (0.045) (0.044) (0.059) (0.087) (0.088) (0.125)
variable
Observations 134 134 50 194 194 68 67 67 17

Robust standard errors in parenthesis; *,**,*** imply 10%, 5%, and 1% significance levels respectively.
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Table 4 continued: Science Panel and Technology Diffusion.

(4) () (6)
Transplant Lung Fertilizer Tractor
Variables ) O] ®) ) ) @) @) @ ®)
Cognitive Skills -0.0024 -0.00287 0.03053 0.00094 -0.00029 -0.0144*=** 0.000577 0.00069 -0.01632
(0.0079) (0.0082) (0.0294) (0.001) (0.001) (0.004) (0.0005) (0.0005) (0.0173)
Years of 5.7680*** 5.5562** 2.553708 0.6763 0.59322** -0.15482 0.12016 0.1264 0.19683
Schooling (2.131) (2.3304) (4.011) (0.2659) (0.263) (0.277) (0.0802) (0.081) (0.3984)
Life Expectancy 0.2029 0.33962 0.7405 0.4347** 0.3877*** 0.23815 -0.01830 -0.01701 0.07600
(1.003) (1.166) (1.453) (0.140) (0.139) (0.2042) (0 .06841) (0.0678) (0.2412)
FDI 0.0707 0.06916 0.12729 0.0335 0.0538 -0.00941 -0.00773 -0.00907 -0.1018**
(0.1306) (0.1321) (0.1922) (0.0377) (0.037) (0.033) (0.0144) (0.014) (0.0511)
Political Rights -0.05465 -0.02404 0.14775 -0.02484 -0.03008 0.22837
(0.2068) (0.204) (0.315) (0.0792) (0.425)
(0.079)
Civil Liberties 2.8685 2.8214 0.20107 0.05176 -0.05082 0.0582 0.07131 -0.3397
(2.923) (2.958) (0.214) (0.217) (0.329) (0.084) (0.0874) (0.4615)
GDP Per capita 0.0000509 -0.000022 0.000079** 0.000046 -0.0000061 -0.000017
(0.0002) (0.0005) (0.00002) (0.00004) (0.00001) (0.00006)
Research & 6.568605 0.295008 0.32026
Development (4.412) (0.586) (0.873)
Lagged 0.2159 0.20351 -0.36745 0.8005*** 0.772%** 0.988** 0.974%** 0.976%** 0.923***
dependent (0.1641) (0.1738) (0.501) (0.036) (0.0375) (0.0803) (0.017) (0.0177) (0.105)
variable
Observations 48 48 11 215 215 51 210 210 42

Robust standard errors in parenthesis; *,** *** imply 10%, 5%, and 1% significance levels respectively.
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Table 4 continued: Science Panel and Technology Diffusion.

()
Visitor Beds
Variables (1) (2) 3)
Cognitive Skills 0.00469 -0.00135 0.06501**
(0.0038) (0.0050) (0.03006)
Years of Schooling 0.49962 0.7647* 0.26665
(0.4213) (0.4342) (1.0472)
Life Expectancy 0.71993** 0.81549*** 0.03563
(0.3109) (0.305) (0.5241)
FDI 0.02502 0.03678 -0.07857
(0.0593) (0.0578) (0.1355)
Political Rights 0.33357 0.39917 0.789106
(0.3816) (0.3704) (1.036)
Civil Liberties 0.02702 0.04315 -0.46337
(0.5175) (0.5008) (0.981)
GDP Per capita 0.00011* 0.00002
(0.00006) (0.00049)
Research & -1.407323
Development (2.6306)
Lagged dependent 0.5964*** 0.5202*** 0.820***
variable (0.0973) (0.1034) (0.216)

Observations

101

101

34
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Robust standard errors in parenthesis; *, **, *** imply 10%, 5%, and 1% significance levels respectively.
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