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Abstract: The major aim of this paper is to examine the extent to which human capital spillover
effects are responsive to different quantiles of gross capital formation across selected 19
OECD countries for the period 1980-2017. We develop an endogenous model for esti-
mating the spillover effects on investment regarding the bargaining power of workers. In
this sense, different quantile regression models are applied to analyze this miscellaneous
linkage and to correct possible diagnostic problems stemming from the endogenous regres-
sors. The empirical results suggest that there are statistically significant spillover effects of
human capital on investment level due to a change in the degree of threat option of capital
and thereby a decrease in bargaining power of labor. Moreover, the findings reveal the fact
that there is significant heterogeneity of human capital spillovers across different quan-
tiles, which means that lowest quartile of investment activities are confronted with higher
value of spillovers.

Keywords: Human Capital; Gross Capital Formation; Investment; Spillover Effect; Quantile Re-
gression
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Introduction

One of the recent interests in the literature is based on the investigation of the spill-
over effect of several indicators on investment and thereby economic growth. In other
words, the relevant literature is widely recognized that spillovers play a crucial role
in the behavior of the firms in terms of their competitiveness and cost-efficiency.
For instance, a bulk of studies concentrates on the topic which relates to the aver-
age effect of knowledge spillovers on innovation or productivity growth (Jaffe, 1986;
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Griliches, 1992; Verspagen, 1997; Serrano and Cabrer, 2004; Damijan et al., 2006;
Bar and Leiponen, 2012; Aghion and Jaravel, 2015; Aldieri and Vinci, 2017; Au-
dretsch and Belitski, 2020). However, the direct impact of human capital spillovers
has been substantially excluded from the research in the sense of its linkage with
educational returns and the degree of investment. A glance at the previous studies
can provide some prime outcomes where the knowledge exchange among workers is
considered as the engine of economic growth (Romer, 1986; Lucas, 1988; Jovanovic
and Rob, 1989). Workers may not be fully compensated for their contributions to
economic output, as this type of knowledge exchange does not be obtained by them
due to its feature that the production process only reflects their direct input (O’Ma-
hony and Riley, 2012). A growing number of studies is proven that the increasing
degree of workers’ capacity and capability throughout a very recent period has led to
the occurrence of such that externalities at different levels of indicators: (i) the geo-
graphical level (Moretti, 2004; Rosental and Strange, 2008; Ramos et al., 2010; Park,
2012; Abbott and Gallipoli, 2017), (ii) industrial level (Moretti, 2002; Apergis et al.,
2009; Hamid and Pichler, 2009; Diwakar and Sorek, 2017; Badinger et al., 2019), and
(iii) workplace level (Sloane et al., 2003; Belfield et al., 2004; Metcalfe and Sloane,
2007; Benos and Karagiannis, 2016). In consideration of the above classification, the
literature shows that there are positive externalities in human capital that are statisti-
cally significant for aggregate economic activities. For example, Cabrales (2011) pro-
vides evidence of that positive implication which leads us to help in the examination
of development variances across different countries and regions. Also, Ciccone and
Peri (2006) identify the aggregate human capital externalities by suggesting that the
strength of those externalities equalizes with the effect of human capital on the aver-
age wages when conditions are suitable for holding the labor force skill composition
constant. Besides, Thonnessen and Gundlach (2013) provide strong cross-country
evidence of the size of a substantial human capital externality, implying that human
capital accumulation should be at the core of a theory that stimulates to analyze the
mutual linkage between the persistency of long-run income growth and the transi-
tional movements of static traditional society to a modern dynamic state, which also
eventuates with systematic shifts in many economic, political, and cultural indica-
tors. Meanwhile, Malley and Woitek (2019) estimate the quantitative implications
of human capital externalities in a two-sector endogenous growth framework with
knowledge spillovers and find that there are positive externalities to aggregate human
capital, showing that the elimination of the sources of market failure concludes with
sizeable increases in education time, endogenous growth, and total welfare.

Even though the present empirical literature draws conclusions on the evidence of
positive externalities in human capital by using different estimation procedures such
as Mincerian or life-cycle approaches, there are also others which of them adopt an
identification approach (Rauch, 1993) to estimate the education returns simultane-
ously through multi-level analysis. In this paper, we use different quantile regression
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methods for panel data to estimate the parameters at different points on the investment
level. In other words, we could assume that slope parameters may change at different
quantiles of the conditional distribution due to heterogeneity of firms’ investment.
Besides, the use of those methods depends on the reason that it may provide some
advantages for having robust estimates of coefficients since it can mitigate the prob-
lem of bias resulting from the outliers. Meanwhile, in contrast to the Ordinary Least
Squares (OLS) estimators, the quantile regression approach can obtain more efficient
and statistically significant estimators when the disturbance term is not simply white
noise. In particular, quantile regression techniques are available for discerning the
relationship between predictor variables and the conditional distribution of the re-
sponse variable. Therefore, these methods are used to estimate conditional quantile
treatment effects. In that vein, quantile regression is considered as the extension of
linear regression since the conditions of linear regression may not meet.

The spillover effects from education to workers can be affected by the changes in
the labor market conditions. In that sense, the level of employability, which implies
the life-long, continuous cycle of acquiring experience, new knowledge, and skills,
become one of the core factors for expanding their opportunities in employment and
for increasing the level of earnings through various shifts in the labor market. There-
fore, a higher level of employability is explicitly reckoned as a sign of improving
labor market performance and conditions. Since the role of education can be reflected
with the spillover effects, it may directly lead to the occurrence of heterogeneous
outcomes in production structures of various sectors and implement changes to the
organizational structure along with an increasing degree of competitive pressure in
labor markets. Meanwhile, this spillover effect of education to workers may result
in a change in the rules of competition, which tends to exacerbate both intra- and
inter-class conflict in the production. Along with these potential factors, it seems
natural to find out the reasons why and how the spillover effects of human capital
affect the level of investment through the consideration of a change in the fallback
option of workers. To best of our knowledge, this question has not been answered
yet in the light of current literature. To further enhance the empirical findings which
have been provided crucial determinants so far, this study considers whether a higher
degree of human capital may contribute to an increase in the level of aggregate in-
vestment within a country, in control of bargaining power of workers irrespective of
their skills, experience or knowledge.

The a priori structure of reasons are indeed several but some of them can be listed
as follows: First, a change in fallback options of workers may indirectly affect the
spillover effects of human capital on investment. This occurs due to the transfers of
income to employers from the workers for those who may have a chance to design the
use some part of their income to develop new skills on the job. However, an increase
in the degree of threat option of capital may mitigate the positive externalities of
human capital on the level of investment due to widening income disparity through
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the redistribution of income in favor of the capital. Second, the employers may opt
to outsource part or all of their activities to oversees if the fallback option of capital
is limited, implying that the spillover effects of human capital on investment will be
negative due to lowering employment opportunities and having a decrease in wages
along with an excess supply of labor over the demand. Third, the spillover effects of
human capital on investment may be mitigated since the external factors may push
the economy towards capital-augmenting technical change. Consequently, depending
on the elasticity of substation for each input, further economic development may
increase the share of capital by pushing a great number of individuals towards out of
educational attainment.

To examine the relationship between investment and spillovers from human cap-
ital towards the changes in intermediate channel such that the bargaining power of
workers, we measure the degree of human capital by considering both returns to
education and the rate of schooling at an aggregate level. All in all, the paper is struc-
tured as follows. The next section presents the details about the theoretical model
to investigate the above-mentioned relationship. Section 3 describes the empirical
methodology and the data. Section 4 summarizes the empirical findings. Finally,
section 5 concludes.

Theoretical Underpinnings

This section identifies the theoretical underpinnings to understand the spillover
effects of progress in human capital on the level of investment, suggesting that there
might be produced some negative externalities in terms of workers’ time, effort,
and skills due to a change in a fallback option of capital in the production process.
This analytical background of that theoretical context is obtained from the work
of Aldieri and Vinci (2017: 107-108) and readopted to the case of spillover effects
of human capital in the presence of given presumptions. Alternatively saying, this
section is devoted to the investigation of the transmission of investment in human
capital obtained during educational attainment. First and foremost, we adopt a simple
non-overlapping generation model towards Acemoglu (1996) where each generation
of two typologies of workers, living for two periods, is assumed to consist of a contin-
uum of people having with equality of opportunity in education normalized to unity
and with a zero intertemporal preference rate. People who largely invest in human
capital, are defined as skilled workers, while those who select not to spend time for
educational attainment and self-development are regarded as unskilled workers; all
of them are assumed to be productive at different scales.

On the one hand, at time =0 people are assumed as identical in terms of their
skills, experience, and knowledge (i.e., having no education). On the other hand,
at time 7=1 accumulation of knowledge and capability takes place in the form of
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a partnership of skilled and unskilled workers, the productive skills are increased
through the continuity of schooling. In that vein, workers will be classified as skilled
and unskilled upon their attempt to enhance the level of education over time. The
accumulation of skills and knowledge function, in line with Romer (1994), takes the
functional form as represented in Eq. (1):

h=ue" A"h' " (1)

where u denotes the amount of time an individual spends accumulating skill instead
of working, and v is the constant parameter, A is the world technology frontier (i.e.,
the index representing the most advanced capital good invented to date), and 4 is the
individuals® skill level. Also, we assume y>0 and O<n<l. More formally, u can be
considered as years of schooling. In that sense, Eq. (1) explicitly implies that the level
of skills in production will be proportionally increased with additional time spend on
accumulating skills. We also assume that the change in skills is a weighted average of
the frontier level, A, and the individuals’ skill level, # (Jones and Vollrath, 2013: 142).
So that, the skill accumulation can be obtained by dividing both sides by % in Eq. (1):

; "
h = pe’" (ﬁ] )
h h

Meanwhile, the investment decisions of the firms depend on two strategies: (i) how
much labor and how much of each capital good to use for producing output and (ii)
what are the most efficient ways to provide cost-minimization. Eq. (3) is represented
for achieving to the solution of profit-maximization/cost-minimization problem in
the presence of these two strategies which must be done for providing efficiency in
investment along with having positive externalities of human capital spillover:

A A
max L™ [x¢dj —wL— [p,x,dj with:0<a <l 3)
! 0 0
where x; is the capital good j, p; denotes the rental price for capital good j and w is the
wage share accrued to workers. Next, we need to elaborate on the ways of labor allo-
cation in an aggregate economy. This case leads us to decide how much labor works
to produce output (L,) and how much devotes to produce new ideas (L,), assuming
that these two activities represent the total supply of labor in the economy:

Ly+L,=L @)

where L, /L=s, and L, /L=s, (ie., s, =1—s;). While s, produces new ideas in
the R&D sector, the remaining fraction, s,, produces output in the final-goods sector.
Alternatively saying, s, illustrates the mental labor and s, defines the manual labor.



82 Onur Ozdemir

In consideration of this division, the earning functions for mental and manual labor
can be given by Egs. (5) and (6), respectively:

(1+7)
A(1+1
Wl_{"t — l(—”)WlOr _ Cz;t )
(1+7)
(1+y)
(1 +e., )
Wilt - (1+jy W}',t ijt (6)

where /; and 6, measure the wage loss from the bargaining power of capital, C;, and
C;, denote the level of consumption, /;, and e;, are the degree of human capital for
Ly and L,, respectively. Finally, the parameter y shows the other variables that may
negatively affect the wage level and W0 and W are the expected wages of mental
and manual labor, respectively.

First, Eqs. (5) and (6) imply that the fallback option of capital may vary in the
R&D sector and final-goods sector, which means that the skill levels of workers have
the power to affect the behavior of the firms in terms of their negative sanctions in
income allocation. Second, the level of wages will be varied based on the degree of
human capital, the bargaining power of capital, and the expenditures on consump-
tion. Finally, the sum of w and w , will implicitly yield the total amount of wages
acquired to a given amount of labor supply in the economy. In consideration of these
outcomes, the expected wages can be also defined as follows:

1 1
0 _ . .
Wiy = (Jhiu),f - JX i) }dl (dj) 7
0

0

where 4 is the individuals’ skill level for i person employing in R&D sector and for
J™ person employing in the final-goods sector. X denotes the other factors which of
those are negatively affected the level of expected wages in those two sectors. More-
over, h;, and h;, for i" and j* individuals employing in the R&D sector and final-goods
sector, respectlvely, can be given as follows:

h;, =(1+ui,,)(1—,8)n )
hj’t=(1+uj’t)(l—ﬂ)n )

where u is the years of schooling, 3 is the number of obstacles to education, and 7 is
the population growth. The total incomes, in which we produce in Egs. (5) and (6),
can be derived from a bargaining process implementing to an allocational frame-
work according to given propositions as § = wf, and1-0 = WZ .- From the first-order
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conditions of the maximization process, we may easily derive the following Egs. (10)
and (11):

1

§(1+u, )" (1= BY nanx 10 |70
by, = — : (10)
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1
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Assuming A, =1 and 6, =0, there exist positive externalities between human
capital and investment. When a group of firms increases investment in high-tech
physical capital, other firms, due to competitive pressure, will positively respond, and
the equilibrium rate of return for skilled labor will increase. In other words, the redis-
tribution of income within the labor market will be towards the skilled workers and
thus it leads to an excess supply of unskilled workers, implying that the level of wages
for those workers will be lower compared to skilled workers. However, this case may
not hold since the other factors can be operated along the way that the fallback option
of capital will not be stable in the presence of profit-maximization/cost-minimization
target. Meanwhile, the positive externalities will be higher for lower levels of high-
tech physical capital.

The above assumptions consider that the expected positive externalities will have
different magnitudes depending on the expected rate of return and the initial level of
high-tech physical capital for different groups of firms. In order to estimate that given
assumption, we introduce different quantile regression approaches, whose estimates
are summarized in the section of empirical findings. The next section discusses the
theoretical basis of this approach along with the selection of research data.

Data and Empirical Approach

Data

The paper tests a balanced panel set (i.e., yearly data from 1980 to 2017) for selected
19 OECD countries. The gross capital formation from the World Bank, World Devel-
opment Indicators (WDI) database is used to depict the level of investment. The ma-
jor aim for obtaining this variable from the WDI database is caused by the fact that
balanced panel data can be acquired for those selected countries and thus it directly
leads to get reliable estimation results.

The human capital index is measured as a weighted average of two core indica-
tors, i.e., the returns to education and the years of schooling, which is obtained from
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the Penn World Table (PWT) version 9.1 database (Feenstra et al., 2015). The bar-
gaining power indicators for the workers are proxied by the unemployment rate (%
of total population) and the trade union density (%) in the WDI database and OECD
statistics, respectively.

Finally, the consumption share as a part of Gross Domestic Product (GDP) is
obtained from the PWT version 9.1 database. All variables are calculated in their
natural logarithms. As Gelman and Hill (2007) state that the major reason to prefer
natural logs is to directly interpret the coefficients on the natural-log scale as a way
to approximate proportional differences.

The InGFC, InHC, InCS, InUNEMP, and [nUNION represents those above vari-
ables in abbreviations for gross capital formation, human capital index, consumption
share, unemployment rate, and trade union density, respectively. All in all, Table 1
summarizes the sources of data and its measurement method.

Table 1: Data Sources and Measurement

Variable Abbreviation Measurement Source Number. of
Observations
. World Bank,
Gross Capital InGFC _ Current US$ World Development 722
Formation (in natural logarithm) .
Indicators
Human Capital InHC . Index . Penn W(.)rld Tables 722
(in natural logarithm) version 9.1
Consumption InCS . % of GDP. Penn W(')rld Tables 790
Share (in natural logarithm) version 9.1
Unemployment % of total labor ‘World Bank,
ploy InUNEMP participation World Development 722
Rate . . .
(in natural logarithm) Indicators
Trade Union Density InUNION % (in natural logarithm) OECD Statistics 722
Empirical Approach

Conventional regression analysis such as the least-squares method is widely dealt
with the conditional mean of a dependent variable given explanatory variables. Also,
it bears on the discussion of the conditional distribution. If there is a concern about
the tails of the conditional distribution, one can be focused on different procedures
such that the quantile regression (Koenker and Bassett, 1978), expectile regression
(Newey and Powell, 1987), and M-quantiles (Breckling and Chambers, 1988). All
these tools for analyzing the regression based on the selected variables can be re-
ferred to as generalized quantile regressions for those which are widely used in dif-
ferent disciplines. This procedure is also useful to estimate the parameters at differ-
ent points of the spillover effects of human capital on investment through minimizing
the biases resulting from the current outliers.
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In contrast to the estimators obtained by the implementation of the standard least-
squares method, the estimators of quantile regression can be assumed as more ef-
ficient if the error terms are not white noise. Meanwhile, the estimates, in case of
using conventional regression analysis, produce the average effect of the explanatory
variables on the dependent variable, which may lead to unbiased results. In that vein,
this study considers the quantile regression to estimate the linear models, which pro-
vides two advantages. First, the quantile findings are supposed to be robust to outliers
(Buchinsky, 1994). Second, the quantile regression consists of the entire conditional
distribution of the response variable (Coad and Rao, 2011). In addition to the above
advantages, we also consider two assumptions. The first one is related to the error
terms which are defined as not being identically distributed for the entire conditional
distribution. On the other hand, the slope parameters are not constant for different
quantiles of the conditional distribution. In that vein, the quantile regression is repre-
sented as follows (Koenker and Bassett, 1978):

Vi =X, By + g, 12)
and

Quant_ (y, | x,)=x, B, (13)

where y is the response variable, x is a vector of regressors, 3 is the vector of estimat-
ed parameters, and u is a vector of residuals. Quant, (y, / x, ) denotes the 7™ condi-
tional quantile of y given x. Based on this method, the empirical specification applies
the generalized quantile regression approach initiated by Powell (2017), which intro-
duces the additional covariates for measuring the changes in the estimated coefficient
on the treatment variable to assess whether it is considered valid. The conditional
distribution for the natural logarithmic form of the dependent variable can be spec-
ified for 7" quantile (0 < T < 1) of a given set of explanatory variables X, as follows:

InHC,

Qr{ X lt}=a1+ﬁ1Xit+ar (1+Vit) (14)
it

where [nHC, identifies the natural logarithmic form of a human capital index of

country i for time 7 and X, is the vector of explanatory variables. v, represents the

unobserved factors. The parameters are also obtained by the minimization of the

absolute value of the residuals. Eq. (15) shows the objective function:
0. (B.)=min 3 [[InHC, - B.X, ] (15)
i=1

In consideration of the minimization process for an absolute value of the resid-
uals, the following methodologies can be produced in the empirical framework for
quantile regression. First, Koenker (2004) utilizes the shrinkage method to estimate
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the vector of fixed effects. Second, Canay (2011) produces a new method in the pres-
ence of using two-step process to estimate panel quantile regression models with
fixed effects. Third, Powell (2016) yields alternative fixed effects quantile estimators
through the inclusion of individual fixed effects, which change the context of the
estimated coefficient on the treatment variable.

In this study, the quantile regression model for panel data is estimated with nonad-
ditive fixed effects which further obtains nonseparable disturbance term commonly
related to quantile estimation (Baker et al., 2016). By using the dataset, which is pro-
vided in the previous section 3.1, we estimate the panel quantile regression model by
the following accumulation of skills and knowledge function in Eq. (16):

InGFC, = B, + B,InHC,, + B,InCS,, + B;inUNEMP, + B,InUNION,, +u, (16)

where [nHC,, is the degree of human capital index, [nGFC, is the gross capital for-
mation (% of GDP), [nCS,, is the share of consumption expenditure (% of GDP),
InUNEMP,, is the unemployment rate (% of total labor), and InUNION,, is the trade
union density (%). All variables are measured in natural logarithmic form.

Table 2 represents the descriptive statistics of the variables which of those are
employed in the empirical estimation. Moreover, Figure 1 presents the human cap-
ital-gross capital formation nexus for the period 1980-2017. In the next section, we
summarize the empirical findings on the basis of several quantile regression approach.

Table 2: Descriptive Statistics

Min. Max. Mean Median Variance Skewness Kurtosis
InGFC 22.15 29.02 2547 25.36 1.951 0.191 2.657
InHC 0.829 1.324 1.162 1.177 0.009 -0.663 3.089
InCS 3313 4273 3.992 4.030 0.023 -1.233 5.584
InUNEMP -1.609 2.894 1.778 0.555 0.309 -1.319 7.737
InUNION 2.140 4.577 3.449 3477 0.378 -0.224 2.163
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Figure 1: Human Capital-Gross Capital Formation Nexus, 1980-2017
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Note: The country abbreviations are as follows: AUS: Australia, AUT: Austria, BEL: Belgium, CAN: Canada, DNK:
Denmark, FIN: Finland, FRA: France, DEU: Germany, IRL: Ireland, ITA: Italy, JPN: Japan, KOR: Republic of
Korea, NDL: Netherlands, NZL: New Zealand, NOR: Norway, SWE: Sweden, CHL: Switzerland, GBR: United
Kingdom, USA: United States of America. These countries also depict the selected sample of 19 OECD countries
that we use in the empirical analysis.

Empirical Findings

Our purpose is to estimate Eq. (16) using the quantile regression approach. In that
sense, for comparison purposes, we first report two different nonparametric regres-
sion models, including simultaneous quantile regression (SQREG) and bootstrapped
quantile regression (BSQREG). While SQREG produces the same coefficients as
standard quantile regression for each quantile by obtaining an estimate of standard
errors via bootstrapping in case of between-quantile blocks, BSQREG is equivalent
to SQREG with one quantile by considering that the data are conditionally heteroske-
dastic. However, each of these two methods provides a bootstrapped estimate of the
entire variance-covariance matrix of the estimators. Also, they obtain standard errors
by randomly resampling the data. In Table 3, we show the results for simultaneous
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quantile regression with bootstrapped standard errors (Koenker, 2005). As expected,
human capital spillovers affect positively the gross capital formation of industrial
economies at all quantiles of the conditional distribution.

Meanwhile, the estimation results show that the other variables (i.e., consumption
share, unemployment rate, and trade union density) are statistically significant at al-
most all quantiles and cohere with the hypothesized propositions. For example, the
positive sign coefficient of the unemployment rate implies that a higher rate of that
indicator strengthens the bargaining power of capital by way of having more power
on the threat of lowering the wages.

Also, in parallel to this result, the negative sign coefficient of trade union density
indicates to the case that a higher rate of unionization empowers the workers’ con-
ditions along with a considerable degree of right to impact the production structure.
Besides, an increase in the share of consumption promotes a higher level of invest-
ment. All in all, the empirical outputs identify a significant heterogeneity of human
capital spillovers across quantiles: the highest value of spillovers is mostly captured
at quartiles between the 10th and 40th.

Table 3: Simultaneous Quantile Regression with Bootstrapped Standard Errors:

SQREG Results
Dependent variable: InGFC

t=10th | ©=20th | ©=30th | 1=40th | t=50th | t=60th | t=70th | 1=80th | 1=90th
InHC 538k | 598%kx | 034%%* | 582FHE | 5 Q4HAE | 5 56%FK |5 80%kF | D.55% 1.39%**

(0.78) (0.63) (0.65) (0.59) (0.50) 0.41) (0.55) (147) (045)
InCS -1.28%%* 0.04 0.58%% | [.22%%% | ] 68%%% | ] 8O¥** | 2448k | ] R4k | ] 4Dk

0.31) (0.32) (0.26) (0.36) (0.36) 0.43) (0.54) (0.47) (0.37)
InUNEMP 0.17%% | 0.30%** | 0.33%** | 0.34%%% | (0.20%%* 0.18 -0.15 -0.17 -0.31*

(0.08) (0.06) (0.07) 0.07) (0.11) 0.17) 0.19) (0.13) 0.17)
InUNION S1LI2%FE L] Q3%FE | J] QOFHE | ] ]S | ] TR | L] ]5FEE | L] [3EEE | ] 4EEE | ] 4Ok

(0.14) 0.12) (0.05) (0.06) (0.06) (0.05) (0.06) (0.16) (0.11)
Constant 26.66%** | 20.,68%¥* | 18.5]%%* | [7,03%#% | [5.52%#k | [5,69%** | ]3,65%%* | 2] 20%** | 25 ] 5kk*

(2.15) (1.36) (1.37) (1.75) (1.36) (147) (1.81) (3.55) (1.80)
Pseudo-R* | 0.2539 | 0.2756 | 0.3110 | 0.3292 | 0.3428 | 0.3576 | 0.3636 | 0.3638 | 0.4199
No. of obs. 722 722 722 722 722 722 722 722 722

Note: Bootstrapped standard errors in parentheses *** p<0.01, ** p<0.05, * p<0.10. The bootstrap replications are
selected as 100.

Table 4 also shows the bootstrapped quantile regression results in which the co-
efficients are the same, but the standard errors are changed in all estimations. As
the empirical findings indicate that our hypotheses are still validated by using the
BSQREG method.

In order to admit statistical variation of coefficients in consideration of the con-
ditional distribution of InGFC, we also draw the quantile regression coefficients and
confidence intervals for each regressor and the constant term in Figure 2. The horizon-
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tal lines describe the OLS point estimates and confidence interval, respectively. The
second plot depicts the human capital spillovers in which the estimated coefficient is
positive, indicating that lower quantiles have much higher effects on the level of in-
vestment. Also, Figure 3 shows the hanging rootogram to compare an empirical distri-
bution to a theoretical distribution (Tukey, 1965, 1972; Wainer, 1974; Friendly, 2000).

Table 4: Bootstrapped Quantile Regression: BSQREG Results

Dependent variable: InGFC

t=10th | ©=20th | ©=30th | 1=40th | t=50th | t=60th | ©=70th | ©=80th | 1=90th

InHC 5.38#k% | 508k | 34k | 5 RDHAk | 5 R4k | 5 56%HK | 580% k% | D 55% | ] 39wk
(0.82) (0.60) (0.70) (0.54) (0.52) (0.39) (0.49) (1.41) (0.40)

InCS S1.20%FE | 0.04 | 0.58%HE | [ 22 | ] 68%FE | ] BOFHE | D44k | ] B4k | ] 4D
(0.32) (0.31) 0.22) 0.31) (0.34) (0.35) (0.53) (0.39) (0.40)

ek sk sk sokok sk sk = - - *

WUNEMP | oon, | oo | oo | oon | 01n | o) | 019 | @19 | o1
S1L 2% | L] 03FHE | 1 QOFFF | L] ]5FEE | ] ITEEE | ] ]SFEE | ] 3R | ] AFEE | ] 4OHEE

InUNION 0.17) (0.10) (0.05) (0.06) 0.07) (0.05) (0.07) (0.16) (0.11)
Constant 26.66%%% | 20.68*** | [8.51#%% | 17.03%** | [5.52%%% | |5.69%%* | 13.65%%* | 21.20%#* | 25 15%**
43) | 148 | a36) | 143) | (1200 | (1.16) | (196) | (328) | (1.80)

Pseudo-R? 02539 | 02756 | 0.3110 | 0.3292 | 0.3428 | 03576 | 03636 | 0.3638 | 0.4199
No. of obs. 722 722 722 722 722 722 722 722 722
Raw sum. dev.| 168.1 270.3 3404 385.1 404.9 402.4 3674 2933 184.9

Note: Bootstrapped standard errors in parentheses *** p<0.01, ** p<0.05, * p<0.10. The bootstrap replications are

selected as 100.

Figure 2: Quantile Regression Coefficients and Confidence Intervals
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Figure 3: Hanging Rootogram
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Moreover, we implement Wald tests of simple and composite linear hypotheses
about the parameters of the fit models obtained by the simultaneous quantile regres-
sion with bootstrapped standard errors. The major reason to perform Wald statistical
test is to control that coefficients on the human capital variable have the same value.
The Wald-statistic and its corresponding p-value is represented in Table 5. The null
hypothesis of coefficient equality is rejected at the 1% significance level, indicating
that the coefficients vary across different quantiles.

Table 5: Wald Test of Coefficient Equality

Test Result p-value
F(3,717)=269.25 Prob > F = 0.0000

While the statistical variation of coefficients is statistically confirmed for the con-
ditional distribution of human capital spillovers, the intra-cluster correlation should
be identified in regard to data sampled from independent and identically distributed
clusters by using the Parente-Santos Silva testing procedure (Parente and Silva, 2016).

To test the intra-cluster correlation, we apply quantile regression with robust and
clustered standard errors method (QREG?2). The results of this test show that the in-
tra-cluster correlation is not statistically significant. Therefore, the quantile estimator



A Spillover Effect of Human Capital on Gross Capital Formation: A Quantile Regression Approach 91

could be assumed as consistent and efficient. Table 6 summarizes the QREG2 meth-
od estimations along with the results of the intra-cluster correlation test.

As represented in Table 6, the estimation results of quantile regression with robust
and clustered standard errors statistically validate the previous spillover effects of hu-
man capital on investment and they are robust regarding the intra-cluster correlation.
Finally, the simultaneity of decision processes leads us to examine the endogeneity
problem of all the models.

Table 6: Quantile Regression with Robust and Clustered Standard Errors: QREG2
Results

Dependent variable: InGFC
t=10th | t=20th | t=30th | 1=40th | ©=50th | ©=60th | t=70th | t=80th | 1=90th
5.38#HE | 5.98%HE | 6. 34%H* | 5.82¥H% | 584K | 5 56%H* | 580%** | Q55%%F | ] 39k

InHC (0.39) (0.58) (0.56) 0.51) (0.48) 0.47) (0.45) (0.84) (0.42)
InCS -1.28%%* 0.04 0.58%% | 1.22%#% | ] 68%%* | ] 8OH** | 2 44%H% | ] RHkE | ] gDkAck
(0.30) (0.29) (0.28) (0.30) (0.32) (0.38) (0.31) (0.35) (0.33)
0.17#%% | 0.30%%* | (.33%k% | (34555 | () 29%%:* 0.18 -0.15 -0.17 -0.31%*
InUNEMP (0.06) (0.05) 0.07) (0.08) (0.10) (0.17) (0.10) (0.15) (0.13)
InUNION S 02 | ] Q3% | L] Q9% HF | ] ] 5HEE | L] TR | D] [5%E | L] 3%k | ] 4]k | ] 4Ok
(0.11) (0.09) (0.06) (0.05) (0.06) (0.06) (0.04) (0.13) 0.11)
26.66%#% | 20.68%** | |8 51%*** | 17,03%** | [552%*% | 15,69%** | [3 65%#* | 2] 29%*:#* | 25 ] 5%
Constant

(156) | (130) | 138 | 134 | 122 | 125 | 1.12) | @60) | (1.90)
Pseudo-R> | 04435 | 04907 | 04983 | 05045 | 0.5029 | 0.5027 | 04826 | 04687 | 0.4345

No. of obs. 722 722 722 722 722 722 722 722 722
Obj. . 0.1738 0.2712 | 0.3248 | 0.3578 0.3686 | 0.3581 0.3286 | 0.2585 0.1486
function

Intra-cluster | 0.111 0.250 -1.000 -1.000 -1.000 -1.000 0.429 0.250 0.111
correlation | (0.912) | (0.803) | (0.317) | (0.317) | (0.317) | (0.317) | (0.668) | (0.803) | (0.912)

Note: Robust and clustered standard errors in parentheses *** p<0.01, ** p<0.05, * p<0.10. The objective function
and intra-cluster correlation test results are also integrated into the table.

Thus, we estimate the generalized quantile regression for panel data (Powell,
2014, 2016; Baker et al., 2016) in Table 7. The lagged values of the explanatory vari-
ables are implemented as instruments to solve the endogeneity problem. All in all,
the empirical results of each selected quantile show that they are also coherent with
the previous ones and thus imply that the robustness checks verify the human capital
spillover effects on the level of investment.
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Table 7: Generalized Quantile Regression: QREGPD Results

Dependent variable: InGFC

t=10th | 1=20th | t=30th | 7t=40th | t1=50th | t=60th | 1=70th | t=80th | 1=90th
InHC S574%%k | 598% kx| §3FH** | 5QPHHE | 6 5%HE | 5wk |6 ]THkE | D BEHHK | ] FOHHH

(0.76) (1.24) 0.61) (0.57) (0.52) 0.51) (0.53) (0.92) (0.50)
InCS -1.25% %% | Q DAk 0.55 1.20%%% | ].83%k% | ] 8*** | DASHEE | ] gDHHE | ] DAk

(0.33) (2.40) (0.34) (0.36) (0.35) (0.38) (0.32) (0.38) (0.63)

ok otk stk sk Hok _ N _

InUNEMP (202(1)8) 0(.?)(.)11) 0{3.607) 2(—)2;31) (202§2) (812) ((;).'llj) ((;)..1189) (8.531)
InUNION S1.20%%% | Z1.03%%% | Z] Q8K | S ]7RRE | S TR | D] 1OFFF | L] [4HEE | 1] 3OHEE | ] 4Gk

(0.15) 0.21) 0.07) (0.06) (0.06) (0.06) (0.05) 0.15) (0.18)
Constant 26.28%%%F | -18.54% | 18.56%#% | 17 15%#* | 14.52%%% | |5 44%%% | |3 [9##* | D097+ | 25 15%*%*

(2.42) (10.22) (1.71) (1.55) (1.39) (1.37) (1.20) (2.99) (3.12)
No. of obs. 722 722 722 722 722 722 722 722 722

Note: The standard errors are in parentheses *** p<0.01, ** p<0.05, * p<0.10. Instruments are the first and sec-
ond lagged values of explanatory variables: InLHC(-1), InLHC(-2), InLCS(-1), InLCS(-2), InNLUNEMP(-1), In-
LUNEMP(-2), INLUNION(-1), INLUNION(-2).

Conclusion

In this study, an attempt is considered to test the proposition put forth by the current
literature on the existence of spillovers effect of human capital on the level of gross
capital formation that there might be huge differences in various quantiles. Thus, in
order to carry our analysis, we implement several econometric techniques on a bal-
anced panel of 722 observations across the selected 19 OECD member countries for
the period 1980-2017. In particular, to largely account for the human capital spillover
effect, we benefit from the PWT 9.1 dataset for that variable, which consists of both
returns to education and years of schooling. Also, in order to test the whole structure
of investment, the level of gross capital formation is used, which is obtained from the
World Bank, WDI database.

In that vein, we investigate the relationship between the level of investment and
human capital spillovers in consideration of applying quantile regression techniques
to test whether such a relationship varies along with the human capital distribution.
First, we run two close approaches: (i) a quantile regression model bootstrapped
standard errors (SQREG) (Koenker, 2005) and (ii) bootstrapped quantile regression
(BSQREG) (Hahn, 1995). Second, we also implement a quantile regression with as-
ymptotically robust under heteroskedasticity and intra-cluster correlation (Machado
etal., 2011; Parente and Silva, 2016). Finally, we also deal with the endogeneity prob-
lem in estimated models, by applying generalized quantile regression for panel data
(Powell, 2014, 2016; Baker et al., 2016).

In order to test the given linkage among the variables, the core presumption de-
pends on the change in the degree of bargaining power of workers. Therefore, we use
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two indicators to measure the effect of bargaining power, i.e., the unemployment rate
and the trade union density. On the one hand, an increase in the unemployment rate
might lead to an increase in the level of investment since the firms could have more
power to reduce costs by repressing the workers to accept their implemented wages.
On the other hand, a lower rate of unionization decreases the bargaining power of
workers on the contracts and thereby reduces their fallback option against the cap-
ital. In consideration of these theoretical backgrounds, the empirical findings show
that human capital spillovers have a positive impact on the gross capital formation
in line with the assumptions towards the effects of bargaining power of workers. In
particular, such effect has a bell-shaped pattern along with the human capital con-
ditional distribution, suggesting that the countries whose degree of human capital
ranges between the values from 10% to 40% indicating that they are more prone to
acquire higher returns from human capital spillovers, whereas the returns are found
to be lower from the higher quantiles. All in all, the overall results imply that the het-
erogeneity in human capital spillovers over the level of investment is widely accepted
across the selected 19 OECD countries over the period 1980-2017, implying that the
policies should be redesigned in consideration of aiming at the inclusion of a higher
part of social segments for having higher attainment in education.
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