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# < i & : This paper applies the true fixed effects model of
Greene (2005a, 2005b) and Wang and Ho (2010),
together with interactive effects of Bai (2009), to
examine the production efficiency of countries. To
compare efficiency scores of the sample countries, we
suggest the use of the meta-production frontier,
developed by Huang et al. (2014). The inclusion of
the interactive effects allows us to explain why
different countries (firms) might be influenced by
various degrees of impacts coming from
observed/unobserved common economic/technology
shocks. These effects are modeled as the product of
firm-specific parameters (loadings) and common shocks
(factors). The exclusion of these effects from models



#o Mg

may lead to bias parameter estimates and efficiency
measures.

Following Hsu et al. (2012), we first employ the
transformation procedure, proposed by Pesaran (2006),
to purge the interactive effects, and then estimate
the transformed model by the maximum likelihood. This
leads to consistent parameter estimates and
efficiency scores. Panel data of aggregate output
produced by labor and physical capital for countries
are used to investigate 1issues related to production
efficiency. The sample countries are further divided
into two groups, 1.e., low and high income countries.

The low and high income countries are found to
utilize different production technologies and to take
the increasing returns to scale technology, but the
latter countries are closer to the constant returns
to scale. The speed of technical advance for high
income countries is faster than that of low income
countries. However, the overall technical efficiency
score of low income countries is greater than that of
high income countries, due mainly to technical
efficiency rather than TGR, while the difference
between the two groups is not large.

true fixed effects model ; interactive effects:
common shocks ; technical efficiency; meta-
production frontier ;
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Abstract

This paper applies the true fixed effects model of Greene (2005a, 2005b) and
Wang and Ho (2010), together with interactive effects of Bai (2009), to examine the
production efficiency of countries. To compare efficiency scores of the sample
countries, we suggest the use of the meta-production frontier, developed by Huang et
al. (2014). The inclusion of the interactive effects allows us to explain why different
countries (firms) might be influenced by various degrees of impacts coming from
observed/unobserved common economic/technology shocks. These effects are
modeled as the product of firm-specific parameters (loadings) and common shocks
(factors). The exclusion of these effects from models may lead to bias parameter
estimates and efficiency measures.

Following Hsu et al. (2012), we first employ the transformation procedure,
proposed by Pesaran (2006), to purge the interactive effects, and then estimate the
transformed model by the maximum likelihood. This leads to consistent parameter
estimates and efficiency scores. Panel data of aggregate output produced by labor and
physical capital for countries are used to investigate issues related to production
efficiency. The sample countries are further divided into two groups, i.e., low and
high income countries.

The low and high income countries are found to utilize different production
technologies and to take the increasing returns to scale technology, but the latter
countries are closer to the constant returns to scale. The speed of technical advance for
high income countries is faster than that of low income countries. However, the
overall technical efficiency score of low income countries is greater than that of high
income countries, due mainly to technical efficiency rather than TGR, while the
difference between the two groups is not large.

Keywords: true fixed effects model; interactive effects; common shocks; technical
efficiency; meta-production frontier;
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Applying the True Fixed Effects Model with Interactive Effects to
Compare Production Efficiencies for Countries of Different Groups

l. Introduction

The stochastic frontier (SF) approach, first developed by Aigner et al (1977) and
Meeusen and van den Broeck (1977), has been extensively used to investigate
technical efficiency (TE) of firms and countries, using cross-sectional data. Schmidt
and Sickles (1984) extend this approach to panel data context with fixed and random
effects. Under the framework of fixed and random effects models, the individual
heterogeneity is usually assumed to be time invariant and also represents technical
inefficiency of the firm. Later, the time invariant technical inefficiency is relaxed by,
e.g., Cornwell et al. (1990), Kumbhakar (1990), and Lee and Schmidt (1993), to
mention a few. This mixture of heterogeneity with technical inefficiency obscures the
true managerial ability for firms, since the resulting efficiency score may pick up
heterogeneity. To solve this difficulty Greene (2005) proposes a true fixed-effect
stochastic frontier model, in which the SF model with panel data includes both
heterogeneity and inefficiency term. However, his model may suffer from the
problem of incidental parameters. Wang and Ho (2010) suggest a class of panel
stochastic frontier models that remove the individual effects by either taking the first
difference or using the within estimation, which concurrently purge the heterogeneity
and the incidental parameters problem.

The above works ignore the presence of cross-sectionally correlated error terms
and consequently fail to explain why different firms (countries) are likely to be
influenced by various degrees of effects incurred by unobserved common effects that
cause cross section dependence. The common effects or interactive effects (Bai, 2009)
is specified as a product of firm-specific parameters (loadings) and common shocks
(factors). Since the common effects are allowed to be correlated with explanatory
variables, the exclusion of them from a panel regression model may result in
inconsistent parameter estimators. This arises from the fact that the error term
contains the unobserved, excluded common shocks and hence is correlated with the
regressors.

Several researchers devote to deal with this problem by either estimating or
controlling for the interactive effects in linear regression models, e.g., Ahn et al.
(2006), Pesaran (2006), and Bai (2009). The method, developed by Pesaran (2006),
relies on the assumption of stationary panel regressions with a multifactor error
structure; Pesaran (2011) generalizes to the case that allows the unobservable
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common factors to follow unit root processes. It is well-known that many
macroeconomic time series, such as the GDP, monetary aggregates, the price level
(CPI and GDP deflator), employment level, capital stock, etc., are characterized as
non-stationary. The important finding by Pesaran (2011) is that the results of Pesaran
(2006) continue to hold in the non-stationary case, which legitimates researchers
applying his model to estimate, e.g., a country-level production function that involves
the use of macro-economic time series.

Ahn et al. (2007) combine all unobservable common factors with the inefficiency
term in order to consistently estimate slope coefficients in a SF model. This appears to
be questionable treating the interactive effects as a part of inefficiency, because the
common factors are uncontrollable by the firm and therefore should not be associated
with managerial abilities of the firm. In addition, one may mistakenly conclude that
some regional and small banks exposure of less financial shocks outperform
international and large banks that suffer from more impacts, if interactive effects are
considered as a portion of inefficiency. Following the vein of Pesaran (2006), Hsu et
al. (2013) recently develop a technique that allows one to consistently estimate the SF
model with common factors for large N (number of firms) and fixed T (number of
time periods) panel. Their approach requires first transforming the regression model
to filter out interactive effects, as proposed by Pesaran (2006, 2011), followed by
estimating the transformed model by the maximum likelihood (ML) to obtain
consistent coefficient estimates, as well as efficiency scores. Monte Carlo simulations
confirm that their approach is able to produce satisfactory finite sample properties.

To compare TEs of firms from different groups, some previous works simply
estimate a meta-frontier by pooling all samples of various groups. This appears to be
invalid, as the so-derived meta-frontier would not necessarily envelop the
group-specific frontiers. It would also lack justification if one first estimates the
individual group frontiers and then compares the TEs among groups, since these TE
scores are assessed relative to different production frontiers, instead of the
metafrontier. Battese et al. (2004) propose a metafrontier production function model
that deals with the above difficulties. Their mixed approach consists of two steps to
get the metafrontier. However, their second step estimation relies on the use of
programming techniques that has no statistical properties of the derived metafrontier
estimators. Moreover, programming techniques are unable to account for different
production environments facing firms and isolate random shocks uncontrolled by
firms. To correct the foregoing difficulties, Huang et al. (2014) newly develop a novel
two-step SF approach whose second-step estimation of the metafrontier is still based
on the SF framework. This stochastic metafrontier can be estimated by the ML such

! The so-derived frontier may be more appropriately dubbed the common frontier.
6



that the conventional statistical inferences can be implemented without counting on
simulations or bootstrapping.’

This paper introduces the procedure of Huang et al. (2014) to estimate
macro-production frontiers and compare TEs for countries of different groups. The
salient feature of this paper is attributed to its inclusion of the interactive effects that
account for heterogeneous impacts on individual countries of unobserved common
shocks. Importantly, these common factors, along with unobserved heterogeneity, are
purged at the outset so that the inefficiency term will not pick up the common effects
and the incidental parameters problem is solved simultaneously. Viewed from this
angle, the stochastic meta-frontier with common factors is theoretically advantageous
over the deterministic meta-frontier of Battese et al. (2004) and O’Donnell et al.
(2008).

The rest of the paper is organized as follows. Section 2 develops the econometric
model. Section 3 describes the data and sample statistics. Section 4 analyzes empirical
results, while the last section concludes the paper.

1. The Econometric Model

2.1 The Group Production Frontiers
Following Hsu et al. (2013), the true fixed effect SF model with unobserved
common effects for group j (=1,..., J) is specified as:

yl=al+ X B4 A+ vl =10 N t=1,..,T 1)
where yJ denotes the (log)output of the ith country at time t, «; is the individual
heterogeneity, X, isa kx1 vector of (log)inputs, A’ is the corresponding
coefficients, f, contains r unobserved common factors, AJ is the corresponding
factor loadings, v} ~N(0,0,%) is the error term, and u} is the time-varying

inefficiency term. Here, X, is allowed to be correlated with ;' and the common

factors, as suggested by Pesaran (2006, 2011) and Hsu et al. (2013).> As a result, this
specification accounts for both cross-sectional dependence and the correlation

2 Note that the first-step estimation procedure of Huang et al. (2014) is the same as Battese et al. (2004)
and O’Donnell et al. (2008), in which the individual group frontiers are estimated.

® Although Ahn et al. (2006, 2007) relate Xi{ to /lij , they treat ﬂfl'j f —ui{ as technical inefficiency.
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between common effects and regressors. The inefficiency term is assumed to include
the scaling factor of Wang and Schmidt (2002) and Wang and Ho (2010), i.e.,

ul =h(s"z})u’ ()
where z! is a vector of environmental variables affecting inefficiency, &' is the

corresponding unknown coefficients, and u)* ~ N* (/,zj,aujz) has a truncated normal

distribution with a constant mean, ', and a constant variance, o*.*

The emergence of the interactive effects of A''f, captures the heterogeneous

impacts of unobserved common shocks to countries. For example, the Asian financial
crisis, occurred in the mid-1997, affects mainly those East Asian economies and other
countries suffer from this crisis in a lesser extent. This model is capable of
distinguishing heterogeneous impacts on East Asian economies from the remaining

economies through the term of A’ f, . The subprime crisis of the U.S. in 2008 hits

seriously the financial industry of the U.S and plagues many Western European
countries later. Although this crisis also influences the global economy, other
countries than the U.S and Western European countries undergo less and indirect
unfavorable influences. The use of our maintained model can isolate such adverse
effects from the inefficiency term and gives us better TE estimates.

Define the idempotent matrix of M) =1, — HV{(HV’VjHVjV)_l HJ),where 1. isa
TxT identity matrix, HJ}=(D,Z},h)uk), Disa Tx1 vector of ones,
Z) = (VVJV XVJV) is the cross-sectional average of (y/,X/) using the weight w/ for
each time period, ﬁwj is the cross-sectional average of h! using the same weight for
each time period, s =y’ +0)¢(—1' 1)) ®(p' I c)) isthe mean value of u;”,

and ¢(-) and @(-) are the probability density and cumulative distribution

* The setting of (2) leads to tractable marginal probability density function for firm i.
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functions, respectively.® Note that matrix M/ has no full-rank. Its rank depends on
the dimension of H/) andisequalto T —s, where s= dim(Hv{).
Let ¢ =v)—u) bea Tx1 vector. Multiplying equation (1) by M/, we obtain
Mlyl =MIX/T 1+ Mgl 3
where MJv/ ~N(0,IT'), ' =0*M,), and Mju/ =M}h(572) Ju. Itis

noticeable that M is not invertible due its lack of full rank. Following Khatri (1968)

and Harville (1997), one can at most obtain the generalized inverse of T1', denoted
by TI'".Hsu etal. (2012) derive the marginal log-likelihood function for firm i of the
jth group:

i1 S R N oL
InL/ __E(T —s)[ln(2;z)+ Ino) —EEiJMV'VHJ Mg +§(ojz _a_jz
i i (4)
+|n[aﬁ<b(&.ﬂ—ln{oﬁ®{ﬂ—.ﬂ
o) o]
where
) Vo2 Z I MITTIM Ih!
J:/u_au_ _gl _w Wi 5
He hi’JMv{/Hka{/hiJ"'l/O-qu ’ ( )
and ol? = 1 ()

ChIMITTMIN 41/ 602
where hl isa T x1 vector. Summing InL over all firms, one yields the

log-likelihood function for the entire sample. Under certain conditions, Hsu et al.
(2012) prove that the maximum likelihood estimators are consistent for fixed T and
large N'. Following the line of Jondrow et al. (1982) and Wang and Ho (2010), Hsu

et al. (2012) suggest using the conditional expectation of u) on the vector of Mg/

as the measure of inefficiency index:

® Assumption 5 of Pesaran (2006) states the conditions for the weight Wij ,1.e, (i) Wij =0 (l/ N j),

(i) > w =1 and (i) Y Iw/|< K where K <oo.
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({ Jj

E(u IMJg!)=h(8"2))| i) + o : )
q{“*)
o

The technical efficiency score is equal to TE; =exp| —E (u} | Mg/ )J S

2.2 The Stochastic Meta-Frontier Production Function

We construct the metafrontier f (int) that, by definition, envelops or lies

above all individual groups’ production frontiers f (xig') , Which can be formulated
as:

fI(Xd)= " (Xd)eV, vij, it (8)
where Ui >0 denotes the gap between the metafrontier and the jth group’s

frontier.” Hence, fM (.)= f’(.) and the ratio of the j™ group’s production frontier to
the metafrontier is defined as the technology gap ratio (TGR),

it

TGR! :LXJ.) e Vi <1, 9)

£ (Xid)
The existence of the technology gap is attributed to the choice of a particular
technology that depends on the economic and non-economic environments. The

technology gap element Ui in (9) varies across groups, firms, and time periods.

The value of the TGR reflects the accessibility and extent of acceptance of the
available potential production technology. Readers are suggested to refer to Huang et
al. (2014) for detailed treatment on the relationship between group frontiers and the

metafrontier. In sum, the overall TE of the ith firm at time t in the jth group, MTE],

® Battese and Coelli (1988) propose another formula to compute TE directly, i.e.,
TE, = E[exp(—uif)| Mvjﬁij] .
" Note that f' (Xi{) is equal to the exponent of the sum of the first three terms on the right-hand of

Q).
10



relative to the metafrontier production frontier (adjusted by noise v/) can be

expressed as:

Y/ _
fM ( X )ev'{

Although both TGR! and TE] are bounded between zero and unity, the

MTE] = TGRI xTE; . (10)

metafrontier " (X{) does not necessarily envelop all firms’ observed outputs Y/

due to the presence of random noise e“ . In the second step of the Battese et al. (2004)

and O’Donnell et al. (2008) mixed approach, the metafrontier function f" () is

obtained by solving either linear or quadratic programming problem using the
estimated group-specific frontiers, which is not repeated here to save space.
A major weakness of the programming technique lies in the second-step, where

the metafrontier function f." () is calculated by the mathematical programming

techniques rather than estimated by regression techniques. No meaningful statistical
interpretation can be given to the computed metafrontier function, even though the
group-specific frontiers are estimated by maximum likelihood. A more serious
problem in the mixed approach is that, in the second-step, the estimated
group-specific frontiers are used in the objective function to yield the metafrontier
function, since the true group-specific frontiers are unknown. Huang et al. (2014)
provide more thorough discussion on this matter and develop a novel method using
the stochastic frontier regression rather than the mathematical programming technique
in the second-step estimation of the metafrontier that solves the foregoing problems.

Given the ML estimates of the group frontiers ﬁj (Xig') forall j=1,..., J groups

in (1) from the first step, the estimation error of the group-specific frontier is
calculated as:

In f5 (Xd)=In £ (Xd) = &l =& =V} (11)
where VY signifies the estimation error. Substituting the unobserved group-specific

jit

frontiers fJ(X{) in (8) by its estimate, f/(X}), of (11), we obtain

InfJ(X)=Inf"(X{)+eh, Vi, t, andj (12)

11



where &jt =V} —Uji

it it is the composite error of the metafrontier stochastic

production function. Equation (12) looks like the conventional SF regression, and is
called the stochastic metafrontier (SMF) regression by Huang et al. (2014).

It is worth mentioning that In f™ (X{) can be specified as o + XJ 8" + 4™ f,,

analogous to (1). The non-negative technology gap component Ui is similarly

assumed to ul of (2), which can be associated with distinct or partially the same

environmental variables used by (2) and independent of Vj?f . The presence of Vj?f is

crucial in formulating (12) as a stochastic, rather than a deterministic, model and
allows ones to estimate (12) by the ML.
Since the right-hand side of (12) contains the terms of fixed effects and common

M

factors, i.e., o" and A f,,atransformation matrix M), say, that is similar to

M/ but computed over the entire sample, instead of the specific jth group, has to be
created and is used to remove those two terms:
MY In £1 (X)) = MY XY + MM elt, Vi, t, and ] (13)

The marginal log-likelihood function similar to (4) can be readily derived. After
obtaining the parameter estimates in (13), the estimated TGR can be calculated as

TGRI = é(e-u?ﬂ ||\7|vvégf)g1 (14)

where M} &M is the estimated composite residuals of (13).
In sum, our proposed new two-step approach to estimate the metafrontier consists
of two stochastic frontier regressions, (3) and (13). Since the estimates In ftj (X

are group-specific, the regression (3) is estimated J times, one for each group
(j=1,2,...,d). These estimates from all J groups are then pooled to estimate (13). The
corresponding estimated overall TE is equal to the product of the estimated TGR and
the estimated individual firm's TE like (10), i.e.,

MTE] =TGRIxTE| (15)
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I1l. Data

The main data source comes from the version 8.0 of Penn World Table (PWT8.0).
All dollar-valued variables are measured by millions of 2005 US$. Variable labor is
defined as number of persons engaged (in millions). Variable capital stock is imputed
by the Penn World Table. Detailed imputation procedure is suggested to referred to
Inklaar and Timmer (2013) and the user’s guide of the PWT8.0. The quality of labor
is gauged by the average years of schooling and the degree of openness is defined as
the sum of shares of merchandise exports and imports. The variable of CO2 emission,
measured by kilotons, is taken from the World Bank. We compile our sample from
these sources covering the period of 1970-2010, since variable CO2 is available only
up to 2010. After deleting missing data, we end up with 3608 country-year
observations. The balanced panel data consist of 88 countries spanning 41 years. We
further classify our sample countries into two groups, i.e., low income (29 nations)
and high income (59 nations) groups.? Table 1 presents descriptive statistics.

Table 1 shows that the average GDP of the high income group is around four
times as large as that of the low income group, where the former employ much larger
capital stock and higher quality of labor (years of schooling) than the latter, along
with higher degree of openness. However, high income countries produce much larger
amount of Co2 than low income countries.

IV. Empirical Results
4.1 Group Frontiers

We estimate the group-specific production frontier of (1) using the likelihood
function of (4) and compute technical efficiency according to (7) for each countries.
Table 2 presents parameter estimates of the two groups in the first two columns and
the last column shows parameter estimates of the common frontier that is yielded by
estimating the pooled data of the two groups under (4). It is noteworthy that the
appropriateness of the common frontier relies on the assumption that the two groups
of countries adopt the same production technology, which appears to be incorrect.

® The World Bank classifies countries into four groups according to the per capita GNI in 2013,
calculated using the World Bank Atlas method, i.e., low-income economies ($1,045 or less),
lower-middle-income (more than $1,045 but less than $4,125), upper-middle-income (more than
$4,125 but less than $12,746), and high-income economies ($12,746 or more). The first two groups of
countries are defined as our low income group and the latter two groups of countries are defined as our
high income group.

13
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Table 1. Descriptive Statistics

All Countries Low Income High Income
Variable Names Mean (Standard | Mean (Standard | Mean (Standard
Deviation) Deviation) Deviation)
real GDP* 363583.3456 105885.8877 490248.5626
(1112646.4144) | (339179.3029) | (1319662.8073)
labor** 20.8112 21.4244 20.5097
(74.7745) (61.6671) (80.4483)
capital stock* 1100348.0640 244583.9215 1520978.5530
(3544011.4854) | (735715.4747) | (4234748.9588)
years of schooling (hc) | 2.2467 1.7220 2.5047
(0.5878) (0.4242) (0.4745)
CO2 emission*** 189597.4212 48338.4739 259029.9115
(667126.7227) | (178668.9323) | (795982.1514)
degree of openness (%) | 0.5215 0.2785 0.6410
(0.5133) (0.1922) (0.5758)
sample size 3608 1189 2419

Note: *: measured by millions of 2005 U.S$.
**: measured by million persons.

***. measured by kilotons.

Most of the coefficient estimates in Table 2 attain at least the 5% level of
significance. Among them, the estimates of o, is positive and significant in those
three models, implying that the production efficiency be considered. The omission of
it may results in inconsistent parameter estimates. A country with higher quality of
labor, i.e., a higher hc value, tends to have higher technical efficiency, since its
coefficient estimates are significantly negative. A higher degree of openness
stimulates a country’s production efficiency, due possibly to the fact that the country
may have more opportunities to import and mimic foreign countries’ production
technology and managerial ability. A high income country emits more Co2 tends to be
more efficient. This may be arisen from the fact that the more emission of Co2 by a
country, the less likely it employ resources to dispose Co2. The reverse is true for low
income countries, which may be ascribable to the fact that the production
technologies adopted by those countries are not so advanced as to produce more Co2
emission.

To confirm that these two groups of countries undertake different technology we
estimate a common frontier using the pooled data of them and the parameter estimates
are show in the last column of Table 2. The likelihood ratio test statistic for the null

14



hypothesis that the two groups of countries assume the same technology is equal to
53.12, which is decisively rejected at the 1% level of significance with the degrees of
freedom 14. These parameter estimates can be used to compute measures of technical
changes, returns to scale, and technical efficiency score, and the results are shown in
Table 3.

Both groups of countries are producing with increasing returns to scale
technology, but a representative high income country is closer to the stage of constant
returns to scale due to its measure of returns to scale is greater than that of low
income countries. Moreover, the average speed of technical advance of high income
countries is much quicker than that of low income countries. This is anticipated, since
the labor quality of high income countries is higher, which support the use of more
complicated capital invested by firms. In addition, high income countries usually
involve in more R&D expenditure, which is the main source of enhancing technology.
Conversely, the average technical efficiency score of low income countries is slightly
greater than that of high income countries.

4.2 The Meta-production Frontier

In the second stage, we pool both groups of countries and replace their observed
output (real GDP) by the fitted counterparts, obtained from the first stage. Table 4
presents parameter estimates of the meta-production frontier. Vast majority of the
parameter estimates are significant at the 1% level. Following Kumbhakar (1990), we

specify the inefficiency term of &fi in (12) as:
el =V Ul =V —[1+exp(yt+5t?) Jult

where uif is a half-normal random variable. We next apply these estimates with (14)

to calculate the measure of TGR. Table 5 summarizes various efficiency estimates of

different groups. Both groups tend to undertake similar technology since their average
TGRs are quite close to each other. The overall efficiency measures, MTE, of low and
high income countries are 0.9302 and 0.9059, respectively. Low income countries are
producing a little more technically efficient.
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Table 2. Parameter Estimates of Group and Common Frontiers

Low Income High Income Common Frontier

Variable Names Parameter Parameter Parameter Estimates
Estimates Estimates (Standard Error)
(Standard Error) | (Standard Error)

InL 0.1005*** 1.2295*** 0.2791***
(0.0234) (0.1264) (0.0457)

InK 0.0322 0.2279 0.9753***
(0.0211) (0.1858) (0.0524)

InL*InL -0.2463*** 0.0896*** -0.0427***
(0.0804) (0.0138) (0.0050)

InNK*InK 0.0482** 0.0332*** -0.0368***
(0.0242) (0.0030) (0.0048)

InL*InK 0.0183*** -0.0707*** 0.0170***
(0.0003) (0.0111) (0.0039)

t 0.0298 0.1297 0.3223**
(0.0315) (0.2379) (0.1455)

t*t 0.0022 -0.0009 -0.0095
(0.0128) (0.0096) (0.0101)

t*InL -0.0016 0.0013*** -0.0030***
(0.00097) (0.0006) (0.0005)

t*InK -0.0061*** -0.0065 -0.0093***
(0.0007) (0.0051) (0.0005)

Environmental Variable

hc -0.03028*** -.1313*** -0.0526***
(0.29564E-06) (0.3813E-06) (0.1052E-04)

open -0.02726*** -.07386*** -0.0573***
(0.272349E-06) | (0.2466E-06) (0.1532E-05)

Co2 0.030316*** -0.0059*** -0.1231
(0.25711E-06) (0.4092E-06) (0.1058)

o, 0.062059*** 0.1558*** 0.1979***
(0.26742E-06) (0.2861E-06) (0.4582E-05)

o, 0.035373*** 0.0458*** 0.0403***
(0.0009) (0.0013) (0.0006)

Log-likelihood 1612.67 3024.07 4610.08

sample size 1189 2419 3608

Note: *: Significant at the 10% level.

***: Significant at the 1% level.
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Table 3. Measures of returns to scale and technical changes

Low Income High Income
(Standard (Standard
Deviation) Deviation)
Returns to Scale | 0.2683 0.8981
(0.2069) (0.0383)
Technical 0.0052 0.0300
Changes (0.0097) (0.0094)
Technical 0.9411 0.9213
Efficiency Score | (0.0041) (0.0089)

Table 4. Parameter Estimates of the Meta-Frontier

Variable Names Parameter Standard Error
Estimates
InL 0.0384*** 0.0074
InK 0.0625*** 0.0084
InL*InL -0.0537*** 0.0054
InK*InK 0.0337*** 0.0052
InL*InK 0.0286*** 0.0046
t -0.0260 0.0165
t*t 0.0029*** 0.0009
t*InL 0.00056*** 0.00009
t*InK -0.0023*** 0.00009
Environmental Variable
t 0.0845*** 0.0258
t*t 0.0054 0.0042
o, 0.1506*** 0.0625
o, 0.0065*** 0.00002
Log-likelihood 9598.45
sample size 3608

Note: *: Significant at the 10% level.

**: Significant at the 5% level.

***. Significant at the 1% level.
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Table 5. Various Efficiency Measures

Low Income High Income All Countries
TE (Standard Dev.) 0.9411 0.9213 0.9278
(0.0041) (0.0089) (0.0121)
TGR (Standard Dev.) 0.9884 0.9833 0.9850
(0.0150) (0.0186) (0.0177)
MTE (Standard Dev.) 0.9302 0.9059 0.9139
(0.0136) (0.0184) (0.0204)
Common Frontier
TE (Standard Dev.) 0.9596 0.9587 0.9590
(0.0118) (0.0122) (0.0121)
sample size 1189 2419 3608

V. Conclusion

This paper employs the newly developed meta-production frontier by Huang et
al. (2014) to compare technical efficiency scores for the low and high income
countries, in addition to the consideration of the common effects. The stochastic
frontier model with the common effects, proposed by Hsu et al. (2013), is exploited
by this paper to estimate the macro-production frontier, using country-level data. The
low and high income countries are found to utilize different production technologies
and to take the increasing returns to scale technology, but the latter countries are
closer to the constant returns to scale. The speed of technical advance for high income
countries is faster than that of low income countries. However, the overall technical
efficiency score of low income countries is greater than that of high income countries,
due mainly to technical efficiency rather than TGR, while the difference between the

two groups is not large.
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