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Abstract This paper employs the distribution dynamics framework for assessing
labour productivity convergence, in the period 1980–1995, among 28 developed and
developing countries, in different manufacturing compartments, identified as accord-
ing to their research and development intensity. Three competing hypotheses are con-
sidered: absolute, conditional and club convergence. The key result of the analysis is
twofold. First, consistently with very recent evidence, absolute convergence is found
in manufacturing as a whole. Second, convergence tendencies are sector specific. In
particular, club convergence characterizes traditional and medium- technology com-
partments, while the absolute one qualifies high-tech productions. Overall, these find-
ings support the view that cross-country labour productivity convergence might be
hindered by the sub-optimal structural reallocation from nonconvergence to conver-
gence activities. Moreover, as the clustering dynamics in traditional and medium-tech
sectors is related either to physical capital stock or technological development, lag-
gard economies should purse ad hoc catching-up strategies. Finally, the result of high
tech provides supportive evidence for the theory of dynamic comparative advantages.
Thus, it seems desirable that emerging countries enter into technology-intense mar-
kets and that they develop the necessary capabilities for exploiting such endogenous
advantages.
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624 S. Dal Bianco

1 Introduction

In the late 1990s, the twin-peaks dynamics of world GDP per capita distribution
together with the contemporaneous reduction in intra-distributional inequality trig-
gered new research interests on cross-country convergence (Quah 1997; Durlauf and
Quah 1999). The question at issue being whether or not developing countries will
catch-up with their richer counterparts, in terms of income per capita or labour pro-
ductivity.1 With these respects, the most recent literature documents the existence of
nonlinearities in the growth process that are at the origin of multiple equilibria (Gra-
ham and Temple 2006; Bloom et al. 2003; Jones 1997), convergence clubs (Fiaschi
and Lavezzi 2003; Desdoigts 1999) and distinct growth regimes (Owen et al. 2009;
Eicher and Turnovsky 1999). Among other things, these findings have undermined
support for the use of linear econometric techniques in convergence analysis.

Moreover, in the same period, the influential studies of Caselli et al. (1996) and
Bernard and Jones (1996a, b) have demonstrated that the potential for productivity
growth is both country and sector specific. In particular, empirical and descriptive
evidence suggest that the higher the technological content of production, the faster the
value-added growth and thus the expected convergence rate. For example, Rajan and
Zingales (1998) have shown that financial development facilitates economic growth
in High-Technology sectors, which are the most dependent of external finance. Haus-
mann et al. (2006) underpinned, instead, that successful exporters are the ones who
transfer resources from lower productivity activities to the higher productivity goods
that are characterized by huge discovery costs and are human capital intensive. Finally,
UNIDO (2009) descriptively motivated that low- and middle-income countries’ eco-
nomic growth is closely linked to diversity and product sophistication in manufactur-
ing.

The aim of this paper was to assess empirically distinct convergence hypotheses
within different manufacturing sectors, characterized by specific research and devel-
opment (i.e. R&D) intensity. More in detail, this study investigates labour productivity
convergence tendencies, in the period 1980–1995, among 28 developed and develop-
ing countries. The manufacturing compartments are identified, following Lall (2000)
technological taxonomy, as Resource Based, Low Technology, Medium Technology
andHigh Technology. For the sake of completeness, the whole manufacturing sector is
considered as well. Tables 1 and 2 report sample’s and sectors’ details. Moreover, the
distribution dynamics framework is employed to face the intrinsic difficulties related
to linear econometric techniques, Quah (1996a).

The competing convergence hypotheses under scrutiny are absolute, conditional
and club convergence.2 Absolute convergence predicts that contemporaneous labour
productivity differences will be null in the long run because poor economies grow
faster than rich ones, Sala-i Martin (1996). Conditional convergence asserts, instead,

1 See Islam (2003) and Durlauf et al. (2005) for authoritative reviews on convergence.
2 For an exhaustive review on the different convergence hypotheses and the so-called controversy on
convergence, in its theoretical foundations and empirical assessments, see the articles of Durlauf (1996),
Bernard and Jones (1996b), Galor (1996), Quah (1996b) and Sala-i Martin (1996), all collected in The
Economic Journal Vol. 106, No. 437.
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Table 1 Country sample

Developed OECD Developed non-OECD Developing middle income Developing low income

Australia Cyprus Bolivia Bangladesh

Austria Hong Kong Chile India

Finland Israel Egypt

Greece Singapore Indonesia

Italy Iran

Japan Jordan

Korea Malaysia

Norway Philippines

Spain Sri Lanka

United Kingdom Turkey

United States Venezuela

Table 2 Correspondence between ISIC 3-digits and Lall technological taxonomy

Sector ISIC 3-digits Lall (2000) Tech.Sector Tech.Sector acronym

Food (311) Beverages (313) Resource Based RB

Tobacco (314)

Textiles (321) Clothing (322) Low Technology LT

Leather products (323) Footwear (324)

Wood products (331) Resource Based RB

Furniture (332) Low Technology LT

Paper and paper products (341) Resource Based RB

Printing and publishing (342) Low Technology LT

Chemicals (351, 352) Medium Technology MT

Petroleum (353, 354) Resource Based RB

Rubber (355) Resource Based RB

Plastic products (356) Medium Technology MT

Pottery (361) Low Technology LT

Glass (362) Low Technology LT

Other nonmetallic mineral products (369) Resource Based RB

Basic metals (371, 372) Low Technology LT

Metal products (381) Low Technology LT

Nonelectrical machinery (382) Medium Technology MT

Electrical machinery (383) High Technology HT

Transport equipment (384) Medium Technology MT

Instruments (385) High Technology HT

Other manufacturing (390) Low Technology LT

that labour productivity equalization will arise only among countries that have similar
structural characteristics, such as accumulation rates, Barro (1991). Finally, whenClub
convergence hypothesis is not rejected, countries will cluster within small groups, and
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thus, convergence will come up only if both countries’ structural characteristics and
initial conditions will be evened out, Galor (1996). With respect to initial conditions,
the present work considers the ones related to physical capital stock, as in the tradition
of critical thresholds (Azariadis and Drazen 1990; Durlauf and Johnson 1995), and
the ones concerning technological transfer, as according the technological catch-up
models (Baumol 1986; Durlauf 1993). It must be mentioned that both sectoral capital
stock and total factor productivity (i.e. TFP) series have been originally estimated.
Full details on capital stock and TFP estimates can be found, respectively, in the Data
Appendix and in the TFP dedicated Appendix.

As for its aim, the present study fits in the debate on developing countries’ indus-
trial policy design, recently reviewed by Harrison and Rodrguez-Clare (2009). The
key result of the present analysis is twofold. First, absolute convergence is found in
manufacturing as a whole. This is in line with the recent evidence provided by Rodrik
(2013) and Benetrix et al. (2012). Second, convergence tendencies are sector specific.
In particular, club convergence characterizes Resource Based, Low andMediumTech-
nology, while absolute convergence qualifies High Technology. Thus, as for the clus-
tering dynamics in traditional and medium-tech sectors, there seems to be room for ad
hoc catching-up strategies. The finding on high-tech compartments, instead, provides
supportive evidence for the theory of dynamic comparative advantages (Amsden 1989;
Wade 1990). Employing the terminology of Harrison and Rodrguez-Clare (2009), this
means that laggard economies should enter into technology-intense markets and that
industrial policy should undertake the necessary steps to transform a “latent” compar-
ative advantage in these productions into an “actual” one, Redding (1999). Overall,
the present findings provide support to the thesis put forward by Rodrik (2013) in
order to explain the lack of cross-country convergence. According to Rodrik (2013),
in fact, the successful path of cross-country labour productivity convergence might be
hindered by the sub-optimal “speed of structural reallocation from nonconvergence to
convergence activities”.

The present work represents a significative and novel contribution to the literature
because it is the first study that assesses competing hypotheses concerning labour
productivity convergence between advanced and laggard economies, in manufactur-
ing sectors, employing distribution dynamics. In fact, previous analyses on alternative
convergence predictions have been focused on the behaviour of GDP per capita or
aggregate labour productivity, either using parametric or nonparametric techniques.3

Moreover, when convergence tendencies have been investigated in different economic
sectors (i.e. agriculture, mining, services,…) or sub-sectors (i.e. manufacturing indus-
tries), the majority of the studies has considered OECD countries only. More in detail,
the sectoral studies of Broadberry (1993) and Bernard and Jones (1996a) failed to find
convergence in manufacturing, while the sub-sectoral ones of Dollar andWolff (1988,
1993), Boheim et al. (2000) and Carree et al. (2000) confirmed such an hypothesis in
all industrial compartments. To the best of my knowledge, the only two studies in the
field that consider emerging economies are represented by Dal Bianco (2010b) and
Rodrik (2013). In particular, applying standard linear techniques to a panel data set

3 See again Islam (2003) and Durlauf et al. (2005) for review.
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of 50 countries, Dal Bianco (2010b) found supportive evidence for the convergence
hypothesis in all Lall’s manufacturing sectors. It is important to note that these results
are consistent with the ones of the present work.4 Rodrik (2013), instead, provided
supportive evidence for absolute convergence in manufacturing as a whole, employ-
ing fixed effects estimators to different samples of advanced and emerging economies,
observed along five different decades (i.e. 1965–2005).

The rest of the paper is organized as follows. The second part is aimed at providing
the methodological motivations for the study of manufacturing sectors, identified as,
according to Lall’s technological taxonomy, the choice of the time period and the
countries under analysis. A synthetic description of distribution dynamics approach is
also presented. The third illustrates and discusses the results obtained. Final comments
together with policy implications and possible lines for the future research conclude.
Specific details on the variables employed and data sources are reported in the Data
Appendix. Full details onTFP estimation aswell as on distribution dynamics technique
are presented in two dedicated appendices.

2 Methodology

2.1 On manufacturing sectors, time period and sampled countries

“Not only is industrialization the normal route to development, but as a result of the
globalization of industry, the pace of development can be explosive(…). This potential
for explosive growth is distinctive to manufacturing”, UNIDO (2009), p. xiii.

This quote provides an authoritative and convincing explanation for the study of
convergence inmanufacturing. In fact, as industrial growth rate in developing countries
is expected to be high, cross-country labour productivity equalization inmanufacturing
as well as in its compartments should take place. And, if it does not, it is compelling
to understand why.

As for the hypotheses here assessed, the factors which eventually inhibit cross-
country absolute convergence can be either structural characteristics alone (i.e. condi-
tional convergence) or structural factors together with relevant initial conditions (i.e.
club convergence). As customary in the literature, the steady state proxies here consid-
ered are the accumulation rates in both physical and human capital and a development
stage dummy (Quah 1996a; Durlauf et al. 2005; Sala-I-Martin et al. 2004).5 The rele-
vant initial conditions are identified, instead, as the physical capital stock and the total
factor productivity gap (i.e. TFPgap) interacted with schooling. It is worth clarifying
that the interacted TFPgap proxies for the effective technological catch-up, Griffith
et al. (2004). In technology diffusion models, in fact, where countries are divided into

4 It might be useful to know that the larger time-series and cross-sectional dimensions which characterize
Dal Bianco (2010b) is due to the choice of relying on investment rates in physical capital (i.e. gross fixed
capital formation tomanufacturing value-added ratio) rather than on the estimation of physical capital stock,
which is a data-thirsty process. See Data Appendix and next paragraph’s discussion for further details.
5 The inclusion of the development stage dummy is inspired by Quah (1996a), which includes a dummy for
Africa in its cross-sectional analysis. The underlying idea being the attempt of purging out some common
but time-invariant factors that characterize laggard countries.
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628 S. Dal Bianco

the leader–innovator (i.e. the country having the highest labour productivity) and the
followers–imitators (i.e. all the others), followers’ technological progress depends on
both their technological distance from the leader (i.e. TFPgap) and their absorptive
capability, which is the ability to identify, assimilate and exploit outside knowledge,
Cohen and Levinthal (1989).6 As suggested by the results of Gemmell (1996), sec-
ondary schooling attainment rate is taken as absorption capability proxy.7

Studying convergence within specific manufacturing compartments is of particu-
lar interest because it becomes possible to shed some light on the relative merits of
distinct industrial policies (Harrison and Rodrguez-Clare 2009) as well as on sectoral
reallocation policies (Rodrik 2013; McMillian and Rodrik 2011). Moreover, for the
reasons explained in the Introduction, it is necessary to consider products’ sophis-
tication. Lall (2000) technological taxonomy fulfils this requirement. In fact, this
classification distinguishes manufacturing compartments according to their research
intensity, measured as R&D expenditure to sales ratio. In particular, Resource- Based
industries are the ones in which the value of production is essentially given by the
possession of primary resources (e.g. processed food, manufactured tobacco, refined
petroleum products); Low Technology includes productions whose R&D expenditure
is below 1% of sales’ value (e.g. garments, footwear, pottery and cutlery); in Medium
Technology, R&D expenditure to sale ratio is between 1 and 4% (e.g. automotive
industry, agricultural machinery, perfumery and pesticides), and in High Technology,
such ratio is greater than 4% (e.g. electronics and scientific instruments). Moreover,
Lall (2000) taxonomy has a 1-to-1 correspondence with the International Standard
Industrial Classification (i.e. ISIC) at the 3-digit level (Revision 2), which is the one
followed by UNIDO for the collection of sub-sectoral manufacturing data employed
for the present analysis.8 This feature represents a major advantage with respect to
other classifications, like the one of Pavitt (1984) that, although effective in distin-
guishing industrial compartments, present huge overlaps between their categories and
ISIC’s ones. See Table 2 for correspondence between ISIC and Lall’s classifications.

Turning now to data sources, the present analysis makes use of the data collected
in UNIDO Industrial Statistics Database 2004, at 3-digits of ISIC Code (Revision
2), which is shortly labelled as INDSTAT3. Such a dataset collects data since 1960
and it has been preferred to both INDSTAT2 and INDSTAT4. The underlying reasons
are the following. For what concerns INDSTAT2, such a dataset has good coverage
of countries and it starts in 1960, but the disaggregation is at the ISIC 2-digit level,
and thus, it is not possible to construct the desired 1-to-1 correspondence with Lall’s
taxonomy. Regarding INDSTAT4, it offers more disaggregated data at the ISIC 4-digit
level, but it covers fewer countries and has spotty information for the years before 1990.

6 See Rogers (2003) for a detailed review on technological diffusion models, Nelson and Winter (1982)
and Cohen and Levinthal (1989, 1990) for seminal contributions on absorption capabilities.
7 Gemmell (1996) shows that economic growth in middle-income countries, which are well represented in
the sample here considered, is strongly related to secondary rather than to primary and tertiary education.
8 In particular, Lall (2000) technological taxonomy was originally developed employing the Standard
International Trade Classification (i.e. SITC) (Revision 2). Thanks to Eurostat tables, which put in corre-
spondence ISIC Revision 2 with ISIC Revision 3, SITC Revision 2 with SITC Revision 3 and, finally, SITC
Revision 3 with ISIC Revision 3, is then possible to obtain a 1-to-1 relation between UNIDO data and Lall’s
manufacturing sectors.
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In particular, it lacks the necessary country coverage on sectoral investment rates in
physical capital and employees making both the estimation of physical capital stock
and the calculation of sectoral labour productivity very difficult.

The dataset here employed comprises 15 developed and 13 developing countries,
observed at yearly intervals between 1980 and 1995, in 28 manufacturing industries.
Full details on the sampled countries and industries can be found in Table 1 and in the
first column of Table 2. Such a choice has been mainly driven by data availability, in
the sense that the greatest countries’ overlap in the longest possible time span has been
the main parameter for country/period inclusion. As observed by Rodrik (2013), the
longer the chosen time span, the smaller the number of countries that can be included.

More in details, for what concerns the cross-sectional dimension, in order to mini-
mize the measurement error, the selected countries are the ones for which the relevant
data coverage is at least 80% in the period under analysis. This leaveswith 28 countries
overall. It must be noticed that Rodrik (2013) assesses industry-specific convergence
tendencies in the period 1995–2005, employing a sample of 30–40 countries, observed
in 23 distinct industries. Thus, it is somehow reassuring that the cross-sectional dimen-
sion of the present exercise is very closed to Rodrik’s lower bound.9

Passing now to the time span, which is 1980–1995, and leaving aside the already
mentioned data availability issues, such a period appears of particular interest. In
fact, UNIDO (1995) describes the 1980s as a decade of change on a scale virtually
unprecedented since the SecondWorldWar and it identifies the 1995 as a turning point,
in the sense that a new phase of (slower) growth did begin. More recently, UNIDO
(2009) points out that, in the period considered, the majority of low income economies
entered world’s manufacturing production. Moreover, the same report documents the
increasing sophistication of manufactures and thus productions’ technical upgrading.
Further, Eberhardt and Teal (2007) show that the so-called global shifts in manufac-
turing (i.e. developing countries entering higher value-added forms of production)
happened exactly during the 1980s. Thus, convergence tendencies, if any, should be
relatively strong in these years. Finally, it must be noted that a time dimension of just
15 years does not undermine support for distribution dynamics’ exercises. In fact, the
literature in the field comprises both studies having a time-series dimension longer
than 15 years (Desmet and Fafchamps 2006; Fiaschi and Lavezzi 2003; Quah 1997,
1996a) and shorter (Fiaschi et al. 2009; Magrini 2007; Maffezzoli 2006).

2.2 Distribution dynamics

This section outlines the main features of distribution dynamics, as originally devel-
oped by Quah (1996a, 1997) and Desmet and Fafchamps (2006). The reader might
refer to the dedicated Appendix for a complete description of the econometric tech-
niques here employed.

In the study of convergence, themainmotivation for employing distribution dynam-
ics, instead of standard linear estimators, is that the convergence prediction concerns
how each economy performs relatively to all the others along time. It is well known,

9 See Rodrik (2013, p. 184) for details.
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in fact, that standard parametric estimators provide indications on the behaviour of the
average economy only. When distribution dynamics is embraced, instead, the stochas-
tic kernel allows to track countries’ relative position. More technically, the stochastic
kernel serves to retrieve the evolution of the probability distribution of a random vari-
able along time, Quah (1993).

In the present analysis, the random variable of interest is sectoral labour productiv-
ity.10 Following the methodology of Quah (1996a), unconditioned stochastic kernels
are employed for assessing the absolute convergence prediction and conditioned sto-
chastic kernels for evaluating both conditional and club convergence. By definition,
in fact, unconditioned stochastic kernels measure the transition probabilities from a
labour productivity status to another one, in a given time span, and conditioned sto-
chastic kernels allow to identify the factors that eventually lead the changes of (and
into) the distribution with respect to the unconditioned case. Long-run convergence
tendencies are retrieved from the ergodic distribution, which is the stationary distrib-
ution of labour productivity.

More formally, fYt (yt ) stands for the cross-country labour productivity distribution
at time t in sector j , where the sector index has been omitted for notational conve-
nience, and Yt indicates the corresponding random variable. In the unconditioned case
(i.e. absolute convergence), the object of interest is represented by the transition prob-
abilities of labour productivity, which are encoded by the conditional density function
gYt+1|Yt . It is assumed that gYt+1|Yt follows an homogenous Markow process, so that
only previous period labour productivity distribution impacts on next period one and
that the transition probabilities do not vary with the time. As for its definition, in the
empirical implementation, the conditional distribution is obtained simply dividing the
joint distribution by the marginal distribution:

gYt+1|Yt (yt+1|yt ) = fYt+1,Yt (yt+1, yt )

fYt (yt )

where the joint distribution fYt+1,Yt is estimated nonparametrically using a bivariate
kernel density estimator and the marginal distribution fYt is obtained integrating the
joint distribution.11

The ergodic f is the distribution that will be approached in the long run should the
current dynamics persist and certain technical conditions hold.12 Formally, this is the
distribution that solves the following functional equation:13

f (yt+1) =
∫ +∞

−∞
gYt+1|Yt (yt+1|yt ) f (yt )dyt

10 See the Data Appendix for further details on the variables employed.
11 Stochastic kernels were estimated through STATA and MATLAB. All programs are available from the
author upon request.
12 See Stockey et al. (1989), Luenberger (1979).
13 Following Desmet and Fafchamps (2006), the support of Y has been made discrete only for calculating
the ergodic distribution and not for computing the joint and marginal distributions as in Quah (1996a). This
is for better exploiting the smoothing properties of the kernel estimators.
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As the ergodic distribution encodes long-run tendencies, cross-country convergence
can be claimed if the ergodic is unimodal and has a low variance.

The same technique is employed to assess conditional and club convergence. In
particular, under the conditional convergence hypothesis, cross-country productivity
equalization will not be found in the original labour productivity distribution fY ,
but in the conditioned one, fY |X , where X denotes steady state proxies. Then, the
objects of interest will become the transition probabilities of the part of labour pro-
ductivity not explained by the steady state variables, which are formally written as
gYt+1|Yt ,Xt (yt+1|yt , xt ). Similarly, in the case of club convergence, the pertinent condi-
tional density will be gYt+1|Yt ,Xt ,Zt (yt+1|yt , xt , zt ) , where Z indicates relevant initial
conditions (i.e. physical capital stock or interacted TFPgap). Exploiting Chamberlain
(1984) results, the part of labour productivity orthogonal to auxiliary variables is com-
puted as the ordinary least squares residuals of the projection of labour productivity
growth on each of the steady state or initial condition proxies. In both conditional and
club convergence cases, long-run tendencies are evaluated through the corresponding
ergodic distribution.

Finally, the following steps are taken for assessing the three distinct convergence
predictions. First, evaluate absolute convergence. This is done by analysing the sector-
specific ergodic distribution, as estimated via unconditioned stochastic kernel. If
such a distribution is multipeaked and highly dispersed, absolute convergence is dis-
charged and conditional convergence assessed. Second, evaluate conditional conver-
gence through the erogodic obtained from the stochastic kernel conditioned to steady
state proxies (i.e. physical and human investment rates and the development dummy).
Then, by the same tokens as before, if conditional convergence is discharged, club
convergence is claimed. Third, assess whether the resulting clubs originate from insuf-
ficient capital accumulation or from a lack of technological catch-up. In this case, the
set of auxiliary variables comprises not only the steady state indicators but also initial
conditions’ variables.

To conclude, it is worth noticing that the reliability of the kernel density estimations
presented in this paper has been checked through a number of statistical inference rou-
tines. In particular, for each convergence hypothesis and for all manufacturing sectors
under scrutiny, following Fiorio (2004), the asymptotic 95% confidence intervals for
kernel density estimation have been calculated, employing Silverman’s optimal band-
with.14 Moreover, the number of modes of the estimated kernel densities as well as
their values has been assessed following the ASH-WARPing procedure, Scott (1992)
and Haerdle (1991), and finally, the nonparametric assessment of multimodality has
been done through the Silverman test, Silverman (1981). Full details on the inference
procedures employed can be found in the Appendix onDistribution Dynamics, section
“Statistical Inference”.

3 Results

The key result of the present analysis is twofold. First, absolute convergence is found
in manufacturing as a whole (i.e. TOT). Second, convergence tendencies are sector

14 To save some space, the corresponding figures have not been reported but they are available upon request.
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Fig. 1 Intra-sectoral long-run scenarios. a Resource based. b Low technology. c Medium technology.
d High technology. eManufacturing

specific.More precisely, technological initial conditions are found to be the club deter-
minants in Resource Based (i.e. RB); differences in physical capital stock drive the
result in Low Technology (i.e. LT); the dynamics of Medium Technology (i.e. MT)
is less clear cut and both technological and capital initial conditions seem to matter;
and finally, High Technology (i.e. HT) is predicted to converge in absolute sense. This
evidence can be retrieved from Fig. 1, which depicts sector-specific ergodic distrib-
utions under alternative convergence hypotheses and by Table 3, which reports the
support of labour productivity distribution in 1996 purchasing power parity dollars
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(i.e. PPP) together with some descriptive statistics.15 Table 4 reports, for each con-
vergence hypothesis and for all manufacturing sectors under scrutiny, Silverman’s
optimal bandwith and the results of the ASH-WARPing procedure for the number and
values of the modes as well as the Silverman test for multimodality. The results of
the aforementioned inference routines confirm the reliability of the kernel estimations
here presented.16

For the sake of clarity, the discussion of the aforementioned findings is organized
in subsections.

3.1 Absolute convergence in manufacturing

Consistently with the recent evidence provided by Rodrik (2013) and Benetrix et al.
(2012), manufacturing as a whole is found to converge in absolute terms. More in
details, Bernard and Jones (1996a), Dollar and Wolff (1988, 1993) and Dal Bianco
(2010b) show that the aggregate converges faster than its parts, because the cross-
sectional dispersion is lower for the aggregate than for the parts. Looking to the coef-
ficients of variations under the absolute convergence hypothesis reported in Table 3,
it could be seen that this kind of explanation holds also in the present case.17 Further,
it is worth noticing that the similar patterns of HT and TOT cannot be automatically
interpreted as if the technology-intense compartments were leading the whole indus-
trial performance. In fact, if on the one hand it is true that, in the period considered,
HT has grown faster than all the other sectors (i.e. 8 vs 4% on average); on the other,
HT accounts for only the 12% of total manufacturing production.18

3.2 Conditional convergence

The present analysis does not provide supportive evidence for the conditional conver-
gence hypothesis in any of the sectors considered. This finding can be interpreted in
the light of the established literature. Basile (2009) and Bandyopadhyay (2006) show,
employing regional series, that the process of economic growth is characterized by
nonlinearities. Fiaschi and Lavezzi (2003) and Quah (1996a) reach the same result
using national data. More in detail, these studies demonstrate that structural factors,
although relevant for enhancing the level of labour productivity in each region or coun-
try and thus the cross-sectional average, are unable to affect the dynamics of the entire
distribution. In other words, the predictions of the standard neoclassical growth model
are rejected in favour of the ones of critical thresholds or poverty traps, Azariadis and

15 Due to space reasons, sector-specific conditional density functions estimated through stochastic kernels
are not reported. They are all available in theworking paper version of the present work: Dal Bianco (2010a),
Figures 3–16.
16 As tests’ results reported in Table 4 are clear cut, they will not be commented further. The interested
reader can refer for more details to the section on Statistical inference of the Appendix on distribution
dynamics.
17 The coefficient of variation (i.e. standard deviation divided by the mean) is the preferred measure of
cross-sectional dispersion because this indicator overcomes the problems related to a changing mean.
18 Author’s calculations based on INDSTAT3, UNIDO Industrial Statistics Database 2004.
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Table 3 Ergodic distributions: support in 1996 PPP $ and descriptive statistics

Ergodic distributions, different convergence hypotheses

Log-relative labour
productivity, yi j t

Support in
1996 PPP $

Support in
1996 PPP $

Support in
1996 PPP $

Support in
1996 PPP $

Resource Based Absolute Conditional Club, Capital Club, Technological

−4.5 841

−4 1,386

−3.5 2,286 2,286

−3 3,768 3,768

−2.5 6,213 6,213 6,213

−2 10,243 10,243 10,243

−1.5 16,889 16,889 16,889 16,889

−1 27,845 27,845 27,845 27,845

−0.5 45,908 45,908 45,908 45,908

0 75,689 75,689 75,689 75,689

0.5 124,790 124,790

1 205,745

Descriptive statistics, 1996 PPP $

Mean 17,212 78,502 27,469 42,521

Median 13,231 64,899 25,784 39,906

SD 11,000 53,844 17,110 17,521

Coef. of variation 0.64 0.69 0.62 0.41

Low Technology Absolute Conditional Club, Capital Club, Technological

−4.5 519

−4 855

−3.5 1,410 1,410

−3 2,324 2,324 2,324

−2.5 3,832 3,832 3,832

−2 6,317 6,317 6,317

−1.5 10,415 10,415 10,415 10,415

−1 17,172 17,172 17,172 17,172

−0.5 28,312 28,312 28,312 28,312

0 46,678 46,678 46,678 46,678

0.5 76,959 76,959 76,959

1 126,885

1.5 209,198

Descriptive statistics, 1996 PPP $

Mean 13,673 44,635 22,276 11,678

Median 10,249 38,636 20,301 11,068

SD 9,439 26,516 11,309 7,638

Coef. of variation 0.69 0.59 0.51 0.65
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Table 3 continued

Ergodic distributions, different convergence hypotheses

Log-relative labour
productivity, yi j t

Support in
1996 PPP $

Support in
1996 PPP $

Support in
1996 PPP $

Support in
1996 PPP $

Medium Technology Absolute Conditional Club, Capital Club, Technological

−3.5 2,170 2,170 2,170

−3 3,578 3,578 3,578

−2.5 5,899 5,899 5,899

−2 9,725 9,725 9,725 9,725

−1.5 16,034 16,034 16,034 16,034

−1 26,436 26,436 26,436 26,436

−0.5 43,585 43,585 43,585 43,585

0 71,860 71,860 71,860 71,860

0.5 118,477 118,477 118,477

1 195,336

Descriptive statistics, 1996 PPP $

Mean 15,428 16,847 16,655 7,956

Median 21,339 18,335 23,236 8,681

SD 9,653 12,649 11,063 6,784

Coef. of variation 0.63 0.75 0.66 0.85

High Technology Absolute Manufacturing Absolute

−4 1,112 −3 3,065

−3.5 1,834 −2.5 5,054

−3 3,023 −2 8,333

−2.5 4,984 −1.5 13,738

−2 8,218 −1 22,651

−1.5 13,549 −0.5 37,345

−1 22,338 0 61,571

−0.5 36,830

0 60,722

0.5 100,114

Descriptive statistics, 1996 PPP $

Mean 31,122 Mean 20,357

Median 36,723 Median 24,799

SD 13,627 SD 8,335

Coef. of variation 0.44 Coef. of variation 0.41

Stachurski (2005). Looking to (a)–(c) in Fig. 1 and to Table 3, it is easy to see that
the same evidence is found here. In fact, when steady states differences are taken into
account, the location of the ergodic distributions of RB, LT and MT shift towards
higher values, with some countries overtaking the leader (i.e. log-relative productivity
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Table 4 Statistical inference

Absolute convergence Resource Based Low Tech Medium Tech High Tech Manufacturing

Optimal bandwith
(Silverman 1986)

0.5134 0.5421 0.4551 0.5238 0.4801

Predicted modes, number and value

ASH-WARPing procedure

Mode (1) −2 −2.34 −3 −0.463 −0.839

Mode (2) −1.04 −1 −1.18

Multimodality (Silverman 1981)

p value in sectors’ columns

1 Mode 0 0 0 0.5 1

2 Modes 0.4 0.6 0.5 0 0

3 Modes 0 0 0 0 0

4 Modes 0 0 0 0 0

Conditional convergence Resource Based Low Tech Medium Tech

Optimal bandwith
(Silverman 1986)

0.0891 0.2161 0.0909

Predicted modes, number and value

ASH-WARPing procedure

Mode (1) −0.98 −0.88 −1.66

Mode (2) 0 0.23 −0.2

Mode (3) 1

Multimodality (Silverman 1981)

p value in sectors’ columns

1 Mode 0.1 0.2 0.3

2 Modes 0.4 0.5 0.4

3 Modes 0.3 0.2 0

4 Modes 0 0 0

Club capital Resource Based Low Tech Medium Tech

Optimal bandwith
(Silverman 1986)

0.1148 0.1084 0.1072

Predicted modes, number and value

ASH-WARPing procedure

Mode (1) −3.33 −1.53 −2.78

Mode (2) −1.9 −0.87

Mode (3) −1

Multimodality (Silverman 1981)

p value in sectors’ columns

1 Mode 0.2 0.6 0

2 Modes 0.4 0 0.4
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Table 4 continued

Club capital Resource Based Low Tech Medium Tech

3 Modes 0.4 0 0

4 Modes 0 0 0

Club technological Resource Based Low Tech Medium Tech

Optimal bandwith (Silverman 1986) 0.1118 0.111 0.1048

Predicted modes, number and value

ASH-WARPing procedure

Mode (1) −0.8 −1.75 −2.74

Mode (2) −0.81 −1.42

Mode (3)

Multimodality (Silverman 1981)

p value in sectors’ columns

1 Mode 1 0 0

2 Modes 0 0.5 0.6

3 Modes 0 0 0

4 Modes 0 0 0

greater than zero), but such distributions are not characterized by unimodality and low
dispersion.

3.3 Capital and technology predicted dynamics

Before getting into the details of sector-specific convergence tendencies, which are
depicted in Fig. 1 and 2, it is worth showing that labour productivity convergence ten-
dencies are consistent with the predicted dynamics of capital stock and technological
proxy. This is in the spirit of the theoretical works of Jones (1995) and Eicher and
Turnovsky (1999), which have demonstrated that capital and technology might differ
strikingly in their convergence paths and speeds, and of Feyer (2008) and Johnson
(2005), who found that TFP and capital stock behaviour shapes the long-run distrib-
ution of labour productivity.

Figures 3 and 4 report, respectively, the ergodic distributions of physical capital
stock per worker and the interacted TFPgap, while Table 5 synthetically offers the
main lines for interpreting this evidence. Starting from HT and TOT, (d) and (e) of
Figs. 3 and 4 show that both capital and technology are predicted to converge in the
long run. This makes club convergence quite unlikely. On the contrary, passing to LT
and then to panel (b) of the same graphs, it is evident that the ergodic distribution of
capital stock is bimodal while the technology one is not. So that, one might expect that
capital stock would be the key determinant of club convergence in LT. Or, put in other
terms, that cross-country convergence will be reached only if capital stock differences
will be evened out. By the same tokens, technological clubs in RB and MT can be
inferred from panels (a) and (c) of the aforementioned figures.
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Fig. 2 Inter-sectoral long-run
scenarios. a Absolute
convergence. b Relevant
convergence prediction. c
Highest mean convergence
prediction
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3.4 Sector-specific convergence: intra-sectoral dynamics

Passing now to the analysis of sector-specific convergence tendencies, manufacturing
compartments will be ordered from the less to the most technology intense (i.e. from
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Fig. 3 Accumulation dynamics: log-relative capital stock per worker by sector. a Resource Based. b Low
Technology. c Medium Technology. d High Technology. e Manufacturing

Resource Based to High Technology). In particular, the discussion will refer to the
evidence provided by Table 3 and Fig. 1, which depicts the predicted long-run scenar-
ios in all the manufacturing sectors under scrutiny. This way of presenting the results
allows tomake some considerations about the growth-inequality trade-off arising from
alternative convergence predictions within the same sector.
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Fig. 4 Technological dynamics: TFPgap interacted with schooling by sector. a Resource Based. b Low
Technology. c Medium Technology. d High Technology. e Manufacturing

Asmentioned, it has been found supportive evidence of “technological club conver-
gence” in Resource-Based sectors. Thismeans that dissimilar structural characteristics
and technological initial conditions prevent cross-country convergence.19 This result

19 More formally, technological (capital) club convergence result refers to the stochastic kernel conditioned
to steady state variables and initial technology (physical capital).
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Table 5 Club convergence determinants

Relative physical capital stock per worker

Descriptive statistics Accumulation dynamics. Ref. Fig. 3

Sector Average
developed

SD Average
developing

SD Time evolution Shape of
the ergodic

Implication

RB 0.78 0.35 0.34 0.45 Less
dispersed,
gap closing

Unimodal No capital clubs

LT 0.92 0.31 0.78 1.42 Towards
bimodality

Bimodal Capital clubs

MT 0.78 0.33 0.3 0.19 Gap closed Unimodal No capital clubs

HT 0.73 0.26 0.38 0.97 Gap closed Unimodal No capital clubs

TOT 0.82 0.24 0.53 0.83 Gap closed Unimodal No capital clubs

Interacted TFPgap

Descriptive statistics Technological catch-up dynamics. Ref. Fig. 4

Sector Average
developed

SD Average
developing

SD Time evolution Shape of
the ergodic

Implication

RB 0.74 0.29 0.40 0.19 Towards
bimodality

Bimodal Technological
clubs

LT 1.07 0.40 0.73 0.30 Gap shrinking Unimodal No Technological
clubs

MT 0.92 0.35 0.58 0.26 Gap shrinking
but bimodality

Bimodal Technological
clubs

HT 1.33 0.50 0.9 0.38 Gap shrinking Unimodal No Technological
clubs

TOT 1.01 0.38 0.62 0.24 Gap shrinking Unimodal No Technological
clubs

Expected labour productivity long-run behaviour
RB: Clubs due to technological initial conditions
LT: Clubs due to capital initial conditions
MT: Clubs due to technological initial conditions
HT: No clubs
TOT: No clubs

is in line with the ones of Jones (1997) who, employing a panel of 74 developed and
developing countries between 1980 and 1990, found that GDP per capita long-run
distribution will exhibit convergence behaviour only if technological differences will
be evened out. As for how the technological proxy was constructed (i.e. interacted
TFPgap), the lack of technological catch-up might be due either to a limited in scope
imitative potential and to insufficient absorptive capabilities. With these respects, it is
interesting to note that, in the last 30 years, multinational corporations (i.e. MNCs)
have been investing mainly in High-Tech and Low-Tech sectors and that Resource-
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Based productions became increasingly more mechanized.20 Thus, on the one hand,
as suggested by Lall (2001), limited MNCs investments in traditional sectors, which
still account for the 77% of developing countries’ manufacturing value added,21 might
havemade the relevant frontier technology, in the sense put forward byBaumol (1986),
quite stagnant and this might have lowered the potential for technological upgrading.
But, on the other, following the argument of Cohen (1996), developing countries’ tech-
nical backwardness might be due to their poor endowment of knowledge or, sharing
the view of Comin et al. (2008), to some lags in technology usage. Finally, that in RB
compartments, technological initial conditions are relatively more important, from the
growth-equity perspective, than the ones related to physical capital stock is indirectly
demonstrated by Table 3. Here it could be seen that the predicted average labour pro-
ductivity under technological club convergence lies between the one of conditional
and capital club convergence. Thus, on the one hand, the higher the technological gap
(i.e. under conditional convergence), the faster the growth, and on the other, further
accumulation of capital (i.e. capital club convergence) is not associated neither with
growth nor with a less dispersed distribution.

Turning now to Low-Technology manufactures, the result of capital club conver-
gence might have been expected, considering both the characteristics of the sector and
the established literature. First of all, Lall (2000, 2001) document that LT industries
employ mature technologies, which use is widespread by definition. Then, Boheim
et al. (2000) show that LT production has shrunk very fast in developed countries,
between 1989 and 1997. And so have done the innovative activities. From developing
countries’ perspective, these facts imply that the imitative potential in LT is very low.
Further evidence on the tiny technological gap in LT is provided by Dollar and Wolff
(1988) and Carree et al. (2000). Overall, they analyse OECD countries from the early
1980s until the late 1990s and they found that, thanks to low knowledge barriers, the
convergence process has been comparatively very fast in these industries.22 It is also
interesting to note that the predicted average labour productivity associated with tech-
nological club convergence is well below the one related to capital club convergence,
see Table 3. This latter finding shows that not only cross-country convergence but also
the growth potential is related to the scale of production in these industries. Thus, if a
laggard economy is willing to catch-up in LT, it should invest in physical capital.

For what concerns Medium-Technology manufactures, the findings here presented
are indicative of club convergence but in this sub-sector, both capital and technological
initial conditions seem to matter. In fact, if on the one hand, technological differences
seem to drive the club convergence result (i.e. Figs. 3, 4c), and on the other, nor capital
or technological differences alone can ensure cross-country convergence (i.e. Fig. 1c).

20 UNCTAD (2005, 2001) show that top 50 world MNCs have been investing in High-Technology indus-
tries, while top 50 developing countries’ MNCs, 33 of which are from South Asia, operate in Low-
Technology and service sectors. United Nations Food and Agricultural Organization (i.e. FAO) documents,
instead, the mechanization of farm product processing, FAO (2006).
21 Author’s calculations based on UNIDO Industrial Statistics Database 2004.
22 More precisely Dollar and Wolff (1988) study 13 industrialized countries from 1963 to 1982, distin-
guishing manufacturing industries into “heavy, medium and light”, while Carree et al. (2000) analyse
manufacturing sectors in 28 OECD economies, in the period 1972–1992, employing the ISIC 3-digits
classification.
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Moreover, conditional convergence must be discharged, although an almost unimodal
ergodic distribution, on the basis of an increasing cross-sectional dispersion with
respect to the absolute convergence case. See Table 3 for details. From the theoretical
perspective, these results support the thesis of Aghion and Howitt (1998), according
to which capital accumulation and innovation can be complementary for long-run
growth. It is interesting that, employing US and UK data, they show that R&D intense
industry have an above average capital intensity. Thus, innovation goes together with
accumulation. In conclusion, as MT industries have complex technical requirements
and demand for large-scale production, developing countries’ productivity gap in these
compartments will shrink once both the technological and capital gap will be closed.
Consistently with this line of explanation, the statistics reported in Table 5 show that
laggard economies’ MT sectors are the ones with the lowest capital stock and quite a
wide TFPgap.

Turning now toHigh Technology, it is evident from (d) of Fig. 1 that these industries
are predicted to converge in the absolute sense. That is, in the long run, countries will
converge to the same productivity level, regardless their structural characteristics and
initial conditions.23 This result provides supportive evidence for the theory of dynamic
or endogenous comparative advantages. Paraphrasing Redding (1999), dynamic com-
parative advantages are related to entering sectors where an economy currently lacks a
comparative advantage, but may acquire it as a result of the potential for productivity
growth, which is due to self-reinforcing mechanisms driven by country and sector-
specific external economies. As a matter of facts, developing countries are historically
characterized by comparative advantages in traditional sectors. Nonetheless, accord-
ing toWorld Bank’s data, their high-technology exports tomanufacturing exports ratio
has reached in 2007 the level of advanced economies’, which was around one fifth.24

Moreover, as previously mentioned, UNCTAD (2005) shows that top 50 world multi-
national corporations have been heavily investing in HT sectors, both in advanced and
laggard economies. Finally,Doucouliagos et al. (2010) andBruno andCamposFerreira
(2011) have recently found that foreign direct investment is a major source of knowl-
edge spillover. Thus, as predicted by the models of Lucas (1988) and Young (1991),
themost technologically progressive industries open the “right” specialization pattern,
which allows the rise of long-run growth rate and then labour productivity convergence.

Moreover, this finding is in line with the established empirical evidence. Redding
(2002) employs distribution dynamics for analysing the specialization dynamics in
OECD’s manufacturing industries. He finds that there has been a secular decline in
low-tech industries and a secular rise in high-tech ones and that there is a substan-
tial mobility in the patterns of specialization, although with no evidence of produc-
tion’s concentration in few compartments. This result is further qualified by Brasili
et al. (1999), who tackle the same issue employing the same nonparametric tools and

23 To confirm the robustness of absolute convergence prediction, HT labour productivity distributions
conditioned to steady state proxies alone and together with capital or technological initial conditions have
been used as counterfactuals. As these ergodics are multipeaked, the absolute convergence prediction is
validated. For space reasons, these results are not reported, but they are available upon request.
24 Author’s calculations based on World Bank, World Development Indicators 2010.
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adding emerging SouthAsian countries into the picture.25 Interestingly, they show that
emerging economies’ specialization pattern is highly mobile and that their production
concentration is higher than the one of advanced economies. Thus, (successful) lag-
gard countries seem to have shaped their specialization patterns on the basis of the
inter-relationship between international trade and the rates of technological change,
as in Krugman (1987) and Lucas Lucas (1988), rather than on static comparative
advantages linked to factor endowments or domestic technology.

3.5 Sector-specific convergence: inter-sectoral dynamics

The comparison of predicted inter-sectoral dynamics hinges upon the evidence pro-
vided in Table 3 and Fig. 2. This way of presenting the results allows to make some
considerations about the growth-inequality trade-off arising from the comparison of
different manufacturing compartments. Looking to the table and to panel (a), which
depicts sector-specific long-run scenarios without conditioning factors, it could be
seen that the highest cross-sectional mean and the lowest dispersion are associated
with High Technology. The most interesting point is that this result is reached without
any coeteris paribus condition. This means that cross-country labour productivity dif-
ferences in HT are just transitory. Panel (b) instead shows that, when sector-specific
convergence hypothesis is fulfilled, Resource- Based sectors are the ones that open the
better prospects: highest mean income and lowest dispersion. Conditional to smooth-
ing out technological differences, this result might be interpreted in the light of the
results of Redding (2002), who found that the patterns of trade and international com-
petitiveness in traditional sectors are shaped, in the long-run, by factor endowments
rather than external economies. Finally, when comparing the scenarioswith the highest
intra-sectoral mean, as in panel (c), it could be seen that, again, HT industries ensure
the better combination in terms of long-run labour productivity and cross-sectional
dispersion.

Overall, these findings support the hypothesis of Lall (1997) according to which
High-Tech compartments ensure the highest productivity gains. This is because in HT
sectors even labour- intensive activities, such as assembly, are more stable, skill cre-
ating and positive externality generating than in traditional ones. Moreover, although
as stated by Singh (2006) developing countries might have acted just as MNCs’ out-
door plants assembling foreign intermediates and re-exporting them, Chandra and
Kolavalli (2006) show that thanks to proper industrial policy, aimed at developing
local capabilities, emerging economies can progress beyond the assembly of imported
components.

4 Conclusions and policy recommendations

This paper has employed distribution dynamics for assessing cross-country labour
productivity convergence in manufacturing sectors, characterized by different R&D

25 More precisely, Brasili et al. (1999) investigate the dynamics of trade patterns of the six largest indus-
trialized countries (i.e. France, Germany, Italy, Japan, UK and USA) and of the old and new Asian Tigers
(i.e. Hong Kong, Singapore, South Korea and Taiwan; Indonesia, Malaysia, Philippines and Thailand).
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intensities, between 1980 and 1995. In particular, 15 developed and 13 developing
countries have been chosen on the basis of data availability and reliability. The time
period, instead, has been selected because in the 1980s laggard economies’ industrial
growthwas particularly high, and thus, convergence tendencies should have eventually
arisen. In fact, themajority of emerging countries enteredworld’smanufacturesmarket
and, in particular, higher value-added forms of production. As for these facts, it is
extremely important to distinguish between Low and high-tech productions, and thus,
Lall (2000) technological taxonomy has been adopted.

The key result of the present study is twofold: first, manufacturing as a whole
is found to converge in the absolute sense, and second, convergence tendencies are
sector specific. The first result is consistent with the recent evidence provided by
Rodrik (2013) and Benetrix et al. (2012) while, with respect to the second finding, club
convergence characterizes three out of the four identified sub-sectors (i.e. Resource
Based, LowTechnology andMediumTechnology) and absolute convergence qualifies
only High Tech.

Overall, the present findings provide support to the thesis put forward by Rodrik
(2013) in order to explain the lack of cross-country labour productivity convergence.
According to Rodrik (2013), in fact, the successful path of cross-country labour pro-
ductivity convergence might be hindered by the sub-optimal “speed of structural real-
location from nonconvergence to convergence activities”.

For what concerns the sector-specific policy implications, as for the cluster-
ing dynamics in traditional and medium-tech sectors, there seems to be room
for ad hoc catching-up strategies. In particular, for what concerns traditional and
medium-technology sectors, the prediction of club convergence implies that emerg-
ing economies will be stuck at low labour productivity levels in the long run. Thus,
developing countries should, first of all, align physical and human capital investment
rates with the ones of developed economies. Then, they should foster technological
transfer in Resource-Based compartments, increase the scale of Low-Tech productions
and combine both strategies in Medium-Technology industries. The story is different
for High Technology. As this compartment is predicted to converge in the absolute
sense, the present analysis supports the theory of dynamic comparative advantages.
These are related to entering sectors where an economy currently lacks a comparative
advantage, but may acquire it as a result of the potential for productivity growth, which
is due to self-reinforcing mechanisms driven by country and sector-specific external
economies. So that, the most technologically progressive industries seem to open the
“right” specialization pattern. Moreover, the study has also shown that in the long-run
high-tech compartments not only ensure the lower labour productivity cross-sectional
dispersion but also the highest mean. Thus, the key policy recommendation for laggard
economies is to enter into technology-intense markets and to develop the necessary
capabilities for exploiting the endogenous comparative advantages.

To conclude, it would be important to check for the robustness of these results
employing a larger cross section of countries and a longer time span. This is left for
the future research.
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Data appendix

Labour productivity

This is the natural logarithm of relative labour productivity. Labour productivity is
measured as manufacturing value added per worker in 1996 PPP dollars. Relative
labour productivity consists in the natural logarithm of labour productivity in country
i, sector j, at time t relative to the one of the USA (i.e. the leader) in the same sector and
period, which is formally written as yi j t = log(Yi jt/YUSjt ). Normalizing the data is
important for removing some of the trend from the cross section and thus for avoiding
degenerate long-run distributions. The choice of the normalizing variable was made
following Quah (1996a) and Desmet and Fafchamps (2006), although other indicators
could have been used (e.g. cross-country average, range, etc).

Sectoral relative labour productivity data were retrieved combining UNIDO Indus-
trial Statistics Database 2004, at 3-digits of ISIC Code (Revision 2) (i.e. INDSTAT3),
World Bank, World Development Indicators 2006 (i.e. WDI) and the Penn World
Tables 2002 (i.e. PWT 6.1).26

Steady state proxies

Log-relative sectoral investment rates in physical capital

They refer to the natural logarithm of gross fixed capital formation (i.e. GFCF) share
to manufacturing value added in country i, sector j, at time t relative to the one of the
USA. Relevant series come from the aforementioned UNIDO dataset.

Log-relative investment rates in human capital

They consist in the natural logarithm of the average years of schooling in the popula-
tion over age 15 in country i at time t relative to the one of the USA. Data come from
Barro and Lee (2013), which is the most up-to-date version of the well- acknowl-
edged dataset. In particular, as original series are recorded at 5-year intervals, they
were interpolated assuming a linear pattern. Moreover, population over 15 years was
preferred to the one over 25 years because working age in developing countries can
be quite low, Bennell (1996).

26 Although new versions of the PWT have been released, the current exercise relies on PWT 6.1, in order
to employ the most robust real GDP estimates in the present context. As recently demonstrated by Johnson
et al. (2013), different PWT releases provide different real GDP estimates, despite being derived from very
similar underlying data and methodologies. In particular, such a variability is greater the farther the estimate
from the benchmark year, at higher data frequencies and for smaller countries. Following this argument, as
the data availability is very limited in terms of frequency and country coverage, the robustness of the present
exercise can be improved only selecting the closest benchmark year, which is 1996 and it corresponds to
PWT 6.1.
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Development dummy

This is a dichotomous variable having as reference group the high-income economies,
as defined in WDI.

Relevant initial conditions

Log-relative physical capital stock per worker

This is the natural logarithm of physical capital stock in country i, sector j, at time t
relative to the one of the USA in the same sector and period, which is formally written
as ki j t = log(Ki jt/KUSjt ).

Since sectoral physical capital stock series are not available from international
data sources, they were estimated applying to the UNIDO GFCF series the per-
petual inventory method assuming an exponential depreciation rate of 6%. This
is a quite standard hypothesis, see, for example, Vandenbussche et al. (2006) and
Jones (1997).

As customary in the literature (Vandenbussche et al. 2006; Caselli 2005 and Young
1995), initial capital stockwas calculated employing the formula of steady state capital
stock in the neoclassical growth model. Thus, initial capital stock is written as Kt−1 =

It
g+0.06 .

As UNIDO GFCF data start in 1960, g is the output growth rate in the first 5years
available (i.e. 1960–1965), Kt−1 is the estimated capital stock in 1959 and It is the
actual investment in 1960. Since the present econometric exercise begins in 1980, the
measurement error on this initial value should have disappeared (Vandenbussche et al.
2006; Nehru and Dhareshwar 1993).

The estimated sectoral capital stock is denominated in 1996 PPP Dollars.
To conclude, it is important to make a note of caution on the use of the same depre-

ciation rate of capital for different sectors and for different countries. That different
levels of technological progress should imply also different levels of depreciation rates
is well documented in the literature, see Arslanalp et al. (2010). Thus, as robustness
checks, capital stock series were calculated employing a 4% and a 15% deprecia-
tion rate, respectively, used by Nehru and Dhareshwar (1993) and Caselli and Wilson
(2004). The findings of the distribution dynamics exercise are qualitatively unaltered.
The robustness checks are available upon request.

Interacted TFPgap

Following Griffith et al. (2004), sector- and year-specific TFPgap is calculated as the
difference between leader’s TFP and the one of any other country, where TFP levels
are obtained through the superlative index approach of Caves (1982) and Caves et al.
(1982), see the Appendix on TFP estimation for full details. The natural logarithm of
secondary schooling attainment rate in any country i normalized with respect to the
one of United States serves, instead, as absorption capacity proxy.
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Appendix on TFP estimation

Total factor productivity (TFP) or Solow residual is the part of output growth not
accounted for market transactions. It originates from growth accounting exercise, and
it is conventionally employed to measure technological progress. Following Diewert
(1976),Caves et al. (1982) derive an index number that allowsTFPcomparisons among
countries. This index is superlative, meaning that is exact for the flexible aggregator
function chosen (i.e. translog production function), and transitive, so that the choice
of base country and year is inconsequential.27

Formally, it is assumed that value added of a generic country i is a function of
capital stock and employment, that is translog with identical second-order term, that
constant returns to scale apply and that inputs are measured perfectly and in the same
units for each observation. In symbols:

ln yi = α0i + α1i lnli + α2i lnki + α3(lnli )
2 + α4(lnki )

2 + α5(lnli ∗ lnki )

where constant returns to scale hypothesis requires α1i + α2i = 1 and 2α3 + α5 =
2α4 + α5 = 0.

In this Appendix, Caves et al. (1982) contribution is reviewed beginning with TFP
index number for bilateral comparisons.

There are two countries, b and c, country b is the basis of comparison and the
distance function Dc(yb, lb, kb) represents the minimum proportional decrease in yb
such that the resulting output is producible with the inputs and productivity levels of
c. Or Dc(yb, lb, kb) is the smallest input bundle capable of producing yb using the
technology in country c. In symbols:

Dc(yb, xb) = min {δ ∈ �+ : fc(δxb) ≥ yb}

where xb = (kb, lb).28 Assuming that producers are cost minimizers and price takers
in input markets, it can be shown that the Malmquist index (i.e. the geometric mean)
of two distance functions for any two countries c and b gives the following TFP index:

TFPcb = yc
yb

(
l̄

lc

)σc (
k̄

kc

)1−σc (
lb
l̄

)σb
(
kb
k̄

)1−σb

where a bar denotes an average over countries and σi = (αi + α) /2, where (αi ) stands
for labour’s share in total costs for country i .

Similar reasoning can be applied to derive the multilateral version of TFP index,
which allows for TFP comparisons among more than two countries. Taking sectoral

27 Exact literally means that the resulting index is not an approximation. For details, see Diewert (1976) and
its result on the use of Tornqvist-Theil approximation to the Divisia index.Flexible is an aggregator function
that can provide a second-order approximation to an arbitrary twice differentiable linearly homogeneous
function.
28 This notation implies that only one homogeneous output is produced using only one homogeneous
input. For further details on productivity measurement in this simple and more complex environments (i.e.
multiple output-multiple input technologies), see Diewert (1992).
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heterogeneity explicitly into account, TFP level in country i , sector j at time t is

TFPi j t = Yi jt
Y jt

(
L jt

Li j t

)σ̃i j t
(
K jt

Ki j t

)1−σ̃ i j t

where a bar denotes the geometric average over all countries for a given sector j and
a year t and σ̃i j t = (αi j t + α j )/2, where αi j t is labour share in country i and industry
j and α j is the cross-country average for industry j.

Then, taking natural logarithms, the previous expression becomes:

TFPi j t = ln

(
Yi jt

Y jt

)
− σ̃i j t ln

(
Li jt

Lit

)
− (1 − σ̃i j t ) ln

(
Ki jt

K jt

)

As originally noticed by Harrigan (1997), the variability in actual labour shares over
value added makes difficult the empirical implementation of the equation above. To
solve this problem, smoothed and not actual labour shares are usually employed.

Smoothed labour shares are simply obtained running a regression of actual labour
shares on a constant and the capital to labour ratio:29

αi j t = ξi + ξ j + χi j ln
(
Ki jt/Li jt

)

Previous studies on developed countries, such as Harrigan (1997) and Griffith et al.
(2004), consider only sectoral heterogeneity in slopes (i.e. χ j ). As the sample of coun-
tries employed in the current contribution comprises developing countries, the original
specification has been improved allowing for country and sector heterogeneity in both
intercepts and slopes (i.e. ξi , ξ j andχi j ). In particular, to avoid amajor loss in data vari-
ability, due to many dummies, manufacturing sectors have been grouped as according
to Lall’s taxonomy and the sampled economies have been divided into developed and
developing ones, using World Bank definitions. The diagnostics employed strongly
reject the null hypothesis of nonheterogeneity in both intercepts and slopes among
different sectors and countries. More precisely, using panel data F tests, intercept
heterogeneity due to country and sector-fixed effects has been detected. Sector and
country heterogeneity, in both slope and intercepts, has been confirmed through Chow
type F statistics.30

Appendix on distribution dynamics

Distribution dynamics and conditioning: a brief nontechnical summary

When distribution dynamics is employed, convergence tendencies among countries
can be retrieved analysing the evolution along time of cross-country labour produc-

29 This reduced form directly comes from the translog production function with constant returns to scale
hypothesis.
30 The results of the aforementioned tests are not reported but they are available upon request.
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tivity distribution. In particular, the main question to be answered is whether all
economies considered converge to same level of labour productivity, such that the
cross-country distribution is single-peaked, or whether the economies converge only
within small clubs, such that the distribution exhibits more than one peak.

Operatively, the changes along time of cross-country labour productivity distribu-
tion are retrieved using the stochastic kernel density estimator. In fact, this estimator
allows tomeasure the probabilities of dynamic transitions fromone labour productivity
class to another, for each economy.

Intuitively, the stochastic kernel can be thought as a refinement of the histogram.
In particular, while in histogram the frequency distribution is calculated for disjoint
states, with kernel density estimator, the frequency distribution is estimated for a large
number of overlapping class intervals, which gives a much smoother appearance,
resembling a probability density function.

Two are the types of kernels employed in this paper:

1. unconditioned kernels
2. conditioned kernels

The unconditioned kernels give information on the likelihood that an economy, start-
ing from a given relative position in the initial period t , will end up improving or
worsening its relative position in the final period t + s. In other words, it can be said
that unconditioned kernels measure the transition probabilities from t to t + s.

Unconditioned kernels are used here to test the absolute convergence hypothesis.
Conditioned kernels are an extension of unconditioned ones. In particular, they

allow to identify the factors that eventually lead club convergence dynamics. The
effects of conditioning are identified by changes in shape and location of the kernel,
with respect to the unconditioned case.

Conditioned kernels are here employed for testing both conditional convergence
hypothesis and club convergence determinants.

In the case of conditional convergence, for example, if the unconditioned kernel
shows twin-peaks feature and, after conditioning with respect to steady state proxies,
it is found that the conditioned kernel is single-peaked, then it can be said that club
dynamics is lead by structural differences and that conditional converge hypothesis is
not rejected.

Unconditioned transition probability estimates

This section provides a technical illustration of the methodology employed to estimate
unconditioned transition probabilities, which are used to test the absolute convergence
hypothesis.

Sectoral convergence tendencies are inferred analysing the dynamic behaviour of
cross-country distribution of log-relative labour productivity.31

Individual country i labour productivity, in sector j , at time t is called yit , where the
sector index has been omitted for notational convenience (i.e. yit = log(Yi jt/YUSjt )).

31 Please note that in what follows ‘relative labour productivity’ and ‘labour productivity’ are used inter-
changeably.
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Cross- country, sector-specific, labour productivity distribution, at time t , is denoted
as fYt (yt ), where Yt indicates the corresponding random variable.

It is assumed that year-to-year changes in the distribution of labour productivity
can be represented by an homogeneous Markow process, in such a way that, ∀t :
1. fYt+1|Yt (yt+1|yt ) = fYt+1|Yt (yt+1|yt , yt−1, yt−2, ...)

2. fYt+1|Yt (yt+1|yt ) = fYt |Yt−1(yt |yt−1)

The first property guarantees that only previous period income distribution impacts on
next period one (i.e. history does notmatter). The homogeneity assumption in 2 ensures
that the transition probabilities do not vary with time. Although quite restrictive, both
hypotheses are necessary for estimating long-run transition probabilities given the
available data.

Conditional density functions, fYt+1|Yt (yt+1|yt ), represent the cornerstone of dis-
tribution dynamics convergence analysis. This kind of distribution, in fact, encodes
information about individual economies’ passages over time. Thus, it sheds light on
both intra-distribution dynamics and external shapes, making inference about conver-
gence tendencies possible. For example, observing conditional density mappings, is it
possible to knowwhether poor countries are catching upwith their richer counterparts,
whether rich countries are still enriching, whether countries are converging overall or
are clustering within clubs.

The empirical estimation of conditional densities is handled by nonparametric tech-
niques. To begin, it is worth to recall the definition of conditional distribution, that is
the joint distribution divided by the marginal distribution. In formal terms:

fYt+1|Yt (yt+1|yt ) = fYt+1,Yt (yt+1, yt )

fYt (yt )
(1)

The joint distributionof (Yt+1,Yt ) canbe estimatednonparametrically using abivariate
stochastic kernel, while the marginal distribution of Yt is obtained by numerical inte-
gration of the joint distribution. Finally, the conditional distribution is simply obtained
by dividing one to the other, after appropriate discretization of the joint support.32

Long-run tendencies towards convergence are encoded by the ergodic distribution.
This is the stationary distribution of labour productivity, which will be approached in
the long run should certain technical conditions hold.33 In particular, if the ergodic dis-
tribution is unimodal and has a low variance, then long-run cross-country convergence
can be claimed.

Formally, the ergodic is the distribution f which solves the following functional
equation:

f (yt+1) =
∫ +∞

−∞
fYt+1|Yt (yt+1|yt ) f (yt )dy (2)

32 Bivariate stochastic kernel estimation is performed using the command kdens2 in STATA 12. Marginal,
conditional and ergodic distributions are calculated inMATLAB.All programs are available from the author
upon request.
33 See Stockey et al. (1989); Luenberger (1979).
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In order to compute the ergodic distribution, the support of y is discretized in a set
of N equally large intervals, where interval h is denoted as Ωh .34

Then, the probabilities of transition from one interval to another are calculated.
Formally, the probability of transition from the intervalΩh to another,Ωk , in one time
period, is denoted as

αhk = Pr(yt+1 ∈ Ωk |yt ∈ Ωh)

At this point of the explanation, it is useful to adopt a compact matrix notation. Hence,
the ergodic distribution is the vector p that solves the following system of equations:

p = Ap

(I − A)p = 0

where each component of the vector p represents the probability of y assuming a value
comprised in a given Ω and A is the matrix of transition probabilities αhk .

Since each column of matrix A is a marginal density and then its elements sum to
1, A does not have full rank, and by consequence, the system does not have a unique
solution. To find a unique solution, it is standard to simply drop one row of A (to make
its columns linearly independent) and then add the restriction that the entries of vector
p sum to 1.35 Then, matrix A is rewritten as B

⎛
⎜⎜⎝

1 − α11 . . . −α1N
. . . 1 − αi i . . .

B= −αN−1,1 ... −αN−1,N
1 ... 1

⎞
⎟⎟⎠

The modified system is then

Bp = b

where the vector b, for the constraint added, has all entries equal to 0 except the last
one, which is equal to 1.

At this point, the unique ergodic distribution, p, can be easily found inverting B:

p = B−1b

Conditioning techniques

This part outlines the conditioning technique employed to test for conditional conver-
gence and club convergence determinants.

34 To avoid crude ergodic calculations, it is necessary to work with a sufficiently high N . The present
calculations have been done for N = 50. Using N = 200 does not alter any conclusions, but it has the
disadvantage of slowing down computer’s routines.
35 This constraint must hold for the definition of probability

123



Going clubbing in the eighties 653

Under the conditional convergence hypothesis, cross-country productivity equal-
ization cannot be found in the original relative labour productivity distribution, fY ,
but in the conditioned one, fY |X , where X denotes steady state proxies. Then, the
object of interest is the transition probabilities of the part of labour productivity not
explained by the auxiliary variables (i.e. steady state proxies). Employing the former
notation, such transition probabilities are formally written as

fYt+1|Yt ,Xt (yt+1|yt , xt ) (3)

Exploiting Chamberlain (1984) results, the part of labour productivity orthogonal
to auxiliary variables is computed as ordinary least squares (OLS) residuals of the
projection of labour productivity growth on each of the steady state proxies.36 Such
calculation involves three steps:

1. estimating the part of countries’ relative productivity growth rate explained by
conditioning steady state variables;

2. finding the initial level of relative labour productivity explained by conditioning
steady state variables;

3. combining the previous results to find the level of relative labour productivity
unexplained by the auxiliary variables (i.e. orthogonal to steady state proxies).

Call git the growth rate of yit (i.e. log-relative productivity in country i , sector j at time
t),where again the sector index is omitted for notational convenience.Name ĝi t the part
of git explained steady state proxies, which are investment rate in both physical and
human capital, indicated as rit and hit , and the dummy development, ddev. Finally,
the part of labour productivity orthogonal to steady state proxies, which is the object
of interest, is called ε̂i t .

Step 1 is implemented regressing git on a two-sided distributed lag of conditioning
variables and saving the fitted values. One of such regressions is run for each steady
state proxy. Then, cumulating the fitted values, by country and sector, the part of
countries’ relative productivity growth rate explained by conditioning steady state
variables, ĝi t , is obtained.

Note that in empirical work, multisided regressions are employed to handle endo-
geneity issues, which are represented in this specific case by the likely bidirectional
causality between labour productivity growth rate and steady state proxies. This tech-
nique, introduced by Sims (1972), has been extensively used byQuah,who noticed that
just 2 leads and 2 lags are sufficient to clear the estimated growth rate from feedback
effects, Quah (1996a).

Step 2 is taken running a pooled OLS regression of yit on steady state prox-
ies’ time averages (i.e. rit and hit ) and the estimated growth rate (i.e.ĝi t ). For
each sector, the coefficients that solves the following minimization problem are

36 Quoting Quah (1996a), Chamberlain (1984) finds that:

the projection of growth on investment, not allowing for individual effects, is precisely the best linear
predictor and thus correctly gives residuals that are the components unexplained by (or, more correctly,
orthogonal to) investment.
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used to pin down the initial level of labour productivity explained by steady state
variables, ŷi0:37

minβ1,β2,β3

∑
i

∑
t

[yit − (β1rit + β2hit + β3ddev + ĝi t )]2

In fact, thanks to the estimated coefficients, β̂s, the initial level of log-relative labour
productivity explained by conditioning variables can be expressed as

ŷi0 = β̂1rit + β̂2hit + β̂3ddev

Then, adding the growth rates of step 1, the level of relative labour productivity
explained by steady state variable is calculated as

ŷi t = ŷi0 + ĝi t

Finally, εi t , which represents the productivity level not accounted for (or conditional
to) steady state proxies, is simply found subtracting the estimated relative labour
productivity from the actual one:

ε̂i t = yit − ŷi t

Once country- and sector-specific εi t series have been calculated, the empirical imple-
mentation for testing conditional convergence is the same as absolute (or uncondi-
tional) convergence.

In particular, bivariate stochastic kernel densities fit the cross-country, sector-
specific distribution of relative productivity orthogonal to steady state variables, which
is denoted as f

̂Et+1,Êt
(̂εt+1, ε̂t ). By numerical integration of the joint distribution, the

marginal density f Êt
(ε̂t ) is obtained. Finally, the transition probabilities of Equation

(3) are found dividing the joint distribution, f
̂Et+1,Êt

(̂εt+1, ε̂t ), by the marginal distri-
bution, f Êt

(ε̂t ).
Long-run distribution of relative labour productivity conditioned to steady state

variables is retrieved from the ergodic distribution of random variable ε̂t . Such a
distribution is calculated as for the unconditional case (previous section).

Turning now to club convergence analysis, it should be intuitive that the condition-
ing scheme described so far can be easily extended to determine the relative strength
of club convergence inner drivers.

In particular, when club convergence hypothesis holds, the object of interest
becomes the dynamics of labour productivity distribution conditioned to both steady
state proxies and club convergence driving forces, namely capital and technological
initial conditions. Formally, the following transition probabilities has to be computed:

fYt+1|Yt ,Xt ,Zt (yt+1|yt , xt , zt ) (4)

37 As Quah (1996a) explains, this technique exploits the cross-sectional variation of conditioning variables
to compute the initial value of productivity explained steady state proxies.
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where the variable Z represents either initial capital stock or initial technological level.
To retrieve the relative strength of capital stock (or technology) as club convergence

determinant, relative labour productivity orthogonal to both steady state proxies and
capital stock (or technology) initial level must be calculated. This is done implement-
ing the three steps previously described, taking into consideration capital stock (or
technology) as extra conditioning variable.

By the same tokens as before, the density in Equation (4) and the ergodic distribu-
tions are computed.

To conclude, it is worth noticing that the conditioning scheme here employed allows
not only to work out alternative convergence hypotheses within a unified framework
but also to calculate the ergodic of distributions that have been conditioned to time
varying (and likely endogenous) variables. This latter aspect is particularly worth
because it represents a step forward with respect to long-run convergence analysis
based on both discrete transition probability matrices, such as in Quah (1996a, 1997),
Epstein et al. (2007) and Maffezzoli (2006), and time-invariant conditioning factors
such as in Desmet and Fafchamps (2006).

Statistical inference

The reliability of the kernel density estimations presented in this paper has been
checked through a number of statistical inference routines.38

First, following Salgado-Ugarte et al. (1995) and their survey on different meth-
ods for selecting the bandwidth for univariate density estimation, Silverman (1986)
Gaussian kernel optimal bandwidth has been calculated for each assessed convergence
hypothesis, for all manufacturing sectors under consideration.39

Second, drawing from the work of Fiorio (2004), the asymptotic 95% confidence
intervals for kernel density estimation, based on the theory of kernel density confi-
dence intervals estimation developed in Hall (1992), have been calculated employing
Silverman’s Gaussian kernel optimal bandwidth.40

Third, the number of modes of the estimated kernel densities as well as their values
has been assessed following the ASH-WARPing procedure, Scott (1992) and Haerdle
(1991), employing as optimal bandwith the one of Silverman.41

Finally, the nonparametric assessment of multimodality has been done following
the work of Silverman (1981) as described in Salgado-Ugarte et al. (1997). In par-
ticular, the test proposed by Silverman uses nonparametric kernel density estimation
techniques to determine the most probable number of modes in the underlying density
univariate data, employing bootstrapped samples. Silverman’s test reports the p value
associated with each number of modes for each bootstrapped sample. As such, a test-

38 All the mentioned test have been carried using the statistical software STATA.12
39 In this case, the STATA command “bandw” has been employed.
40 The STATA routine employed is called “asciker”.
41 The STATA routine here employed is called “warpdenm”. It is worth recalling that, following Haerdle
(1991), the number of averaged shifted histograms used to calculate the required density estimations has
been set to 10 and that the Gaussian kernel has been chosen as weight function, i.e. mval(10) and k(6).
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ing procedure should be repeated for a successively larger number of modes until a
sufficiently large p value is obtained, one common rule of thumb is stopping the test
once a nominal p value of 0.40 has been found, Salgado-Ugarte et al. (1997).42
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