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1 Introduction

One of the most interesting and disputed questions in theaenixs discipline during the
last half century has been whether or not poor countries tieigdtch up with wealthier
ones over time or if, on the contrary, the gap between theamchpoor widens. This ques-
tion also reflects an interest in understanding the digiobhwf outcomes across countries
and, implicitly, the determinants of growtBgrlauf, Johnson, and Temp[2005.

Empirical research on this topic is based upon macroecanagyregates and has con-
centrated on testing the neoclassical growth mod&addw (1956 using the estimation
method proposed bBarro and Sala-i-Martir{199]) to investigate whether economies
with lower capital per person at a certain initial point imé tend to grow more quickly
than economies with higher capital per person. If this isdage, there is convergence
among economies over the long run.

The convergence question has also been studied withircplarticountries to analyze
how much regional disparities diminish over time. The d#fece with cross-country con-
vergence analysis is that in such cases it is risky to makengssons across countries on
key model parameters, such as technology, savings, andgpioougrowth rates. On the
contrary, within a single country, it is plausible to assutinat regions exhibit similar-
ities in these and other variables, such as language,utistis, and preferences. This
presumed homogeneity has lead researchers to assumerthatgence is more likely to
hold within, rather than across, countri@&afro and Sala-i-Martin2004).

Empirical research supports regional convergence withdistrial countries over the
long run. Typical examples are given Barro and Sala-i-Martif1992h who find con-
vergence across U.S. states between 1880 and 2000, agrasgde prefectures between
1930 and 1990, and between regions in eight European cesigtween 1950 and 1990
(see als®Barro and Sala-i-Martiff19923).

In the case of Colombia, a heterogeneous country at the tilegatrlevel in economic,
geographic, and cultural aspects, existing research igadiotory. While some authors
argue that Colombia was a successful case of convergenoe s&tond half of the twen-

tieth century, others argue for the persistence of regidisglarities.



The objective of this study is to investigate whether or notoGhbia was a case of
convergence at the department level between 1975 and 20@9tus different income
variables: gross departmental product and gross persmpalsable income. We consider
that the second variable is more appropriate for measuaongezgence in well-being.

The study is constructed around three main questions, fiesstudy evaluates whether
departments converged between 1975 and 2000 and if soMémgence results obtained
using the regression approach contradict the resultsraatavith the distributional ap-
proach suggested bQuah (1997, using bivariate Kernel density estimators. Second,
we determine if the assumption of a common steady state faleplrtments holds or
whether there is evidence of heterogeneity in the modelnpetexrs. Finally, the study
evaluates whether the presence or absence of convergenas signultaneously in gross
departmental product and in gross personal disposablen@co

An important contribution of the study is the first ever testttte convergence hy-
pothesis using time-series cross-sectional data witlerifft specifications to check the
robustness of results. The results are based upon data feotnoGle Estudios Ganaderos
(CEGA) because those data provide the longest time sertegg@'s) computed with a
consistent methodolodl.

To summarize our results, we do not find convergence in grepartimental product
and find no evidence of different steady states across aeears using that variable.
When using gross personal disposable income, we find cozweeg but a very slow one,
and no evidence of different steady states. For both vasalhen using the regression
approach, we find that the best estimators can be achievegljpsoled time-series cross-
section data and assuming homogeneity in the parametatbeFRuore, considering both
variables, we do not find a contradiction in results obtaingidg the regression and the
distributional approaches. Using bivariate kernel dgrsstimators, we find persistence
in the distribution of gross departmental product and sligimvergence in gross personal
disposable income.

One important policy implication of our results is the needperiodically review

whether or not departmental disparities diminish over tbased on consistent time se-

1 CEGA was a large research center financed by a private filamsiigution in Colombia.



ries constructed under a single methodology. We expligiyn that linking different
time series computed with different methodologies can teadcorrect conclusions for
interventions, such as poverty-alleviating policies armizgh strategies. In keeping with
previous studies on this topic (eBonet and Meisel2006g, we consider important the
need to have an explicit regional policy in Colombia to foggeowth in departments
lagging behind national averages, after conducting casbest to assess which policies

could be most effective in each case.

2 Motivation and Background
2.1 Economic Background

One remarkable characteristic of Colombia is the largernmeiequality which exists
at different levels-between individuals, between rural arban areas, and between de-
partments. The country is currently divided into 32 deparita and the capital district of
Bogota. Departments may also be grouped into 5 regions: dhiblizan Region compris-
ing departments with access to the Caribbean Sea; the PReijion, with departments
in the weast coast to the Pacific Ocean; the Central Regiveyiog the three branches
of the Andes mountain chains; Orinoquia, comprising larigéng to the south-east of
the country; and Amazonia in the south, comprising the Cblampart of the Amazon
rainforest (see the map of Colombia in Figd)e

Economic growth over the last 30 years, which was low butlstabmpared to other
countries in the region, comes together with a combinatf@hogh incidence of poverty,
inequality, and violence. In 2004, the percentage of pelbpley below the poverty line
(headcount index) was 52 percent and the Gini coefficient@®8. The homicide rate
was 63 per 100,000 people. Evidence shows that growth sloamgbared to long-term
historical trends after 1970. In fact, after having achiteire1970 a growth rate of 3.1
percent in per capita gross domestic product, growth betvi880 and 1990 occured at
an average annual rate of only 1.2 percent due primarily byattverse effects of Latin
America’s debt crisis. In the 1990s, the average growthwate similar (1.1 percent),

driven by a boom and bust cycle throughout the decade, wlodklaeded in a severe



recession in 1999 (per capita GDP contracted by 5.5 per@abtg1). On the contrary,

in the present decade, favorable external conditions,cespehigh commodity prices

and confidence due to the easing of internal conflict, havé&iboed to the acceleration
of the economyTenjo G. and Lopez 2003 Cardenas2007).

The heart of economic activity in Colombia lies in the CelhtraAndean Region which
concentrates the largest proportion of population witlhi@ major cities. Bogota and
the departments of Cundinamarca and Antioquia account Zgoetcent of total GDP
with Bogota having a high level of participation in total dration (22 percent). This
area concentrates not only manufacturing industry and centemear the cities, but also
coffee plantations and other large-scale agriculturasre

The GDP of departments in the Caribbean Region is based upungnsmall-scale
agriculture, and cattle farming. La Guajira and Cesar arévio largest producers of coal,
while Cdérdoba is the largest nickel producer. Despite ljpgome departments rich in
minerals, this region nevertheless has a high incidenceany, particularly in Cérdoba
and Sucre.

The Pacific Region comprises, relative to the Colombianagyerthree poor depart-
ments and one wealthy one (Valle del Cauca). Chocé, whidteipborest department in
this region and in the country, is predominantly rural andrsely populated, with large
tropical rain forests and humid areas. It is known as thaesirarea in the country (and
even one of the rainiest worldwide) and is geographicalyai®ed from the rest of the
country due to a chain of mountains to the east and the ocetlue iwest. Transport of
population living in the department is largely done by waytsfabundant affluents and
rivers; road infrastructure is minimal. The scarce literatexplaining socio-economic
factors in this department argues that the current digtabwf population and the quality
of institutions may largely be explained by the early setéat of an extractive economy
during colonization, at which time colonizers brought slsto exploit gold mines but did
not establish themselves in the departm@&unet 2007). As opposed to Chocd, Valle
del Cauca is the third largest departmental economy in thatcp after Bogota and An-
tioquia and has some of the most productive agriculturasaras well as a high level of

participation in the manufacturing sector.



During the last 30 years, production was driven in some deyeants by the discovery
of important mineral resources, as is the case for the depatt of Arauca and Casanare,
which have the largest oil fields in the counfri.he same applies for La Guajira, which
has the largest open coal mine in Latin America.

According toMeisel (20078, the burden of poverty in Colombia is geographically
located in the coastal departments and inequality is grdegtisveen departments than
within them. Meisel argues that the urban-versus-rurabdivs not the relevant dimen-
sion upon which to design poverty-alleviating programs the departmental one. More-
over, Meisel affirms that the already-large disparitiestiagreased over the past 15 years
and will not spontaneously disappear merely as a result ckehéorces.

The level of empirical research addressing regional disearin Colombia has in-
creased gradually since the early nineties, inspired byrttegnational debate on con-
vergence and the methodology proposedbyro and Sala-i-Martitf1991). Since then,
approximately 20 papers have investigated whether depatinregions, or even major
cities have converged over time. Important shortcomingthiis field arise due to the
absence of consistent time-series data allowing for a teng-perspective. As a conse-
guence, results frequently depend upon how the researoh@riced the available time
series, as well as on the methodology and control varialdesl,uwith no robust and
undisputed evidence concerning departmental convergence

Debate in this field revolves around two issues: first, a natogical discussion as to
whether or not to rely on the methodology proposedlayro and Sala-i-Martif19923
or on the distributional approach proposed®yah(1993h, and second, whether one
should use information generated by Departamento Nacidaadtstadisticas (DANE),
rather than by Centro de Estudios Ganaderos (CEGA).

Early studies used Barro-type regressions. The pioneek efo€Cardenas and Pontén

(1995, combining early GDP data by department from the Natiofeiing Department

2 These departments are included in our sample as one grougdniimevos Departamentos (Nuevos),
meaning new departments. The so-called New Departmentdigtributed in the south-east lowland
plains, the Amazon Region, and the Caribbean islands. Hxcgethe islands, these departments are
large in extension but have low population densities.

3 DANE is the official statistical agency in Colomb{attp://www.dane.gov.co/)
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with those produced by DANE, concluded that between 19501880, Colombia was a
successful case of convergence with a 4-percent speeddrgamce, and that migration
played an insignificant role in convergence. Alternativenbaations of data from DANE
yield different results, despite using the same methodol&gr instanceBardon (2003
finds convergence during the eighties but not during theti@saeResearch using kernel
density estimators concluded that Colombia was a case afipation with the existence
of three groups: a wealthy one that diverges from the avemagienal income, a middle
income one that shows convergence inside the group, ancaotie that grows more im-
poverished over timeBirchenall and Murcial997. Using CEGA data, research points
to polarization in favor of the capital district of Bogot#, the detriment of departments
located in the peripherie®6net and Meise0060. Almost all studies focus only upon
convergence in income, while only three ask for convergend®ing standards using
social indicators.

The reader is than confronted with the question of whethdor@bia is a successful
case of convergence or rather an example of hopeless parsstinless strong regional
redistributive policies are adoptéd.

Intuitively, when observing the different geographic cihiadhs of the country and the
agglomeration processes around the largest cities, aswie differences in infrastruc-
ture, it is unrealistic to expect that poor departments aohcup with leading depart-
ments in terms of per capita product, given that they lackchagastructure and have a
minor manufacturing and government presence.

However, there are mechanisms that could have promotecogevce among depart-
ments in recent years. One of them is fiscal equalizationutfirvacentral government
transfers. Starting in the mid eighties, the governmentiemented a decentralization
program to reduce the burden of spending by the central govemt. This process accel-

erated with the new constitution of 1991 which establishe@wa system of transfers in

4 A comprehensive list of convergence studies in Colombialmarfound inAguirre (2008. We deal
with regional convergence in social indicators in Colomihia companion papeBfanisa and Cardozo
2009.

5 Research using alternative methodologies and lookingrikatjes among regions found that Colombia
has limited spatial interdependen¢yaddad, Perobelli, Bonet, and Hewing08.



order to increase the efficiency of social expenditures,elkas the supply of social ser-
vices, compensated municipalities with weak financial céjes, and increased political
power and the participation of local governments in the enpgntation of health and edu-
cational policiesDepartamento Nacional de Planeacion DRBO2 Rojas 2003 Barrera
and Dominguez2006. As a result, social spending increased from 7 to 15 petoent
tween 1991 and 2001. Moreover, starting in the eightiesyrtbdel of industrialization
through import substitution changed to the policy of libezation of the economy, reduc-
tion of tariffs, and integration into the world markets irder to increase competitiveness,
productivity, and economic growth. This shift also accaled after the constitutional
reform.

Another possible mechanism for convergence is migratiangdneral, the country
underwent an important urbanization process in recentd#scancouraged by industri-
alization around urban centers and a higher orientatiomtdsvexport markets. Labor
mobility was a combination between voluntary migrationéeonomic gain (which prof-
ited from increasing returns to scale in the manufacturigga@’) and forced migration
due to violence, which migration helped enlarge informatkats. Migration from rural
to urban areas accelerated during the twentieth centurg pEncentage of population
which is urban changed from 59 percent in 1973 to 75 perce@00b due not only
to a transformation from a predominantly agriculture-lobbseonomy to a services and
industry-based one, but also due to conflict, violence, dadkaof opportunities in rural
areas furad R, 2003.

In this context, the substantive question we try to empligicanswer in this study is
whether or not Colombia was a case of convergence at thetdeparevel between 1975
and 2000. Thus, if poor departments had greater growth tfze@svealthy ones over time
and the gap between them decreased. Our interest reliescigeing the debate on the
existence of convergence across departments in Colomhaadlyzing methodological
issues and data sources that may have had affected resuibsnggv. One important
motivation of this study is the policy implication that caesult as a consequence of
wrongly assuming that departments converge automatioaély time.

In order to explain the importance of the data used and thsifplescombinations of



time series, we explain in the next subsection the availddtia sources and the relevance
of two variables, gross departmental product and gros®palslisposable income, argu-

ing that the second one is more appropriate for measuringeecgence for well-being.

2.2 Data Issues Affecting Convergence Results in Colombia

There are two different data sources of departmental acsaniColombia: Department
of Statistics (DANE) and Centro de Estudios Ganaderos (CEGA

DANE provides per capita GDP by department for three diffeqgeriods: one for
1980 through 1996 in constant prices as of 1975, one for 1@@tigh 2000 in constant
prices as of 1994, and a final one for 2000 through 2005 in eangtrices as of 2000.
The first period was calculated applying concepts of theeBysif National Accounts
of 1986 (SNA-86) and used an indirect method for collectmigimation. The second
period was calculated using the System of National Accoont$993 (SNA-93) and
combined direct and indirect methods for collecting infatimn® The third period did
not include illicit crops in its estimation and is also baspdn SNA-93. The classification
of sectors, transactions, concepts, and methodology eldacansiderably in the SNA-93
and allowed for the inclusion of illegal activities as paittee GDP DANE, 2008.”

It must be noted that statistical offices use different tégpines to produce consistent
time series of national accounts, particularly when iraéiomal guidelines changeFor
instance, most (OECD) countries make regular revisionstiort time periods (usually
of about twenty years) to incorporate new available infdromeand benchmark revisions,
in order to provide users with consistent time series. InnLAmerica, only Chile and
Peru offer consistent large time series of regional pertadpDP using statistical or in-
terpolation methodsSerra, Pazmino, Lindow, Sutton, and Ram;jr2206).

In Colombia, DANE collected information for some overlapgiyears using both

6 Direct methods take departmental information by productmaver data sources are available. Indirect
ones use national aggregates and assign each departmeceatpge of those aggregates.

’ The main changes concern the measurement of value-addes] thg reclassification of transactions in
the government sector, changes to the capital account, radldigtivity levels for the banking, energy,
and insurance sectors.

8 Techniques can be broadly classified into four groups: éetaéworking, proportion methods, interpo-
lation between benchmarks, and indicator methods.



methodologies, but did not construct a consistent timeesdyased only upon one. Al-
though users do not have enough information to consistestlympute long time series,
they tend to rebase series and connect them using grows) rveitéch can be problem-
atic®

Comparison of the series for the overlapping years shovierdift departmental growth
rates and a different evolution of the logarithm of the staddieviation, explaining why
convergence results change depending on how and when gecher linked the differ-
ent data series. Note in Figu6ethat the annual standard deviation of the logarithm of
GDP of the three series of DANE yields different patternsthimseries of 1980 to 1996,
the standard deviation increases sharply starting in 1®B0e in the series from 1990 to
2005, it remains close to 0.36 until 1997 and falls thereaf@B®mncerning the third time
series (2000 to 2005), the trend is similar to the series380through 2005, but the level
of the standard deviation is higher.

The CEGA project compiled information at the departmeraaél in Colombia from
1975 to 2000 using SNA-93 and presented a simplified systematanal accounts. The
project used mixed methods for collecting informationseslied some particular prod-
ucts differently than DANE, and did not include illicit crepn the agriculture category.
Departmental results coincide between CEGA and DANE fro®@018nwards because
both use SNA-93 (there are, however, important differeregere 1990). CEGA pro-
duced consistent time series of two key variables relevartdnvergence analysis, gross
departmental product, which we will call henceforth PDBd gross departmental in-
come, which we will refer to as IDB. The first variable reflepteduction by residents
in each department, while the second reflects the primaniecreceived by those res-
idents. The difference between these variables is the rietret income of residents.
CEGA also provided time series of gross household dispesabbme by department,
which we will call IDBH, and which is the result of househdladsome after subtracting

taxes on property and rental income and net payments to tial security, and adding

9 For instance, the Canadian statistical office explicitlghpbits users from simply rebasing series using
growth rates due to the large methodological differenceseld from changing to SNA-93, and argues
that only the statistics office in charge may comply serigsgudetailed accounting and recomputing
information according to the new procedurkal( 1999.
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other net current transfers. This variable is a more aceunaasure of a population’s wel-
fare than per-capita PDB, as it reflects household inconeg pétying taxes and having
received transfers from public and private social projétts

Due to the advantages provided by the CEGA database, andsagatiabase is the
only consistent time series covering a long time span, wegnmteresults and discussion
on convergence for per capita PDB and IDBHOur final data set covers the period
of 1975 to 2000 for 23 departments, the capital district o§&d, and the nine “New
Departments” grouped into one observation, for a total ofi@fs and 25 years?

To calculate per capita figures of both PDB and IDBH, we usédtast available pop-
ulation data, computed after reconciliation of the ceng005 with previous censuses.
According to the census of 2005, population is less than Wadtbeen forecasted using
the 1993 census due to a lower birth rate and increased ekteigration DANE, 2007).
Although in most of the departments population was overeded, there are some par-
ticular cases in which the contrary situation applies. Weyesarly population data at the
departmental level froANE (2007 for the years 1985 to 2000, and for the years 1975
to 1985, we interpolated departmental population usingtimial growth rate from 1973
to 1985 based on the 1973 census. The obtained values showsiagteat evolution of
population by department once connected to the officianeds from 1985 onwards.

Box plots of per capita PDB and IDBH in logs are shown in Fig@and3. Box plots
of relative PDB and relative IDBH in logs are shown in Figudesnd5. By relative we
mean that the variables are expressed as ratios to the alaie@rage of the corresponding
year. We can see that the ordering of departments is similaoth types of graphs, in
levels and relatively, particularly in the upper and lowedg. The five departments with
the lowest per capita PDB are Choc6, Sucre, Cérdoba, Naaifb Cauca, four of these

being located on the Pacific Coast. Bogota, Valle, Antioghigevos Departamentos, and

10 The abbreviations used refer to the original names in Shais Producto Departamental Bruto (PDB),
Ingreso Departamental Bruto (IDB) and Ingreso DepartaaieBtuto (disponible) de los Hogares
(IDBH).

11 As will be explained in the next section, it would be best torkvavith data expressed as per unit of
effective worker, but due to data availability, researstadten use per capita figures.

12 The New Departments have existed formally since the 199%titational reform when nine former
intendancies and commissariats were acknowledged astoepds (Amazonas, Arauca, Casanare,
Guainia, Guaviare, Putumayo, San Andrés y Providencigy&swand Vichada).
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Cundinamarca have the five highest PDBs. Concerning petacHpBH, departments
with the lowest values are almost the same, excepting Sdetamstead of Nuevos. The
box plots show large variability in per capita figures of Grain both PDB and IDBH and
low variability for Bogota. This pattern is accentuated gufies relative to the average, as
well as for the group of Nuevos and observing PDB. On the eoytthe log of per capita
IDBH shows less variation and dispersion of values, but adriglifference between the
richest and the poorest departments. Note also that the grioNuevos Departamentos
has large variability in PDB. That variability is not viséin IDBH. In the following two
sections, we present two well-known approaches for testingonvergence-the classical

approach to convergence analysis and the distributiomabagh.

3 The Solow Model and Its Estimation
3.1 The Solow Model

Empirical testing of convergence across economies is hgsaathe neoclassical growth
model developed bolow (195613 in which economies have a transition dynamic to-
wards thesteady statedefined as a situation in which all variables per unit of effe
worker remain unchanged over time. In the steady state i@ of capital to labor is
constant given that the capital stock expands at the samasahe labor force, and the
capital expansion is sufficient to compensate for it.

The neoclassical growth model assumes diminishing retiariactors and constant
returns to scale. Due to this assumption, real returns edfa@djust to bring about full
employment of labor and capital. Technology is exogenousisrthe only force that
explains changes in output and capital per worker. Any e&pitlabor ratio different
than the one needed in the steady state readjusts as tinesgasthat economies tend
towards the steady state. The speed at which this happenswmkas the convergence
rate and is inversely related to the distance from the stetadg Durlauf, 1996.

Robert Barro and Xavier Sala-i-Martin suggest that smaliéal values of the capital-

to-labor ratiok, under the framework of the neoclassical growth model, asp@ated

13 The neoclassical model was also developed in the originetsvaf Ramsey(1928 andCass(1965.
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with greater growth rates of the ratio production per worfgarro and Sala-i-Martin
1991, 1992ab, 2004 Sala-i-Martin 1996. They tested whether economies with lower
capital per worker at a certain initial point in time grew raquickly in per-worker terms,

using the following equation:
log[Y(t)] = (1—exp P")log(¥*) +exp P 1og[Y(0)]), (1)

wheret represents timep* indicates how rapidly an economy’s output per effective
workerY approaches its steady-state val(iein the neighborhood of the steady state.
The corresponding definition @f with a constant saving ratds 3* = (1—a)(x+n+9),
wherea is a constant representing the share of capital in produgtiis the rate of popu-
lation growth X is the rate of exogenous growth, abits the depreciation rate. The speed
of convergence is measured by how much the growth rate dexgees the capital stock
increases in a proportional manrtérEquationl implies that the average growth rate of
per-capita outpu¥ over an interval from an initial time O to any future timie(higher
than 0) is

ogY(MNYO) _, (A-exp ) o
DL e B2 iogl9)/9(0), @

wherex is the rate of technological progress or the steady-statethratet® Equation2
also shows that the effect of the initial positi(0) is conditioned on the steady-state po-
sition Y* (conditional convergenceB@rro and Sala-i-Martin2004. The approach sug-
gested byBarro and Sala-i-Martir§2004) is known as the regression approach or as the
classical approach to convergence analySad-i-Martin 1996 Magrini, 2004). There

are two alternatives for applying this concept-testingalosolute convergence or for con-

ditional convergence.

14 Note thatp* is not the same d:% It is the convergence rate in the proximity of the steadiesémd is
determined by(1— a) for given values of x, n, and.

15 Equation2 indicates that the coefficieril — exp PT)/T declines, the higheF is for a given, and as
long asp is positive. Therefore, the average growth rat¥ afecreases ak — o (and thus) dominates
the average growth rate. In contrast, for a gifem highe3 implies a higher coefficieritl —exp #T) /T.
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3.2 Absolute Beta-Convergence

The concept of absolute beta-convergence (also known asditional convergence) is
relevant for a group of closed economies that are strudyusehilar; they have the same
values of the parametexss, n, andd, and thus they have the same production function
steady-state valuds andY*. The only difference is the initial quantity of capital per
persork(0), which reflects past disturbances (wars, transitory shtucggoduction, etc.).
Hence, economies with lower valuesa®) andY (0) have unambiguously greater growth
rates ok andY. The estimation equation for absolute convergence is equatomitting

theY* term:

loglY. /Y1 1—exp PT
al |,t4 i1-T] :a—( Tp )Iog[Yi,th]-FWitL 3)

wherew; 1 represents the effect of the error termsbetween dates andT, i is the
corresponding subscript for each region or country, ardx -+ (1—exp PT)log(Y*).
Absolute convergence arises when the term multiplying tigal income is negative,
and implies that poor economies tend to grow more quickly twaalthy ones. One
can estimate a regression with non-linear least squaresE$Nto obtain the speed of

convergenc@ directly.

3.3 Conditional Convergence

Conditional beta-convergence arises by allowing for logteneity across economies, par-
ticularly by dropping the assumption that all economiestthe same parameters and the
same steady stat®.The main idea is that the further an economy is from its owadste

state value, the more quickly it grows:

log[Y; /Yt 1—exp PT
M —a_ % log[¥i t—7] 4 YXi + Wit T, @)

16 Under the assumption of different parameters, Equaiaould provide biased estimates because the
steady-state level of inc:orr‘faﬁék would be correlated with the explanatory variable[¥g-t]. To solve
this problemBarro and Sala-i-Martif19923 suggest incorporating into the regression a set of vagabl
X; as proxies for the steady-state level of incofﬁé) (and testing for conditional convergence.
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whereX; is a set of variables that proxy for the steady-state levaliaime (?i*). Empiri-
cal studies show little evidence of unconditional convaggefor large and heterogeneous
samples of countries. Instead, they tend to find conditicnalergence in economies
with similar structural characteristicB&rro and Sala-i-Marti1991) with speeds of con-
vergence usually around 2 percent. However, there is neagret on which variables
to include as proxies for the steady state, and their seledipends mostly upon the re-
searcher interest. An extensive review mad®hylauf et al.(2009 shows a list of about
145 different regressors used in convergence literatullgpaimts out that most of them
have been found to be statistically significant. These ssgnes are classified Wurlauf

et al.(2009 into 43 distinct growth theories or growth determinanéssing doubts about

their usefulness.

3.4 Parameter Heterogeneity: Are There Different Steady States?

An alternative way to estimate conditional beta-convecgdn to remove the assumption
of parameter homogeneity, as suggeste€hbypova and Marcgtl995 andMaddala and
Wu (2000, using time-series cross-sectional (TSCS) d&falvocates of this approach
argue that the Barro-type growth regressions create bilasies estimated coefficients by
pooling data whenever there is heterogeneity in the paemdloreover, cross-sectional
regressions lead to a waste of information, since they gnait-specific time variations
in growth rates and prevent the estimation of a steady statedch region or country
separately (e.d-ee, Pesaran, and Smjth997 Temple 1999 Pritchett 200Q Durlauf,
2001, Brock and Durlauf2001 Masanjala and Papageorgj@004).18

Canova and Marcgfl995 propose a way to model heterogeneity and calculate steady

states for each unit without proxying for the steady statemodme with additional vari-

17 For a description of time-series cross-sectional data,feeexample Beck (2001 andBeck and Katz
(2007).

18 As indicated byMasanjala and Papageorgi(2004), parameter heterogeneity in growth regressions has
at least three interpretations: there are(i) multiple dyestates, i.e., the parameters of a linear growth
regression are not constant across countries pugauf, 1996), (ii) omitted growth determinants (e.g.
Durlauf and Quah1999, and (iii) nonlinearities of the production function, .i.¢he identical Cobb-
Douglas aggregate production function may be unsuitabféer Anvestigating the third interpretation,
Masanjala and Papageorgi®004) conclude that using more general constant elasticity o$stution
aggregate production functions does not explain away bgésreity across countries, and they conse-
guently suggest shifting attention to the other two intetations.
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ables. The model allows calculation of the speed of adjustrize each unit to its own
steady state. A weakness of the approach is the need fonkealtmension to be large;
otherwise, estimates will have large standard errors aeid $imall sample distribution
may strongly deviate from the asymptotic one. Using crassitry data, they find an
average speed of adjustment to be close to 11 percent, bat thg hypothesis of equal
steady states for all cross-sectional uhftdJsing an iterative Bayesian approach with a
similar cross-country data séfladdala and Wi{2000 find average annual convergence
rates of around 5 percent and further argue in favor of diffessteady states for each
country.

The estimation relies upon transforming equa®an discrete time as follows:

log(yi,T) = o+ prlog(yio) + YXi + Ui, (5)

wherey; ; is relative output per worker, which will be defined belopr = exp PT, t =
0,1,2,...,T, and the variable¥; are introduced to allow for shifts in the limit of the
steady state means gf The key to allow for parameter heterogeneity relies in gnog
the assumptions th@ =  anda; = a V. The first assumption is expresseddyy# p;
that is to say, the convergence rates among all economiei@ned to be different. After

groupinga; = o + yX;, the final estimation is

log(yit) = ai +pilog(Vit—1) + Uit. (6)

Note that bothCanova and Marc€t1l995 andMaddala and W{2000 use relative per
worker (capita) outpuy;t for the estimation, defined a%;, i.e., per capita output of
regioni in periodt, divided by the national average of output per capita in yeArvalue
higher (or lower) than 1 means that the region has a highdoyeer) per-capita output
than the national average. Usigg instead ofY;; has the advantage that the linear trend
term disappears, as it is assumed that in steady statg aklould grow at the same rate
of technological progress, although the levels may vargldd corrects for problems of

serial and residual cross-unit correlation and avoidsigpeg a process for growth, that

19 According to Shioji (1997 their convergence rates are high due to the type of Bayegiproach and
the short period used (10 years).
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is, whether it is trend or unit-root with drifaddala and Wu2000).

For each region, Equatidhis an AR(1) process dbg(yit). If |p| < 1, the time series
is stationary and given th&(log(yit)) = E(log(yit—1)), the mean ofog(y; 1) converges
in a mathematical sense 5@% ast — oo. If |p| < 1, one could estimate the expected

value as

A

E(logi)) = 15 (7)

whered; andp; are obtained from regressions based on Equdion

According toMaddala and Wi§2000, the conditionp| < 1 ensures that regidrcon-
verges towards its own steady state and is equivalent toetfir@ttbn of beta-convergence
in Barro and Sala-i-Martiff19923. As long as|p| < 1, the speed of adjustment of each
unit to its own steady state is given by-1p;.

Concerning the empirical estimation, and as discusseMagdala and Wy2000),
equatiort can be estimated by (i) pooling the data and assuming/tlat= a andp; = p,
(ii) running 25 separate regressions, one for each depattrabowing for 25a; andp;,
or (iii) through shrinkage estimators that assume ¢thandp; have two components, one
fixed and one random. Additionally, one could estimate Hquat, assuming that there
is a fixed number of groups, allowing, for example, for thrakues ofa andp, in other
words, a1, a», a3 andp1, andp, andps. The departments that belong to each group
should be identified with the appropriate method.

We will estimate equatiof following all the alternatives presented.

3.5 Sigma-Convergence

An alternative to evaluating beta-convergence is to foecus/bether there is a reduction
over time in the dispersion of real per-capita income acesggies, indicating a more

equitable distribution of income. This is called sigmaxsengence and arises when for
T>0

Ot+1 < Gt, (8)
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wherea; is the standard deviation of real per-capita income in peti(Gala-i-Martin
1996. The existence of beta-convergence tends to generatesignvergence. How-
ever, there are cases in which shocks affecting each eifieyahtly lead to the existence
of beta-convergence but the lack of sigma-convergence. example given byGala-i-
Martin (1996 in this regard is clear. Assume two economies, one rich arelpmor.
The initial poor economy grows so quickly that in the finalipdrits distance from the
rich one is the same as before, except that now the poor egoisothe wealthier. In
such a case, the resulting standard deviation would be the sathe initial and final
period. One would observe beta-convergence, given thgbdbe economy is growing
more quickly than the rich one, but no sigma-convergencecklesigma-convergence is
an indicator of dispersion of the overall entities, but doestell much about mobility of
each one. Beta-convergence is thus a necessary, but noiesuffcondition for observing

sigma-convergence.

4 Distributional Approach: Quah’s Critique

One important critique to the standard regression appreashraised by Danny Quah
(Quah 1993ab, 1996 1997, who argues that neither beta nor sigma-convergence can
deliver useful answers to the question of whether poor ¢c@msbr regions are catching up
to wealthier ones. Quah argues that the classical apprazhribt give any information
about mobility, stratification, or polarization, and sugigethat the typically obtained 2-
percent speed of convergence is a statistical artifactattisds in moderate size samples
for reasons other than convergen@aflauf et al, 2005. In his analysis using cross-
country data, Quah finds some evidence of convergence dubajso evidence of poor
countries becoming progressively poorer and wealthy casteven wealthier.

Quabh initially suggested working with a sequence of inconséributions and, after
discretizing the space of income values, counting the @bsetransitions into and out
of the distinct cell values to construct a transition praligbmatrix (Quah 1993ab).
Later,Quah(1997) argued that the discretization could distort dynamickeéfiinderlying

observations are indeed continuous variables. He propbsddng of the distinct cells as
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tending towards infinity and towards the continuum, withttia@sition probability matrix
tending to a matrix with a continuum of rows and columns, tbadbecoming a stochastic
kernel?®

The methodology is based upon tracking the evolution ovee tf the entire cross-
sectional distributions across regions through the esitbimaf kernel densities for “rela-
tive” variables, which means that the variables of inteaestexpressed as being relative to
the national average, allowing abstraction from changéisenrmean when one evaluates
how the distribution changes.

Before we define how we proceed to test for convergence usmgistributional ap-
proach, we briefly present some concepts needed for ourag&ims!

For the distributional approach, all variables are exmeselative to the Colombian
value. Additionally, we take the logarithm of the relativariable, as it facilitates the
comparison to the national level. Expressed in logs, aivelaglue equal to O indicates
that the department has the same value as the country, wallei@ that is, for example,
equal to -0.05 means that the value of the department is ®piElmver than the national
value.

A univariate kernel density estimate may be regarded asexgkzation of a histogram:

=2 () ©

wherek is a kernel, m is the number of observations, and 0 is the bandwidth, also
called the smoothing parametérin the context of growth convergence, we are interested
in checking whether we find unimodality or multimodality imet estimated densities of
the logarithm of relative income, and in what way the estedatensities change between
the starting and the final period.

Bivariate kernel density estimation requires two-dimenal data and a two-dimensional

20 For a technical derivation of a stochastic kernel @eah(1997, section 4).

21 A review of the statistical principles of univariate and tivariate kernel density estimations can be
found, for example, itdardle, Maller, Sperlich, and Werwal{2004).

22 Kernel refers to any smooth function satisfying the cowdisik(q) > 0, [k(q)dq= 1, [gk(g)dg=0,
ando? = [ g?k(q)dg > 0 (Wassermay2006).
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kernel. HereQ = (Q1,Q2)" and the kerneK mapsR? into R, . The estimate is

(@ = 3. garr <M -0, (10)

whereK is a bivariate kernel function, m is the number of observetj@andH is a sym-
metrical bandwidth matrix.

For the analysis of convergence, we estimate the bivareategkdensity for the relative
variable in two periods and check whether or not a large pomif the probability mass
remains clustered around the 45-degree diagonal, whicldviredicate persistence in the
distribution. We present the 3D representation of the edtohbivariate density and a

contour plot showing the highest density regions.

5 Empirical Estimation and Results

We empirically test for convergence in PDB and IDBH, usinghiibe classical and distri-
butional approaches to convergence, as we are interesteéaking if, in the Colombian
case, there is a contradiction of the results obtained wheiaying both approaches, as
suggested by the existing literature on Colombia. We do setwpulation weights in our
calculations, as we are interested in investigating whieth@ot departments that were
lagging behind have been able to catch up, and consideiotbis & pertinent question in
the Colombian case where departments are important @bldrdities, with elected local
governments and separate department assemblies.

Our empirical analysis begins with the classical approgestjng for sigma and beta-
convergence. In the case of beta-convergence, we testusdsoid conditional conver-
gence. Conditional convergence is tested with crossesedtregressions with control
variables and also with AR(1) regressions using time-seness-sectional data for rel-
ative income, starting with a pooled model that assumes lgemeity in the parameters
and then allows for heterogeneity.

We then follow the distributional approach and compute arate and bivariate kernel

density estimators for relative income in 1975 and 2000.
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5.1 Sigma-Convergence

Results of sigma convergence are presented in Figuks may be observed, there exists
evidence of sigma-convergence in IDBH but not in PDB. From5l® 1984, the standard
deviation of the log of both variables remains close to OF@m 1985 onwards, IDBH
decreases and has a value close to 0.32 in 2000. On the gomEB remains around
0.40. Thus, the distribution of IDBH has become more eqtatalhile the distribution
of PDB has not.

5.2 Absolute Beta-Convergence

Figure8 shows a weak inverse relationship between the growth ragere¢apita PDB be-
tween 1975 and 2000 and its value in 1975. Cross-sectiogiassion results based upon
Equation3 and using NLLS are shown in Tab® We use HC3 robust standard errors
as proposed bpavidson and MacKinnoK1993 to account for possible heteroscedas-
ticity, considering that the number of observations is $ifiaing and Ervin2000. The
estimated speed of convergence is 0.7 percent, but it isigrfisantly different from 0

at the 5 percent level. The adjusted R-squared of the regressextremely low (0.01)
suggesting that this model does not explain departmentBIg#Dwth rates. These results
do not change if one excludes Choc6, Nuevos, and Guajirashatave a large influence
on results, as suggested by Cook’s distance computed ladtérst regression (Figu®.

In the case of IDBH, Figurd0 shows a stronger negative relationship between the
growth rate of per-capita IDBH between 1975 and 2000 andabsevin 1975. This is
confirmed with the regression presented in Taéhlhere the estimated speed of conver-
gence is 1.2 percent and statistically significant. ThestdpiR-squared is 0.35. Exclud-
ing Guajira, as suggested by Cook’s distance, and thennmegmgrthe regression yields
similar results.

Hence, we find evidence of absolute beta-convergence UsBig,lbut not using PDB.
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5.3 Conditional Beta-Convergence Using Control Variables

As explained in Subsectidh3, one may drop the assumption that all economies have the
same parameters, and hence the same steady state, androyydqr the steady-state
level of income with a set of variablé§, running regressions based upon Equaion

There is no agreement as to which variables to include asgwdar the steady state
with cross-sectional datd(rlauf et al, 2005. We use variables that are based upon
theoretical arguments and our choice is limited by datalaviity at the departmental
level. We use the logarithm of population growth and a vaeiblased upon saving ratés.
Additionally, we use three variables proxying for humanitaplog of life expectancy in
1975, log of literacy in 1973, and log of net enrolment rat2985. Several specifications
for the average growth rate of per-capita PDB are shown ineTaland for per-capita
IDBH in Table5.24

Results for PDB show that the speed of convergence remaitistitally insignificant
in all the specifications, including the variables proxyfogthe steady state, as was the
case with absolute convergence. We find no evidence of g¢onditconvergence using
PDB data.

In the case of IDBH, where we find evidence of absolute corarerg, once we include
variablesX; proxying for the steady-state level of income, the speeao¥ergence turns

insignificant. We find no evidence of conditional convergeunsing IDBH data.

5.4 Beta-Convergence Using Time-Series Cross-Sectional Data

Recall that with TSCS data, the regression is based upontiégéadefined in subsection
3.4as

log(yit) = o +pilog(yit—1) + Ui,

which uses the measure of relative incogng that is, income of each department ex-

pressed as the ratio to the national average. One may esttheequation in several

23 As the saving rates that are available fr@BGA (2006ha) include values that are negative, we add a
constant to all values, so that the transformed data ar@sitiye and we can compute the logs.
24 The number of departments included depends upon datalailitila
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ways. First, we begin by pooling the data, assuming homatemethe parameters.
Second, we use linear mixed models where the parameterssuead to have a fixed
component, common to all departments, and a random pantd, e estimate 25 sepa-
rate ordinary least squares(OLS) regressions for eacly eritnally, we assume that there
are several groups of departments which share the saamelp, and explore this issue
with finite mixture models.

In all cases, the key issue is whether the estimated valug if®tower than 1, which

would suggest that there is economic convergence.

5.4.1 Pooled Data and OLS

The assumption ofi; = a andp; = p V; in Equation6 is equivalent to assuming that
there is a common steady state to all departments. Hencegghks are comparable to
those obtained using cross-sectional data when we testedb$olute beta-convergence
in subsectiord.2

Tables6 and 7 present the results for PDB and IDBH using TSCS pooled datia an
estimating with OLS. In both cases, the estimaped less than 1 (0.989 for PDB and
0.986 for IDBH). However, it must be noted that while the walliis not included in
the 95 percent confidence interval@for IDBH, it is included for PDB, confirming the
evidence of absolute convergence in IDBH, but not in PDB.

For IDBH the implied estimated speed of convergefpceomputed with the estimated
p value, is 1.4 percent, slightly higher than the one obsengsty cross-sectional data in
Section5.2

5.4.2 Mixed Models

We follow here a frequentist approach for the estimationeuidion6. Following Mad-

dala, Trost, Li, and Joutd 997 and using matrix notation, we define
log(yi,1) 1 log(yio) o Ui 1
: , Xi=1 : ,bi=<p,'),andUi= : :
|

Z = :
log(yiT) 1 log(yiT-1) Uit

withi =1,...,N, whereN is the number of regions in the data.
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We consider the autoregressive regression model
Z =Xb+U, i=1..N, (11)

with the assumptions; ~ N(0,0?1), andb; ~ N(i, %), wherel is the identity matrix and
Y is a nonzero covariance matrié We further assume that thg are independent across
theN equations, and th& andU; are independent for different regions.

We work with a linear mixed modeMcCulloch and Sear|e200)). If we write b; as

bi = u+n;, with ni ~ N(0,%), we can rewriteZ;, (i = 1,...,N) as

Zi = X(p+n)+Y;
= Xip+Xini +U; (12)
= Xip+Ww, (13)

with w; ~ N(0,Q;), Q; being the variance covariance matrix defined as
Q = XX +0fl. (14)

In Equationl12, the vectoru represents the fixed effects andrepresent the random
effects. In linear mixed models, fixed effects are used fodetiag the mean of the
response variable and the random effects are used to medetiance-covariance struc-
ture of it (McCulloch and Searle2001). The parameters in our linear mixed model are
theny, Z, andoiz. The last two parameters are in fact variance componenpsgeasnted
in Equationl4.

One can obtain an estimator fprand best-linear unbiased predictors for the random
effectsn; with maximum likelihood or restricted maximum likelihooREML). 26 Here,
we prefer REML for three reasons: (i) the estimators aredapen taking into account
the degrees of freedom for the fixed effects in the modelb@dause of its unbiasedness
in the case of balanced panels, and (iii) as REML estimateesnsto be less sensitive

to outliers in the datd’ With the obtained values fqx andn;, one could compute the

25 The results of the estimation assume no special structutreahatrixs.

26 For the algorithms used for obtaining maximum likelihood aestricted maximum likelihood estimates
in the case of a linear mixed model, #i@heiro and Bate€000.

27 For a review of linear mixed models and a discussion of thienasion with maximum likelihood and
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estimated values for thd differently froma; andp;.

We are interested in the estimation of the fixed effects. As mantioned before, the
literature suggests that in some cases, the estinfiatad be substantially higher than the
one obtained by assuming there are no random effects. Weatspare the results with
those assuming homogeneity in the parameters using ldadihatio tests and the Akaike
information criterion (AIC) in order to investigate if a meoflexible model allowing for
heterogeneity in the parameters should be preferred.

Results for PDB are presented in TaBlel'he estimated coefficients for the fixed effects
are similar to the coefficients estimated when assuming lgemeity in the parameters
(Table 6). In the case op, the estimated value for the linear mixed model is 0.984,
close to the value 0.989 obtained with OLS and assuming ndorareffects. It must
be noted that the standard error of the fixed effeqy &f higher than for the coefficient
estimated in the model assuming homogeneity in the parasadtke estimated standard
deviations of both random effects are quite low, especidiéone fora, with a value
close to 0, suggesting there is no evidence of differentgtstates. The value for the
Akaike information criterion for the linear mixed model @rdgier than for the simpler
model, assuming parameter homogeneity, and hence theesimptlel is preferred. This
is also corroborated by a likehood ratio test.

Table9 shows the results for IDBH. Once again, the coefficientsHerfixed effects are
close to the ones obtained with the model in the previoussedh which we assumed
parameter homogeneity (Tablg, with p equal to 0.986 in both cases. The estimated
standard deviations of both random effects are low, in paldr the one fon, which is
close to 0, giving no support for the existence of differeéatdy states. The AIC suggest

that the simpler model is better, which is confirmed with alitkood ratio test®

REML, seeMcCulloch and Searl€001).

28 Although it is possible to calculate the implied speed ofvasgence for each department, the interpre-
tation is difficult. For illustrative purposes, we presdrdm in Tables0for PDB andl1for IDBH. The
associated speeds of convergence have a larger varidbili3DB than for IDBH. The average speed of
convergence is 1.6 percent for PDB and 1.4 percent for IDBH).
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5.4.3 Separate Regressions for Each Department

We also treat all departments as separate entities and AIR@ regression for each one.
These separate regressions shed light upon the effecttofgdass on current values, but
due to the low amount of observations for each departmentdaEs), estimations are not
reliable. In Tablel2, we present results for PDB. The slope coefficiens lower than
1 for all departments but has large standard errors and isigiificant at the 5-percent
level for Cauca and Boyacd. The resulting speeds of convergence are implausibly high
with values ranging from 10 to 60 percent in the case of PDEsalt influenced by the
fact that the period only covers 25 years. Results for IDBélsamilar (Tablel3).

The graphical analysis of each time series is more inforeatin Figurel2, we plot
the individual time series for relative PDB in logs for allpggtments. We observe that in
almost all departments, the values change little over tintethe series seem stationary.
They remain either above or below the national average Wélekception of Guajira and
Nuevos. The time series do not become closer to the natiahas wver time, except for
Guajira, indicating a lack of economic convergence amompgdements.

Results for IDBH (Tabld 2) show that most of the time series seem stationary. Interest
ingly, the wealthiest department, Bogota, moves sligHtiger to the national average, as
does as the poorest department, Chocdo. Guajira, althouwgimiieg closer to the national

average, still remains below it.
5.4.4 Mixture Models

In the previous sections, we estimated a model assuming taatip are the same for all
departments. We then allowed these parameters to be differeeach department, in the
context of a linear mixed model, where the parameters atevas to have a fixed com-
ponent, common to all departments, and a random part. Theestimated 25 separate
AR(1) regressions, one for each department.

Another possibility is that there are several groups of depents which share the

samea andp. We explore this possibility with a finite mixture model, assdribed

29 The expected value can be calculated wipgr: 1 and is relevant if — o, so thatE (log(yi)) approaches
i
1-pi
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in Leisch (2004 and Grin and Leisci{(2008. These types of models can be applied,
assuming that observations originate from various growpsye the group affiliations are
unknown. Finite mixture models with a fixed number of compusere estimated with
the expectation-maximization (EM) algorithm within a maxim likelihood framework.

We assume three groups and fit the model with the statistiéalare R R Develop-
ment Core Team2008 and the packag#exmix(Leisch and Grin2008. Results for
PDB and IDBH are presented in Tablk$and15. We show estimated andp for each
group of departments, as well as the departments compoaatggeoup.

Results for PDB (Tabld.4) show that Group 1 includes many of the poorest depart-
ments (e.g., Chocd, Sucre, Narifio, and Coérdoba), Group @nigposed of Nuevos De-
partamentos and La Guajira, and Group 3 includes the riclegstirtments (e.g., Bogota,
Valle, and Antioquiaf® Estimated values fax andp are similar for Groups 1 and 3, with
a being negative and close to 0 apdbeing close to 0.99, a result that is similar to the es-
timated value obtained in subsecti®d.1, assuming homogeneity in the parameters. The
implied speed of convergence for these two groups is clogepiercent. If one believes
in the validity of the estimated expected value of the timmese one would expect that
departments belonging to Group 1 would remain well belowrthgonal average over
time, while those from Group 3 would remain below, as welk Wwauld be closer to it.
As was discussed before, Nuevos Departamentos and La &esgjierienced high growth
rates between 1975 and 2000, associated with the produadtimihand coal. The model
captures this, suggesting that both departments are fartfieir steady states, showing a
large implied speed of convergence (10 percent), and pnegithat both would remain
above the national average.

Concerning IDBH (Tablel5), the grouping of departments is similar as above, with
Group 1 including many of the poorest departments and Groimgl8ding the richest
ones. Group 2 now includes Nuevos Departamentos, La Guajich Sucre. Groups 1
and 3 have values for the estimatethat are quite similar to one another, and close to 0.

Values for the estimateg are also similar with 0.98 for Group 1 and 0.99 for Group 3,

30 Mixture models are only identifiable up to a permutation & tomponent labeld_éisch 2004. The
names, Group 1, Group 2, etc., have no special meaning eté¢ha order of the groups is irrelevant.
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both being close to the estimated value obtained, assuromggeneity in the parameters
(Subsectiorb.4.]). Nuevos Departamentos, La Guajira, and Sucre have vatnesand

p that are different than those from the other two groups {-6a® a and 0.96 forp).
Once again, the model suggests that these departments &aniahe steady state, with
an implied speed of convergence of 4 percent, which speaéaday than that for Groups
1 (2 percent) and 3 (1 percent). Once again, with an analygeesl period of only 25

years, itis questionable whether one should rely upon tti@ated expected values.

5.5 Kernel Density Estimators

All the results for kernel density estimations were comgutéth the statistical software
R (R Development Core Tear2008 and the packagks®3! For both univariate and bi-
variate kernel density estimations, we use Gaussian lseeanel smoothed cross validation
bandwidth selectof$ (Jones, Marron, and Park991 Duong and Hazeltgr2005. In
the bivariate case, the smoothed cross validation is uti@ned, meaning that we do
not impose that the (nonsingular) bandwidth maktixas to be diagonal in Equatid®.
Hence, we are able to handle correlation between compgreetse allow kernels to
have an arbitrary orientatioWand and Joned995. As we are especially interested
in checking whether a large portion of the probability massains clustered around the
45-degree diagonal, this flexibility is relevant for us. léwere to impose a diagonal
matrixH, only kernels which are oriented to the coordinate axes evbalallowed.
Univariate kernel density estimations of the logarithm elative departmental PDB
for the years 1975 and 2000 are shown in Figlée Both densities seem unimodal and
are very similar. Thus, according to this figure, there wdmeoat no changes in the
distribution. Bivariate kernel-density estimators areganted in Figurek7 and18. Both
figures make clear that most of the mass is concentrated #&heng5-degree diagonal
and hence support persistence in the distribution. Dematisrwith a relative GDP that

was above (or below) average in the year 1975 tend to remaweafor below) average

31 ksis currently the most comprehensive kernel density esiimgtackage in Ruong 2008. All the
estimations were done with the functikde

32 We have also tried direct plug-in methods as suggest&hleather and Jon€s991) and obtained results
that are not very dissimilar.
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in 2000. Two interesting cases are La Guajira and Nuevos iepantos, as they show
some mobility. Nuevos Departamentos was close to the radtererage in 1975 and
is clearly above the average in 2000, while La Guajira waarbjebelow the national

average in 1975 and is quite close to it in 2000.

Turning to results using the logarithm of relative deparitablDBH, Figurel9presents
the univariate kernel estimators for the years 1975 and ,Z¥afing a slight shift of the
distribution to the right in 2000. The distribution narraieetween 1975 and 2000 and
the two modes observed in 1975 in the left and right tails efdstribution almost dis-
appeared in 2000. Bivariate kernel density estimators guieis20 and21 show some
mobility, as well. In the contour plot (Figur2l), the mass of the distribution rotates

slightly clockwise, suggesting mild convergence in therthation.

6 Conclusions

Returning to the questions raised at the beginning of theéysiwe do not find absolute
or conditional convergence in PDB using the regressioncaggbr. The distributional ap-
proach shows persistence in the distribution, i.e., nddt the average, each department
remains in the position where it was located in 1975. Resfilb®th methods point in the
same direction-there is no convergence but persistend@hddes exist.

Analysis of IDBH shows absolute convergence using the ssgoa approach. After
testing different models allowing for parameter heter@igmnwe found that there is no
evidence of the existence of different steady states. Tléegdanodel using TSCS pro-
vides our preferred estimators. Bivariate kernel denstymeators show some improve-
ments in the distribution. However, the changes are smallcamsistent with the low
speed of convergence of around 1.4 percent.

Different factors explain our results. Differences in gegay, infrastructure, and pop-
ulation density among departments are relevant factorsplaim lack of convergence in
PDB, as are differences in production structures and valdegby department. Except-

ing for the mining departments, the different productianistiures remained almost un-
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changed between 1975 and 2000 (TabBg3 However, mineral exploitation in Colom-
bia is relatively recent, going back only to the mid eightesd this fact explains why the
group of Nuevos and the department of La Guajira are the artiyali poor departments
that grew more quickly than the wealthier departments, i@icg to PDB data. Previous
literature had already pointed to the fact that once themgidiepartments are excluded,
any hint of convergence disappeaBr¢henall and Murcial997 and that departments
with a high share of agricultural production had the loweasingh rates Bonet 1999.
Three departments concentrated at least 50 percent of PD&linevaluated years: An-
tioquia, Bogot4, and Valle del Cauca. These three depattmwembined produced 65
percent of the manufacturing output in 1975 and 60 perceB000. The stability of the
shares in other sectors is also remarkable, indicatingrtiepatal concentration and low
mobility of production factors across the country.

At least two of the assumptions of the Solow model, which & d@isual theoretical
framework for studying convergence, seem problematicfptieation to the Colombian
case. First, the neoclassical model assumes mobility abrfscwhich is in this case
constrained by geographic, climatic, and infrastructigslies, as well as by the internal
conflict issue. For instance, several productive sectatisgieally suffer from attacks by
violent groups, not only on physical capital, but also huroapital through kidnapping
and extortion. Second, the assumption of constant retarssate is an oversimplification
that does not hold for all sectors in the economy. As has begured byWorld Bank
(2009, while returns to scale in agriculture tend to be constdnase in manufacturing
and services are increasing.

The slow convergence observed in IDBH can be explained Bnteedistributive poli-
cies, particularly higher public spending in social sestand infrastructure. Literature
dealing with the direct link between convergence and pugpending is scarce, but sug-
gests that it affected the relative position of some depamts) although not the distri-
bution as a wholeArdila Rueda 2004, and that efficiency of public spending has been

decreasing over time, mainly due to political interests emruption.

33 Nuevos Departamentos increased its participation fromettgmt of the total in 1975 to 55 percent in
2000.
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Summary of Results
Per capita income measure used

PDB IDBH

Classical Approach: Convergence?
Sigma No Yes
Absolute Beta No Yes
Conditional Beta Cross Sections No No
Conditional Beta Pooled TSCS No Yes
assuming homogeneity of parameters
Distributional Approach
Univariate Kernel Estimators Distribution Dispersion

Unchanged Decreases
Bivariate Kernel Estimators Persistence in Suggests slow

the Distribution Convergence

Note: Results for conditional beta convergence with TSCS datdarttie distributional

approach based on relative values, i.e., ratios to themsdltievel.

Increased social spending has also benefited from miningrsesvenues which are
distributed across all departments through the fiscal sy2telDBH of mining depart-
ments is still very low and did not exhibit the high growthesibbserved in PDB> One
reason for this is that fiscal decentralization began in #te éighties and the reforms
are thus still too recent to be fully evaluated. A secondaeas that financial resources
from mining sectors are not efficiently spent because ofugion and are not sufficient
to compensate for the low starting point in income of theggadenents. Recall that in
1975, La Guajira was the second poorest department in Cadoamal that a large part

of its population is indigenous and poorly linked to the dépantal economy. Previous

34 Oil revenues are divided between direct and indirect regsmand correspond to about eight to 25 percent
of total extracted crude oil income. Direct revenues arsehgiven to producing departments, munic-
ipalities, and ports of exports basically to finance invesitrin social sectors, and account for about
76 percent of oil revenues. Indirect revenues are thosahlistd among non-producing departments
(Hernandez2004).

35 Producing departments are obliged to spend at least 50mi@fce received mining revenues on social
investment until having achieved certain minimum thredadbr infant mortality, health care, education,
water, and sanitation. Indirect revenues are distributedraling to projects presented through territorial
entities (Law 141 of 1994).
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research suggests that even if revenues of coal exports@ubgra were distributed effi-
ciently and without any corruption-related loss (corraptievels seem to be particularly
high in mining departments), IDB of that department would e about 60 percent of
national IDB in 2000ieisel 20073.

Although overall public spending has increased, the tearsfstem bears some disad-
vantages for poor departments. Evidence shows that attdinig all public revenue (not
only that directed to social sectors), there is no fiscal kzatéon in Colombia and the
system is regressive; wealthy municipalities have thedsgbhares of public funds.

Two other issues have to be taken into consideration forpnééing the results of both
PDB and IDBH. One is that in 2000, our last year of analysis,dbuntry was experi-
encing a large economic crisis which affected public andgpei finances. Transfers from
the central government were thus also affected by the césgecond issue is related to
the domestic conflict. Between 1998 and 2002, violence atathbramatically when the
groups involved in the war were fighting one other for contfadtrategic areassanchez
and Palay2006, who deal directly with this last issue, argue that de@diztion poli-
cies, political and fiscal, affected the interests of armezligs and even strengthened
them through the sharp increase in local resources. Theshjgblitical autonomy at
the local level increased the ability of armed groups tamidate politicians and to ex-
tract rents from public funds. Guerrillas relocated in t&tgéc zones with greater levels
of prosperity, the facility for processing illicit drugspe an intimidated local population
(Sanchez and PalaR006.

One of the policy implications of this study is the necessitgnonitoring the efficiency
of social spending and enforcing decentralization palisie that a faster convergence in
IDBH can be achieved. Concerning convergence in PDB, readilon of productive sector
resources is not easy to achieve and could yield to efficiéogses, but the state can,
for example, encourage the accumulation of human capithlraprove infrastructure in
lagging departments, which would help attract investmintise long run. Additionally,
it is crucial to find a way out of the internal conflict to fostactor mobility in Colombia,
particularly in those areas without significant state pmese We consider it vital to have

an explicit regional policy in Colombia to foster growth iemhrtments lagging behind
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national averages, after conducting case studies to as$eds policies could be most
effective in each case.

Finally, for monitoring convergence across departmentienfuture, it is essential to
have consistent time series constructed under a singleoah@thgy. Unfortunately, the
work done by CEGA for the period 1975 to 2000 did not continteadthe years after
2000. Such a project is of high policy relevance for the count
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Tables and Figures

Table 1: Colombia. Gross Domestic Product (Constant MillResos of 1994), Per
Capita GDP and Population. 1980-2006.

Year GDP Per capita Growth Population Growth
(million) GDP rate rate

1980 40822304 1503335 27154504

1981 41846404 1503069 -0.02 27840636 2.53
1982 42160220 1476873 -1.74 28546950 2.54
1983 42820420 1462737 -0.96 29274176 2.55
1984 44217404 1472781 0.69 30023068 2.56
1985 45475604 1476748 0.27 30794424 2.57
1986 48189708 1533078 3.81 31433316 2.07
1987 50775504 1582200 3.20 32091720 2.09
1988 52808848 1611804 1.87 32763808 2.09
1989 54544940 1630958 1.19 33443488 2.07
1990 56873928 1666658 2.19 34124536 2.04
1991 58222936 1671462 0.29 34833548 2.08
1992 60757528 1710026 2.31 35530176 2.00
1993 64226880 1773819 3.73 36208244 1.91
1994 67532864 1832015 3.28 36862624 1.81
1995 71046216 1895088 3.44 37489664 1.70
1996 72506824 1904234 0.48 38076640 1.57
1997 74994024 1940536 1.91 38646044 1.50
1998 75421328 1923949 -0.85 39201320 1.44
1999 72250600 1817821 -5.52 39745712 1.39
2000 74363832 1846071 1.55 40282216 1.35
2001 75458112 1849177 0.17 40806312 1.30
2002 76917224 1861165 0.65 41327460 1.28
2003 79884488 1908947 2.57 41847420 1.26
2004 83772432 1977279 3.58 42367528 1.24
2005 87727928 2045484 3.45 42888592 1.23
2006 93881688 2162904 5.74 43405388 1.20

Source:Own calculations based on National Accounts and Census, ZOUSE
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Figure 1: Map of Colombia.
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Figure 2: Box Plot: Log of Per Capita PDB. 1975-2000.
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Figure 3: Box Plot: Log of Per Capita IDBH. 1975-2000.
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Figure 4: Box Plot: Log of Relative Per Capita PDB. 1975-2000
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Figure 5: Box Plot: Log of Relative Per Capita IDBH. 1975-200
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Figure 6: Sigma Convergence. GDP by Department.
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Figure 7: Sigma Convergence. Per Capita Gross Departnigrtdlct (PDB) and Gross
Personal Disposable Income (IDBH). 1975-2000.
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45



Figure 8: Beta Convergence. Per Capita PDB. 1975-2000.
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Source:Own calculations based on data from CEGA. Constant pricé9e4.

Table 2: Beta Convergence Using Cross-sections and Nomat lreast Squares. Depen-
dent Variable: Average Growth Rate of pc PDB 1975-2000.

Robust HC3
Variable Coefficient Std. Err. 95% conf. interval
Intercept 0.1055481 0.1258539 -0.1548005 0.3658967
B 0.0067474 0.0107561 -0.0155033 0.028998
B (%) 0.67
Number of observations 25
Adj.R-squared 0.0112

Source:Own calculations based on data from CEGA. Constant pricé994.
Source:HC3 standard errors calculated accordin@avidson and MacKinno(i993.
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Figure 9: Beta Convergence without Nuevos, Choco and Gudjier Capita PDB
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Source:Own calculations based on data from CEGA. Constant pricé994.

Figure 10: Beta Convergence. Per Capita IDBH
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Source:Own calculations based on data from CEGA. Constant pricé994.
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Table 3: Beta Convergence Using Cross-sections and Nomt lreast Squares. Depen-
dent Variable: Average Growth Rate of pc IDBH 1975-2000.

Robust HC3
Variable Coefficient Std. Err. 959% conf. interval
Intercept 0.1533007 0.0392428 0.0721207 0.2344807
B 0.0119014 0.0039056 0.003822 0.0199809
B (%) 1.19
Number of observations 25
Adj.R-squared 0.3514

Source:Own calculations based on data from CEGA. Constant pricé9e4.
Source:HC3 standard errors calculated accordin@avidson and MacKinno(i1993.

Figure 11: Beta Convergence without Guajira. Per CapitaHDB275-2000.
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Table 6: OLS Linear Regression. TSCS Data. Dependent Variad)y; ;). Relative Per
capita PDB. 1975-2000.

Variable Coefficient  Std. Err. 95% conf. interval
Intercept -0.0022949 0.0032097 -0.008598 0.0040083
log(Yit—1) 0.9890855 0.0069185 0.975499 1.002672
Implied 3 1.09%

Number of observations 625

R-squared 0.9730

AIC -1632

Source:Own calculations based on data from CEGA. Constant pricé9e4.

Table 7: OLS Linear Regression. TSCS Data. Dependent Variadyy; ;). Relative Per
Capita IDBH. 1975-2000.

Variable Coefficient  Std. Err. 95% conf. interval
Intercept -0.0013856 0.0017381 -0.0047989 .0020276
log(Yit—1) 0.9861798 0.0046479 0.9770525 0.9953072
Implied 3 1.38%

Number of observations 625

R-squared 0.9867

AIC -2183

Source:Own calculations based on data from CEGA. Constant pricé994.
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Table 8: Linear Mixed Model (REML). TSCS Data. Dependentiadale: log(yi ). Rela-
tive Per Capita PDB. 1975-2000.

Fixed effects

Variable Coefficient Std. Err.
Intercept -0.002679 0.003366
log(yit—1) 0.983587 0.008332
Random effects

Standard deviation Estimate

Intercept 6.0571e-09

log(yit-1) 0.016325

Number of observations 625

Number of groups 25

AIC -1606

Source:Own calculations based on data from CEGA. Constant pricé994.

Table 9: Linear mixed model (REML). TSCS Data. Dependentade: log(y; ). Rela-
tive Per Capita IDBH. 1975-2000.

Fixed effects

Variable Coefficient Std. Err.
Intercept -0.001425 0.002192
log(yit—1) 0.985925 0.004710
Random effects

Standard deviation Estimate
sd(Intercept) 0.0000000

log(yit-1) 0.0026213

Number of observations 625

Number of groups 25

AIC -2155

Source:Own calculations based on data from CEGA. Constant pricé994.
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Table 10: Implied Convergence Rates Using TSCS Data andatiiixed Models
(REML). Per capita PDB. 1975-2000

Department Intercept Slope Implied Expected
a p B (%) Value
Nuevos Departamentos -0.003 0.976 2.4 -0.111
Antioquia -0.003 0.984 1.6 -0.168
Atlantico -0.003 0.983 1.7 -0.156
Bogota D. C. -0.003 0.986 14 -0.197
Bolivar -0.003 0.982 1.8 -0.149
Boyaca -0.003 0.981 1.9 -0.140
Caldas -0.003 0.981 1.9 -0.137
Caqueté -0.003  0.990 1.0 -0.265
Cauca -0.003 0.986 1.4 -0.193
Cesar -0.003 0.986 14 -0.187
Cordoba -0.003  0.989 1.1 -0.242
Cundinamarca -0.003  0.983 1.7 -0.161
Choco -0.003 0.994 0.6 -0.483
Huila -0.003 0.983 1.7 -0.162
La Guajira -0.003  0.957 4.3 -0.063
Magdalena -0.003 0.986 1.4 -0.194
Meta -0.003 0.981 1.9 -0.143
Narifio -0.003 0.988 1.2 -0.220
Norte Santander -0.003 0.986 1.4 -0.192
Quindio -0.003 0.977 2.3 -0.119
Risaralda -0.003 0.982 1.8 -0.148
Santander -0.003 0.982 1.8 -0.152
Sucre -0.003  0.998 0.2 -1.095
Tolima -0.003 0.983 1.7 -0.158
Valle -0.003  0.985 15 -0.174
Mean 1.6
Median 1.7

Source:Own calculations based on data from CEGA. Constant pricé994.
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Table 11: Implied Convergence Rates Using TSCS Data andatiiixed Models
(REML). Per capita IDBH. 1975-2000

Department Intercept Slope Implied Expected
a p B (%) Value
Nuevos Departamentos -0.001  0.986 0.0 -0.10
Antioquia -0.001 0.986 1.4 -0.10
Atlantico -0.001  0.986 1.4 -0.10
Bogota D. C. -0.001 0.986 14 -0.10
Bolivar -0.001 0.986 14 -0.10
Boyaca -0.001  0.986 14 -0.10
Caldas -0.001 0.986 1.4 -0.10
Caqueté -0.001 0.986 1.4 -0.10
Cauca -0.001 0.986 1.4 -0.10
Cesar -0.001 0.986 14 -0.10
Cordoba -0.001 0.986 14 -0.10
Cundinamarca -0.001 0.986 1.4 -0.10
Choco -0.001  0.987 1.3 -0.11
Huila -0.001 0.986 1.4 -0.10
La Guajira -0.001  0.985 15 -0.09
Magdalena -0.001 0.986 1.4 -0.10
Meta -0.001 0.986 1.4 -0.10
Narifio -0.001 0.986 1.4 -0.10
Norte Santander -0.001 0.986 1.4 -0.10
Quindio -0.001  0.986 1.4 -0.10
Risaralda -0.001  0.986 1.4 -0.10
Santander -0.001 0.986 1.4 -0.10
Sucre -0.001  0.987 1.3 -0.11
Tolima -0.001 0.986 1.4 -0.10
Valle -0.001  0.986 1.4 -0.10
Mean 14
Median 1.4

Source:Own calculations based on data from CEGA. Constant pricé994.
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Figure 14: Log of Relative PDB. All Departments. 1975-2000.
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Source:Own calculations based on data from CEGA. Constant pricé994.

Figure 15: Log of Relative IDBH. All Departments. 1975-2000
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Source:Own calculations based on data from CEGA. Constant pricé994.
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Table 14: Mixture Model with 3 Components. Fitted with ML. @endent Variable:
log(yit). Relative Per capita PDB. 1975-2000.

Department Group Intercept Slope Implied Expected
a P B value

-0.007 0.988 1.168 -0.618

Bolivar
Boyaca
Caldas
Caqueta
Cauca
Cesar
Cordoba
Choco
Magdalena
Meta
Narifio
Quindio
Risaralda
Sucre
Tolima

Nuevos Departamentos 2 0.015 0.900 9.986 0.153
La Guajira

PRrpPPRP o RPRrRrRrRpRrRFP

2
Antioquia 3 -0.001 0.990 1.045 -0.139
Atlantico 3

Bogota D.C 3

Cundinamarca 3
Huila 3

Norte Santander 3

Santander 3

Valle 3
Source:Own calculations based on data from CEGA. Constant pricé9e4.
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Table 15: Mixture Model with 3 Components. Fitted with ML. @endent Variable:
log(yit). Relative Per Capita IDBH. 1975-2000.

Department Group Intercept Slope Implied Expected
a P B value

Bolivar 1 0.000 0.982 1.757 -0.004

Caqueta
Cauca
Cesar
Cordoba
Choco
Magdalena
Narifio
Quindio
Nuevos Departamentos 2 -0.013 0.961 3.893 -0.325
La Guajira
Sucre

PP LoOPRP R R R

2
2
Antioquia 3 -0.003 0.988 1.174 -0.239
Atlantico 3
Bogota D.C 3
Boyaca 3
Caldas 3
Cundinamarca 3
Huila 3
Meta 3
Norte Santander 3
Risaralda 3
Santander 3
Tolima 3
Valle 3

Source:Own calculations based on data from CEGA. Constant pricé9e4.
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Figure 16: Univariate Kernel Density Estimators of RelatRer Capita PDB. Years 1975
and 2000. Constant Prices of 1994.
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Source:Own calculations based on data from CEGA. Variables in logs
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Figure 17: Relative Per Capita PDB Dynamics. Years 1975 &0 2Constant Prices of
1994.

Source:Own calculations based on data from CEGA. Variables in logs
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Figure 18: Relative per capita PDB Dynamics: Contour Pletarg 1975 and 2000. Con-

stant Prices of 1994.
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Source:Own calculations based on data from CEGA. Variables in logs
Note: Contours are drawn at 30%. 60%. and 90% which are upper gagesiof highest density regions.

The points represent the 25 observations. Points outsed@i¥ contour are identified. A 45 degree line is
added to the plot.
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Figure 19: Univariate Kernel Density Estimators of Relafper Capita IDBH. Years 1975
and 2000. Constant Prices of 1994.
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Source:Own calculations based on data from CEGA. Variables in logs
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Figure 20: Relative Per Capita IDBH Dynamics. Years 197520@D. Constant Prices
of 1994.

Source:Own calculations based on data from CEGA. Variables in logs
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Figure 21: Relative per Capita IDBH Dynamics: Contour Pl¥ears 1975 and 2000.
Constant Prices of 1994.
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Source:Own calculations based on data from CEGA. Variables in logs

Note: Contours are drawn at 30%. 60%. and 90% which are upper gagesiof highest density regions.
The points represent the 25 observations. Points outsed@i¥ contour are identified. A 45 degree line is
added to the plot.
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