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1. Introdu
tionIn
ome disparity a
ross Chinese regions is a major 
on
ern among poli
ymakers, and also an interesting
ase of study from an a
ademi
 point of view. Growing inequality in
reases redistributive tax pressures,whi
h deters investment in
entives and 
an also lead to a more unstable so
io-politi
al environment fore
onomi
 a
tivities (Alesina and Perotti, 1993; Alesina and Rodrik, 1994). Given its potential to thwartboth e
onomi
 growth and stabilisation, inequality and poverty redu
tion a
ross regions is one of thefundamental problems that the Chinese government must solve and, a

ordingly, several initiatives havebeen undertaken to promote in
ome distribution a
ross Chinese regions. One of the most prominent onestook pla
e in the early 2000s, when the Chinese government laun
hed the Great Western DevelopmentProgram (GWDP) with the aim of investing more in the western regions, where e
onomi
 developmentis lower. The purpose of this programme was to balan
e the degree of development a
ross regions andto redu
e poverty, but this expe
tation has not been ful�lled as of today. Therefore, examining whether
onvergen
e is taking pla
e a
ross Chinese provin
es is not only of great signi�
an
e be
ause of the sheernumber of people whose welfare is involved (China represents about one-�fth of the world's population),but also be
ause it makes it possible to evaluate the su

ess of poli
ies designed to alleviate the magnitudeof the inequalities. In addition to this, China has an e
onomy that is undergoing a transition from a
entrally planned to a more market-oriented e
onomy, and whi
h has its own parti
ular 
hara
teristi
s.Therefore, as indi
ated by Sakamoto and Islam (2008), the Chinese 
ase 
ould help to assess whetherswit
hing from 
entral planning to a market me
hanism makes a di�eren
e with regard to 
onvergen
e.This 
ould be in
reased further to examine whether interregional di�eren
es in in
ome levels tend todisappear or to in
rease over time as a result of this transformation.As indi
ated by Islam (2003), there are di�erent de�nitions of 
onvergen
e, ea
h of whi
h is linked togrowth theory in a di�erent way. A

ording to this author, not only are there di�erent ways in whi
h
onvergen
e 
an be understood but also di�erent methodologies to evaluate it. The de�nitions wouldin
lude 
onvergen
ewithin an e
onomy vs.a
ross e
onomies, growth rates versus in
ome level 
onvergen
e,
�-
onvergen
e versus �-
onvergen
e, un
onditional versus 
onditional 
onvergen
e, global versus lo
al or
lub-
onvergen
e, and deterministi
 versus sto
hasti
 
onvergen
e. The methods would be the informal
ross-se
tion approa
h, the formal 
ross-se
tion approa
h, the panel approa
h, the time-series approa
h,and the distribution approa
h. This is perhaps the most 
omprehensive and up-to-date survey, but giventhe importan
e of the issue, other signi�
ant works have also been published su
h as Quah (1997b), Dela Fuente (1997) Durlauf and Quah (1999), or Temple (1999).From these surveys it 
an be seen that there is a substantial body of theoreti
al and empiri
al resear
hfo
using on the issue of 
ountry and regional 
onvergen
e, and the Chinese 
ase is by no means anex
eption. Most previous studies have examined 
onvergen
e a
ross Chinese provin
es using parametri
te
hniques whi
h adopt either 
ross-se
tion or panel data approa
hes (see, for example Rozelle, 1994;Jian et al., 1996; Chen and Fleisher, 1996; Raiser, 1998; Yao and Zhang, 2001a,b; Weeks and Yao, 2003;1



Wang, 2003; Pedroni and Yao, 2006).1 However, the empiri
al eviden
e found in the literature on thesubje
t is rather mixed. For example, Rozelle (1994) found divergen
e within the Jiangsu provin
e forthe 1984�1989 period and (Jian et al., 1996, p. 8) 
on
luded that during the pre-reform period (prior to1978) the Chinese provin
es tended to diverge, while in the post-reform period (after 1978) until 1990, atenden
y towards absolute 
onvergen
e predominated. Nevertheless, this pattern 
hanges to divergen
ein per 
apita in
omes from 1990 to 1993. Using 
ross-se
tion and panel data te
hniques, Chen andFleisher (1996) provide eviden
e of divergen
e in the pre-reform period and 
onvergen
e from 1978 to1993.2 In 
ontrast, opposite results were found by Weeks and Yao (2003) using the GMM estimator.In addition, despite using di�erent methodologi
al approa
hes, Yao and Zhang (2001a,b) found that theChinese regions did not 
onverge in the reform period (1978�1995). Indeed, their results 
learly indi
atedeviden
e of divergen
e in the di�erent geo-e
onomi
 
lubs (
oastal and non-
oastal zones). Only when they
ontrolled for regional e�e
ts and other determinants of growth, did they �nd 
onditional �-
onvergen
eusing the panel data approa
h (Yao and Zhang, 2001b). More re
ently, in a study 
overing the 1952�1997period, and using non-stationary panel te
hniques, Pedroni and Yao (2006) provided empiri
al supportfor the fa
t that the long-run tenden
y sin
e the reforms has been for provin
ial-level in
omes to 
ontinueto diverge. They added that this divergen
e 
annot be attributed to the presen
e of separate, regional
onvergen
e 
lubs divided among 
ommon geographi
 sub-groupings su
h as the 
oastal versus interiorprovin
es or preferential poli
ies. This ambiguity in the results, of 
ourse, depends on the sele
tion of theperiod under study, the estimation method that is used, the variables that the resear
her has 
onsidered,and in studies that examine the di�eren
es in per 
apita in
ome among 
lubs, the a priori sele
tion ofthese small groups of regions, 
ould a�e
t the empiri
al analysis (Maasoumi and Wang, 2008).In 
ontrast, there is little empiri
al eviden
e of 
onvergen
e a
ross the Chinese provin
es using thedistribution dynami
s model developed by Quah (1993a). Only two re
ent papers apply this new wayof analysing e
onomi
 
onvergen
e a
ross the Chinese provin
es: Bhalla et al. (2003) and Sakamoto andIslam (2008).The former investigated 
onvergen
e patterns from 1952 to 1997 using per 
apita data amongChinese provin
es. They 
on
luded that there is eviden
e of 
onvergen
e within the pre-de�ned geo-e
onomi
 sub-regions, but no eviden
e was found of 
onvergen
e between the sub-regions. In parti
ular,they argued that the gap between the eastern and the 
entral regions was small in the pre-reform period,but widened rapidly in the reform period. The same pattern o

urs with eastern and western provin
es,but with a more signi�
ant �u
tuation over time. These results imply a strong divergen
e between thesetwo pairs of regions. More re
ently, the latter authors�Sakamoto and Islam (2008)�found similar results.Indeed, their �ndings indi
ated that the distribution of per 
apita in
ome a
ross Chinese provin
es overtime has attained a bimodal 
hara
teristi
 with two opposing tenden
ies in the two sub-periods 
onsidered(1952�1978 and 1978�2003). During the pre-reform period the dynami
s of the distribution indi
ated thatthere were more provin
es piling at lower values of per 
apita in
ome, whereas during the post-reform1Studies su
h as Rozelle (1994), Jian et al. (1996), Gundla
h (1997), and Yao and Zhang (2001a,b) did not 
onsider theendogeneity or the dynami
s of the models, and were thus in line with the 
ritique stated by Caselli et al. (1996). Only fewworks try to deal with this problem, su
h as Weeks and Yao (2003), Wang (2003) and Ding et al. (2008) among others.2Similar results were found by Raiser (1998) and Wang (2003) for the post-reform period.2



period the dynami
s of the distribution moved in the opposite dire
tion, namely, there were more provin
esmoving towards higher in
ome groups. In spite of these results, Sakamoto and Islam (2008) argued thatthe distribution dynami
s of the reform period do not seem to have led to a stable pattern yet, thusmaking predi
tion di�
ult, and hen
e it remains an open issue to be analysed further.This paper examines the 
omplexity of the 
onvergen
e pro
ess in per 
apita in
ome a
ross the 28Chinese provin
es over the period 1952�2005, whi
h means that our proposal therefore stands with thoseusing the distribution approa
h developed by Quah (1993a,b). Unlike previous studies that apply either �-or �-
onvergen
e in 
ross se
tion or panel data te
hniques (whi
h sometimes require strong assumptions)we allow data to reveal the nature of the relationship of interest by using nonparametri
 te
hniques. It ismainly a data driven approa
h, and we do not impose any assumption or restri
tion on the spe
i�
ationof the density of the distribution. So, in its initial steps, our investigation di�ers only slightly from that
ondu
ted by Sakamoto and Islam (2008).However, we introdu
e a series of variations with respe
t to both Bhalla et al.'s (2003) and Sakamotoand Islam's (2008) proposals. Some of the di�eren
es we introdu
e have to do with the fa
t that theanalyses of Chinese in
ome distribution and 
onvergen
e have dealt with the behaviour of in
omes interms of provin
es�i.e., regional 
onvergen
e. However, as indi
ated by Jones (1997), while this isa 
ommon way to view and analyse data, it 
an be highly misleading: should provin
ial borders bedrawn di�erently, 
on
lusions might vary remarkably. Alternatively, we 
ould weight ea
h provin
e by itspopulation (although other weighting s
hemes are possible) so that the unit of observation was then aperson instead of a provin
e. As indi
ated by Sala-i-Martin (2006), the unweighted approa
h is not usefulif one is 
on
erned about human welfare, sin
e di�erent provin
es have varying population sizes. In thisregard, the most important fa
t to note is that, for instan
e, by 2005 the population living in Si
huanwas more than 20 times larger than the population living in Qinghai or in Ningxia. Disparities wereeven higher by 1952�the population living in Si
huan was more than 40 times larger than that living inNingxia. Therefore, the experien
e of the most populated provin
es largely determines what happens tothe �average� person in China.By weighting by population, some resear
hers have drawn di�erent 
on
lusions to those rea
hed viaunweighted analyses. For instan
e, Jones (1997) showed that the emergen
e of a bimodal distributiondisappeared on
e ea
h 
ountry data point was weighted by population, whereas S
hultz (1998) found that,when one uses population-weights, it is no longer true that in
omes tend to diverge. Given the disparities interms of both population and GDP a
ross Chinese provin
es, one may expe
t some interesting 
on
lusionsalso to emerge in the 
ase of China when 
omparing our results to the unweighted analysis by Sakamotoand Islam (2008).The distribution analysis approa
h is also attra
tive be
ause of its ability to disentangle the existen
eof spatial spillover e�e
ts, in a similar fashion to Quah (1996
). Following this author's approa
h, wemeasure whether these spillovers 
ould exist or not by evaluating the magnitude of the 
ontiguity e�e
ta
ross Chinese provin
es. The rationale for this lies in the fa
t that the e
onomi
 development of a3



parti
ular region 
ould be strongly related to that of its neighbouring provin
es. The issue is parti
ularlyrelevant in the 
ase of China, whose government 
onsidered that by developing the 
oastal regions, the
entral and western provin
es would also boost their development via (spatial) spillover e�e
ts. However,empiri
al eviden
e evaluating these poli
ies is still s
ar
e. Only Brun et al. (2002) have 
ondu
ted resear
hon the issue, their �ndings indi
ating a relative failure of the growth of the 
oastal regions from 1981 to1998 to trigger development in the western provin
es. Therefore, a

ording to these authors, it would bewrong to expe
t spillover e�e
ts to be enough to redu
e disparities between Chinese provin
es, at least inthe short run.The rest of the paper is organised as follows. Se
tion 2 des
ribes the main trends in provin
ialdistribution of per 
apita GDP in the Chinese e
onomy during the period under 
onsideration. Se
tion3 deals with the te
hni
al aspe
ts of the distribution analysis model. In Se
tion 4 we analyse the resultsof applying the model to per 
apita in
ome data for 28 Chinese provin
es. Finally, we present some
on
luding remarks in Se
tion 5.2. Emerging patterns in provin
ial distribution of Chinese per 
apita GDP:1952�2005A 
omprehensive des
ription of the evolution of the Chinese e
onomy is beyond the s
ope of this se
tionand the reader is dire
ted to other studies, su
h as Lardy (1992), Chai (1998) or Bramall (2000), for moredetails. Here, we brie�y summarise the most important trends of the per 
apita GDP and populationa
ross Chinese provin
es during the period under 
onsideration (1952�2005). Table 1 shows the per
apita GDP and population of the 28 Chinese provin
es in 1952, 1978 and 2005, the growth rates ofboth magnitudes for the whole period (1952�2005) and for the two sub-periods 
onsidered (1952�1978and 1978�2005), as well as the 
orresponding standard deviation of all magnitudes reported. As 
an beseen, there are substantial di�eren
es in per 
apita GDP among provin
es in ea
h year, as well as for ea
hprovin
e between 1952 and 2005. In 1952 the average provin
ial per 
apita GDP in China was 140.86 Yuanand its standard deviation was 78.07 (
oe�
ient of variation of 0.55). Between 1952 and 2005, the per
apita GDP of Chinese provin
es, measured in 
onstant 1952 pri
es, was growing at a 
umulative averagegrowth rate of 6.39%, the result being that the average provin
ial per 
apita GDP rea
hed 4470.46 Yuanin 2005. However, by that year the 
oe�
ient of variation had in
reased to 1. This rapid growth and thein
rease in regional disparities have two very di�erent steps in time: prior to the e
onomi
 reforms, i.e.before 1978, and the post-reform period.The pre-reform period (1952�1978) was 
hara
terised by the 
entral planning of the allo
ation ofe
onomi
 resour
es and an unstable politi
al environment. China experien
ed many booms and boosts,like the Great Leap Forward (1958�1961) or the famine 
aused by failures in the agri
ultural se
torfollowing the unstable e
onomi
 and politi
al environment that a

ompanied the Cultural Revolution(1966�1976). Nevertheless, in spite of these turbulen
es the average provin
ial per 
apita GDP grew at4



a rate of nearly 4%, although regional inequalities in
reased signi�
antly in that period. During thoseyears the 
oe�
ient of variation of provin
ial per 
apita GDP in
reased from the aforementioned 0.55to 1.19. The existen
e of barriers a
ross regions (Rozelle, 1994) probably a

ounts for the divergen
erather than 
onvergen
e in per 
apita GDP that took pla
e in the pre-reform period. These barriers areto be understood in the broad sense of the term and are notably related with the mobility of workers,the unequal spe
ialisation in the di�erent e
onomi
 a
tivities of provin
es, the promotion of investmentin heavy industry rather than in agri
ulture or the 
entralised �s
al system (Wei, 1996).In 
ontrast, in the post-reform period (1978�2005), the average growth rate of the per 
apital GDP ofthe Chinese provin
es in
reased to 8.79%, while the provin
ial inequality in per 
apita GDP, as measuredby the 
oe�
ient of variation, de
lined from 1.19 to 1. This period is 
hara
terised by the e
onomi
reforms initiated in the late 1970s, in
luding the progressive adoption of market-oriented and open-doorstrategies for development (that 
ulminated in 2001 with its adhesion to the WTO), and whi
h weregradually transforming the Chinese e
onomy towards a more market-oriented, de
entralised and opene
onomy.To sum up, these stylised fa
ts re�e
ted the most widely extended result in empiri
al studies, i.e. theabsen
e of 
onvergen
e or even divergen
e during the pre-reform period and slight 
onvergen
e in thepost-reform period.3However, a 
loser look at the data reveals that, even within ea
h sub-period, the dynami
s of the �rstmoments of the distribution of per 
apita GDP were very volatile, espe
ially the varian
e throughout the�rst sub-period, but also in the se
ond sub-period.4 Although in the period 1978�2005, the variability ofthe varian
e of the distribution was mu
h smaller, some 
hanges in its trend 
an also be seen. Between1978 and the late 1980s and early 1990s, the varian
e in distribution drops regularly, then the trend
hanges and in
reases again almost to the end of the sample (2004). At the end of the sample a new
hange in the trend of the varian
e appears indi
ating a new de
rease in the inter-provin
ial inequality.Table 1 shows that the performan
es of the provin
es in ea
h e
onomi
 zone (east, 
entral and west) werealso very di�erent to ea
h other throughout the period under 
onsideration. Thus, while the provin
es inthe eastern zone reprodu
e the aggregate 
hanges in average growth and inequality of per 
apita GDP ona di�erent s
ale, in the 
entral and western zones the dynami
s varies markedly between them as well asbetween the two sub-periods. In the pre-reform period the average growth rate of the western provin
eswas superior to that of the provin
es in the 
entral zone (3.87% and 2.66% respe
tively), this di�eren
ebeing reversed in the post-reform period (7.79% and 8.77%). Furthermore, the dispersion of the provin
ialgrowth rates slowed down signi�
antly in the post-reform period in all the zones. At the same time, whilethe inequality among provin
es in the 
entral zone de
lined throughout the whole of the period 
onsidered(the 
oe�
ient of variation was 0.42, 0.37 and 0.31 in 1952, 1978 and 2005 respe
tively), in the westernprovin
es the average inequalities did not 
hange in the pre-reform period and in
reased signi�
antly inthe post-reform period (the 
oe�
ients of variation were 0.30, 0.30 and 0.49 respe
tively). The pi
ture is3See, for example, Bhalla et al. (2003).4We do not report the standard deviation of the all distributions year by year, but they are available upon request.5




omplex, and when we look at the data in more detail, the more di�eren
es we �nd in the performan
e ofdi�erent provin
es and zones. In fa
t, as stated by Quah (1996b,
,d, 1997a), looking only at the �rst andse
ond moments of the distribution is likely to be uninformative in the 
ase of multimodal distributions,as 
ould be the 
ase, and therefore it is better to analyse the entire distribution of provin
ial per 
apitaGDP and its dynami
s.3. Per 
apita in
ome 
onvergen
e as distribution dynami
sThe literature on growth and 
onvergen
e has debated intensely about the importan
e of analysing distri-bution dynami
s in order to understand the me
hani
s of e
onomi
 development. This view was stronglysupported not only by (Quah, 1993a, 1996b,d) but also by many others who advo
ate the analysis ofthe dynami
s of the entire 
ross-se
tion distribution of per 
apita in
ome (or labour produ
tivity). Thereasons for this lie in the fa
t that un
overing all the information on the dynami
s using only summarystatisti
s is a questionable pro
edure. A

ordingly, empiri
al studies have shown 
onsistent eviden
e ofa 
ross-
ountry in
ome distribution displaying bimodality with a marked thinning in the middle. Thistransformation implied that while by the 1960s many 
ountries belonged to the middle in
ome group, bythe 1990s the world polarised into two groups, namely the ri
h and the poor, a phenomenon to whi
hQuah (1996d) refers to as �twin-peak� or �two-
lub� 
onvergen
e. However, as indi
ated by Cetorelli(2002), there is a positive probability of an e
onomy moving from one group to the other, i.e. the bimodaldistribution is ergodi
. One 
an therefore observe previously poor e
onomies that grow rapidly and moveto join the ri
h 
lub; reversals of fortune, where fast growth is only temporary and may be followed byabrupt halts and de
umulation; or e
onomi
 disasters involving previously ri
h e
onomies regressing tolower levels of in
ome (Cetorelli, 2002).The instruments provided by Quah (1993a,b), along with some others borrowed from the literatureon in
ome inequality (Shorro
ks, 1978), are of remarkable interest for analysing provin
ial per 
apitain
ome dynami
s in China. Quah's 
ritique to previous approa
hes to examining 
onvergen
e (basi
allythose based on analysing �- and �-
onvergen
e) points out that 
on
lusions are based on (two) summarystatisti
s only. However, both the mean and the standard deviation give an interesting but in
ompleteillustration of the entire distribution of per 
apita in
ome, for it 
on
eals some signi�
ant features su
h asthe existen
e of multiple modes. This and related phenomena would be overlooked unless an analysis tak-ing into a

ount di�erent groups of provin
es were performed; however, fo
using on the entire distributionis even better than 
arrying out the analysis for di�erent groups of provin
es.3.1. Intra-distribution mobility and ergodi
 distributionsOur variable of interest is the normalised logarithm of per 
apita in
ome, i.e. divided by the mean for the28 provin
es.55For the sake of simpli
ity, we use the 
on
ept of provin
es throughout this paper. However, in China there are 23provin
es, 5 autonomous regions, 4 muni
ipalities, and 2 spe
ial administration regions (SAR). We have ex
luded Tibet6



We 
onsider this type of normalisation be
ause of the informativeness of its interpretation: the 
loser avalue is to the unity, the 
loser it will be to the national average. Therefore, the more values there are 
loseto unity, the higher the 
onvergen
e to this national average will be. Our sele
ted variable is the same asthe one 
hosen by Sakamoto and Islam (2008), but it is normalised in a slightly di�erent way�they usethe log of normalised (divided by the mean) per 
apita in
ome. While it is basi
ally the same variable, we
onsider that ours has the interesting feature of being more dire
tly interpretable�we 
an measure, forinstan
e, whether a parti
ular provin
e has twi
e or half the average. While the normalisation sele
tedby Sakamoto and Islam (2008) provides similar information, it is not as dire
t. Like Sakamoto and Islam(2008), we denote this variable by xi, so that xi = log yi/log ȳ, where yi is the per 
apita in
ome ofprovin
e i, and ȳ is the 
ross-se
tion average of yi.Therefore, in our setting, si,t refers to provin
e i's normalised per 
apita in
ome in period t, whereas
Ft(s) refers to the 
umulative distribution of si,t a
ross provin
es. Corresponding to Ft(s) we 
an de�nea probability measure �t s.t.:

�t((−∞, s]) = Ft(s), ∀s ∈ ℝ. (1)where �t is the probability density fun
tion for ea
h indi
ator a
ross provin
es in period t. Therefore,the model analyses the dynami
s of �t, i.e., the dynami
s of the 
ross-se
tion distribution of per 
apitain
ome,6 for whi
h we 
onsider a sto
hasti
 di�eren
e equation:
�t = P ∗(�t−1, ut), integer t, (2)In the above equation, {ut : integer t} is the sequen
e of disturban
es of the entire distribution, and

P ∗ is the operator mapping disturban
es and probability measures into probability measures. In otherwords, the P ∗ operator reveals information on how the distribution of per 
apita in
ome at time t − 1(yt−1) transforms into a di�erent distribution at time t (yt).Following Redding (2002), we may assume that the sto
hasti
 di�eren
e equation is of �rst order andthat operator P ∗ is time invariant. Thus, by setting null values to disturban
es and iterating in (2) weobtain the future evolution of the distribution:
�t+� = (P ∗ ⋅ P ∗ ⋅ . . . ⋅ P ∗)�t = (P ∗)��t (3)By dis
retising the set of possible values of s into a �nite number of 
ells k ∈ {1, . . . ,K}, P ∗ be
omesdue to the la
k of data. Moreover, this paper fo
uses on Mainland China, and 
onsequently we have also ex
luded Taiwan,Hong Kong and Ma
ao. In addition, Hainan is in
luded within Guangdong provin
e and Chongqing is in
luded as part ofSi
huan provin
e, given that the former was separated from Guangdong in 1988, and the latter was part of Si
huan until1997. This is standard pra
ti
e in Chinese studies. Related to this, there is a debate in the literature about the quality ofChinese statisti
s. However, it is possible to �nd support for the quality of the Chinese statisti
s required to examine thelong-run trends in Holz (2005), Chow (2006) and Bai et al. (2006). We use one of the latest and revised 
ompilations editedby National Bureau of Statisti
s of China (NBS) in 2005 and 2006, whi
h provides us with information that is homogenousenough, both a
ross Chinese provin
es and over time, to perform this study properly. More spe
i�
ally, our main data sour
eis �China Compendium of Statisti
s, 1949-2004�.6From now on, when talking about per 
apita in
ome we will be referring impli
itly to normalised log of per 
apitain
ome. 7



a transition probability matrix
�t+1 = P ∗ ⋅ �t (4)In this transition probability matrix, �t turns into a K×1 ve
tor of probabilities that a given provin
eper 
apita in
ome is lo
ated in a given grid at time t.Dis
retisation divides the spa
e of possible Ft values into dis
rete grid 
ells (what some authors 
all�states� or �
lasses�) ek, k = 1, . . . ,K. Then, after 
lassifying ea
h 
ountry-year observation into oneof the K states, we build up a 5 × 5 matrix whose pkl entries indi
ate the probability that a 
ountrythat is initially in state k will transit to state l during the period or periods 
onsidered (T ). Ea
h rowof the matrix 
onstitutes a ve
tor of transition probabilities, whi
h adds up to unity. The boundariesbetween grid 
ells are 
hosen so that 
ountry-year observations are divided approximately equally amongthe 
ells, ea
h 
ell 
orresponding to approximately one �fth of the distribution of the sele
ted variablea
ross provin
es and time. Interpretation is straightforward: observations in the �rst state refer to thepoorest provin
es. This way of 
onstru
ting is 
ommon pra
ti
e (see, for instan
e Redding, 2002; Lamo,2000). Some other 
ontributors have 
onsidered di�erent 
riteria su
h as sele
ting the limits betweenstates arbitrarily�although reasonably (Kremer et al., 2001; Quah, 1993a). Alternatively, it is possible tododge the dis
retisation problem by 
onsidering sto
hasti
 kernels (Quah, 1996
), although these presentsome di�
ulties for estimating the ergodi
, or stationary distribution.Transition probability matri
es make it possible to measure the probability of a given provin
e movingto a higher (or lower) position on the grid. Cal
ulating the transition probability matri
es starts bydis
retising the set of observations into the sele
ted states ek. The interpretation of the di�erent �gures inea
h matrix is straightforward. In the 
ase of the limits between states, those for whi
h ek = (0.25, 0.50)would in
lude provin
es whose per 
apita in
ome ranged between one quarter and half the nationalaverage. In the 
ase of the di�erent entries in the matri
es, they indi
ate the probability of a givenprovin
e transiting out from its initial state to other states during the period or periods 
onsidered.To 
ompute ea
h transition matrix we 
ount the number of transitions out of and into ea
h 
ell, i.e.,for ea
h pkl 
ell:

pkl =
1

T − 1

T−1
∑

t=1

nt
kl

nt
k

(5)where T is the number of years or periods, nt
kl is the number of 
ountries moving during one period from
lass k to 
lass l, and nt

k is the total number of provin
es starting the period in 
lass l.A

ording to this methodology, transitions are estimated by 
ounting the number of provin
es movingfrom one 
lass to another. However, as indi
ated in the introdu
tion, using provin
es as units of analysiswould not be useful if we were 
on
erned with human welfare be
ause di�erent provin
es have di�erentpopulation sizes. Therefore, the unweighted analysis does not help to answer questions su
h as �Howmany people in China live in poverty?� or �How have poverty rates 
hanged over the last few de
ades?�Therefore, it is also relevant to estimate weighted transition probability matri
es, for whi
h di�erentweighting s
hemes are feasible, and are not limited to just population. The underlying idea is that the8



impa
t on Chinese per 
apita in
ome will be greater if a larger 
ountry transits out than if a small provin
edoes so. Therefore, we 
ount provin
es' transitions, but in this 
ase ea
h provin
e is represented by itsentire share of Chinese population (in the 
ase of population-weighted transition probability matri
es),so that the unit of observation is now a person instead of a 
ountry, i.e. we 
ount the number of personsmoving between states. This issue is often ignored, although ex
eptions do exist, su
h as Kremer et al.(2001) or Jones (1997).By operating with the information o�ered by the transition probability matrix we 
an also 
hara
terisethe hypotheti
al long-term ergodi
 or stationary distribution. The variety of resulting s
enarios might beremarkable, in
luding distributions with the probability mass 
on
entrated mainly in the 
entral 
lasses(indi
ative of 
onvergen
e to the mean if these 
entral states 
ontained the unity), polarised distributions(�twin peaks�) indi
ating that the poorest and ri
hest are be
oming in
reasingly more distant from ea
hother, or one with the probability mass distributed in the extreme 
lasses (tails) of the distribution.Therefore, the ergodi
 distributions make it possible to determine the predominating long-run tenden
yfor provin
ial per 
apita in
ome in China.3.2. Transition path analysis and mobility indi
esWe 
an also evaluate the speed with whi
h the ergodi
 distribution, or steady-state, is approa
hed bymeans of the 
on
ept of asymptoti
 half life of the 
hain, H − L, whi
h is how long it takes to 
over halfthe distan
e from the stationary distribution. Following Shorro
ks (1978), the half life is de�ned as:
H − L = − log 2log ∣�2∣

(6)where ∣�2∣ is the se
ond largest eigenvalue (after 1) of the transition probability matrix. It ranges betweenin�nity�when the se
ond eigenvalue is equal to 1 and the stationary distribution does not exist�and0�when �2 = 0 and the system has already rea
hed its stationary equilibrium (Magrini, 1999).We also 
onsider the mobility indi
es proposed by the literature on e
onomi
 inequality (Shorro
ks,1978; Geweke et al., 1986). As suggested by Quah (1996a), analogously to the measures of in
omeinequality designed to 
ollapse the information 
ontained in an entire distribution into a single s
alar, amobility index summarises the mobility information in a transition probability matrix into one number.We 
onsider the proposals by Shorro
ks (1978) and Geweke et al. (1986), summarised by Quah (1996a). Intheir proposals, by de�ning the mobility index as a 
ontinuous real fun
tion �(⋅) over the set of transitionmatri
es P , it satis�es the properties of normalization, monotoni
ity, immobility, and perfe
t mobility(see Shorro
ks, 1978). This index (�1) evaluates the tra
e of the transition probability matrix, dis
losinginformation on the relative magnitude of diagonal and o�-diagonal terms. It is identi
al to the inverse ofthe harmoni
 mean of expe
ted durations of remaining in a 
ertain state and, following Quah (1996a), its
9



parti
ular expression is:
�1(P

∗) =
K − tr(P ∗)

K − 1
=

( K

K − 1

){

K−1
∑

j

(1− P ∗

jj)
}

=
K −

∑

j �j

K − 1
(7)whereK is the number of 
lasses, P ∗

jj is the j-diagonal entry of matrix P ∗, whi
h represents the probabilityof remaining in state j, and �j represent eigenvalues of P ∗. Large values of �1 indi
ate less persisten
e(or more mobility) in P ∗.3.3. The evolution of the external shape of the distributionsIt is also relevant to provide information on both the initial and �nal distributions for the variable ofinterest, in order to gain further insights into how distributions have evolved. Therefore, for all indi
atorswe provide four sets of additional results, namely, transition probability matri
es, ergodi
 distributions,initial distributions, and �nal distributions.However, in their present form, the three sets of distributions share a 
ommon disadvantage, namely,they are dis
rete and probability is spread out a
ross one set of states only. Although we have providedreasons why su
h a disadvantage may not be as restri
tive as some authors suggest, we try to be asinformative as possible by also providing the 
ontinuous 
ounterpart to this dis
rete estimation, namely,the non-parametri
 estimation of density fun
tions via kernel smoothing. This is the �rst step in Quah'smodel of distribution dynami
s, and it provides remarkable insights about the 
onvergen
e pro
ess. If theprobability mass be
ame tighter, it would indi
ate 
onvergen
e, whereas if it be
ame �atter, it would beindi
ative of divergen
e. As 
an be easily inferred, multiple s
enarios may result.We 
onsider a kernel estimator for ea
h indi
ator:
f̂(x) =

1

Nℎ

N
∑

i=1

K
(∥x−Xi∥x

ℎ

) (8)where x is the point of evaluation, X is the indi
ator of interest, N is the number of observations (
oun-tries), ℎ is the bandwidth, ∥ ⋅ ∥x is a distan
e metri
 on the spa
e of X , and K(x) is a kernel fun
tion (seeHärdle and Linton, 1994) whi
h are generally required to hold that:
∫

ℝ

K(x)dx = 1,

∫

ℝ

xK(x)dx = 0, �2
K =

∫

ℝ

x2K(x)dx < ∞ (9)There are several 
hoi
es for K(x), whi
h may be de�ned in terms of univariate and unimodal proba-bility density fun
tions. For the sake of simpli
ity, we 
onsider a Gaussian kernel:
K(x) = (1/

√
2�)e−

1

2
x2 (10)Weighting densities (in order to provide 
ontinuous 
ounterparts to the weighted initial and �nal dis-tributions) requires slight modi�
ations. Few studies have 
onsidered this, despite its potential relevan
e10



in some spe
i�
 
ontexts. Following Goerli
h (2003), expression (8) is slightly modi�ed to be
ome:
f̂!(x) =

1

ℎ

N
∑

i=1

!iK
(∥x−Xi∥x

ℎ

) (11)where !i is the share of either world output or world population (depending on the type of weighting we
onsider) 
orresponding to 
ountry i.The 
ontinuous version of the ergodi
 distributions is more di�
ult to estimate. In this 
ase, relatedliterature is s
ar
e. Some studies provide estimations for ergodi
 densities (see Johnson, 2000, 2005).However, no studies provide, simultaneously, results for ergodi
 distributions yielded by transition prob-ability matri
es and ergodi
 densities. In order to obtain a fully 
ompatible view between the resultsof the transition probability matri
es and their 
ontinuous 
ounterpart, we generated ergodi
 densities
onsidering the information in the (dis
retised) ergodi
 distributions (1 × 20). Spe
i�
ally, we generatednormal distributions for ea
h of the twenty states over whi
h probability is spread out, with a number ofobservations proportional to ea
h state's share of ergodi
 probability. This generates a pseudo-histogramin whi
h we do not have bars, but normal distributions. Then we pro
eed in exa
tly the same way as whensmoothing both initial and �nal distributions, i.e. by 
onsidering kernel methods to smooth the observa-tions in ea
h of these twenty states. This algorithm yields ergodi
 densities whi
h are fully 
onsistent withthe ergodi
 distributions 
omputed from transition probability matri
es. The 
ontinuous state approa
hnaturally 
omplements the view provided by dis
rete ergodi
 distributions, whi
h tend to summarise toomu
h information in a few states. Although the information provided by ergodi
 densities is essentiallythe same, we remove the arbitrariness implied by sele
ting a grid.3.4. Conditioning on neighbor-relative informationThe te
hniques employed enable us to analyse the importan
e of spatial fa
tors in explaining regional
onvergen
e or divergen
e. In parti
ular, following Quah (1996
), we 
an analyse the role played bysurrounding regions in explaining the dynami
s of regional distribution of per 
apita GDP (
onditionaldistribution dynami
s). The spe
i�
 hypothesis to be tested is whether Chinese provin
es might be 
on-verging with their neighbours, i.e. the provin
es around them. Quah (1996
, 1997a) provides reasons asto why su
h a 
onvergen
e pattern 
ould exist, along with methods to evaluate 
onditional 
onvergen
ewith our instruments. As indi
ated by Quah (1996
), and most of the literature on spatial e
onomi
s, ge-ographi
al lo
ation and spatial intera
tions between regions matter. In
reasing returns to s
ale, togetherwith enhan
ing market a

ess, and probably a 
ombination of labour migration a
ross regions and verti
allinkages between industries explain the 
umulative pro
ess of regional growth, whi
h endogenously turnsinto a polarisation of the spatial distribution of per 
apita in
ome.7 Additionally, the existen
e of lo
al-isation and urbanisation e
onomies, or knowledge spillovers, reinfor
es the 
apa
ity of areas surrounding7From the pioneering work of Marshall (1890) to the more re
ent developments of the �new e
onomi
 geography� Krugman(1991, 1993), e
onomists have emphasized a 
ombination of these for
es to explain the strong lo
alization of e
onomi
 a
tivity.11



more highly developed regions to grow. Not only geographi
al lo
ation but also proximity matters forgrowth. As 
an be seen in Table 1, the Chinese provin
es with higher growth rates of per 
apita GDPbetween 1978 and 2005 (over 9%) are all next to ea
h other and stret
h almost 
ontinuously from Liaon-ing in the northeast to Guangdong in the southeast and to Si
huan in the west. Liaoning, Hebei andShandong are provin
es lo
ated around Beijing and Tianjin; Zhejiang is lo
ated between Shanghai andFujian; while Guangdong and Fujian are lo
ated next to Hong Kong, Taiwan and Shanghai. This set of
oastal provin
es also stret
hes westward through Anhui, Henan, Hubei and Si
huan. Proximity, or eventhe neighbourhood, 
ould be
ome a key fa
tor in its growth.In order to elu
idate the existen
e and magnitude of these spatial spillovers, we 
ondu
ted an analysiswhi
h hinges on the 
omparison of two in
ome series: (i) state-relative in
ome, where we normalise ea
hprovin
e's per 
apita in
ome by the per 
apita in
ome in China (whi
h are the data used to 
ondu
tthe analysis in the previous subse
tions); (ii) and neighbour-relative in
ome, where we normalised ea
hprovin
e's per 
apita in
ome by the average per 
apita in
ome of the surrounding, physi
ally 
ontiguousprovin
es, ex
luding the provin
e itself. As indi
ated by Quah (1996
), it is 
onvenient to 
onsider thesetwo relative in
ome series as the parts unexplained by nation-state fa
tors and physi
al-lo
ation fa
tors,respe
tively. The same analyses as those presented in subse
tions 3.1�3.3 to this new series of neighbour-relative in
ome, fo
using on the 
omparison with the state-relative in
ome series. Interpretations arealso straightforward: the 
loser the values of the neighbour-relative series are to unity, the lower theinequalities among neighbour provin
es will be and, therefore, the higher the magnitude of the spillovere�e
ts will also be. From this, it 
an easily be inferred that 
omparing these two series would be equivalentto analysing un
onditional versus 
onditional 
onvergen
e.4. ResultsResults 
on
erning both transition probability matri
es and ergodi
 distributions are reported in tables2 through 5. They 
onstitute a total of 12 panels in whi
h di�erent sorts of related information arereported. The four di�erent tables present results for the di�erent sub-periods 
onsidered, i.e. the �rstpanel in ea
h table provides results for the entire 1952�2005 period, whereas the se
ond and third panelsprovide results for the periods 1952�1978 and 1978�2005 respe
tively. Furthermore, apart from the analysisof the unweighted distribution of per 
apita in
ome, the additional 
onditioning s
hemes 
ommented onin the introdu
tion are also 
onsidered (GDP-weighted, population-weighted and physi
ally-
ontiguous
onditioned). In addition, the last three rows in ea
h panel display information on the initial, �nal andergodi
 distribution of the variable under analysis.4.1. Unweighted analysisTable 2 reports on unweighted transition probability matri
es for all the periods 
onsidered. In ea
h ofthe matri
es 
ontained in the table, the upper limits have been set to the same values in order to make12




omparisons possible. The 
riterion to spe
ify the grid is the one usually found in the literature (see, forinstan
e Lamo, 2000), i.e. 
onsidering all observations for the entire period 1952�2005 (28 observations peryear and 54 years, whi
h totals 1512 observations), we divide them into �ve equally-sized intervals. Thelimits of the grid are displayed in the �rst row of ea
h panel. Their interpretations are straightforward:the upper limit for the �rst state is 0.919, indi
ating that approximately one �fth of the total numberof observations lay below that threshold�i.e. below 91.9% of the average. At the other extreme, theupper-state has observations lying above 1.061 (106.1%) of the average. Note that the average is unity,sin
e our data have been normalised by the mean: the 
loser a value is to the unity, the 
loser it is to theaverage for its parti
ular year.The 
ontents of ea
h matrix in Table 2 have some 
ommonalities with the 
on
ept of �-
onvergen
e,sin
e they provide information about intra-distribution mobility, or 
hurning (Quah, 1996
). Ea
h 
ell inthe matri
es must be interpreted as the probability of remaining in that parti
ular state after �ve years(re
all that we 
ompute 5-year transitions). For instan
e, the upper-left entry of the matrix in Table2.a would indi
ate that the probability of the observations in the lowest relative per 
apita in
ome state(below 0.919) remaining in that state was 82%, whereas the remainder moved up to higher relative in
omestates. Persisten
e was even higher at the other extreme of the distribution, as revealed by the lower right
ell in the matrix, whi
h indi
ates that 89% of the observations in the highest relative in
ome state remainin the same 
lass after �ve years. The other values in the main diagonal show a higher degree of mobility.For instan
e, entry a22 would indi
ate that, after 5 years, only 62% of observations remain in the samestate of relative wealth, whereas 15% move down to lower per 
apita in
ome states and the remaining 23%move up to higher per 
apita in
ome states. In general, values in the main diagonal 
loser to 1 indi
atemore persisten
e, whereas values 
loser to zero indi
ate higher mobility.In the matri
es examined in Table 2, values on the main diagonal average 0.72, 0.62 and 0.81 forthe periods 1952�2005, 1952�1978 and 1978-2005, respe
tively. This information is ri
h, but it would beri
her still if additional ways of evaluating persisten
e/mobility su
h as the mobility indi
es presented inEquation (7) were 
onsidered. The results of these indi
es are shown in Table 6 and, in general, they
orroborate what the averages for the diagonal entries revealed, i.e. the sub-period 1952�1978 shows mu
hhigher mobility than that of 1978�2005 (0.737 vs. 0.605) and, for the whole period, total mobility liessomewhere in-between (0.674). However, as will be shown below, it is not only the intensity of mobilitythat di�ers a
ross periods but, more importantly, its sign; mobility leads to probability mass 
on
entratingat lower states in the �rst sub-period, whereas the pattern is the opposite for the se
ond one.The last three rows in ea
h table support this 
laim. They 
ontain information on the initial (1952),�nal (2005) and ergodi
 (steady-state) distributions for the three periods 
onsidered. Table 2.a indi
atesthat the initial and �nal distributions do not di�er strongly. What is more revealing is that, under 
urrenttrends, the ergodi
 distribution will be almost uniform, with the same probability in ea
h state. However,we must bear in mind that in our parti
ular setting under 
urrent trends may be a misleading statement,sin
e trends have di�ered remarkably before and after the reform. The ergodi
 distributions in Table 2.b13



(pre-reform) and Table 2.
 (post-reform) di�er notably, not only 
ompared to the ergodi
 distribution inTable 2.a but more notably with respe
t to ea
h other. For the pre-reform period (1952-1978) the ergodi
distribution skews towards the left tail of the distribution, whereas the opposite is found for the post-reform period (1978-2005). This would imply that the e�e
ts of the reform were positive for 
onvergen
eamong provin
es and they are likely to 
ontinue over time, indi
ating that, under 1978-2005 trends, thetwo states of highest relative per 
apita in
ome will 
ontain 64% of the provin
es.It is relevant not only to 
ompute the values of the steady-state distribution but also to analyse thespeed at whi
h it is approa
hed. As indi
ated in previous se
tions, this 
an be evaluated via the 
on
eptof the asymptoti
 half life of the 
hain, i.e. the amount taken to 
over half the distan
e from the ergodi
distribution (Magrini, 1999). Therefore, 
omputing Equation (6) leads to the results in Table 7. Asone might expe
t a priori, although the steady-state rea
hed 
onsidering only 1978�2005 information(Table 2.
) is more favourable than that obtained using 1952�1978 information (Table 2.b), it will takemu
h longer to rea
h the former, in fa
t, virtually twi
e the time. This is the result of the higher intra-distribution mobility found for the pre-reform period, as revealed by Table 6. Therefore, although thefuture predi
ted using only 1978�2005 information is far more promising, it will take longer to rea
h it.Bulli (2001), Johnson (2000, 2005) and many others have pointed out that it may be problemati
to 
onsider a dis
rete approa
h in whi
h probability is split in some states whose limits are somehowarbitrary. Sakamoto and Islam (2008) partly 
ir
umvent this 
riti
ism and add some additional robustnessto their analysis by 
onsidering di�erent grids (5 and 7 grids), the results being similar for the di�erent
hoi
es. We believe it is more interesting to 
onsider a fully 
ontinuous 
ounterpart to the initial and �naldistributions in Table 2, but 
ontinuous 
ounterparts to the steady-state distributions reported are alsotaken into a

ount.Figure 1.a displays the 
ontinuous 
ounterparts to the dis
rete initial (1952) and �nal (2005) distribu-tions in the tables 
orresponding to the unweighted analysis. Although the densities basi
ally 
orroboratethe results of the dis
rete analysis, we 
an per
eive more 
learly that, although 
onvergen
e has takenpla
e (the 2005 density is higher), we 
an also see that by 1978 the distribution be
ame bimodal. There-fore, there are some provin
es whose performan
e in terms of per 
apita in
ome was mu
h better thanthe rest. Figure 5.a displays the 
ontinuous 
ounterpart to the steady-state distributions in tables 2.b and2.
. Although results are generally 
orroborated, some subtleties that the 5-grid analysis 
ould not showare per
eived. These are basi
ally related to the multi-modality that will prevail regardless of the sub-period that is 
onsidered to 
onstru
t the steady-state distribution. Taking into a

ount the pre-reforminformation, the ergodi
 density (solid line in Figure 5.a) would be basi
ally unimodal, but some very ri
hprovin
es (upper tail of the distribution) will 
oexist with some others (fewer) that are very poor (lowertail of the distribution). This extreme behaviour will fade away if only post-reform information (dashedline in Figure 5.a) is 
onsidered, although we 
an still distinguish two bigger modes - twin peaks, to useQuah's (1996d) term for them.Therefore, the results obtained by Sakamoto and Islam (2008) are generally 
orroborated, but we14



have 
omplemented them in several ways. Although their way of normalising di�ers, they use a slightlyshorter time period (1952�2003) and they add some robustness to the analysis by 
onsidering a di�erentnumber of grids, we �nd the same broad results, i.e. divergen
e before the reform and strong 
onvergen
eafterwards. However, the mobility indi
es, transition path analysis and 
ontinuous approa
h to the steady-state distributions all enri
h the analysis.4.2. Weighted analysisThe analysis performed in the previous se
tion is relevant, but it might be judged as being partly biasedbe
ause the same importan
e is atta
hed to all provin
es, espe
ially if we are 
on
erned about humanwelfare�the di�erent provin
es have di�erent population sizes. As indi
ated in the introdu
tion, theunweighted analysis 
ould be highly misleading if we drew national borders di�erently, as this woulda�e
t the shape of the densities. It may be more natural to atta
h a weight to the observations, where theweights re�e
t the 
ontribution of ea
h observation in the sample. As indi
ated in previous se
tions, we will
onsider di�erent weighting s
hemes, i.e. population and e
onomi
 size (GDP). In the 
ase of 
ountries,both variables are very unevenly distributed. This is espe
ially blatant in the 
ase of population, forwhi
h India and China, two of the poorest 
ountries in terms of per 
apita in
ome, a

ount for more thanone third of the total population in the world, whereas some of the ri
hest 
ountries, su
h as I
eland orLuxembourg, a

ount for only 0.01% of the world population (Goerli
h, 2003). In our parti
ular 
ase, itdoes not seem fair either to treat all Chinese provin
es equally in the estimation. As 
an be seen on theright-hand side of Table 1, there is a signi�
ant dispersion in the population of the di�erent provin
es.More important still, there has been an important dispersion in the growth rates of provin
ial populationthroughout the period analysed, with 
oe�
ients of variation in the average growth rates of the provin
ialpopulation between 0.525 in the pre-reform period and 0.966 in the post-reform era. These di�eren
esand 
hanges in the distribution of provin
ial population have relevant impli
ations when we are lookingat per 
apita distribution of GDP from an individual or personal welfare perspe
tive instead of from aprovin
ial point of view. For example, by 2005, as indi
ated in Table 1, the population in Si
huan was110,060,000 (larger than any European 
ountry), whereas that of Qinghai was 5,430,000. Therefore, thewelfare impli
ations of Si
huan 
onverging with the rest of the provin
es are not the same as if Qinghai
onverged, be
ause of the number of people involved.Results are shown in the GDP-weighted and population-weighted panels in Tables 3 and 4 respe
tively.The mobility indi
es, transition path analysis and 
ontinuous analysis are reported in the same tables and�gures as those 
orresponding to the unweighted analysis. Both tables 3 and 4 o�er new perspe
tiveson the evaluation of 
onvergen
e. Although the unweighted analysis did not predi
t 
onvergen
e ordivergen
e (in a

ordan
e with the ergodi
 distribution), the weighted analyses did yield di�erent results.Under the population-weighted s
enario (Table 4), a

ording to whi
h we evaluate transitions of peoplemoving a
ross 
lasses, 
onsidering the entire period (1952�2005), the steady-state distribution has morethan half of the probability mass (56%) in the two upper states. This indi
ates that a large part of the15



population will es
ape from poverty in the long run. However, similarly to what we obtained for theunweighted analysis, the tenden
ies di�er remarkably between the pre- and post-reform sub-periods, andit is the e�e
t of the se
ond sub-period whi
h drives the 
onvergen
e pattern most. As shown in Table 4.b,although the predi
ted pattern using the 1952�1978 information was 
onvergen
e, most of the populationwas being driven deep down into poverty, sin
e the probability mass is overwhelmingly a

umulated (72%)in the lowest relative per 
apita in
ome states. This result is shared when weighting by e
onomi
 size(Table 3.b), i.e. the largest provin
es in terms of GDP were be
oming relatively poorer. In 
ontrast, thepost-reform period shows opposite patterns. As Table 4.
 reveals, in the hypotheti
al long run (i.e. under1978�2005 trends) most of the population (94%) will rea
h the two highest per 
apita in
ome states, andonly 2% will remain in the poorest 
lass. An analogous result is found when weighting by GDP (94%probability in the two wealthiest states), thus also indi
ating that large provin
es in terms of GDP arealso the ones that are es
aping from poverty.Although the general tenden
y when weighing by GDP or by population is similar for both sub periods,di�eren
es persist when evaluating the implied mobility in ea
h matrix (Table 6) or the half-life time of
onvergen
e (Table 7). Regarding the latter, results are very similar to the unweighted 
ase, while for theformer some di�eren
es emerge. It is when weighting by GDP that 
onvergen
e is faster in the post-reformsub-period, whereas this o

urs in the �rst sub-period when weighting by population.Finally, the 
ontinuous analysis in �gures 1 and 5 further 
orroborates how relevant it is to perform theweighted analysis. Figure 2 and Figure 3 report information already displayed in Figure 1 in a di�erentway so as to fa
ilitate an easier visualisation of the patterns. As shown in Figure 1.b and Figure 1.
 and,parti
ularly, in �gures 2 and 3, the evolution of the shape of the weighted densities di�ers 
ompared tothe one shown in Figure 1.a, espe
ially in 2005. Weighting by GDP makes the density shift rightwards(Figure 2.
), although some additional bumps emerge, thus indi
ating that some important shares of GDPwill remain in poor provin
es. The result of weighting by population is more striking, sin
e it indi
atesthat by 2005 a large share of the population was rea
hing higher in
ome levels, but a larger share was alsotrailing behind, as indi
ated by a marked bimodality. This is what Quah (1996d) refers to as �twin peaks�.However, in the steady-state (�gures 5.b and 5.
), and 
on�rming what we found via the dis
rete analysisof the transition matri
es, mu
h of this bimodality will fade away, and the distributions will be basi
allyskewed rightwards when using 1978�2005 information, whi
h 
ontrasts sharply with the bimodality foundfor the unweighted 
ase (Figure 5.a).In synthesis, uneven distribution of per 
apita GDP a
ross Chinese provin
es be
omes less strongwhen weighted by GDP or population, that is, in terms of average personal welfare, and when using thepost-reform information the impli
it steady state distributions will be skewed rightwards and re�e
t animprovement in the symptoms of 
onvergen
e. Nevertheless, some peaks persist on the upper tails of thedistribution and it will also take a long time to rea
h the steady state. These stylised fa
ts, together withthe variability and 
hanges of the trend in the varian
e of the distribution mentioned above, are quite
onsistent with the timing of the reforms, the unbalan
ed regional impli
ations of these reforms and with16



the 
hanges of emphasis in the main poli
y obje
tives during the period.In the �rst phase of the e
onomi
 reforms, but before e
onomi
 liberalisation, the strategy was 
on
en-trated on the rural areas. The 
ommune system was removed in favour of the Household ResponsibilitySystem, where workers were allowed to operate on their own, although with some restri
tions.8 Afterde
olle
tivatisation, the Chinese government promoted e
onomi
 poli
ies addressed to diversify agri
ul-ture, espe
ially by enhan
ing the rural industries and the township and village enterprises (TVEs). Infa
t, the promotion of TVEs was the most important way to transfer ex
ess rural labour into industrialprodu
tion, given the strong restri
tions on interprovin
ial migration (Fujita and Hu, 2001). As a result,rural industrial output in
reased sharply in this period. However, the e�e
tiveness of TVEs also raisedsome doubts owing to the fa
t that they often operated a

ording to non-e
onomi
 
riteria in the earlyyears of the reforms. Some regions improved in this phase, espe
ially those oriented towards industry,but the in
ome di�erentials persisted among provin
es given the barriers that existed a
ross provin
es(Rozelle, 1994).In the 1980s, the se
ond phase of the reforms was 
hara
terised by the gradual opening up of theChinese e
onomy, the in
reased presen
e of the non-state se
tor (
olle
tive and private se
tors) and a�s
al reform that endowed the provin
es with more �s
al power (Wei, 1996). At �rst the open-door poli
ywas espe
ially favourable for the 
oastal areas (open 
ities and Spe
ial E
onomi
 Zones �SEZs�). Thusthe geographi
 and e
onomi
 poli
y fa
tors allowed trade and FDI to be
ome 
on
entrated in the 
oastalareas.9 At the same time, this period was distinguished by a major liberalisation and de
entralization ofthe e
onomy 
ompared with the previous stage. For example, pri
e liberalisation a

elerated the entry ofnon-state enterprises, and the pro�t-oriented in
entive s
hemes in state industry led to a rapid in
rease inindustrial output and gains in produ
tivity by the mid-1980s. As a result, the non-state se
tor graduallybe
ame more important in the e
onomi
 development of China.10 Although the interprovin
ial mobilityof workers was still 
ostly, there was an in
rease in migrational movements from rural areas to urban and
oastal areas. On the other hand, the �s
al de
entralisation of 1980 played a key role in improving theautonomy of lo
al governments, but generated a signi�
ant budget de�
it. Consequently, the �s
al systemwas reformed in 1985. The immediate e�e
t of this reform was a redu
tion in the 
entral government'sability to redistribute revenues among regions whi
h, together with the e
onomi
 developments thatfavored 
oastal provin
es, in
reased symptoms of divergen
e and led to a new �s
al reform in 1994. Themain feature of this reform was the separation of the national tax servi
e from the lo
al tax servi
e, withan additional mixed 
ategory that was shared between 
entral and lo
al government, without negotiationand applied to all the provin
es with the aim of redu
ing the in
ome gap a
ross provin
es.In 1995, the Chinese government re
ognised that:�Sin
e the adoption of reforms and open-door poli
ies, we have en
ouraged some regions to8Further details on rural reforms and agri
ultural growth 
an be found in Lin (1992).9Although FDI was allowed in 1979, the e�e
ts on output are more signi�
ant in the 1980s and 1990s.10Further details about the e�e
ts of the reform on the performan
e of the Chinese State Enterprises 
an be found in (Li,1997). 17



develop faster and get ri
her, and we have advo
ated that the ri
her should a
t as a modelfor and help the poor. Ea
h region has had immense e
onomi
 development and the peo-ple's standard of living has had great improvement. But for some reasons, regional e
onomi
inequalities have widened somewhat� (People's Daily Overseas Edition, O
tober 5, 1995, p.4.)Thus, the strategy was 
hanging in favour of promoting a more evenly balan
ed regional development,in an attempt to redu
e the tenden
ies towards uneven regional development. This strategy be
ameevident in the Eighth Five-Year Plan and, more espe
ially, in the Ninth Five-Year Plan (1996�2000). TheChinese government laun
hed a strategy to promote the development of the 
entral and western regionsrelied, at least partly, on the spillovers generated by the more developed 
oastal provin
es.4.3. Conditioning: spatial analysisThe transition probability matri
es in Tables 5 show neighbour-relative 
ounterparts to the transitionprobability analysis 
arried out for weighted and unweighted state-relative series (tables 2, 3 and 4).Likewise, the neighbor-relative analysis indi
ates that 
on
lusions di�er notably prior to and after thereform, i.e. they hinge 
riti
ally on whether we base the future proje
tions (ergodi
 distributions) on1952�1978 or 1978�2005 information.If the entire period 1952�2005 (Table 5.a) is 
onsidered, the diagonal entries average to 0.708, whi
h islower than the 0.718 
orresponding to the state-relative series (Table 2.a). The mobility indi
es in Table6 
orroborate this �nding, sin
e �1 = 0.674 in the 
ase of the state-relative series, and �1 = 0.695 when
onditioning by neighbours' information. Under these trends, the (slightly) higher mobility would leadto an apparently multi-modal ergodi
 distribution, but it is di�
ult to dis
ern tenden
ies. The analysisfor the di�erent sub-periods shows, on
e more, di�erent patterns. The ergodi
 distribution 
orrespondingto the 1952�1978 trends indi
ates that multi-modality will prevail in the future. Multi-modality vanishesif we fo
us on 1978�2005 trends (Table 5.
). In both 
ases, but espe
ially for 1978�2005 trends, theergodi
 distribution di�ers remarkably when 
ompared to state-relative information (tables 2.
, 3.
 and4.
), sin
e the probability mass does not entirely abandon the 
entral states. However, as indi
ated bythe asymptoti
 half life of 
onvergen
e in Table 7, the ergodi
 distribution will be a
hieved mu
h fasterwhen 
onditioning by neighbouring information, i.e. 
onditional 
onvergen
e will be faster.Figure 1.d and Figure 4 also show the impa
t of 
onditioning on neighbouring-provin
e information.Although the information 
ontained in Figure 4 was already reported in Figure 1.a and Figure 1.d, theway it is presented allows a 
learer understanding of the e�e
t of spatial 
onditioning. Both Figure1.d and Figure 4 show tighter distributions for neighbour-relative 
ompared to state-relative per 
apitain
ome series. This would indi
ate that ea
h provin
e's per 
apita in
ome is 
loser to the average of itssurrounding provin
es than to the national average, thereby suggesting that spatial spillovers do matter.Yet some subtleties also exist. For instan
e, the uni-modal state-relative distribution of per 
apita in
ometurns into a tighter but multi-modal distribution when 
onditioning by neighbouring information (Figure18



4.
). This implies that, although the general tenden
y is towards 
onvergen
e within spatial 
lusters, thereare some provin
es whi
h outperform their neighbours, 
onstituting a remarkable mode in the vi
inity of1.2 (Figure 4.
). Figure 4.
 also shows how misleading it may be to draw 
on
lusions based on summarystatisti
s only. The impli
it standard deviation of the state-relative series in Figure 4.
 is 0.087, whereasthat of the neighbour-relative series is higher (0.090), thus indi
ating more dispersion and, in prin
iple,a �atter distribution. However, the driving for
e of the higher dispersion that is found is the in
reasingmulti-modality. Therefore, spatial spillovers are relevant but not for everyone.Figure 5.d reports 
ontinuous 
ounterparts for the ergodi
 distributions in tables 5.b (solid line) and5.
 (dashed line). The solid line in Figure 5.d, 
orresponding to 1952�1978 trends, shows several modes,the biggest one in the vi
inity of 1, but another two at the tails of the distribution. The dashed lineindi
ates that the ergodi
 distribution that would prevail under 1978�2005 trends would be mu
h tighterin the vi
inity of 1, thus indi
ating that the members of spatial 
lusters' will be quite similar in terms ofper 
apita in
ome. However, several modes will lie in the upper tail of the distribution, thus indi
atingthat, in the hypotheti
al long-run s
enario, some provin
es will still outperform their neighbours, i.e.although there will still be inequalities that 
annot be explained by physi
al-lo
ation fa
tors, they willa�e
t provin
es di�erently.These results, and espe
ially the tenden
y towards the strati�
ation of provin
es in di�erent 
lubs,are of no minor 
on
ern to authorities, and reveal that there is still some room for poli
ies promoting
onvergen
e in per 
apita GDP among Chinese provin
es, be
ause the natural tenden
y to spatial ag-glomeration seems to be persistent. Thus, together with the expli
it regional poli
ies and the use of other
entral government poli
ies to re-balan
e regional development (
entral investment proje
ts, endowmentof infrastru
tures, 
redit poli
y, et
.), other measures are also needed to balan
e the tenden
y towards thelo
alisation of e
onomi
 a
tivity indu
ed by market for
es. Improvements in the a

essibility and the roleof market me
hanisms in the interior are needed, but in
reasing the role assigned to o�
ial interprovin
ialmigrations is probably ne
essary too.5. Con
lusionsNobody doubts that the a

eleration of the e
onomi
 reforms initiated at the end of the 1970s haveen
ouraged e
onomi
 growth over the last four de
ades. The open-door poli
y, with a strong drive towardsindustrialisation fo
used on foreign investment, espe
ially in the 
oastal regions, along with a series ofe
onomi
 reforms oriented more towards the market probably explained this ex
eptional performan
eduring the 1980s and 1990s. In 1995, however, the Chinese government re
ognised that the in
ome gapbetween western and 
entral regions and the 
oastal areas was in
reasing, thus making it ne
essary toimplement pro-a
tive poli
ies to redu
e these inequalities. The stimulus pa
kage that was 
arried out wasfo
used mainly on the development of inland provin
es through the promotion of investment as a way toredu
e those imbalan
es.A

ordingly, a plethora of resear
h studies have examined not only the aggregate growth of the 
ountry19



but also other related questions, su
h as whether di�eren
es in per 
apita in
ome a
ross provin
es exist,along with the evolution of disparities over time. This ample body of literature analysing 
onvergen
ea
ross Chinese provin
es 
ontinuous to grow, examining su
h relevant topi
s as those examined by the
ountry and regional 
onvergen
e studies. Some papers have analysed provin
ial 
onvergen
e followingthe early proposals of Barro and Sala-i-Martin (1992), i.e. by examining �- and �-
onvergen
e, togetherwith some of the ulterior re�nements of these te
hniques. Some others (fewer) have leaned towards thedistribution dynami
s' model initially proposed by Quah (1993a,b). Our arti
le follows this se
ond line ofresear
h. Re
ent 
ontributions su
h as Bhalla et al. (2003) or Sakamoto and Islam (2008), have appliedQuah's basi
 proposals to examine provin
ial 
onvergen
e in per 
apita in
ome. Our paper 
omplementstheir methods and �ndings and extend them in several dire
tions.Similarly to Sakamoto and Islam (2008), the ergodi
 distributions obtained using either pre-reform orpost-reform information are quite di�erent, a positively skewed distribution being produ
ed for 1952�1978and a negatively skewed one for the period 1978�2005. Therefore, it would be 
orroborated that the post-reform poli
ies have led most provin
es to es
ape from relatively low per 
apita in
ome levels. However,this analysis has some limitations su
h as the need to spe
ify a dis
rete grid with a limited number of states.Few 
ontributions try to �x this by 
onsidering a 
ontinuous state spa
e approa
h (Johnson, 2000). Wefollow Johnson's (2000) approa
h to provide 
ontinuous 
ounterparts to the ergodi
 distributions yieldedby transition probability matri
es, whi
h o�ered more detailed results. Under both pre- and post-reforminformation, the hypotheti
al long-run s
enario shows multi-modality. For the 1952�1978 information,the distan
es separating the biggest modes are quite large, with predominan
e of a large mode 
omprisingmost of the provin
es with in
omes 
lose to the average, and a small group of provin
es that are be
omingvery ri
h. However, using 1978�2005 information these two modes be
ome more balan
ed, with one ofthem above the national average and the other one below it. We 
an also 
orroborate Sakamoto andIslam's 
laim that �the dynami
s of the post-reform period do not yet seem to have settled into a stablepattern�. In our 
ase, the analysis of the asymptoti
 half life of 
onvergen
e indi
ates that it will take mu
hlonger to rea
h the steady state under 1978�2005 trends. Under this s
enario, although most provin
eswill es
ape from relative poverty, it will take longer be
ause of more 
omplex intra-distribution dynami
s.We extend the analysis to 
ontrol for some relevant 
hara
teristi
s of Chinese provin
es. Spe
i�-
ally, although unweighted analysis of 
ountry/regional 
onvergen
e is 
ommonpla
e, weighted analysisis far less widely extended. However, in many 
ir
umstan
es and espe
ially if we fo
us on human welfare(Sala-i-Martin, 2006), weighted analysis might be more relevant than its unweighted 
ounterpart. Severalweighting s
hemes are possible, but be
ause of their signi�
an
e we 
onsidered the population and e
o-nomi
 size (GDP) of ea
h provin
e. As for
efully stressed throughout the arti
le, sin
e both populationand GDP di�eren
es a
ross Chinese provin
es are outstanding, 
ontrolling for these di�eren
es might alterthe results substantially�whi
h in fa
t turned out to be the 
ase.For the entire period 1952�2005, we �nd that under the population-weighted s
enario, the steady-statedistribution has more than half of the probability mass (56%) in the two upper states, thereby indi
ating20



that mu
h of the population will es
ape from poverty in the long run. As expe
ted, the tenden
ies di�erremarkably between the pre- and the post-reform periods, and it is the e�e
t of the se
ond sub-period(1978-2005) whi
h, for the most part, drives the 
onvergen
e pattern. Spe
i�
ally, for the pre-reformperiod, although the predi
ted pattern was 
onvergen
e, most of the population was driven deep downinto relative poverty, sin
e probability mass is overwhelmingly a

umulated (72%) in the lowest relativeper 
apita in
ome states. This result is shared when weighting by e
onomi
 size. However, the 
ontinuousergodi
 distributions also indi
ate that some provin
es will still be mu
h ri
her than the rest, as indi
atedby the existen
e of several bumps well above the unity. In 
ontrast, the post-reform period, shows oppositepatterns. In the hypotheti
al long run (under 1978-2005 trends) most of the population (94%) will rea
hthe two highest per 
apita in
ome states, and only 2% would remain in the poorest 
lass. An analogousresult is found when weighting by GDP (94% probability in the two wealthiest states), thus indi
atingthat large provin
es in terms of GDP are also the ones es
aping from poverty. Moreover, when weightingby GDP, 
onvergen
e is faster in the post-reform period, whereas this o

urs in the �rst sub-period (1952-1978), when weighting by population. Thus, the marked bimodality yielded by the unweighted analysisturns into a tighter pattern of 
onvergen
e when weighting by population of ea
h provin
e or e
onomi
size, as suggested by Sala-i-Martin (2006).Finally, our study also analysed whether spatial spillovers exist. Although a more thorough analysiswould be wel
ome, the te
hniques we use 
an be easily adapted to provide some insights into the magnitudeof these e�e
ts. This 
an be thought of as 
onditional 
onvergen
e analysis, in whi
h a provin
e is
ompared only with its 
ontiguous provin
es, and therefore it 
ould 
onverge towards its neighbours'average (
onditional, 
lub or 
luster 
onvergen
e) instead of towards the national average (un
onditional
onvergen
e). Compared to the unweighted, un
onditional analysis, the long-run s
enario will be multi-modal under pre-reform trends�in fa
t, we 
ould even talk of 
lub divergen
e. However, under post-reform trends, 
luster 
onvergen
e will be mu
h stronger, with probability mass 
on
entrating tightlyaround unity as indi
ated by the ergodi
 density; provin
es will 
onverge strongly with their neighbours,although some amount of multi-modality will still prevail.A

ording to our results it seems that all the reforms have enabled poorer regions to gradually 
onvergewith the ri
her ones in the post-reform period, while in the pre-reform period no 
onvergen
e was found.However, more e
onomi
 reforms are needed in this regard to guarantee balan
e and steady e
onomi
growth, thereby improving the standards of living of the whole population.
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Table 1: Des
riptive statisti
s for Chinese provin
es, per 
apita in
ome (GDP/N) and population (N),1952 to 2005Provin
e Y/Na Y/N annual growth rate (%) Nb N annual growth rates (%)East 1952 1978 2005 1952-78 1978-05 1952-05 1952 1978 2005 1952�78 1978�05 1952�05Shanghai 430 2,944 23,583 7.68 8.01 7.85 573 1,098 1,778 2.53 1.80 2.16Beijing 170 1,485 11,351 8.69 7.82 8.25 490 872 1,538 2.24 2.12 2.18Tianjin 299 1,112 9,072 5.18 8.08 6.65 439 724 1,043 1.94 1.36 1.65Liaoning 218 815 6,956 5.20 8.27 6.75 1,932 3,394 4,220 2.19 0.81 1.49Jiangsu 131 310 5,792 3.37 11.45 7.41 3,739 5,834 7,468 1.73 0.92 1.31Zhejiang 112 274 5,921 3.50 12.06 7.77 2,213 3,751 4,894 2.05 0.99 1.51Guangdong 101 532 7,100 6.60 10.07 8.35 3,170 5,593 10,022 2.21 2.18 2.20Shangdong 91 286 4,652 4.50 10.88 7.71 4,827 7,160 9,248 1.53 0.95 1.23Fujian 102 234 4,195 3.25 11.28 7.26 1,270 2,446 3,535 2.55 1.37 1.95Guangxi 67 202 1,662 4.34 8.12 6.25 1,943 3,402 4,660 2.18 1.17 1.66Hebei 125 341 3,359 3.94 8.84 6.41 3,272 5,057 6,851 1.69 1.13 1.40Mean 167.82 775.91 7,603.91 5.11 9.54 7.33 2,169.82 3,575.55 5,023.36 2.08 1.35 1.70Median 125.00 341.00 5,921.00 4.50 8.84 7.41 1,943.00 3,402.00 4,660.00 2.18 1.17 1.65Standard deviation 109.38 830.58 5,932.76 1.82 1.63 0.73 1,450.00 2,171.69 3,060.77 0.33 0.48 0.36CentralHeilongjiang 238 399 2,608 2.01 7.20 4.62 1,111 3,130 3,820 4.06 0.74 2.36Jilin 153 324 3,237 2.93 8.90 5.93 1,065 2,149 2,715 2.74 0.87 1.78Hubei 90 215 2,524 3.41 9.55 6.49 2,751 4,575 5,710 1.98 0.82 1.39Shanxi 116 322 2,457 4.00 7.82 5.93 1,395 2,424 3,355 2.15 1.21 1.67Hunan 86 211 1,809 3.51 8.28 5.92 3,271 5,166 6,326 1.77 0.75 1.25Anhui 78 120 1,349 1.67 9.38 5.53 2,966 4,713 6,120 1.80 0.97 1.38Jiangxi 114 179 1,658 1.75 8.59 5.18 1,656 3,183 4,307 2.54 1.13 1.82Henan 83 157 1,905 2.48 9.69 6.09 4,371 7,067 9,380 1.87 1.05 1.45Inner Mongolia 173 300 3,482 2.14 9.50 5.83 716 1,823 2,386 3.66 1.00 2.30Mean 125.67 247.44 2,336.56 2.66 8.77 5.72 2,144.67 3,803.33 4,902.11 2.51 0.95 1.71Median 114.00 215.00 2,457.00 2.48 8.90 5.92 1,656.00 3,183.00 4,307.00 2.15 0.97 1.67Standard deviation 53.35 92.63 719.93 0.84 0.87 0.55 1,242.15 1,707.73 2,214.94 0.84 0.17 0.40WestSi
huan 171 488 5,402 4.12 9.31 6.73 6,405 9,707 11,006 1.61 0.47 1.03Xinjiang 166 260 2,519 1.74 8.77 5.27 465 233 2,008 -2.62 8.30 2.80Qinghai 101 376 2,003 5.19 6.39 5.80 161 365 543 3.20 1.48 2.32Ningxia 126 403 3,006 4.57 7.73 6.17 142 356 595 3.60 1.92 2.74Gansu 125 322 2,315 3.71 7.58 5.66 1,065 1,870 2,919 2.19 1.66 1.92Shaanxi 85 322 2,314 5.26 7.58 6.43 1,528 2,779 3,718 2.33 1.08 1.69Yunnan 70 178 1,379 3.65 7.88 5.78 1,695 3,091 4,442 2.34 1.35 1.83Guizhou 123 248 1,563 2.73 7.06 4.91 1,490 2,686 3,730 2.29 1.22 1.75Mean 120.88 324.63 2,562.60 3.87 7.79 5.84 1,618.88 2,635.88 3,620.13 1.87 2.19 2.01Median 124.00 322.00 2,314.50 3.91 7.65 5.79 1,277.50 2,278.00 3,318.50 2.31 1.42 1.88Standard deviation 35.59 97.86 1,259.11 1.20 0.92 0.60 2,031.27 3,092.53 3,315.74 1.92 2.51 0.59Total 28 provin
esMean 140.86 477.11 4,470.46 3.97 8.79 6.39 2,004.32 3,380.29 4,583.46 2.15 1.46 1.79Median 119.50 316.00 2,807.00 3.68 8.44 6.21 1,592.00 3,110.50 4,020.00 2.19 1.13 1.72Standard deviation 78.07 566.90 4,494.13 1.71 1.40 0.99 1,538.61 2,308.62 2,856.81 1.13 1.41 0.45aIn 1952 yuan/person.bIn 10,000 persons.
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Table 2: Transition probability matrix and ergodi
 distribution, per 
apita in
ome (GDP/N), un-weighted, 5-year transitions, limits all years Upper limit, all years:(Number of observations) 0.919 0.960 0.990 1.061 Max.(282) 0.82 0.15 0.01 0.01 0.01(274) 0.15 0.62 0.19 0.02 0.02(287) 0.02 0.21 0.58 0.18 0.00(280) 0.00 0.02 0.21 0.68 0.09(276) 0.00 0.01 0.00 0.10 0.89Initial distribution 0.18 0.21 0.11 0.29 0.21Final distribution 0.14 0.25 0.14 0.21 0.25Ergodi
 distribution 0.19 0.20 0.20 0.22 0.20a) 1952�2005Upper limit, all years:(Number of observations) 0.919 0.960 0.990 1.061 Max.(121) 0.68 0.27 0.03 0.02 0.00(165) 0.18 0.57 0.22 0.02 0.01(94) 0.09 0.34 0.33 0.25 0.00(133) 0.00 0.04 0.17 0.68 0.11(130) 0.00 0.01 0.00 0.14 0.86Initial distribution 0.18 0.21 0.11 0.29 0.21Final distribution 0.25 0.14 0.25 0.18 0.18Ergodi
 distribution 0.26 0.28 0.14 0.19 0.14b) 1952�1978Upper limit, all years:(Number of observations) 0.919 0.960 0.990 1.061 Max.(142) 0.93 0.07 0.00 0.00 0.00(90) 0.07 0.78 0.12 0.01 0.02(180) 0.00 0.16 0.68 0.15 0.01(128) 0.00 0.00 0.20 0.73 0.08(132) 0.00 0.01 0.00 0.06 0.93Initial distribution 0.25 0.14 0.25 0.18 0.18Final distribution 0.14 0.25 0.14 0.21 0.25Ergodi
 distribution 0.11 0.14 0.12 0.23 0.41
) 1978�2005
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Table 3: Transition probability matrix and ergodi
 distribution, per 
apita in
ome (GDP/N), GDP-weighted, 5-year transitions, limits all years Upper limit, all years:(Share of GDP) 0.919 0.960 0.990 1.061 Max.(0.14) 0.80 0.18 0.01 0.00 0.00(0.21) 0.13 0.68 0.15 0.01 0.02(0.17) 0.03 0.21 0.57 0.19 0.00(0.21) 0.00 0.03 0.18 0.71 0.08(0.27) 0.00 0.01 0.00 0.09 0.90Initial distribution 0.13 0.19 0.08 0.36 0.23Final distribution 0.06 0.13 0.06 0.26 0.49Ergodi
 distribution 0.19 0.23 0.14 0.20 0.25a) 1952�2005Upper limit, all years:(Share of GDP) 0.919 0.960 0.990 1.061 Max.(0.15) 0.70 0.27 0.03 0.01 0.00(0.24) 0.19 0.58 0.22 0.00 0.01(0.17) 0.12 0.28 0.44 0.16 0.00(0.19) 0.00 0.06 0.17 0.68 0.09(0.25) 0.00 0.02 0.00 0.12 0.87Initial distribution 0.13 0.19 0.08 0.36 0.23Final distribution 0.16 0.19 0.21 0.17 0.27Ergodi
 distribution 0.38 0.34 0.16 0.08 0.04b) 1952�1978Upper limit, all years:(Share of GDP) 0.919 0.960 0.990 1.061 Max.(0.12) 0.92 0.08 0.00 0.00 0.00(0.19) 0.03 0.83 0.09 0.01 0.04(0.17) 0.00 0.15 0.67 0.18 0.00(0.23) 0.00 0.00 0.13 0.80 0.08(0.29) 0.00 0.00 0.00 0.08 0.92Initial distribution 0.16 0.19 0.21 0.17 0.27Final distribution 0.06 0.13 0.06 0.26 0.49Ergodi
 distribution 0.01 0.03 0.02 0.37 0.57
) 1978�2005
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Table 4: Transition probability matrix and ergodi
 distribution, per 
apita in
ome (GDP/N),population-weighted, 5-year transitions, limits all yearsUpper limit, all years:(Share of population) 0.919 0.960 0.990 1.061 Max.(0.28) 0.81 0.16 0.01 0.01 0.01(0.24) 0.21 0.57 0.18 0.01 0.03(0.19) 0.03 0.20 0.57 0.21 0.00(0.18) 0.00 0.02 0.18 0.73 0.06(0.13) 0.00 0.01 0.00 0.10 0.89Initial distribution 0.22 0.28 0.09 0.21 0.20Final distribution 0.15 0.21 0.09 0.28 0.26Ergodi
 distribution 0.17 0.14 0.12 0.30 0.26a) 1952�2005Upper limit, all years:(Share of population) 0.919 0.960 0.990 1.061 Max.(0.26) 0.69 0.26 0.03 0.02 0.00(0.37) 0.23 0.55 0.21 0.00 0.01(0.16) 0.13 0.30 0.37 0.20 0.00(0.11) 0.01 0.06 0.19 0.69 0.05(0.10) 0.00 0.04 0.00 0.11 0.85Initial distribution 0.22 0.28 0.09 0.21 0.20Final distribution 0.33 0.10 0.25 0.20 0.12Ergodi
 distribution 0.42 0.30 0.14 0.10 0.04b) 1952�1978Upper limit, all years:(Share of population) 0.919 0.960 0.990 1.061 Max.(0.28) 0.92 0.08 0.00 0.00 0.00(0.11) 0.11 0.76 0.09 0.01 0.02(0.21) 0.00 0.12 0.69 0.19 0.00(0.24) 0.00 0.00 0.13 0.80 0.06(0.16) 0.00 0.00 0.00 0.09 0.91Initial distribution 0.33 0.10 0.25 0.20 0.12Final distribution 0.15 0.21 0.09 0.28 0.26Ergodi
 distribution 0.02 0.02 0.02 0.43 0.51
) 1978�2005
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Table 5: Transition probability matrix and ergodi
 distribution, per 
apita in
ome (GDP/N), physi
ally
ontiguous-
onditioned, 5-year transitions, limits all yearsUpper limit, all years:(Number of observations) 0.919 0.960 0.990 1.061 Max.(268) 0.79 0.17 0.03 0.01 0.00(308) 0.15 0.64 0.17 0.03 0.01(198) 0.05 0.24 0.48 0.21 0.02(417) 0.00 0.04 0.12 0.76 0.07(206) 0.00 0.01 0.01 0.11 0.87Initial distribution 0.14 0.18 0.29 0.21 0.18Final distribution 0.18 0.14 0.32 0.21 0.14Ergodi
 distribution 0.22 0.23 0.14 0.26 0.15a) 1952�2005Upper limit, all years:(Number of observations) 0.919 0.960 0.990 1.061 Max.(107) 0.79 0.11 0.07 0.02 0.01(119) 0.22 0.48 0.23 0.08 0.00(91) 0.06 0.35 0.27 0.31 0.01(227) 0.01 0.03 0.10 0.76 0.10(99) 0.00 0.02 0.00 0.15 0.82Initial distribution 0.14 0.18 0.29 0.21 0.18Final distribution 0.21 0.29 0.07 0.29 0.14Ergodi
 distribution 0.26 0.15 0.11 0.34 0.14b) 1952�1978Upper limit, all years:(Number of observations) 0.919 0.960 0.990 1.061 Max.(142) 0.79 0.19 0.01 0.01 0.00(177) 0.09 0.80 0.11 0.00 0.00(96) 0.00 0.10 0.73 0.14 0.03(159) 0.00 0.02 0.13 0.86 0.00(96) 0.00 0.00 0.00 0.01 0.99Initial distribution 0.21 0.29 0.07 0.29 0.14Final distribution 0.18 0.14 0.32 0.21 0.14Ergodi
 distribution 0.04 0.20 0.24 0.26 0.26
) 1978�2005
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Table 6: Mobility indi
es (�1)aTransition matrix 1952-1978 1978-2005 1952-2005Unweighted 0.737 0.605 0.674GDP-weighted 0.732 0.611 0.671Population-weighted 0.755 0.614 0.670Physi
ally 
ontiguous-
onditioned 0.789 0.644 0.695
a See main text for de�nition of �1.
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Table 7: Transition path analysis (asymptoti
 half life of 
onvergen
e)aTransition matrix 1952�1978 1978�2005 1952�2005Unweighted 16.795 29.820 15.044GDP-weighted 52.627 22.414 19.541Population-weighted 23.821 31.544 13.658Physi
ally 
ontiguous-
onditioned 9.762 15.218 11.609
a See main text for de�nition of H − L.
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Figure 1: GDP/N, densities, 1952 vs. 1978 vs. 2005
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Figure 2: GDP/N, densities, unweighted vs. GDP-weighted
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Figure 3: GDP/N, densities, unweighted vs. population-weighted
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Figure 4: GDP/N, densities, unweighted vs. physi
ally 
ontiguous-
onditioned
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Figure 5: GDP/N, ergodi
 distributions, 1952�1978 vs. 1978�2005
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