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Abstract
Global eradication of extreme poverty requires absolute convergence of poverty rates worldwide towards zero. Using
data for more than a hundred developing countries over 35 years, we conclude that such goal is likely to remain elusive.
Rather than absolute convergence, we find club convergence: countries’ long-run poverty rates cluster into three or four
convergence clubs, depending on the specific poverty measure considered. The club-based country classification that
results is different from standard classifications based on per capita income. The lowest-poverty club has seen a steady
poverty decline, to levels close to zero by the end of the sample period. The intermediate-poverty club(s) exhibit the
largest poverty reduction, especially fast since the mid-1990s. In turn, the highest-poverty club, whose member
countries comprise almost half the world’s poor in the final year of the sample, evokes a poverty trap: it has seen little
change in average poverty over the entire sample period. We find that income plays a bigger role than inequality for club
membership, and income growth matters more than initial income; in contrast, initial inequality plays a bigger role than
its changes over time. High initial income and low initial inequality almost invariably drive countries into the
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club. Inequality plays a more substantive role for membership in intermediate-poverty clubs.
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Abstract

Global eradication of extreme poverty requires absolute convergence of poverty rates
worldwide towards zero. Using data for more than a hundred developing countries over 35
years, we conclude that such goal is likely to remain elusive. Rather than absolute
convergence, we find club convergence: countries’ long-run poverty rates cluster into three or
four convergence clubs, depending on the specific poverty measure considered. The club-based
country classification that results is different from standard classifications based on per capita
income. The lowest-poverty club has seen a steady poverty decline, to levels close to zero by
the end of the sample period. The intermediate-poverty club(s) exhibit the largest poverty
reduction, especially fast since the mid-1990s. In turn, the highest-poverty club, whose
member countries comprise almost half the world’s poor in the final year of the sample, evokes
a poverty trap: it has seen little change in average poverty over the entire sample period. We
find that income plays a bigger role than inequality for club membership, and income growth
matters more than initial income; in contrast, initial inequality plays a bigger role than its
changes over time. High initial income and low initial inequality almost invariably drive
countries into the lowest-poverty club, while weak growth and low initial income are the key
drivers of membership in the highest-poverty club. Inequality plays a more substantive role
Sfor membership in intermediate-poverty clubs.
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1. INTRODUCTION

The first of the Sustainable Development Goals (SDGs) is the global eradication of extreme
poverty by 2030. To achieve it, poverty across developing countries should converge to zero by
such date. However, despite the considerable progress made at global poverty reduction over
the last two decades, there is still a long way to go: people living below the poverty line of
US$1.90 (in 2011 PPP dollars) represent, still in 2018, 8.6% of the world population (652 million
people). Moreover, poverty rates display considerable variation between and within developing
regions (Wortld Bank, 2020)." This prompts the question whether poverty is in fact converging
towards zero across the world.

In this paper, we provide an empirical assessment of poverty convergence across more than a
hundred emerging and developing countries. Using poverty data from PovcalNet, we consider
three different dimensions of absolute poverty (Ferreira et al., 20106): the scale of poverty (as
captured by the headcount rate, the poverty measure at the heart of the SDGs), poverty intensity
(as measured by the poverty gap), and poverty severity (as measured by the squared poverty gap
and the Watts index). For each of these poverty dimensions, our framework allows for four
possible scenarios: divergence, absolute convergence, conditional convergence, and club
convergence.’

At a general level, a dynamic process can be characterized by three ingredients: its initial
conditions, its transitional dynamics, and its long-run or steady-state equilibrium (if one exists).
Absolute convergence (or 3-convergence, Baumol, 1986; Barro and Sala-i-Martin, 1992) means
that countries converge to a common steady state in which long-run poverty rates are equalized
across the world (Ravallion, 2012). In turn, conditional convergence means that each country
converges towards its own long-run poverty rate, which depends on country-specific
fundamental factors (e.g., the institutional framework, the degree of openness, the saving rate,

or macroeconomic policy). These two processes have in common that initial conditions are

! Between 1990 and 2018, the average headcount poverty rate fell from 60.9% to 1.2% in East Asia and the Pacific, from
15.6% to 4.0% in Latin America and the Caribbean, and from 49.5% to 15.3% in South Asia (where the latest available data
corresponds to 2015). In Sub-Saharan Africa the poverty rate decreased by almost 15 percentage points between 1990 and 2018,
but 38.9% of its population (around 420 million people) still lives below the 1.90 poverty line. Within each region, there are also
large differences across countries. For example, in South Asia over 1990-2015, the headcount poverty rate declined from around
44% to 15% in Bangladesh, and from about 9% to almost zero in Sri Lanka. The contrast is even starker in Sub-Saharan Africa,
where Zambia saw its headcount poverty rate rise from about 55% to 59%, while Namibia reduced it from about 33% to 14%
over the same period.

z See Johnson and Papageorgiou (2020) for an extensive and updated review on the different notions of convergence.



irrelevant in determining long-run equilibria and that the effect of transitory shocks is purely
temporary, affecting the dynamics of poverty in the short term and along the transition path, but
without any effect in the long run.

The concepts of absolute and conditional convergence stem from the neoclassical growth
model (Solow, 1956) featuring strictly concave technology and a single, globally stable steady-
state equilibrium. However, the presence of heterogeneous agents, imperfect capital markets, or
human capital in the neoclassical framework can result instead in multiple equilibria (Galor,
1996), which opens the possibility of club convergence:’ countries sharing the same
fundamentals may converge to different, locally stable long-term equilibria if their initial
conditions are sufficiently different. The initial conditions would approximate what Mookherjee
and Ray (2001) call "historical self-reinforcement", which could permanently favor one country
over another. In this setting, the effect of transitory shocks may be permanent, since they can
move a country from one basin of attraction to another, and this in turn gives rise to ‘big push’
development views (Sachs, 2006; Easterly, 2006), according to which large increases in aid to
developing countries may succeed in offsetting the effects of unfavorable initial conditions.

This paper is, as far as we are aware, the first to perform formal tests of the hypothesis of club
convergence in absolute poverty. While traditional empirical techniques (borrowed from the
empirical growth literature) may be useful to disentangle poverty divergence from absolute or
conditional convergence, they are not appropriate to differentiate these situations from club
convergence (Durlauf and Johnson, 1995; Islam, 2003). For that purpose, we use the panel
clustering testing methodology from Phillips and Sul (2007; 2009). Building on a nonlinear factor
model with time-varying loadings, this methodology — which can be easily adapted to almost any
type of variable -- allows us to test for a wide range of poverty dynamics: divergence, club
convergence, and convergence, whether absolute or conditional.

In contrast with the international community’s stated goal of absolute poverty convergence
towards zero, using data for a sample of 104 emerging and developing countries over more than
three decades we unambiguously reject the hypothesis of absolute convergence. Instead, we find

strong evidence of club convergence: four clubs for the scale of poverty (as captured by the

3 Club convergence is consistent with the evidence that the income distribution across countries has evolved into two peaks
(the poorest and the richest), as initially found by Quah (Quah, 1993, 1996) and more recently by Bloom et al. (2003). It is also
consistent with the poverty trap literature (Azariadis and Stachurski, 2005; Bowles et al., 2006; Haider et al., 2018), which
highlights mechanisms through which poor individuals or countries may get stuck in a low-income equilibrium in which poverty
becomes self-perpetuating.



headcount), and three clubs for poverty intensity and severity. For all poverty measures
considered, the average poverty rate of the highest-poverty club remains virtually unchanged at
very high levels (e.g., between 50% and 60% for headcount poverty) over the last 35 years. Out
of the 696 million poor in our sample countries in the final year of analysis, 322 million (i.e.,
almost half) live in countries belonging to the highest-poverty club of headcount poverty, whose
lack of progress at poverty reduction over the sample period effectively makes it akin to a poverty
trap.

At the other end, for all poverty measures examined, the average poverty rate of the lowest-
poverty club follows a downward trend, approaching zero by the end of the sample.
Intermediate-poverty clubs diverge from the highest-poverty club from the mid-1990s on, and
show the largest poverty reduction of all clubs over the entire sample.

We find that geography matters for club membership, but it is far from being the only factor
at play. For example, Sub-Saharan African countries account for most of the membership in the
highest-poverty club, but almost half of all Sub-Saharan African countries belong to other clubs
with lower average poverty levels. Moreover, outside the highest-poverty club, membership is
geographically quite diverse. We also show that the country ordering defined by the poverty
clubs does not amount to a mere partition of the country sample into contiguous subsets
according to countries’ poverty rates at the end of the period of analysis. In addition, the club-
based ordering is also different from those derived from conventional country classifications
based on per capita income, such as the World Bank income classification.

All these results hold robustly across the different measures of poverty we examine. Indeed,
we find that club membership is remarkably consistent: out of the 104 countries in our sample,
three-fourths are allocated to the same club under all four poverty measures considered.

In the second part of the paper, we characterize the effect of income and inequality on
countries’ likelihood of belonging to a particular club. In line with the existing literature (see
references at the end of this section), we assume that these two variables summarize the
fundamental factors driving poverty dynamics (and hence club formation). Since our
endogenous variable, club membership, is an ordinal discrete variable, we estimate an ordered
response model (McKelvey and Zavoina, 1975; Greene and Hensher, 2010) that relates club
membership to per capita income and inequality (as captured by the Gini index). We further
distinguish between the initial values of the forcing variables and their changes over the sample

period, since the formation of clubs may depend on both dimensions.



Using this approach, we can assess the respective roles of initial income and inequality, as well
as their changes over time, for countries’ poverty club membership. This allows us to address
two important questions. First, to what extent is membership just driven by countries’ initial
conditions, as opposed to their subsequent performance? Second, what is the overall
contribution of inequality, as opposed to income, to club membership? Furthermore, we can
assess if the answers to these questions are the same for all clubs, or if they are different for
high- and low-poverty clubs.

For this purpose, we estimate a general model including all four explanatory variables (initial
conditions and changes in both income and inequality), as well as two restricted models -- one
including only initial conditions, and another including only income variables — and compare
their ability to predict correctly countries’ poverty club membership.

Overall, for all four poverty measures considered, we find that the general model fits the data
very well. The dominance statistics show that the biggest contributors to the model’s overall fit
are initial income and its change over time. In turn, the restricted models naturally provide a
poorer fit to the data, especially in the case of the model featuring only the initial values of
income and inequality. The general model is also quite successful at predicting countries’ poverty
club membership: between 81 and 96 percent of the sample countries (depending on the poverty
measure considered) are selected into the correct club, i.e., the one obtained from the Philips
and Sul panel clustering procedure. The restricted model excluding the inequality variables also
does fairly well in this regard, suggesting that inequality plays a secondary role in shaping poverty
club membership.

Closer examination of the predictive success of the three models by poverty club yields
additional insights, which apply to all the poverty measures considered. First, membership in the
lowest-poverty clubs is well predicted by all models. However, the restricted model specification
featuring only initial conditions does as well or better than the full model in this regard. In other
words, the lowest-poverty clubs are dominated by countries that started from favorable initial
conditions in terms of income and/or inequality.

Second, country membership in the highest-poverty clubs is very well predicted by the full
model. However, the restricted specification featuring only initial income and its growth rate
does fairly well too in this regard. This suggests that inequality has not played a major role in

driving countries into the highest-poverty clubs.



Lastly, all models tend to predict membership in the intermediate-poverty clubs less well than
membership in the highest- and lowest-poverty clubs. The difference in predictive accuracy is
relatively modest in the case of the full model, but it is quite large for the restricted specifications,
especially for the one featuring only initial conditions, whose predictive performance is
disappointing. From these observations we conclude that initial conditions have contributed
relatively little to countries’ membership in intermediate-poverty clubs, and that the inequality
dimension matters more for membership in these clubs than it does for membership in the
highest-poverty clubs.

Our paper is embedded in an extensive literature on convergence (recently surveyed by
Johnson and Papageorgiou, 2020; Kremer et al., 2021) and on the multidirectional links among
poverty, growth and inequality (recently surveyed by Cerra et al., 2021; Marrero and Servén,
2022). Three strands of that literature are especially relevant in our context, namely those
respectively concerned with poverty convergence; the formation of convergence clubs; and the
contribution of income and inequality to poverty.

Few papers have analyzed the issue of poverty convergence. Moreover, they reach conflicting
conclusions. Using PovcalNet data, Ravallion (2012) finds no evidence of convergence among
a set of 90 developing countries. However, Sala-i-Martin (2006) reaches the opposite conclusion
using data from the World Income Inequality Database (WIID), although he cautions of a certain
degree of divergence in some Sub-Saharan African countries (Pinkovskiy and Sala-i-Martin,
2013). More recently, Ouyang et al. (2019) have revisited the issue of poverty convergence using
an extended version of Ravallion’s data. For their full country sample, they find no evidence of
convergence. However, they do find convergence among Sub-Saharan African countries.
Overall, poverty convergence remains an open question. We contribute to this literature by
bringing the club convergence perspective and offering a formal tests of club convergence in
absolute poverty.*

In turn, research on the formation of convergence clubs derives from the literature on multiple
equilibria (Abramovitz, 1986; Baumol, 1986), and the convergence club approach has been
applied mainly to individual income or to country-level GDP per capita (Quah, 1996;

Bartkowska and Riedl, 2012; Phillips and Sul, 2009). This paper applies this approach to poverty.

4 T . . .
Ouyang et al. (2019) attempt to tackle the possibility of club convergence through some simple tests of region-wise poverty
convergence. However, those tests are not informative about club convergence in general, except in the particular case in which
club membership is known a priori and driven exclusively by geographic factors.



Importantly, the existence of income convergence clubs does not automatically imply the
existence of poverty convergence clubs. The reason is that poverty depends on both mean
income and inequality (Bourguignon, 2003). Countries converging to the same income club but
following sufficiently different inequality paths could converge to different poverty clubs. Thus,
to assess the existence of poverty convergence clubs it is necessary to apply the club convergence
approach to poverty itself rather than income, and this is our contribution to the literature on
this front.

Another strand of the literature explores the links between income growth and inequality, on
the one hand, and poverty, on the other. The bulk of this literature focuses on the poverty-
reducing effect of growth and the factors that shape it (Dollar and Kraay, 2002; Bourguignon
2003; Ravallion, 2004; Kraay, 2006; Dollar et al., 2016). Empirically, there is broad agreement
that growth reduces poverty, hence fostering aggregate growth is pro-poor (see also Ferreira et
al., 2010, Bluhm et al., 2018 and Bergstrom, 2020). In contrast, the contribution of changes in
inequality to poverty reduction has generally been found to be much smaller, which probably
explains why the literature on the impact of inequality on poverty is more limited, although there
are several relevant exceptions, such as Ravallion (2005), Kalwij and Verschoor (2007) or Fosu
(2017). More recently, Bergstrom (2020) or Lakner et al. (2020) find evidence supporting the
relevant role of declining inequality for poverty reduction. To this literature we contribute by
assessing the respective contributions of income and inequality to shaping countries’
membership in the different poverty convergence clubs, and how those contributions may vary
across clubs.

The rest of the paper is structured as follows. In Section 2, we provide a quick overview of
the poverty data used in the paper and conduct a classical convergence analysis. In Section 3, we
present the convergence clubs methodology and show the main empirical results for the
alternative poverty measures considered. In Section 4, we estimate an ordered response model
to analyze the relation between club membership and the two main drivers of poverty: income

and inequality. Finally, Section 5 presents the main conclusions.
2. ABSOLUTE POVERTY AROUND THE WORLD

We consider the following family of additive poverty measures, denoted by P (Watts, 1968;
Sen, 1976):



P(2) = [, Qly(q); 2] dg, M
where 7 is the poverty line, ¥(q) denotes the income of the q*" percentile of the income
distribution at time t (the time sub-index is omitted if not needed) and PO= F(z), with F () the
cumulative distribution of income, is the headcount poverty rate. For Q(y(q);z) =
(z—y(q)/ Z)g, we obtain the Foster—Greer—Thorbecke class of poverty measures (Foster et
al., 1984), which includes the headcount (6 = 0), denoted PO below, the poverty gap (6 = 1),
denoted P1, and the squared poverty gap (8 = 2), denoted P2. For Q(y(q); z) = In[z/y(q)],
we obtain the Watts index, denoted W.

Each of these measures provides information on a different dimension of absolute poverty.
The headcount captures the scale of poverty, i.e., the proportion of the population with income
below the poverty line z. It does not change in response to changes in the income distribution
below the poverty line, i.e., when a very poor individual becomes less poor or when a poor
individual becomes even poorer. In turn, the poverty gap provides a measure of poverty intensity,
as it shows the (average) shortfall of the income of the poor relative to the poverty line. The
squared poverty gap and the Watts index capture the severity of poverty. The squared poverty gap
weights the income gap of each household by the size of the gap itself, hence increases in the
resources of the poorest individuals reduce overall poverty by more than do changes in the
resources of less-poor individuals. Finally, the Watts index places a bigger weight than the
squared poverty gap on very low incomes, and a lower weight on the incomes of less-poor
individuals.’

Time-series data on these poverty measures are taken from PovcalNet, using a poverty line of
US$1.90 per individual per day at 2011 PPP (Ferreira et al., 2016), which replaces the earlier
threshold of US$1.25 per individual per day at 2005 PPP.® PovcalNet’s poverty estimates ate
constructed from household surveys. To allow comparisons over time, PovcalNet reorganizes
the available survey data into reference years, typically at three-year intervals. In countries where
survey data are not available on an annual basis, growth rates from national accounts are used to

project consumption or income forward and backward, obtaining “interpolated data”. The first

? Under lognormality, the Watts index has also a useful interpretation as the time to exit poverty — i.e., the number of years
it would take for a poor household to grow out of poverty given a hypothetical, steady growth of annual income (or
consumption). It can be shown that the exit time is exactly given by the Watts index divided by the income growth of the poor.

Poverty estimates are homogenized using PPP exchange rates for household consumption from the 2011 International
Comparison Program.



reference year is 1981 and the most recent one is 2018. However, after 2015 South Asia’s
available surveys cover less than 50% of the region’s total population (Aguilar et al. 2020). Thus,
to allow meaningful comparisons across regions and countries, we focus on the 1981-2015
period.

From the initial set of 164 countries, we retain only those whose surveys report poverty
information at the national level, and drop those with solely rural or urban coverage. To keep
the focus on poverty, we also disregard rich countries (Australia, Japan, Israel, United States,
Canada and western European countries), since their absolute poverty levels are zero or very
close to zero for all measures and years in the sample. Lastly, we drop countries with incomplete
time seties.” Thus, our final sample consists of 1,248 observations, comprising 104 developing
countries over the period 1981-2015 at three-year intervals (see Appendix A for details).”

Table 1 reports descriptive statistics for the four poverty measures in 1981 and 2015, as well
as their annual change over the period. Figure 1 shows the time path of their respective cross-
sectional averages as well as the 25" and 75" percentiles. Several facts common to all four
poverty measures are worth noting.

First, their respective cross-country averages follow similar trends. Between 1981 and 1993,
average PO remained relatively stable at around 34%, while the averages of the other poverty
measures show a very slight decline, with P1, P2 and W hovering around 15%, 9% and 25%,
respectively. However, between 1993 and 2015 the averages of all four measures exhibit a
substantial reduction. Average PO falls from 32% in 1993 to 19% in 2015, which amounts to a
reduction of 0.71 percentage points (p.p.) per year. Over the same period, average P1, P2 and W
similarly decline by 0.38, 0.24 and 0.63 p.p. per year, respectively. Second, the sample
distributions of the four poverty measures are skewed to the right, as median poverty is in all
cases much lower than average poverty. The third fact is the reduction in the between-country
dispersion of absolute poverty over the sample period. All four poverty measures exhibit much

lower standard deviation in 2015 than in 1981 (see Table 1). The time path of their 25*-75"

7 o . .

For that reason, we remove Sao Tome and Principe, South Sudan and Timor-Leste, as well as the former Yugoslavia and

Soviet Union countries. Ravallion (2012) also removes former Yugoslavia and Soviet Union countries because they display
atypical behaviour due to their transition from socialist to market economies.

¥ As poverty displays considerable inertia, the lack of annual information is not a big hurdle for our purposes. Before 2010,
Povcalnet only provides poverty information at three-year intervals. Reference years are 1981, 1984, 1987, 1990, 1993, 1996,
1999, 2002, 2005, 2008, 2010, 2011, 2012, 2013 and 2015. To build a time series with spells of constant length, as required for
the club convergence analysis, the best option is to use data every three years. Hence, from the original information we exclude
2010 and 2012, and use the data from 2015 to approximate the information for 2014. Using instead the average of 2013 and
2015 to approximate 2014 does not materially affect the results.



percentiles (Figure 1) reveals that dispersion decreases markedly after 1993. Moreover, the
decline is more intense for poverty intensity (P1) and poverty severity (P2 and W) than for the
poverty headcount.

Figure 2 shows the relationship between the annual change in poverty (in p.p.) between 1981
and 2015 and its initial level (in 1981) for the four poverty measures considered (i.e., absolute -
convergence graphs familiar from the empirical growth literature). The four scatter plots exhibit
negative slopes, so that, on average, countries with higher initial poverty tended to reduce their
poverty rate by more than did countries with lower initial poverty.

It would be tempting to interpret these negative (and significant) slopes as indicative of 3-
convergence. However, cross-sectional regressions of poverty changes on initial poverty like
those underlying Figure 2 do not offer solid ground for such conclusion The reason is that they
may yield negative and significant slope estimates in settings in which some countries are
converging but others are not (Bernard and Durlauf, 1996). The same result may arise in settings
in which different (groups of) countries converge to different steady states (Durlauf and
Johnson, 1995).” A rigorous assessment of poverty convergence requires empitical tools better

suited to deal with such settings. This is the task undertaken in the next section.
3. POVERTY CONVERGENCE CLUBS

A poverty convergence club consists of a set of countries whose poverty rates may differ over
an extended period, but converge to one another in the long-run (Galor, 1996)."” In general,
poverty dynamics (just like the dynamics of income or inequality) is governed by a set of
economic fundamentals, such as technology, fiscal policy, trade openness or market structure
(Johnson and Papageorgiou, 2020). The key difference between club convergence and other
forms of convergence, such as conditional convergence, is that initial conditions also play a role
in the dynamic process. Thus, differences in initial conditions can become permanent: countries
with similar structural features may converge to different long run poverty rates if their initial

conditions are sufficiently different.

? See also Quah (1993, 1996) for additional concerns with these cross-section regression-based tests and their relation with
absolute convergence.

10 . . .
Thus, absolute convergence implies that all countries belong to a single club.

10



3.1. The statistical model

To test for club convergence along each of the poverty measures described in the previous
section, we follow Phillips and Sul (2007) (P-S from now on). We assume a generic latent factor

model without specifying its origin and its relationship with income or inequality,

Pie = &iepe, 2)
where Pj; is a particular measure of absolute poverty for country i at time t. The term p; is a
common long-run trend capturing forces affecting poverty in all countries, such as technological
progtess, global trade or international commodity prices." In turn, §;; is a country-specific time-
varying loading factor that captures the transition path of country i to the common long-run
trend i, reflecting idiosyncratic characteristics related to, for example, technology adoption,
macroeconomic policy, institutional quality or geography.
With a view to empirically testing for club convergence, it is convenient to define the relative

transition coefficient p;;, which measures poverty relative to the world average:

Pyt Sit
bie =15, =1 3
T ©

which eliminates the common trend W, by rescaling the loadings &;; in terms of their cross-
section average. Thus, the transition coefficient measures both the behaviour of country 7 relative
to the average and its deviation from the common path.

Following P-S, we assume that the factor loading 8, takes the following form:

6it = 61' + Sit€ip; with S = L(:ﬁ; fort 21,s; >0, ©)

Where s is a time-invariant parameter, & is an iid standard normal random variable, L(t) is a
slowly-varying function of time (P-S use Int specifically), and « is a parameter that can be
positive or negative depending on whether there is convergence or not. For the case of
convergence (with @ = 0), the higher is a, the faster s;; tends to zero, and the faster is the
convergence of §;; towards §;.

It is easy to see that under the null hypothesis of convergence thm 8 = 6; = & forall i, while

under the alternative hypothesis gim ;¢ # & for at least some i. Using (4), testing the null of

"' We should note that the Phillips-Sul approach to identifying convergence remains valid regardless of the order of
integration of the variables under consideration (Apergis and Payne, 2019; Johnson and Papageorgiou, 2020).

11



convergence is equivalent to testing whether §; = § for all i and @ > 0, while the alternative is
5;# 8 foralli,ora<0 (or both). Using the relative transition coefficients p;; and their

dispersion, convergence implies that p;y = 1 as t — oo for all 2. Alternatively, the cross-sectional
. 1 .
variance of p;; under the null, 67 = ﬁzyzl(pit — 1)2, must tend to zero as 7 grows without

bound. The latter condition is the one used by P-S to prove that testing for convergence is
equivalent to a one-sided test on the estimated b coefficient in the following regression (referred

as a /log-# regression in P-S)™*:

2
log <%> -2 ln(ln(t)) =a+bint + u,, (5)

t

where af /o is the cross-sectional variance in the initial period relative to the variance in
period t, b = 2a, and « is the convergence term in (4).

Testing for convergence using equation (5) has the following intuition. Under the null
hypothesis of convergence, the ratio af /o diverges towards infinity, as 07 is a positive constant
and 07 tends to zero. Thus, under the null hypothesis of convergence, b in (5) must be non-
negative: if b = 0, the ratio 0f /o diverges as 2In(In(t)), and if b>0, the ratio also diverges
as bInt (a faster speed). However, under the alternative hypothesis (lack of convergence), P-S
prove that 6 tends to a positive quantity. Hence, the dependent variable in (5) must diverge to
minus infinity, which requites b < 0.

Since b is a scalar, the null hypothesis of convergence (b = 0) can be easily tested against the
alternative (b < 0) with a one-sided t-test on the estimated b in (5), using HAC standatd errors.
Thus, if the computed t-statistic tj, is above —1.65, the null hypothesis of convergence cannot
be rejected. In this case, the distinction between absolute and conditional convergence rests on
the magnitude of the estimate of b: b = 2 implies absolute convergence, while 0 < b < 2
implies conditional convergence (see Phillips and Sul, 2009, section 4.2). Conversely, if the t-
statistic is below -1.65, the null hypothesis of convergence is rejected at the 5% significance level.

However, rejection of the null hypothesis can imply either overall divergence, or convergence
among subgroups of countries (i.e., club convergence). The testing procedure in P-S is

embedded within a clustering algorithm for detecting potential convergence clubs, i.e., to

26ee Appendix B in P-S for details.

12



determine whether §; = § for a set of countries i and @ > 0. When starting the algorithm,
whether a country is assigned to a particular convergence club depends on the outcome of the

one-sided t-test on b in the /og-# regression performed for different sub-samples.”
3.2.Empirical implementation

Implementation of the P-S approach requires a balanced panel dataset. As described in Section
2, we use data from PovcalNet on the different measures of poverty over the 1981-2015 period,
spaced at 3-year intervals. We estimate a separate factor model (equation (2)) for each of the four
alternative poverty measures considered. In each case, the transitional coefficients (equation (3))
are constructed using filtered series to mitigate noise and cyclical fluctuations."* An issue is the
proper choice of filter and degree of smoothing. P-S uses the HP filter with a smoothing
parameter of 400 for annual data. However, Ravn and Uhlig (2002) find that, for annual data,
the smoothing parameter of the HP filter should equal 6.25. They also formulate a rule for the
choice of smoothing parameter for other data frequencies. Following that rule, for our triennial
data we obtain a smoothing parameter of (4 - 3)* = 0.0778. The qualitative results reported
below remain largely unchanged if a locally larger smoothing parameter is employed.

Next, using the numerical clustering algorithm from P-S, we estimate iteratively equation (5)
in order to classify countries either into convergence clubs or as divergent units. For each poverty
measure, Table 2 shows the results from estimation of equation (5) (i.e., the estimates of b and
the associated #statistics) over the full sample and for each club, the number of countries, and

the average levels of poverty at the beginning and end of the period, along with its annual change.

5 The basic procedure of the clustering algorithm is the following. First, arrange the panel in descending order according to
the poverty rate at the end of the sample period. Second, run the log-t regression and test for overall convergence. If the
hypothesis of overall convergence is rejected, the two countries showing the highest poverty rates are selected and other
countries are added one by one, running the log-t regression until a £}, larger than -1.65 is found. The group of countries that
maximizes t, comprises the so-called core group. If t;, > —1.65 does not hold for the first two countries, the algorithm starts
again with the next two countries, adding each of the remaining countries at a time to the core group and running the log t-
regression again. All units with t;, > —1.65 are included in the core group, thus forming the first convergence club. Then the
process is repeated for all the countries not in the convergence club, in order to classify them either as convergence clubs or
divergent units. For a further description of the clustering algorithm, see Section 4.3. in P-§, and Appendix 1 in Borsi and Metiu
(2015) or Schnurbus et al. (2017).

" In our case, an additional difficulty with the filtering is that the filtered poverty rate may not lie in the range between zero
and one. Moreover, the clustering algorithm tends to perform poorly for values of poverty very close to zero, which often leads
to finding a large number of clubs with very few member countries in each, whose poverty rates are all converging to zero. To
avoid these problems, we restrict the filtered series to the range [0.01, 1]. Moreover, following the recommendation in P-S for
sample sizes below 50 in the time dimension, we discard the first 1/3 time-series obsetvations to improve the power of the
convergence tests.
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We obtain a total of four clubs for the headcount poverty rate, and three clubs for each of the
other three poverty measures. The detailed list of countries belonging to each club is shown in
Table 3.

To present the results, in Table 2, clubs are arranged in descending order of long-run poverty,
ie., Club 1 is the club with the highest long-run levels of poverty. For PO, P1, P2 and W, the
average levels of poverty in 2015 are 49.2%, 20.9%, 14.1% and 37.3% in the highest-poverty
clubs, and 1.2%, 1.4%, 0.5% and 1% in the lowest-poverty clubs, respectively. For illustrative
purposes, in Table 2 we also present the [ coefficients obtained from club-specific §-
convergence regressions (i.e., like the regressions in Figure 2 but done separately for each club).

For the four poverty measures, the t-statistics are well below the critical level of -1.65 for the
full sample: -27.5 for PO, -24.9 for P1, -33.0 for P2 and -15.7 for W. Thus, in spite of the
appearance of absolute convergence that a naive look at Figure 2 might suggest, more careful
analysis unambiguously rejects the null hypothesis of absolute convergence for all four poverty
measures considered. Hence, our results are a reminder that conventional beta-convergence
analysis of absolute poverty can easily lead to misleading conclusions in the presence of
convergence clubs (Durlauf and Johnson, 1995).

In turn, for each club and for all poverty measures considered, the estimated t-statistics of
equation (5) are above -1.65, consistent with the hypothesis of convergence within each club.
Moreover, the higher the estimated b, the higher the implied speed of convergence within each
club (i.e., recall that b = 2a and « is a measute of convergence speed from equation (5)). In
general, we obsetrve higher speeds of convergence (i.e., higher levels of b, according to Table 2)
within lower-poverty clubs. These results are consistent with the 3-convergence estimates also
shown in Table 2: for all poverty measures considered, they are much larger for the lowest-
poverty clubs (ranging between 2.8-2.9) than in the highest-poverty clubs (for which they range
between 1.1 and 1.9).

Figure 3 shows the evolution of the cross-sectional mean for each poverty measure and club.
For the highest-poverty club (Club 1 in all measures), average poverty shows little change
between the beginning and the end of the sample period — it remains at high levels throughout.
For the lowest-poverty club (Club 4 for PO and Club 3 for P1, P2 and W), the trend is also similar
for all poverty measures: average poverty shows a slight but persistent reduction throughout the

period to reach an average of almost zero in 2015.
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Intermediate clubs (Clubs 2 and 3 for PO and Club 2 for the other measures) show the largest
extent of poverty reduction over the entire sample. For headcount poverty, the comparison
between Clubs 2 and 3 is interesting. Until the mid-1990s, their average poverty levels were fairly
stable and roughly similar. Thereafter, however, headcount poverty declines sharply among Club
3 countries, even approaching the levels of Club 4, while it undergoes a more modest reduction
among Club 2 countries."”.

More broadly, the club composition provides a mixed perspective on the progress with global
poverty eradication. Only the countries belonging to the lowest-poverty club appear to be
converging to near-zero poverty. Table 2 shows that, depending on the poverty measure under
consideration, they roughly represent between one-third and two-thirds of the country sample.
In turn, countries in the intermediate-poverty clubs are making progress towards lower, but not
zero, long-run poverty rates. At the other end, however, countries belonging to the highest-
poverty club have seen little poverty reduction in the last 35 years, which suggests that they may
be caught in a poverty trap.

The distribution of the world’s poor across clubs at the end of the sample period allows a
more precise view on the prospects for global poverty eradication. We can compute it by
summing the number of poor across each club’s member countties in 2015."° Figure 4 shows
the distribution that results for each of the poverty measures considered. The total number of
poor in our sample in 2015 equals 696 million. Out of that total, 322 million (46%) live in
countries trapped in Club 1 of headcount poverty. At the other end, only 24 million live in
countries approaching complete poverty eradication (i.e., belonging to Club 4 of headcount
poverty). Moreover, Figure 4 also shows that, of those 322 million trapped in a high-poverty
equilibrium, about 83% (268 million) appear to be trapped also in a path of persistently high
poverty intensity (as implied by their allocation to Club 1 of the poverty gap), and about 50%

5 For instance, within Club 2 we find countries such as Chad, Senegal and Uganda (members of Club 2 in all poverty
measures), which reduced their headcount poverty rates 38, 22 and 23 p.p., respectively, between 1996 and 2015, but their
poverty rates in the final year are still far from zero. However, within Club 3 there are countries that start in 1981 with poverty
levels similar to those observed in countries of clubs 1 and 2 and, after 35 years, have managed to bring their poverty rates close
to zero. This is the case, for example, of Guatemala, China or Vietnam, which pertain to Club 3 under all poverty measures. In
addition, for the poverty gap, countries belonging to Club 2 exhibit a peculiar behavior: the club’s average poverty trajectory
crosses that of Club 1 in 1999, at a level of P1 around 25%. This is because several countries from Club 2 (i.e., Guinea, Mali or
Sierra Leone) started in 1981 with very high levels of P1 (above 45%) and managed to reduce them sharply by 2015. In contrast,
other countries from Club 1 (i.c., Benin, Madagascar or Lesotho started with smaller poverty gaps (below 26%) but failed to
reduce them by the end of the sample period.

' We calculate the number of poor in each country multiplying its 2015 headcount poverty rate by its total population in the
same year. Both magnitudes are shown in Table Al.
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(170 million) are stuck in persistently high poverty severity as well (as implied by their allocation
to Club 1 of the squared poverty gap and the Watts index)."” Overall, the conclusion is that
global poverty eradication is likely to remain elusive on current trends.

Geographic location matters for club membership (see Table B1 in Appendix B), especially
for the highest-poverty club, although it is far from being the only factor at play. For instance,
while SSA countries account for most of the membership in Club 1 (i.e., 92%, 77%, 82% and
88% of the member countries for PO, P1, P2 and W, respectively), almost half of all SSA
countries belong to clubs with lower poverty levels (see Table 3). Moreover, for the other clubs,
membership is geographically more diverse. For instance, Latin America and the Caribbean
(LAC) countries account for most members in the lowest-poverty clubs, representing almost
one-third of the total for all poverty measures and, in general, we find that clubs with
intermediate poverty levels include countries from all regions — e.g., Belize and Honduras from
LAC, Papua New Guinea from East Asia and Pacific (EAP), Yemen from the Middle East and
North Africa (MENA), and Comoros and Eswatini from SSA.

To conclude this section, it is important to emphasize that the poverty clubs we identify do
not reflect a mere partition of the country sample into contiguous subsets according to countries’
poverty rates at the end of the period of analysis. If that were the case, every country in Club 1,
for example, would exhibit higher poverty in 2015 than every country in Club 2, and the same
would apply to Club 2 vs Club 3, and so on. Figure 5 clearly shows that this is not the case: there
is considerable overlap between the ranges of 2015 poverty rates of the various clubs, even
between those of the highest- and lowest- poverty clubs. This serves to underscore the fact that
the clubs are defined by countries’ (estimated) long-run poverty rates, themselves driven by
poverty trends over the sample period, and not only by the levels of poverty at any particular
moment of the sample.

It is also worth noting that the country ordering defined by the poverty clubs is different from
those derived from conventional classifications based on per capita income. Figure 5 illustrates
the case of the World Bank income classification as of 2015 (the final year of our sample),
comparing its country groups — high and upper-middle income (combined in the figure into a

single group), lower-middle income, and low income — with the clubs identified by our

17 These observations are based on the fact that, as Table 3 shows, all countries belonging to Club 1 under P1, P2 and Watts
also belong to Club 1 of headcount poverty. The only exceptions are Djibouti and Suriname, which belong to Club 2 under PO.
However, their combined total number of poor in 2015 is just 0.28 million, which is immaterial for the calculations in the text.
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procedure. While there is a good deal of commonality between both classifications, it is far from
a perfect match, which confirms that the club-based clustering provides independent

information relative to that provided by the income-based clustering.
3.3.Concordance among poverty measures

Since the four poverty measures under consideration capture different poverty dimensions,
one may wonder how consistent is club membership across them. Is the clustering of countries
broadly similar under the four poverty measures, or is it very different? In the former case, our
findings regarding the country composition of the various clusters would be robust across the
different poverty dimension considered, while in the latter we would not be able to draw firm
conclusions on countries long-run poverty performance, as countries could be approaching high
long-run poverty for some poverty dimensions, and low long-run poverty for others.

We use three statistics to assess the concordance between the club memberships obtained for
alternative poverty measures: the Spearman rank correlation, the Kappa statistic (Cohen 1960)
and the concordance correlation coefficient (Lawrence and Lin 1989). The latter two statistics
merit some explanation. The Kappa statistic is typically used to measure the degree of agreement
of the ratings (in our case, club membership) given by two different raters (in our case, poverty
measures), corrected for how often the raters may agree by pure chance. Thus, a Kappa equal to
zero means that there is only random agreement between raters, a negative value means that
there is less agreement than would be obtained by chance, and a value of one implies that there
is a complete agreement between the raters."

In turn, the concordance correlation coefficient evaluates the degree to which pairs of
observations fall on the 45-degree line through the origin. Its values go from +1 (perfect
concordance) to -1 (perfect discordance), and values near zero indicate no concordance. We
should note that the statistic is designed for continuous variables, and thus its application to club

membership here is just for illustrative purposes.

18 According to Fleiss (1971), values of Kappa over 0.75 reflect an excellent degree of concordance, values between 0.4 and
0.75 reflect fair to good agreement, and values below 0.4 indicate poor agreement. An alternative guideline is provided by Landis
and Koch (1977), where the value of the kappa coefficients is interpreted in terms of strength of agreement as follows: 0.01-0.20
slight; 0.21-0.40 fair; 0.41-0.60 moderate; 0.61-0.80 substantial; 0.81-1.00 almost perfect.

17



Table 4 shows the results of pairwise comparisons using these statistics.”” Overall, all three
statistics suggest a high degree of concordance in club membership across the different measures
of poverty. All Spearman correlations exceed 0.83, while the concordance correlations exceed
0.85, and the Kappa coefficients are around 0.70, close to the range of “excellent” concordance
(Fleiss 1971). According to all three statistics, the highest concordances arise when comparing
club membership under the poverty gap and the squared poverty gap, while the lowest arise
when comparing club membership under the poverty gap and the Watts index.

However, it is informative to go beyond these statistics and assess concordance country by
country. Table B1 in Appendix B reports club membership for each country under each poverty
measure. Out of the 104 sample countries, 77 (i.e., three-fourths of the sample) are allocated to
the same club under all four poverty measures. Of these 77 countries, 16 belong to Club 1 (the
highest poverty club) under all four poverty measures considered. They are all located in the SSA
region, with the single exception of Haiti. Nine other countries consistently belong to Club 2
(intermediate poverty) -- 7 from SSA, 1 from EAP and 1 from LAC. Finally, the largest group
of countries (52) with perfectly coherent classification is found in the lowest-poverty club
regardless of the poverty measure considered: 17 are from the LAC region, 11 from the EAP
region, 8 from the MENA region, 5 from the ECA region, 4 from the SA region and 7 countries
are from SSA.

For the remaining 27 countries (one-fourth of the sample), club membership varies (slightly)
depending on the particular poverty dimension considered. For example, of the 26 countries
belonging to Club 1 of headcount poverty, five (Zimbabwe, Yemen, Republic of Congo, Nigeria
and Liberia) belong also to Club 1 of P1 but to Club 2 of at least one measure of poverty severity
(P2 or W), while six other countries (Niger, Sierra Leone, Mali, Guinea, Tanzania and Burkina-
Faso) belong to Club 2 of both poverty intensity and severity. Two countries (Djibouti and
Suriname) belong to Club 2 of PO and to Club 1 of P1 and of at least one measure of poverty
intensity. Nine other countries (Syria, Kiribati, South Africa, Honduras, Ethiopia, L.aos, Vanuatu,
Botswana and Bangladesh) belong to Club 2 of PO and to Club 3 of P1 and of at least one
measure of poverty intensity (P2 and/or W). The remaining six countries (India, Colombia,

Bolivia, Ghana, Gabon and Romania) are members of Club 3 of headcount poverty, and belong

19 .. . . . .
To facilitate the comparisons, we merge headcount poverty clubs 3 and 4 into a single club so that the number of clubs is
the same under all four measures of poverty.
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instead to the intermediate club (Club 2) of the Watts index. It is worth noting that all countries
belonging to Club 4 of headcount poverty also belong to the lowest-poverty club (Club 3) under

all other poverty measures.
4. POVERTY CLUB MEMBERSHIP, INCOME AND INEQUALITY

What drives the formation of poverty clubs, and countries’ membership in them? In principle
one could think of a host of possible fundamental factors. However, from (1) above, poverty
can be seen to be a function of mean per capita income and a general measure of inequality.
Thus, whatever those fundamental factors happen to be, their influence on the formation of
poverty clubs must be primarily channelled through mean income and inequality.

More concretely, let y;;(q) denote the income of the g-th percentile of the income

distribution. It can be expressed as y;:(q) = YitLit g (q), where y;; is mean per capita income,

Lit() denotes the Lorenz curve and L g its derivative at the g-th percentile. Plugging this

expression for y;;(q) into (1), we get Py = fOPO Q(j_/itLit_q (q),z) dq. Under lognormality,
which is commonly taken to be a fairly good approximation to the actual distribution of income
(see e.g., Lopez and Servén 2000), the functon (+) can be further expressed in terms of
log(¥i¢), log(z) and the Gini index for PO, P1 and P2, while the Watts index is itself already
defined in such terms.

This analytical framework underlies an extensive empirical literature that has sought to
quantify the respective contributions of income and inequality to poverty (Bourguignon, 2003;
Kraay, 2006; Ferreira, 2012; Ravallion and Chen, 2010 or Dollar and Kraay, 2002, among many
others). Generally, this literature employs a linear (or log-linear) specification, such as Py = a; +
vlogyi + @Gy + vy, where inequality G is typically measured by the Gini index.

Using this framework, we can quantify the respective roles of income and inequality in
determining the club membership of each country. For both variables, we distinguish between
their initial conditions and their changes along the transition, since they may have different
effects on the formation of poverty clubs. We first review the descriptive evidence, and then

turn to the estimation of an ordered logit model of poverty club membership.
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4.1.Preliminary evidence

We use mean per capita income expressed in US dollars per day (PPP-adjusted) as a measure
of income, and the Gini index as a measure of inequality, both extracted from PovcalNet. Table
5 shows, for each club and poverty measure, the average levels of income and inequality for the
initial and final year of the sample period, as well as their annual growth (annual change in the
case of the Gini index).”

A preliminary inspection of Table 5 suggests that club formation is related to both the initial
levels and dynamics of income and inequality. In most cases (but not all), the lower-(higher)
poverty clubs exhibit higher (lower) initial average income levels. In turn, they invariably exhibit
higher (lower) average income growth and, therefore, a higher (lower) average level of income
at the end of the period. Across all poverty measures, average income growth is negative for the
highest-poverty club (Club 1), while it reaches around 2% per year for the lowest-poverty club
(Club 4 for PO, and Club 3 for the other measures).

The lower-(higher) poverty clubs also start from lower (higher) initial inequality levels. In
contrast, the annual change in average inequality does not seem to vary across clubs in the same
systematic way income growth does. However, it is worth noting that the levels of inequality
have decreased during the sample period across all clubs and for all poverty meassures, although
the reduction appears more marked for the intermediate club (Club 2). This faster inequality
decline may have been a relevant contributor to the relatively fast decline of the average poverty

rate of Club 2 shown in Figure 3 above for the cases of P1, P2 and W.
4.2.An ordered response model of poverty club membership

To get a more rigorous quantitative assessment of the respective roles of income and inequality
in poverty club formation, we estimate an empirical model of poverty club membership.
Membership is an ordinal discrete variable which takes values from 1 to 4 for PO and from 1 to

3 for the other poverty measures. Thus, we estimate an ordered logit model relating club

20 . . . . . . .
PovcalNet provides interpolated information on mean income (thus, we have data for 1981 and 2015 in all cases), but it
does not provide interpolated information on the Gini index and other inequality measures. When 1981 and/or 2015 data on
the Gini index are not available, we use the value from the survey closest to the missing year.
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membership, as obtained from the Philips and Sul clustering approach in Section 3, to initial

conditions and changes in mean income and the Gini index.”

More specifically, the dependent variable, poverty club membership of country 7, denoted Cj,
can take a value ¢ € {1,2...N} (where N equals 4 for PO, and 3 for P1, P2 and W). Club
membership is a discrete function of an unobserved latent vatiable, denoted by P;’, which
represents the steady-state level of poverty. The function is parameterized by a set of thresholds,
uj, with /€ {1,2 ... N — 1}, and takes the following form:

Lif PP <
2,if p <P <y

N,if P[> pn—s
The latent variable P;" is modelled as (McKelvey and Zavoina, 1975):

Pi* :Zi+€il (7)
where Z; = 2’,§=1 Vi Xki comprises a set of K observed explanatory variables, and &; is a random
disturbance.. The variables included in X} should capture the factors driving poverty club
membership — initial conditions and structural characteristics of the economy. As noted earlier,
it is reasonable to assume that those factors are conveniently summarized by income and
inequality — specifically, by their initial values and their changes over time. Hence, we estimate
the following reduced form for P;":

P = Bilogyir, + ©1Gir, + B2Alogy; + 9,AG; + &,
Zi

(®)

where y;  and G, respectively denote the initial values of mean income and the Gini index, and
Alogy; and AG; are their changes over the sample period.

This framework allows us to address two issues of interest. First, how big is the role of initial
conditions relative to that of transitory factors (as captured by the changes over time in income
and the Gini index) in determining club membership? This is of interest from a policy

perspective — while initial conditions are given, there may be ample scope for policy interventions

L A similar approach is taken by Bartkowska and Riedl (2012), who estimate an ordered logit model to investigate whether
initial conditions are responsible for income club formation in Europe.
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affecting the transition. Hence, it is useful to know to what extent initial conditions shape long-
run club membership.

Second, how big is the role of inequality in determining poverty club membership? The
empirical literature referenced in the introduction generally concludes that observed poverty
trends are largely driven by changes in mean income, with inequality playing a relatively minor
role. Our empirical setting allows us to verify if the same conclusion applies to the formation of
poverty clubs, and whether the conclusion varies across clubs and / or across poverty measures.

To assess both of these issues, we can compare the results from estimating the full model (8)
with those from two suitably restricted models, the first one including only initial conditions and

the second only income variables:
P = Bi1logyir, + 911Gie, + Vi )

P = Biologyir, + Ba2Alogy; + w;. (10)
The larger the difference between the explanatory powers of models (8) and (9), the more
relevant is the role of income and Gini index changes, given initial conditions, in shaping
countries’ poverty club membership. Likewise, the larger the difference between the explanatory
powers of models (8) and (10), the more relevant is the role of the initial Gini index and its
subsequent changes, given income.

We assume the error terms in (8)-(10) follow a logistic distribution, and estimate the

parameters of the above equations and the thresholds y; in (6) by maximum likelihood. We can

then compute the probability that the latent variable P;" falls within the various threshold limits

estimated, for each model and poverty measure. In this setting, this is equivalent to estimating

the probability that the ordered variable C; takes a particular discrete value ¢,
exp(Zi — He-1)

1+ exp(Zi - .uc—l)’

where ¢ € {1,2,3,4} for PO, and c € {1,2,3} for P1, P2 and W.

Pr(C;=c) = (a1
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Tables 6 and 7 report the parameter estimates of equations (8)-(10) for headcount poverty and
for the other poverty measures, respectively.” In general, all coefficients are significant and with
the expected signs. The positive signs of the coefficients on initial income and income growth
indicate that the probability of belonging to lower-poverty clubs increases with both dimensions
of income. The negative signs of the coefficients on the initial level of inequality and its change
over time indicate the opposite, in line with most of the existing literature.

To provide a metric for the point estimates, we can recover the odds ratio for each variable
by taking the exponential of its estimated coefficient. We provide an illustration of the odds
ratios using the full model estimates for the case of headcount poverty (first column of Table
6).” For instance, a 1% increase in initial income (e.g., raising it from 10 to 10.10 dollars per
day), holding the rest of the variables constant, raises the odds of belonging to the lowest-poverty
club (Club 4) relative to the rest (clubs 2, 3 and 4) by 9% (e%°? = 1.09). Similarly, the odds of
belonging to the highest-poverty club (Club 1) decrease by 30% when the growth rate of income
increases 0.1 p.p. per year (1 —1/€3€%%1 =0.30). Over the 34-year sample period (i.e.,
between 1981 and 2015), this is equivalent to an income growth of 3.4%, which should be
compared with the average growth rate of the entire sample (1.29 - 34 = 449%, see Table 5).
This simple quantitative exercise shows the importance of income growth for escaping extreme
poverty.

As for the Gini index, the odds of belonging to the highest-poverty club, relative to the rest,

decrease by 25% when the initial Gini index decreases 1 p.p. (1 — e ~%%8 = 0.25). Likewise, the

3.47
odds dectrease 29% following an annual reduction of 0.1 p.p. in the Gini index 1 —e 10 =

0.29). Such annual reduction would entail a drop in the Gini index of 3.4 p.p. over the 34-year
sample period.
Tables 6 and 7 also report McFadden’s pseudo-R2, which summarizes the overall explanatory

power of each model. For the full model (8), the values are quite high, regardless of the poverty

% Note that the estimates are computed on a reduced sample of 94 countries, rather than the 104 countries in the initial
sample. The reason is that for ten countries (Gabon, Guyana, Kiribati, Lebanon, St. Lucia, Myanmar, Suriname, Syrian Arab
Republic, Vanuatu and Zimbabwe) only a single observation on the Gini index is available over the entire sample period, which
prevents us from computing its annual change. Although the restricted models do not include the change in the Gini index, and
therefore can be estimated with the full sample, to ensure comparability of the results across models we opt for reporting
estimates over the reduced sample of 94 countries for all models. Nevertheless, additional exercises show that the estimates of
the restricted models over the full sample of 104 countries are very similar to those in Tables 6 and 7.

23 . . . . . . . .
The illustration in the text assumes changes of arbitrary magnitude in the values of the variables. Alternatively, we could
have organized the discussion around 1-standard deviation changes of the variables. However, this would have resulted in
unrealistically large changes when applied to the initial income conditions.
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measure considered (0.69 for PO and W, and above 0.80 for P1 and P2).** Hence, income and
inequality, taken together, do an excellent job at explaining poverty club membership.

Comparing these pseudo-R2 with those obtained from the restricted models, we obtain a first
idea about the relevance of each channel and dimension to position each country in the
corresponding club. The first restricted model (9), which includes initial conditions only, yields
a pseudo-R2 below 0.18 for all poverty measures, far behind the values obtained with the full
model. The second restricted model, which includes income variables only, yields a pseudo-R2
of about 0.50 for all poverty measures, closer to, but still well below, those from the full model,
with the gap being particularly large for P2. These simple comparisons suggest that, first, income
and inequality changes contribute more than initial conditions to explaining club membership;
second, income explains more than inequality; third, the contribution of inequality (relative to
that of income) seems to be larger for P2 than for the other poverty measures.

A more direct way of assessing the contribution of the individual variables to the model’s
overall explanatory power is through the use of dominance statistics. They quantify the
respective contribution of each variable to McFadden’s pseudo-R2 (see Budescu 1993 and
Gromping 2007). >

Table 8 reports the dominance statistics of the full model (8) for each of the four poverty
measures. The dominance statistics of the individual regressors add up to the pseudo-R2 value.
The table shows that initial income and annual income growth are consistently the most
dominant factors. Their individual contributions are roughly similar to each other — they range
between 0.25 and 0.39 depending on the poverty measure under consideration. Together, the
two income-related variables contribute between 0.56 (in the case of the Watts index) and 0.69
(for the poverty gap) to the pseudo-R2. For PO, initial income plays the leading role, while for

the other poverty measures income growth is the most dominant factor.

2 McFadden’s pseudo-R2 is defined as 1 — [log(qu”)/log(Lnu”)], where [log(qu”) is the log likelihood of the estimated

model and 10g(Lyyy) is the log likelihood of the model without covariates and only a set of intercepts. It captures the
performance improvement of the estimated specification relative to the null model. Values close to 1 indicate a high predictive
ability. However, pseudo-R2 are typically lower than their OLS counterparts (see, e.g., Smith and McKenna, 2013). According
to McFadden, “its values tend to be considerably lower than those of the R2 index and should not be judged by the standards
for a good fit in OLS. For example, values of 0.2 to 0.4 represent an excellent fit” (McFadden, 1977).

“Dominance statistics are based on the estimation of 2K — 1 models including all possible combinations of K independent
variables. The dominance statistic of each independent variable is a weighted average of its marginal contribution to the pseudo-

R2 in the models in which the variable is included. The statistics are obtained using the STAT'A module “domin” (Luchman,
2013).
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In contrast, the contributions of initial inequality and its change over time are much smaller.
Like with income, their magnitude is roughly constant across poverty measures: initial inequality
contributes between 0.07 and 0.14 to the overall fit, while the change in inequality plays a more
modest role, adding 0.02-0.03 to the pseudo-R2. Together, their combined contribution ranges

from 0.09 (in the case of headcount poverty) to 0.17 (for the squared poverty gap).
4.3.Predicting club membership

The preceding discussion focused on the overall explanatory power of the empirical models
(8)-(10). But their ability to correctly predict countries” membership in the different clubs is also
of interest, as are the respective roles of income and inequality, as well as initial conditions and
performance over time, in shaping the accuracy of such predictions.

To explore these issues, we first use the estimates of the ordered logit models (8)-(10) to
compute, for each country and poverty measure, the probability of belonging to each club, given
the country’s characteristics (i.e., initial levels of income and Gini index, and their changes). Next,
we take the highest of these club-specific probabilities as indicating the country’s club
membership predicted by the model. We compare these predictions with actual club
membership, as derived from the Philips and Sul clustering procedure in Section 3. For each
poverty measure, we compute the number and percentage of countries whose club membership
is correctly/incorrectly predicted.

We follow this procedure for the full model (8) as well as the restricted specifications (9)-(10).
Comparison between the predictive accuracy of the full and the initial conditions-only model
provides information on the role of changes of income and inequality along the transition, over
and above the role of initial conditions. Likewise, comparison between the predictive accuracy
of the full model and the income-only model is informative about the contribution of the
inequality dimension to predicting club membership.

Table 9 summarizes the predictive performance of the estimated models. The club
membership predictions of the full model show a high degree of accuracy: they are correct for
the vast majority of countries -- between 81 and 96 percent of the total, depending on the poverty
measure under consideration. In turn, the income-only specification does fairly well too, with a
success rate ranging from 70 to 85 percent, which suggests that income plays a bigger role than
inequality in shaping club membership. The specification including only initial conditions is

consistently less successful. Across poverty measures, headcount poverty is the one for which
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club membership predictions show the lowest level of accuracy — perhaps because there are four
headcount poverty clubs, as opposed to three under the other poverty measures.

While Table 9 portrays the overall success of each model’s club membership predictions, its
breakdown by club is also of interest, as it may provide insights on how the roles of the different
variables shaping club membership vary across clubs. Thus, we next examine the disaggregation
by club of each one of the cells in Table 9. In other words, for each estimated model and each
poverty club under each poverty measure, we compute the number and percentage of countries
whose club membership is correctly/incorrectly predicted. This yields the so-called confusion
matrices (Ting, 2011) comparing, for each club, actual membership with the membership
prediction generated by the ordered logit model. In addition, we can identify the specific
countries for which the restricted and the full-model predictions differ.

For each poverty club, Table 10 shows the confusion matrices for PO and Table 11 for the
rest of the poverty measures. The rows correspond to actual membership, and the columns to
model predictions. The main diagonal shows the successes in the prediction of each model for
each club, while the cells outside the main diagonal represent failed predictions. The percentages
add up to 100 for each row.

Opverall, from Tables 10 and 11 we can extract three main conclusions. First, membership in
the lowest-poverty club (Club 4 for PO, and Club 3 for the other poverty measures) is well
predicted by all models. In most cases, the percentage of successful predictions exceeds 90%
(i.e., the lowest percentage is 86% for the full and income-only models for P0). Interestingly, the
model featuring initial conditions only does nearly as well (even better, in the case of P0) in this
regard as the full model. Thus, initial (favorable) income and inequality conditions suffice to
predict with a high degree of accuracy which countries will wind up in a low-poverty club.

Second, membership in the highest-poverty club (Club 1 in all cases) is fairly well predicted by
the income-only model. This is particularly the case for headcount poverty (for which the
membership predictions of the income-only model are correct in 88 percent of the cases) and
the poverty gap (80 percent), and less so for the squared poverty gap and the Watts index (69

percent successful predictions). This suggests that, on the whole, inequality has played only a
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modest role for countries winding up in the highest-poverty club. However, this does not mean
that inequality is invariably unimportant for predicting membership in the highest-poverty club.*

In contrast, initial conditions play a secondary role when explaining countries’ membership in
the highest-poverty club. The exception is PO, for which the initial conditions-only model
correctly predicts 76 percent of the Club 1 membership. For the other poverty measures, the
success rate at predicting membership in Club 1 is 25 percent or less. In all cases, it is below the
success rate of the income-only restricted model.

Indeed, several countries actually belonging to Club 1 under PO, which enjoyed relatively
favorable initial conditions, are predicted by the initial conditions-only specification to wind up
in Clubs 3 or 4, while the full model correctly places them in Club 1. Closer inspection reveals
that these countries experienced large increases in the Gini index (or very small decreases) and
decreases in their income levels between 1981 and 2015.”

Third, the various models generally have a harder time at predicting membership in
intermediate-poverty clubs (Clubs 2 and 3 for PO, and Club 2 for P1, P2 and W). The initial
conditions-only model does especially poorly in this regard: for PO, P1 and P2 its predictions of
membership in these clubs are all incorrect. The conclusion is that initial conditions have been
of relatively little consequence for countries belonging to intermediate-poverty clubs.”

The income-only model does better at predicting intermediate-club membership — but the
success rate of its predictions is in most cases far below that of the full model. This
underperformance is especially visible for P2, where the success rate of the income-only model
at predicting membership in Club 2 is 43 p.p. lower than that of the full model. From this we

can conclude that the inequality dimension plays a much more substantive role in determining

% Two relevant examples are those of Republic of Congo and Haiti, which the full-model prediction correctly places in Club
1, while the income-only model does not. The likely reason is that both countries exhibit initial inequality and/or inequality
changes well above the sample medians.

2 Some examples are Cote d’Ivoire, Guinea Bissau, Liberia, Nigeria, Togo, and Yemen.

* There are multiple examples of countries that the initial conditions-only model places in a high-poverty club, while the
prediction of the full model correctly locates them in a lower-poverty intermediate club. This is the case, for example, of
Indonesia, Guatemala, Mauritania, Namibia, Nepal and Pakistan. Under PO, all these countries belong in Club 3, but the initial
conditions-only model places them in Club 1. The common thread is that, in spite of relatively adverse initial conditions, these
countries were able to improve their position over time through sustained increases in income levels and, in most cases,
reductions (or small increases) in inequality.
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membership in intermediate-poverty clubs. This stands in contrast with membership in the

highest-poverty clubs, for which inequality plays a limited role, as we saw above.”
5. CONCLUSIONS

In this paper we have analysed the dynamics of different dimensions of poverty using a large
cross-country panel dataset comprising more than a hundred emerging and developing countries
over more than three decades. Our framework allows not only for standard forms of poverty
convergence across countries -- absolute and conditional convergence -- but also for club
convergence, which has not been explored in the existing literature.

Using a panel clustering approach, we unambiguously reject absolute and conditional
convergence. Instead, we find strong evidence of poverty convergence clubs: different groups
of countries are converging to different long-run poverty levels. This applies to all the poverty
measures we explore. Moreover, we also find that club membership is remarkably consistent
across them.

The implication is that, to the dismay of the development community, the goal of global
poverty eradication — which would require worldwide convergence of absolute poverty towards
zero — may be at risk: between one-third and two-thirds of the countries in our sample
(depending on the poverty measure under consideration) do not appear to be on the path
towards zero poverty. Some of these countries — those that wound up in the highest-poverty
clubs identified by our analysis — have seen their poverty rates remain at very high levels during
the entire period of analysis. Other countries — those in intermediate-poverty clubs -- have
achieved a substantial reduction in their poverty rates, but remain far from the zero-poverty goal.
Only for the countries clustered into the lowest-poverty club that we identify do we find clear
evidence that poverty is converging towards zero. This heterogeneity is consistent with the
literature that, in general, has found no evidence of poverty convergence.

Convergence clubs are associated with the existence of multiple long-run poverty equilibria.

Countries’ long-run poverty rate depends not only on fundamental factors, but also on their

» Ignoring the inequality dimension makes the income-only model incur in systematic prediction errors regarding the club
membership of intermediate-club countries. Some countries with very large initial levels and/or worsening inequality are
optimistically predicted to belong to the lowest-poverty club (some examples under PO are Guatemala, Honduras, Namibia and
South Affrica). The opposite happens to countties with low initial levels and/or improving inequality, which are pessimistically
allocated to higher-poverty clubs (e.g., Angola, Ethiopia, Mauritania, Nepal, Pakistan, and the Philippines). In contrast, the full
model, inclusive of inequality, predicts club membership correctly in these cases.
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initial conditions (i.e., their initial levels of income and inequality). In contrast, under absolute or
conditional convergence, initial conditions are irrelevant in the long run. Indeed, we find that
initial conditions predict with a high degree of accuracy which countries end up belonging to a
low-poverty club. Most of them start our period of analysis with a relatively favourable position
(i.e., high income, and/or low inequality, and thus low poverty). In contrast, initial conditions
play a secondary role in explaining countries’ membership in the highest-poverty clubs, and are
even less relevant for predicting the membership of intermediate-poverty clubs.

The paper goes one step further to asses the roles of income and inequality (measured by the
Gini index) in the formation of poverty clubs. Overall, we find that income is the greatest driving
force, in line with the existing literature. This is particularly true for the highest-poverty clubs,
whose member countries expetienced relatively low-income growth and/or started from low-
income levels, and thus converge to a high-poverty equilibrium. However, this is not necessarily
the case for the countries belonging to intermediate-poverty clubs. Income still plays the
dominant role to account for their club membership, but inequality also matters, especially in
the case of poverty severity.

To conclude, our results do not prompt optimism about the rapid eradication of global
poverty. Many countries — certainly those trapped in the highest-poverty clubs, but possibly also
many of those belonging to the intermediate-poverty clubs — appear to be falling behind.

While our framework has abstracted from policy levers, it naturally prompts the question of
whether, and how, policies to achieve long-run poverty reduction should vary across poverty
clubs. For example, one could conjecture that, for countries stuck in the highest-poverty clubs -
- whose formation appears to be driven primarily by income rather than inequality -- raising
income growth should be the top priority to exit the poverty trap. In turn, for countries
converging towards lower-poverty equilibrium levels, such as those in the intermediate poverty
clubs, a faster and more effective reduction of poverty could be achieved with inequality

improvements complementing income growth.
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TABLES

TABLE 1. ABSOLUTE POVERTY: DESCRIPTIVE STATISTICS

Headcount (P0) Poverty gap (P1) Squared poverty gap (P2) Watts (W)
1981 2015 p.pl.“cl;lua]zlge 1981 2015 P.Pf_“c‘;l‘;‘zlge 1981 2015 P.P’.“C‘I'l‘;‘z’lge 1981 2015 P.Pf_“c‘;l‘:fllge
mean 3400 18.56 0.45 1550  6.92 025 934 364 017 2525 1025 044
sd 2011 2149 022 1653 9.69 020 1155 5.80 017 3130 1579 046
P25 690 143 -0.16 169 040 -0.04 076 0.14 0,02 226 053 005
p50 2511  7.74 0.51 1005 235 023 520 093 2013 1115 3.02 024
p75 5818 31.86 0.77 2609  10.64 045 1460 448 030 3995 1327 0.78

Note: The table reports descriptive statistics (mean, standard deviation and percentiles) for the four poverty measures at the beginning and the end of the sample
petiod). p25 denotes the 25% percentile, p50 the median and p75 the 75% percentile. Poverty measures are expressed in percent, and annual changes in percentage

points (p.p.).

TABLE 2. ABSOLUTE POVERTY: CONVERGENCE CLUBS

Absolute poverty rate (average)

Measure Club I\i:)lumr:::;egf b t convErg. *) 1981 2015 Annual p.p.
change
Headcount (P0) Clubl 26 039 157 0,019 52.54 49.20 20.10
Club2 20 015 -0.63 0,022 38.44 22,94 -0.46
Club3 20 019 -048 -0.028 39.79 739 -0.95
Club4 38 027 071 20,029 15.93 118 043
f;ﬂple 104 472 22751 -0.017 34.00 18.56 0.45
Poverty gap (P1) Clubl 2 033 -156 0,011 19.97 2095 0.03
Club2 15 038 101 -0.026 32.68 1091 -0.64
Club3 67 007 039 -0.028 10.19 142 -0.26
f;ﬂple 104 154 -24.96 -0.021 15.50 6.92 -0.25
Squared poverty Clubl 17 002 005 20015 14.69 14.05 0.02
gap (P2) o 24 029 137 -0.028 1528 448 -0.32
Club3 63 220 400 -0.029 5.63 0.51 -0.15
f;ﬂple 104 4138 -33.03 -0.023 9.34 3.64 0.17
Watts (W) Clubl 17 014 058 20015 39.83 37.29 20.08
Club2 34 014 -098 -0.027 33.01 11.17 -0.64
Club3 53 085 185 -0.029 1559 0.99 043
f;ﬂple 104 152 -15.75 -0.022 25.25 10.25 0.4

Note: For each poverty club under each poverty measure, the third column shows the number of member countries. The fourth and fifth columns show the b
estimates and associated t-statistics from the log-t regression (Equation 5). The sixth column shows the B coefficients obtained from estimation of an absolute 3-
convergence regression. Finally, the last three columns report the average poverty rates (expressed in %) at the beginning and the end of the sample period, along
with its annual change in p.p.

(*) All the B coefficients are significant at the 1% level.
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TABLE 3. POVERTY CLUB MEMBERSHIP

Club Headcount (P0) Poverty gap (P1) Sq“a‘eg,g;)ve“y 8ap Watts (W)
Benin, Burkina Faso, Burundi, Benin, Burundi, Central Afr. Benin, Burundi, Central Afr. Benin, Burundi, Central Afr.
Central Afr. Rep., Congo Dem. Rep., Congo Dem. Rep., Congo Rep., Congo Dem. Rep., Cote Rep., Congo Dem. Rep., Cote
Rep., Congo Rep., Cote d'Ivoire, Rep., Cote d'Ivoire, Dijibout, d'Ivoire, Djibouti, Guinea-Bissau, d'Ivoire, Djibouti, Guinea-
Guinea, Guinea-Bissau, Haiti, Guinea-Bissau, Haiti, Kenya, Haiti, Kenya, Lesotho, Bissau, Haiti, Kenya, Lesotho,
1 Kenya, Lesotho, Liberia, Lesotho, Liberia, Mad s Madag 1, Malawi, Madagascar, Malawi,
Madagascar, Malawi, Mali, Malawi, Mozambique, Nigeria, Mozambique, Rwanda, Suriname, Mozambique, Rwanda, Togo,
Mozambique, Niger, Nigeria, Rwanda, Suriname, Togo, Yemen, Togo, Zambia. Zambia, Zimbabwe.
Rwanda, Sierra Leone, Tanzania, Zambia, Zimbabwe.
Togo, Yemen, Zambia, Zimbabwe.
Angola, Bangladesh, Belize, Angola, Belize, Burkina Faso, Angola, Belize, Burkina Faso, Angola, Belize, Bolivia,
Botswana, Cameroon, Chad, Cameroon, Chad, Comoros, Cameroon, Chad, Comoros, Botswana, Burkina Faso,
Comoros, Dijibouti, Eswatini, Eswatini, Guinea, Mali, Niger, Congo Rep., Eswatini, Guinea, Cameroon, Chad, Colombia,
Ethiopia, Honduras, Kiribati, Lao Papua New Guinea, Senegal, Honduras, Kiribati, Liberia, Mali, Comoros, Congo Rep., Eswatini,
People's, Papua New Guinea, Sierra Leone, Tanzania, Uganda. Niger, Nigeria, Papua New Ethiopia, Gabon, Ghana, Guinea,
2 Senegal, South Africa, Suriname, Guinea, Senegal, Sierra Leone, Honduras, India, Kiribati, Lao
Syria, Uganda, Vanuatu. South  Africa, Syria, Tanzania, People's , Liberia, Mali, Niger,
Uganda, Yemen, Zimbabwe. Nigeria, Papua New Guinea,
Romania, Senegal, Sierra Leone,
South  Africa, Suriname, Syria,
Tanzania, Uganda, Vanuatu,
Yemen.
Bolivia, Cabo Verde, Colombia, Algeria, Bangladesh, Bhutan, Algeria, Bangladesh, Bhutan, Algeria, Bangladesh, Bhutan,
Gabon, Gambia, Ghana, Bolivia, Botswana, Brazil, Bulgaria, Bolivia, Botswana, Brazil, Bulgaria, Brazil, Bulgaria, Cabo Verde,
Guatemala, Guyana, India, Cabo Verde, Chile, China, Cabo Verde, Chile, China, Chile, China, Costa Rica, Czech
Indonesia, Mauritania, Mexico, Colombia, Costa Rica, Czech Colombia, Costa Rica, Czech Republic, Dominican Rep.,
Myanmar, Namibia, Nepal, Republic, Dominican  Rep., Republic, Dominican  Rep., Ecuador, Egypt, El Salvador,
Pakistan, Peru, Philippines, Ecuador, Egypt, El Salvador, Ecuador, Egypt, El Salvador, Fiji, Gambia, Guatemala,
Romania, Sudan. Ethiopia, Fiji, Gabon, Gambia, Ethiopia, Fiji, Gabon, Gambia, Guyana, Hungary, Indonesia,
Algeria, Bhutan, Brazil, Bulgaria, Ghana, Guatemala, Guyana, Ghana, Guatemala, Guyana, Iran, Iraq, Jamaica, Jordan,
Chile, China, Costa Rica, Czech Honduras, Hungary, India, Hungary, India, Indonesia, Iran, Korea, Lebanon, Malaysia,
3 Republic, Dominican  Rep., Indonesia, Iran, Iraq, Jamaica, Iraq, Jamaica, Jordan, Korea, Lao Mauritania, Mauritius, Mexico,
3 d 4 f Ecuador, Egypt, El Salvador, Fiji, Jordan, Kiribati, Korea, Lao People's , Lebanon, Malaysia, Mongolia, Morocco, Myanmat,
( an or Hungary, Iran, Iraq, Jamaica, People's , Lebanon, Malaysia, Mauritania, Mauritius, Mexico, Namibia, Nepal, Nicaragua,
headcount) Jordan, Korea, Lebanon, Mauritania, Mauritius, Mexico, Mongolia, Motrocco, Myanmar, Pakistan, Panama, Paraguay,
Malaysia, Mauritius, Mongolia, Mongolia, Morocco, Myanmar, Namibia, Nepal, Nicaragua, Peru, Philippines, Poland,
Morocco, Nicaragua, Panama, Namibia, Nepal, Nicaragua, Pakistan, Panama, Paraguay, Seychelles, Sri Lanka, St. Lucia,
Paraguay, Poland, Seychelles, Sri Pakistan, Panama, Paraguay, Peru, Philippines, Poland, Sudan, Thailand, Tonga,
Lanka, St. Lucia, Thailand, Peru, Philippines, Poland, Romania, Seychelles, Sri Lanka, Trinidad Tobago, Tunisia,
Tonga, Trinidad Tobago, Romania, Seychelles, South Africa, St. Lucia, Sudan, Thailand, Turkey, Uruguay, Vietnam.
Tunisia,  Turkey, Uruguay, Sri Lanka, St. Lucia, Sudan, Syria, Tonga, Trinidad Tobago,
Vietnam. Thailand, Tonga, Trinidad Tunisia, Turkey, Uruguay,
Tobago, Tunisia, Turkey, Vanuatu, Vietnam.

Uruguay, Vanuatu, Vietnam.

Note: The table shows the list of countries belonging to each of the estimated poverty clubs under each poverty measure. Countries in bold belong to the same
club under all poverty measures.

TABLE 4. CONCORDANCE BETWEEN CONVERGENCE CLUBS OF DIFFERENT POVERTY MEASURES

Headcount Poverty gap Squared poverty gap Watts
Spearman Kabpa Concord.  Spearman Kabpa Concord.  Spearman Kabpa Concord.  Spearman Kappa Concord.
correlation PP orrelation  correlation PP o rrelation  correlation PP orrelation  correlation PP orrelation
Headcount 1 1 1 0.895  0.708  0.883 0917  0.700  0.867 0.884  0.717  0.863
Poverty gap - -- - 1 1 1 0936 0.840  0.930 0.835  0.690  0.851
Squared poverty - - - - - 1 1 1 0881 0804 0898
g2ap
Watts - - - - - - - - - 1 1 1

Note: The table shows the concordance between the memberships of the estimated poverty clubs obtained under the different poverty measures. Concordance is
measured using three statistics: the Spearman rank correlation, the Kappa statistic (Cohen 1960) and the concordance correlation coefficient (Lin 1989).
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TABLE 5. INCOME AND INEQUALITY: DESCRIPTIVE STATISTICS BY CLUB

Income Gini (circa o Annual income Annual Gini

1981 Income 2015 1981) Gini (circa 2015) growth (%) change (p.p)

mean sd mean sd mean sd Mean sd mean sd mean sd

Head“z;g; Club 1 342 24 288 089 4657 917 4348  7.99 003 1.66 020 051
Club 2 464 2.69 561 257 4632 106 4437 821 084 148 024 054

Club 3 544 42 829 329 4262 1013 4152 697 190 153 011 034

Club 4 897 533 1646  7.64 39.88 1057 3886 658 212 172 005 031
P°Ve“y(gpa1f)’ Club 1 443 277 3.39 2 478 9.6l 4655 728 057 130 007 049
Club 2 294 233 4.03 19 476 797 40.94 6.4 143 154 051 052

Club 3 731 503 1259 757 4089 1051 401 734 187  1.65 006 031

Squared Club 1 416 2.88 328 221 5006 9.54 48.19 6.9 048  1.25 010 052
poverty gj‘zf)’ Club 2 402 2.62 447 228 4591 847 4185 754 072 175 036 052
Club 3 736 517 1294 764 4051 104 3971 684 199  1.61 006 031

Watts (W) Club 1 404 2.69 296 118 4921 947 4734 655 056 1.23 010 052
Club 2 456 317 565 343 4445 956 221 771 092 155 024 050

Club 3 769 534 1389  7.81 407 1055 3934 6.86 213 1.66 008 032

Full sample 6.07 4.64 941 7.2 4332 1044 4159  7.59 129 1.84 013 042

Note: The table shows, for each poverty club under each poverty measure, the average levels of income (expressed in 2011 PPP-adjusted USD per day) and the
Gini index (in percentage) at the beginning and end of the sample petiod, along with their annual growth (annual change in p.p. for the Gini index) over the

sample period.

TABLE 6. ORDERED LOGIT MODEL ESTIMATION RESULTS. HEADCOUNT

Restricted model

Restricted model

Full model (only initial conditions) (only income)
Initial income (log) 0.09"* 0.02 0.05""
0.01) (0.00) 0.01)
Annual income growth 3.60™" 225"
(-0.63) (-0.33)
Initial Gini index -0.28™ -0.07"
(-0.06) (-0.02)
Annual Gini index change -3.47
(1.1)
i -0.15 2187 690~
(1.61) 0.97) (-1.00)
s 450 117 9.72"
(1.87) (-0.95) (-1.45)
s 8.58" 0.1 12,17
(2.12) (-0.94) (1.72)
N 94 94 94
Pseudo R2 0.69 0.17 0.54

Note: The table shows the estimated results of the ordered logit models expressed in Equations (8)-(10) for headcount poverty. The full model includes initial
income, initial Gini index, average income growth and average Gini change. The first restricted model includes only initial income and the initial Gini index, and

the second includes only initial income and its average growth rate. Standard errors in parentheses. *** p<0.01, ** p<0.05, * p<0.1
Y ge g > s

36



TABLE 7. ORDERED LOGIT MODEL ESTIMATION RESULTS. POVERTY GAP, SQUARED POVERTY
GAP AND WATTS

Poverty gap (P1) Squared poverty gap (P2) Watts (W)
Restricted Restricted Restricted Restricted Restricted Restricted
model model model model model model
Full model (only initial (only Full model (only initial (only Full model (only initial (only
conditions) income) conditions) income) conditions) income)
Initial income 0.11%%* 0.01#4% 0.05%+* 0.11#8% 0.01#+* 0.04#+¢ 0.06%+* 0.01#+% 0.03%+*
(log) (-0.03) (0.00) (-0.01) (-0.03) (0.00) (-0.01) (-0.01) (0.00) (-0.01)
Annual income 5.23#k 2.62%%% 4,998k 2.00%F* 2.81#%F* 1.80%%*
growth (-1.29) (-0.47) (-1.22) (-0.35) (-0.53) (-0.31)
Initial Gini index -0.44%5% -0.07%% -0.54#F* -0.09%F* -0.20%F* -0.07#4%
(-0.13) (-0.02) (-0.14) (-0.03) (-0.06) (-0.02)
Annual Gini -4.58%F* -5.08%F* -4.58%F*
index change (-1.56) (-1.65) (-1.31)
-5.36" -3.19™ 6.26™" -11.5™ -4.34™ 4.22" -5.14" -3.427 3.55"
L} (-2.95) (-1.12) (-1.32) (-3.84) (-1.16) (-0.97) (-2.05) (-1.05) (-0.83)
0.13 =221 9.08™ -4.29 -2.84 7.35"" 112 -1.57 7.337
Mz (-2.9) (-1.09) -1.7) (-3.17) (-1.1) (-1.33) (-1.98) (-0.99) (-1.26)
N 94 94 94 94 94 94 94 94 94
Pseudo-R2 0.81 0.14 0.61 0.83 0.17 0.52 0.67 0.14 0.48

Note: The table shows the estimated results of the ordered logit models in Equations (8)-(10) for the poverty gap, squared povetty gap and the Watts index.
The full model includes initial income, initial Gini index, average income growth and average Gini change. The first restricted model includes only initial

income and the initial Gini index, and the second includes only initial income and its average growth rate. Standard errors in parentheses. *** p<0.01, **
p<0.05, * p<0.1

TABLE 8. DOMINANCE STATISTICS OF THE FULL MODEL

Headcount (P0) Poverty gap (P1) Squared poverty gap (P2) Watts (W)
Initial income (log) 0.33 0.30 0.29 0.25
Annual income growth 0.28 0.39 0.36 0.31
Initial Gini index 0.07 0.09 0.14 0.09
Gini index change 0.02 0.03 0.03 0.03
Pseudo-R2 0.69 0.81 0.83 0.67

Note: The table reports the dominance statistics of the full model in Equation (8), including initial income, initial Gini index, average income growth and average
Gini change. . The dominance statistics quantify the respective contribution of each vatiable to McFadden’s pseudo-R2.

TABLE 9. CONFUSION MATRICES: PREDICTIVE ACCURACY OF THE ESTIMATED ORDERED LOGIT
MODELS

Headcount (P0) Poverty Gap (P1) Squared poverty gap (P2) Watts (W)

Full model 81% (76) 93% (87) 96% (90) 87% (82)
Restricted model (only initial conditions) 56% (53) 66% (62) 61% (57) 57% (54)
Restricted model (only income) 70% (66) 85% (80) 80% (75) 72% (68)

Note: The table reports the overall predictive performance of the ordered logit models in Equations (8)-(10) for each of the four poverty measures. The predictive
petformance is exptessed as the percentage and number (in parentheses) of countries correctly predicted — i.e., those for which the club membership predicted by
the model under consideration matches their actual club membership as obtained using Phillip and Sul’s (2007) methodology. The full model includes initial
income, initial Gini index, average income growth and average Gini change. The first restricted model includes only initial income and the initial Gini index, and
the second includes only initial income and its average growth rate.
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TABLE 10. CONFUSION MATRICES BY CLUB. HEADCOUNT

Full model vs actual membership

Full model

Actual membership Club 1 Club 2 Club 3 Club 4 Total
Club 1 92% (23) 8% (2) 0% (0) 0% (0) 100% (25)
Club 2 13% (2) 75% (12) 13% (2) 0% (0) 100% (16)
Club 3 0% (0) 12% (2) 59% (10) 29% (5) 100% (17)
Club 4 0% (0) 0% (0) 14% (5) 86% (31) 100% (36)

Restricted model (only initial conditions) vs actual membership
Initial conditions only

Actual membership Club 1 Club 2 Club 3 Club 4 Total
Club 1 76% (19) 0% (0) 0% (0) 24% (6) 100% (25)
Club 2 50% (8) 0% (0) 0% (0) 50% (8) 100% (16)
Club 3 41% (7) 0% (0) 0% (0) 59% (10) 100% (17)
Club 4 6% (2) 0% (0) 0% (0) 94% (34) 100% (36)

Restricted model (only income) vs actual membership
Income only

Actual membership Club 1 Club 2 Club 3 Club 4 Total
Club 1 88% (22) 12% (3) 0% (0) 0% (0) 100% (25)
Club 2 25% (4) 50% (8) 6% (1) 19% (3) 100% (16)
Club 3 0% (0) 35% (6) 29% (5) 35% (6) 100% (17)
Club 4 0% (0) 3% (1) 11% (4 86% (31) 100% (36)

Note: The confusion mattix reports the predictive performance for each club of the ordered logit models in Equations (8)-(10) for headcount poverty. The full

model includes initial income, initial Gini index, average income growth and average Gini change. The first restricted model includes only initial income and the
initial Gini index, and the second includes only initial income and its average growth rate. The predictive performance is expressed as the percentage and number
(in patentheses) of countries correctly predicted — i.c., those for which the club membership predicted by the model under consideration matches their actual club
membership as obtained using Phillip and Sul’s (2007) methodology. The rows correspond to actual membership, and the columns to model predictions. The main
diagonal (in bold) shows the successful predictions of each model for each club, while the cells outside the main diagonal represent failed predictions. The

percentages add up to 100 for each row.
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TABLE 11. CONFUSION MATRICES BY CLUB. POVERTY GAP, SQUARED POVERTY GAP AND WATTS

Full model vs Actual membership

Full model

Actual membership Club 1 Club 2 Club 3 Total
Club 1 90% (18) 10% (2) 0% (0) 100% (20)
Poverty gap (P1) Club 2 7% (1) 80% (12) 13% (2) 100% (15)
Club 3 0% (0) 3% (2) 97% (57) 100% (59)
Club 1 94% (15) 6% (1) 0% (0) 100% (16)
Squared poverty gap (P2) Club 2 0% (0) 95% (20) 5% (1) 100% (21)
Club 3 0% (0) 4% (2) 96% (55) 100% (57)
Club 1 94% (15) 6% (1) 0% (0) 100% (16)
Watts (W) Club 2 3% (1) 79% (23) 17% (5) 100% (29)
Club 3 0% (0) 10% (5) 90% (44) 100% (49)

Restricted model (only initial conditions) vs Actual membership

Initial conditions only

Actual membership Club 1 Club 2 Club 3 Total
Club 1 25% (5) 0% (0) 75% (15) 100% (20)
Poverty gap (P1) Club 2 33% (5) 0% (0) 67% (10) 100% (15)
Club 3 3% (2) 0% (0) 97% (57) 100% (59)
Club 1 25% (4) 19% (3) 56% (9) 100% (16)
Squared poverty gap (P2) Club 2 24% (5) 0% (0) 76% (16) 100% (21)
Club 3 2% (1) 5% (3) 93% (53) 100% (57)
Club 1 19% (3) 50% (8) 31% (5) 100% (16)
Watts (W) Club 2 14% (4) 28% (8) 59% (17) 100% (29)
Club 3 0% (0) 12% (6) 88% (43) 100% (49)
Restricted model (only income) vs Actual membership
Income only
Actual membership Club 1 Club 2 Club 3 Total
Club 1 80% (16) 20% (4) 0% (0) 100% (20)
Poverty gap (P1) Club 2 13% (2) 53% (8) 33% (5) 100% (15)
Club 3 2% (1) 3% (2) 95% (56) 100% (59)
Club 1 69% (11) 31% (5) 0% (0) 100% (16)
Squared poverty gap (P2) Club 2 24% (5) 52% (11) 24% (5) 100% (21)
Club 3 0% (0) 7% (4) 93% (53) 100% (57)
Club 1 69% (11) 31% (5) 0% (0) 100% (16)
Watts (W) Club 2 17% (5) 52% (15) 31% (9) 100% (29)
Club 3 0% (0) 14% (7) 86% (42) 100% (49)

Note: This confusion matrix reports the predictive performance for each club of the ordered logit models in Equations (8)-(10) for the poverty gap, squared

poverty gap and the Watts index. The full model includes initial income, initial Gini index, average income growth and average Gini change. The first restricted

model includes only initial income and the initial Gini index, and the second includes only initial income and its average growth rate. The predictive petrformance is
expressed as the petcentage and number (in parentheses) of countries cortectly predicted —i.e., those for which the club membership predicted by the model
under consideration matches their actual club membership as obtained using Phillip and Sul’s (2007) methodology. The rows cortespond to actual membership,

and the columns to model predictions. The main diagonal (in bold) shows the successful predictions of each model for each club, while the cells outside the main

diagonal represent failed predictions. The percentages add up to 100 for each row.
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FIGURES

FIGURE 1. ABSOLUTE POVERTY TRENDS
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Note: The figures show the time path of the cross-sectional average and 25th and 75th percentiles of each poverty measute for the sample of 104 developing

countries over the period 1981-2015.
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FIGURE 2. ABSOLUTE POVERTY. BETA CONVERGENCE
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Note: The figures show, for the sample of 104 developing countries, standard -convergence graphs for the different poverty measures, that is, the
relationship between the annual change in poverty (in p.p.) between 1981 and 2015 and its initial level (in 1981).

41



FIGURE 3. ABSOLUTE POVERTY TRENDS BY CONVERGENCE CLUB
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Note: The figures show the time path of the of the cross-sectional average of each poverty measure for each poverty club between 1981 and 2015.
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FIGURE 4. TOTAL NUMBER OF POOR IN 2015, BY POVERTY CLUB

Number of poor people (million)

Headcount Poverty gap Squared poverty gap Watts index
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Note: The figure shows how the world’s poor were allocated in 2015 across poverty clubs. For each country, we multiply its headcount poverty rate by its 2015
population. The totals by club are calculated summing the number of poor over the countries belonging to each club under the corresponding poverty measure.

FIGURE 5. POVERTY CLUBS, WORLD BANK’S INCOME GROUPS AND POVERTY LEVELS IN 2015
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Note: In the figures, the vertical axis measures the 2015 poverty rate of each country, with countries grouped by poverty club along the horizontal axis. The colors
denote the classification of each country according to the World Bank income classification for 2015.
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APPENDIX A. ABSOLUTE POVERTY MEASURES

TABLE Al. ABSOLUTE POVERTY MEASURES: INITIAL AND FINAL PERIOD

1981 2015 Population

Reg.  Country 1803 —4 Pl P2 w PO Pl P2 w (2015},)million)
MENA  Algeria DZA 267 019 002 024 0.36 013 011 o011 3987
SSA  Angola AGO 2528 1111 657 1857 282 878 395 1211 27.86
SA  Bangladesh BGD 2704 624 206  7.87 1516 275 078 329 161.20
LAC  Belize BLZ 2947 1208 712 201 123 542 342 815 0.36
SSA  Benin BEN 5748 2072 979 2001 4952 2236 1426 406 10.58
SA  Bhutan BTN 7726 3807 2237 5973 085 013 004 016 0.79
LAC  Bolivia BOL 508 064 012 071 6.35 281 174 488 1072
SSA  Botswana BWA 5412 2539 1485 4101 1619 447 184 597 221
LAC  Brazil BRA 2139 863 506 1102 338 117 061 148 205.96
ECA  Bulgaria BGR 006 006  0.06 0 1.25 045 031 105 718
SSA  BurkinaFaso ~ BFA 8562 5211 3539 9212 428 1078 377 1348 1811
SSA  Burundi BDI 8462 4065 2314 6357 7484 3305 179 4972 1020
SSA  CaboVerde ~ CPV 6588 3208 1917 5202 721 166 061 214 053
SSA  Cameroon CMR 2494 663 251 848 2276 711 313  9.69 2283
SSA  Central African CAF  79.09 5257 3993 11513 7774 4401 2947 7974 455
SSA  Chad TCD 7952 40 2411 6489 3385 1303 675 193 1401
LAC  Chile CHL 775 284 163 426 13 076 061 084 1776
EAP  China CHN 8807 4267 2431 6703 073 016 007 017 1371.22
LAC  Colombia COL 956 492 385 327 454 175 105 23 4823
SSA Comotros COM 11.09 2.79 1.07 3.7 18.1 6.33 3 8.97 0.78
SSA  Congo,Dem. COD 6174 2661 1448 4049 7174 3412 2002  54.65 76.20
SSA  Congo,Rep. ~ COG 5243 2135 1115 3151 3494 1353 695 1993 5.00
LAC  Costa Rica CRI 247 1076 623 17.67 1.52 059 037 069 481
SSA  Cotedlvoire  CIV 427 135 079 235 2821 913 43 1307 23.11
ECA  CrechRepublic CZE 002 001 001 0 0 0 0 0 1055
MENA  Djibouti DI 392 096 039 127 1931 64l 32 964 0.93
LAC DominicanR. DOM 528 173 09 2.0 1.78 045 019 066 1053
LAC  Ecuador ECU 1680 696 385 1102 344 1235 067 159 16.14
MENA  Egypt EGY 1677 302 083 357 1.35 016 004 0.9 93.78
LAC  ElSalvador SLV 1605 1013 10 5.4 1.93 04 013 05 631
SSA  Eswatini SWZ 9098 6446 5024 14261 3899 1478 755 218 1.32
SSA  Ethiopia ETH 5946 2152 1014 3013 309 884 372 1182 99.87
EAP  Fij I 7.7 158 05 1.93 0.96 016 004  0.18 0.89
SSA  Gabon GAB 337 074 027 096 3.96 096 037 126 1.93
SSA  Gambia, The = GMB 6684 3298 20 5548 1098 25 089 3.8 1.98
SSA  Ghana GHA 3837 1247 554 1737 1319 432 208 629 27.58
LAC  Guatemala GTM 4307 20 1188 3308  7.88 231 105 3.19 1625
SSA  Guinea GIN 9073 6053 457 13458 3282 93 386 1245 12,09
SSA  Guinea-Bissau GNB 4743 2536 1739 4683 6534 2936 1676 4674 1.77
LAC  Guyama GUY 2767 998 487 1454 663 193 076 267 0.77
LAC  Hait HTI 3688 1718 1085 3115 2348 746 336 1037 10.71
LAC  Honduras HND 4318 1971 1141 3174 1616 564 279 816 8.96
ECA  Hungary HUN 006 006  0.06 0 0.49 03 02 054 9.84
SA  India IND 5741 1854 799 254 1342 238 065 282 1309.05
EAP  Indonesia IDN 7643 3132 1587 4602 718 119 031 138 258.16
MENA  Tran IRN 878 218 081 281 0.26 004 001 004 79.36
MENA Iraq IRQ 636 112 032 134 239 036 009 041 36.12
LAC  Jamaica JAM 692 189 087 222 184 043 014 053 2.87
MENA Jordan JOR 0 0 0 0 02 004 001 004 9.16
SSA  Kenya KEN 3056 1135 575 1672 3729 1191 536 1655 4724
EAP  Kiribati KIR 702 166 064 217 1258 314 123 414 0.11
EAP  Korea,Rep. =~ KOR 25 084 047 143 025 011 005  0.14 51.01
EAP  LaoPeopls LAO 506 1501 597 1959  17.66 386 125 475 6.66
MENA  Lebanon IBN 007 001 0 0.02 0 0 0 0 5.85
SSA  Lesotho LSO 5222 2604 1628 4528 5478 2807 181 5024 217
SSA  Liberia IBR 417 146 0.7 23 3944 121 511 162 450
SSA  Madagascar MDG 5409 2255 1206 3434 7747 3882 2325 6294 2423
SSA Malawi MWI 6553 2614 1315 3785 7021 2998 1585 44.42 1757
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EAP
SSA
SSA
SSA
LAC
EAP
MENA
SSA
EAP
SSA
SA
LAC
SSA
SSA
SA
LAC
EAP
LAC
LAC
EAP
ECA
ECA
SSA
SSA
SSA
SSA
SSA
SA
LAC
SSA
LAC
MENA
SSA
EAP
SSA
EAP
LAC
MENA
ECA
SSA
LAC
EAP
EAP
MENA
SSA
SSA

Malaysia
Mali
Mauritania
Mauritius
Mexico
Mongolia
Morocco
Mozambique
Myanmar
Namibia
Nepal
Nicaragua
Niger
Nigeria
Pakistan
Panama

Papua New Gu.

Paraguay
Peru
Philippines
Poland
Romania
Rwanda
Senegal
Seychelles
Sierra Leone
South Africa
Sti Lanka

St. Lucia
Sudan
Suriname
Syria
Tanzania
Thailand
Togo

Tonga
Trinidad Tob.
Tunisia
Turkey
Uganda
Uruguay
Vanuatu
Vietnam
Yemen
Zambia
Zimbabwe

MYS
MLI
MRT
MUS
MEX
MNG
MAR
MOZ
MMR
NAM
NPL
NIC
NER
NGA
PAK
PAN
PNG
PRY
PER
PHL
POL
ROU
RWA
SEN
SYyc
SLE
ZAF
LKA
LCA
SDN
SUR
SYR
TZA
THA
TGO
TON
TTO
TUN
TUR
UGA
URY
vuT
VNM
YEM
ZMB
ZWE

3.51
87.61
36.28
21.02

6.18
13.14

15
84.99
94.23
45.55
77.53
13.17
53.16
40.19
72.61

9.06
60.71

1.6

2.17
24.16

0.2

0.33
57.65
64.94

3
62.44
24.01
23.59
68.26
43.11
20.34

3.81

69.7
19.58
39.08

6.88

0
16.07

5.57

58.71
0
29.16
76.31

9.69
47.38
7.21

0.72
56.13
15.47

5.01

1.74

2.83

3.02
53.19
57.18
21.69
30.61

3.78
17.66
14.35
27.99
4.07
34.03
0.37
0.53

5.87
0.14
0.29
16.68
33.61
0.79
44.55
7.07

5.37
31.77
14.66
15.19
0.59
28.32

5.02
12.43
2.01

0

4.17
1.19
26.17

0

8.49
33.94
2.14
30.02

1.01

0.25
40.19
8.88
1.84
0.74
0.9
1.19
37.54
38.13
12.52
14.88
1.65
7.99
6.73
13.49
3.04
23.36
0.19
0.22
1.89
0.14
0.29
6.28
21.27
0.31
37.17
2.59
1.8
18.65
6.92
13.69
0.15
14.72
1.73
5.35
0.89
0
1.58
0.44
14.88
0
35
18.05
0.75
2294
0.2

0.9
106.55
25.601
6.43
2.41
3.4
4.68
99.69
99.26
3491
4378
52
24.56
20.52
39.42
4.09
74.15
0.36
0.75
7.49
0.02
0
21.72
58.26
1.03
32
9.07
6.6
52.18
20.74
7.54
0.7
4213
6.22
16.75
2.74
0
5.39
1.46
41.78
0
11.29
50.19
271
73.82
1.13

0.01
4775
625
0.34
337
0.32
0.92
61.61
6.22
1344
7.03
2.9
4416
47
533
1.98
29.17
1.89
355
7.81
0
5.72
5524
33.92
0.92
4846
189
0.67
633
7.67
18.83
21.19
40.69
0.03
4915
0.95
0.24
0.39
0.28
3936
0.13
1529
235
3038
575
16.6

0
14.5
1.49
0.06
0.82
0.04
0.16

26.79
1.45
4.53
1.39
0.64

13.35

18.11
0.71
0.53
10.5
0.41
0.97
1.45

0

1.91
19.91
10.86

0.4
14.82
6.2

0.09

2.94

1.98
14.46

4.75
11.74

0.01

19.9
0.18

0.12
0.06
0.06
12.31

0.04

3.76

0.45

8.23
29.52

3.63

0
6.04
0.54
0.02
0.32
0.01
0.05
14.9
0.51

2.1
0.43
0.24
5.49

9.3
0.15
0.24
5.23
0.14
0.41
0.42

0
0.96
9.54
4.97
0.25
6.19
291
0.02
2.05
0.78

13.24
1.58
4.65
0.01

10.71
0.05
0.12
0.02
0.03
5.32
0.02
1.41
0.14
3.19
18.7
1.09

0
19.35
1.89
0.07
1.07
0.04
0.2
417
1.82
6.32
1.7
0.82
17.65
26.74
0.8
0.58
15.16
0.5
1.31
1.73
0
2.86
28.15
15.39
0.67
19.8
8.72
0.1
3.85
2.59
6.24
5.88
15.31
0.02
30.45
0.21
0.03
0.07
0.08
16.62
0.03
4.83
0.55
10.68
50.72
4.26

30.72
17.47
4.18
1.26
125.89
2.98
34.80
28.01
5240
2.43
28.66
6.08
19.90
181.18
189.38
3.97
7.92
6.64
31.38
101.72
37.99
19.82
11.63
14.98
0.09
7.24
55.29
20.97
0.18
38.65
0.55
18.73
53.88
68.66
7.42
0.11
1.36
11.27
78.27
40.14
3.43
0.26
93,57
2692
16.10
15.78

Note: The table shows each country’s headcount poverty (P0), poverty gap (P1), squared poverty gap (P2), and Watts index (W) in the initial and final years of the

sample. They are expressed in percentage terms. Population data are taken from PovcalNet database.
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APPENDIX B. POVERTY CONVERGENCE CLUBS: DETAILS

TABLE B1. POVERTY CONVERGENCE CLUBS, INCOME AND INEQUALITY

Poverty convergence club Gini Gini Annual - Annual
Region Country 1SO3 Income Income (i oy (Circa IPCOMe  Gini
PO P1 P2 AV 1981 2015 1981) 2015) gr(o‘);v;h Ci]pm;)ge

MENA  Algeria DZA 4 3 3 3 797 892 402 2762 033 055
SSA Angola AGO 2 2 2 2 57 42 5196 4272 09  -1.16
SA Bangladesh BGD 2 3 3 3 28 388 2588 3213 096 023
LAC Belize BLZ 2 2 2 2 594 981 6025 5326 148  -1.17
SSA Benin BEN 1 1 1 1 231 275 3858 4776 052 077
SA Bhutan BTN 4 3 3 3 156 1074 409 3881 568 023
LAC Bolivia BOL 3 3 3 2 846 1393 4911 4673 147 0.1
SSA Botswana BWA 2 3 3 2 308 813 5421 5333 285  -0.03
LAC Brazil BRA 4 3 3 3 823 1952 5795 5194 254 018
ECA Bulgaria BGR 4 3 3 3 1901 1996 2343 3857 014 058
SSA Burkina Faso BFA 1 2 2 2 122 282 4807 353 246  -0.64
SSA Burundi BDI 1 1 1 1 131 17 3333 3863 077 025
SSA Cabo Verde CPV 3 3 3 3 233 836 525 4238 376  -0.72
SSA Cameroon CMR 2 2 2 2 429 555 4445 4664 075 0.2
SSA Central Afr. Rep.  CAF 1 1 1 1 151 178 6133 5624 048 032
SSA Chad TCD 2 2 2 2 144 363 3983 4332 272 044
LAC Chile CHL 4 3 3 3 1216 2193 5621 4437 173 042
EAP China CHN 4 3 3 3 117 1107 1846 386 662 059
LAC Colombia COL 3 3 3 2 926 1466 5311 511 135  -0.07
SSA Comoros COM 2 2 2 2 906 592 5593 4534 125  -1.06
SSA Congo, Dem. Rep.  COD 1 1 1 1 215 175 4216 421 062 -0.01
SSA Congo, Rep. COG 1 1 2 2 287 416 4733 4894 1.1 027
LAC Costa Rica CRI 4 3 3 3 555 2324 475 4838 421  0.03
SSA Cote d'Tvoire CIV 1 1 1 1 1074 39 4553 4148 298  -0.14
ECA Czech Republic ~ CZE 4 3 3 3 1681 2861 207 2587 156 023
MENA  Djibouti DJI 2 1 1 1 865 5.1 40 4413 156 038
LAC Dominican Rep. ~ DOM 4 3 3 3 1351 1468 4778 4518 024  -0.09
LAC Ecuador ECU 4 3 3 3 778 1396 5337 4595 172 -035
MENA  Egypt, ArabRep. EGY 4 3 3 3 382 6.1 32 3182 138 001
LAC El Salvador SLV 4 3 3 3 832 1029 5395 4055 063 -0.56
SSA Eswatini SWz 2 2 2 2 098 421 6046 5145 428 0.6
SSA Ethiopia ETH 2 3 3 2 25 313 3243 3499 066 008
EAP Fiji FJI 4 3 3 3 605 809 381 367 086  -0.13
SSA Gabon GAB 3 3 3 2 91 956 4219 4219 0.5 0
SSA Gambia, The GMB 3 3 3 3 207 498 4852 3592 259 074
SSA Ghana GHA 3 3 3 2 284 639 3535 4237 239 028
LAC Guatemala GTIM 3 3 3 3 433 898 5826 4828 215  -0.36
SSA Guinea GIN 1 2 2 2 083 304 4684 3373 381  -0.62
SSA Guinea-Bissau GNB 1 1 1 1 347 238 4361 5066 -111 042
LAC Guyana GUY 3 3 3 3 485 1069 4455 4455 233 0
LAC Haiti HTI 1 1 1 1 521 442 5948 6079 049  0.12
LAC Honduras HND 2 3 2 2 456 778 5509 4958 157  -0.19
ECA Hungary HUN 4 3 3 3 19.69 21.69 2096 3041 028 034
SA India IND 3 3 3 2 218 426 3333 3571 197  0.09
EAP Indonesia IDN 3 3 3 3 159 581 3242 4275 381 033
MENA  Iran, Islamic Rep.  IRN 4 3 3 3 883 1645 4742 3947 183  -027
MENA  Iraq IRQ 4 3 3 3 443 601 286 2954 09 0.16
LAC Jamaica JAM 4 3 3 3 795 1179 4316 4546 116 0.14
MENA  Jordan JOR 4 3 3 3 1081 1039 3606 3366 012 0.1
SSA Kenya KEN 1 1 1 1 568 334 5746 4078 -1.56  -0.73
EAP Kiribati KIR 2 3 2 2 647 525 3697 3697 -0.61 0
EAP Io‘f"“"" Republic - p 4 3 3 3 932 4106 317 3156 436 -0.02
EAP Lao People's LAO 2 3 3 2 247 413 3431 3639 151 0.1
MENA  Lebanon LBN 4 3 3 3 1292 2195 3183 3183 156 0
SSA Lesotho LSO 1 1 1 1 327 29 5602 5158 -036  -0.28
SSA Liberia LBR 1 1 2 2 814 278 3648 3324 316  -046
SSA Madagascar MDG 1 1 1 1 267 157 4526 4265 -1.56  -0.14
SSA Malawi MWI 1 1 1 1 366 204 6576 4548 172 -1.56
EAP Malaysia MYS 4 3 3 3 1196 27.89 4863 4104 249 025
SSA Mali MLI 1 2 2 2 1.1 249 5044 3304 24 116
SSA Mauritania MRT 3 3 3 3 347 574 4394 3262 148  -042
SSA Mauritius MUS 4 3 3 3 381 14 3565 3847 383 047
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Nigeria
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Rwanda
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Sudan
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PAN
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11.16
4.72

1.29

0.94
8.39

1.57

7.75

2.36

3.01

1.75
12.16

2.47

13.18
14.45
4.29
12,57
13.13
212

11.07

21.06

7.53
229
19.35
3.52
1.59
5.31
4.03
7.32

10.06
10.23
10.34
2.77
5.75
11.38

11.42
2.63
2.85
4.73

23.83

3.96

17.05
13.12
6.08
17.32
10.48
2.68
3.46
24.6
25
11.26
9.18
16.3
5.95
10.98
3.84
2.94
15.65
2.75
10.22
26.02
11.05
18.04
3.29
27
4.72
9.04
3.34
3.03
5.55

48.95
332
39.19
53.56
38.07
63.32
30.06
57.36
36.1
38.68
33.32
58.91

45.77

40.84
45.04
41.04
2517
23.31
48.55
54.14
4278
40.17
59.33
3247
42.58
354
57.61
35.78
3529
4522
4221
37.69
42.6
4343
4348
44.36
40.2
37.63
35.65
35
60.51
43.15

48.72
32.04
39.55
54
38.07
59.07
32.84
46.16
34.28
4297
3345
50.81

41.85

47.61
43.36
40.11
31.75
3591
45.11
40.29
46.82
34.03
63.03
39.16
42.58
34.24
57.61
35.78
37.78
35.99
43.06
37.59
40.27
32.82
42.85
41.01
40.12
37.63
34.76
36.71
57.14
43.15

-0.31
2.28

2.26
5.32

3.28
1.14
0.32
-0.16
2.93
1.98

1.4

0.76
-0.28
1.03
0.94
-0.66
0.69
1.17
2.35
0.25
0.78
2.87
6.39
2.38
0.48
-1.4
1.46
3.06
-0.59
1.22
0.62
2
2.57
1.07
0.98
0.87
5.11
-1.36
-0.84
-0.81

-0.01
-0.06
0.01

0.02

-0.35
0.11

-0.53
-0.08
0.18
0.01

-0.31

-0.3

0.27
-0.08
-0.03
0.22
0.49
-0.26
-0.69
0.29
-0.77
0.18
0.25

0
-0.23

0

0
0.13
-0.27
0.09
-0.01
-0.58
-0.35
-0.02
-0.15

0

0
-0.04
0.11
-0.14

0

Note: The table shows each country’s poverty club membership for headcount poverty (P0), poverty gap (P1), squared poverty gap (P2), and Watts index (W),
along with its per capita income (in 2011 PPP-adjusted USD per day and Gini index (in percent) in the initial and final years of the sample, plus their average rate
of change over the sample period.
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