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Introduction

In 2011 a series of revolutions shook the Arab region bringing about political changes in a number
of countries. Worldwide attention turned to explaining the causes of these revolutions, and their
repercussions. The prevalent theory since the days of the revolutions has held that inequality
played a central role in the stirring up of popular discontent. The extent to which different
dimensions of inequality were responsible for regime falls in Egypt, Libya, Tunisia and Yemen —
and other significant political changes in Bahrain, Jordan, Morocco, and Syria — and the acuteness
of the different dimensions of inequality in the first place, are the subject of an active academic
discourse (AfDB 2012; Ncube and Anyanwu 2012; Tessler et al. 2012; Al-Shawarby 2014; Azour
2014; Gatward et al. 2015; Ramadan et al. 2018).

The true level, manifestation and trend of inequalities in the lead up to the Arab Spring are all
points of contention. Perceptions on the street and by the region’s commentators are that inequality
and lack of access to career opportunities are problems that played a crucial role in triggering the
uprisings (Verme 2014; Teti et al. 2017). Grievances held by the middle class against the privileged
elites were also specifically cited as culprits (Tobin 2012). This narrative is rooted in regional
history. Public outcries about inequality, lack of freedoms and cronyism were not confined to the
years leading up to the Arab Spring, but can be traced back at least three decades to movements
against authoritarianism (Hinnebusch 2006), austere neoliberal reforms (Joya et al. 2011; Bogaert
2013) and a “fusion between neoliberal and authoritarian forces” (Dahi and Munif 2012:323). The
protests against oppression can be traced even longer to the ‘Great’ revolutions of the first half the
20" century freeing the region of the oppression under the old social structures including
colonialism, monarchy and feudalism (Achcar 2013).*

However, the foregone conclusions about high inequality leading to the Arab Spring are in contrast
to objective measurements of inequality using household surveys, a phenomenon dubbed the Arab
inequality puzzle (lanchovichina 2017). Bibi and Nabli (2010) reviewed the available evidence of
inequality in the region and concluded that Arab countries in particular fall within the range of
countries with moderate inequality of household incomes and expenditures, when compared to
other regions such as East Asia, Latin America, South Asia and Sub Saharan Africa. Inequality
measures based on both the Gini coefficient and the aggregate share of the top to bottom deciles —
often measured in terms of consumption expenditures — have been relatively low and declining
(Page 2007).

The low inequality estimates in household surveys do not appear to be due to poor data quality.
While there are presently few parametric tests of the properties of income, expenditure and wealth
distributions in the region (as noted by Bibi and Nabli 2009), several recent studies have re-

L1 am grateful to an anonymous referee for making this important point.
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estimated inequality using parametric methods robust to various measurement issues pertaining to
data quality, survey representation and non-response.

A world-wide historic study using an assumption of lognormal income distributions anchored by
national accounts statistics (Pienkovskiy and Sala-i-Martin 2009) concluded that over the prior
decades the Arab region had seen progress in reducing poverty rates and converging toward the
world average welfare level and contribution to a “global middle class” (p.29). More relevant to
our analysis, several studies have analyzed the top ends of individual countries’ income
distributions using external data on real estate postings (Van der Weide et al. 2018), national
accounts and tax microdata (Assouad et al. 2015; Alvaredo et al. 2017), or parametric values from
other mostly developed countries (Alvaredo and Piketty 2014). Using stylized parametric
assumptions, or parameter values rather atypical of the region, they estimated higher degrees of
national and cross-country inequality (Verme and Hlasny 2016).

Alvaredo and Piketty (2014) estimated inequality using a mix of Pareto distributions for top
incomes and log-normal distributions for the rest of incomes. In Egypt as well as in the rest of the
Arab region, this approach yielded higher estimates of inequality, suggesting systematic
underreporting of top incomes, but the new national estimates were still moderate. On the other
hand, between-country gaps in income distributions gave rise to high estimates of inequality at the
pan-Arab level. Assouad (2015), applying the same methodology used by Alvaredo and Piketty to
the individual tax returns and national accounts data in Lebanon, found one of the highest income
concentrations among all the countries included in the World Top Income Database due to the
disproportional effect of profits and rents in the top quantiles. Extrapolating these high estimates
to the rest of the Arab region yielded high measures of national and particularly region-wide
inequality.

Using within-survey information alone, Hlasny and Verme (2018) found that replacing actual top
incomes or expenditures in the Egyptian household survey with Pareto parametric estimates did
not affect the computed Gini noticeably regardless how data were weighted, apparently on account
of the high quality of the data. Hlasny and Verme (2015) evaluated the dispersion of top incomes
in several countries worldwide by comparing the actual dispersion to that predicted under the
Pareto or the four-parameter generalized beta type-11 (GB2) distributions. They found that the use
of the Pareto distributions resulted in larger corrections as compared to the use of GB2 distributions
but the differences were modest. In Egypt, the observed top 0.1% of incomes were found to be
extreme or overstated (commanding a downward correction). However, the following 1% of
incomes were found to follow the expected distributions more closely.

Focusing on the opposite tail of income distributions across a large set of Mediterranean surveys,
Hlasny et al. (2020) assessed the presence and dispersion of non-positive incomes, and corrected
the distribution using non-parametric and parametric methods. They found that negative and zero
incomes are quite prevalent in the region, and are associated with self-employment earnings or
with large tax or social-security adjustments. Households with non-positive incomes do not appear



to be materially deprived, and their various socio-economic outcomes would predict much higher,
positive income levels. Replacing non-positive incomes with the predicted positive incomes results
in estimating an even lower degree of inequality.

This review suggests that income and consumption are prone to various measurement errors. The
challenges are more severe still for households’ wealth, which is an important determinant of
workers’ career outcomes (AlAzzawi and Hlasny 2019). Among the handful of existing studies,
Hlasny and AlAzzawi (2019) estimate the distribution of durable-asset wealth across three Arab
countries and across up to three survey waves, taking into account an extensive list of productive
and non-productive assets. They found that the distribution of asset ownership was closely
associated with the distribution of households’ income and other socioeconomic outcomes. El
Enbaby and Galal (2015) assessed inequality of opportunity for wealth acquisition and for earnings
in Egypt during 1998-2012, showed their distributions, and discussed the complementary
relationship between them.

This study adds to the literature by evaluating the dispersion of top expenditure observations in
five countries in the Arab region using several alternative modeling specifications, and testing
whether the potential mismeasurement of top expenditures could be driving the Arab inequality
puzzle. The first contribution is to describe the top of the expenditure distributions in several Arab
countries, including the rarely studied Palestine and Sudan, and provide parametric measures of
the degree of dispersion of top expenditures. The second contribution is to deal with the suspected
top expenditure issues by replacing actual top observations with values predicted under the Pareto
distribution of type | — theoretical distribution used commonly as a good approximation to true
population distributions across countries and years (Cowell and Victoria-Feser 2007; Van Kerm
2007; Lakner and Milanovic 2013). Going beyond the analysis by Hlasny and Verme (2015, 2018),
several robustness tests are performed with respect to model specification.

By design, values drawn from the Pareto distribution are not subject to measurement errors, data
censoring, or year-to-year sampling errors. They allow us to produce more accurate estimates of
inequality, and changes in inequality across survey waves. By comparing the fit of the Pareto
distributions to the actual patterns of dispersion of top expenditures, we can assess how adequately
rich households are represented in Arab region surveys, and how sensitive the observed levels and
trends in inequality are to measurement and sampling errors. Ultimately, the methods and findings
in this study will serve to advance the toolbox for scholars and policymakers in the Arab region
for working with regional economic distributions.

The paper is organized as follows. Section two briefly describes the data, empirical issues and
correction methods taken up in the analysis. Section three presents the main results and section
four discusses their significance with respect to the broader problem of evaluating economic
inequality across the Arab region and over time.



1. Survey data, right-tail measurement issues, and correction methods

The central aim of this study is to advance our understanding of the distribution of welfare among
the peoples of the Arab region, using recently developed estimation methods and a newly available
set of high-quality, harmonized household surveys. Expenditure per capita is used as a welfare
aggregate (Deaton 1997:148,243-244). The reason for preferring expenditures over incomes is that
the set of surveys used in this study are for emerging economies with significant rural sectors,
where households earn incomes in kind, and engage in household production. The corresponding
streams of consumption and welfare are better captured through questions about implicit
consumption expenditures than about incomes.

The reliance on expenditures also facilitates comparison with other countries in the region as well
as worldwide for whom income microdata are unavailable, are mismeasured or are not as yet
analyzed carefully. Another reason for using expenditures is that expenditure data may be more
precise given that income may be underreported, and given that expenditure is smoother than
income over time, especially in developing and rural areas. Moreover, expenditure data in the Arab
region have been found to exhibit lower inequality than incomes (Bibi and Nabli 2010), potentially
presenting an even greater puzzle to observers of the recent political developments and changes in
the region. The relatively narrow distribution of top expenditures may be on account of high saving
elasticity among the rich, or may potentially indicate measurement issues that are more serious
than those for top incomes (e.g., imputed rent, expenditures abroad, illicit goods and services).

Available data

Most Arab countries conduct household income and expenditure surveys (HHIES) periodically to
collect evidence regarding the distribution and components of incomes and expenditures of their
population. However, not all countries make the survey micro-data publically available in their
entirety or at all. This study relies on a set of HHIESs harmonized and released to the public by
Economic Research Forum (ERF) in collaboration with national statistical agencies: the Egyptian
Household Expenditure, Income and Consumption Survey; the Jordanian Household Expenditure
and Income Survey; the Palestinian Expenditure and Consumption Survey; the Sudanese National
Baseline Household Survey; and the Tunisian National Survey on Household Budget,
Consumption and Standard of Living. These are high quality, well-documented surveys that have
been validated and used successfully in a number of existing studies (Krafft et al. 2017; Ramadan
et al. 2018; Hlasny et al. 2020). All HHIES surveys are nationally representative, and thus
comparable across countries and years, but individual households cannot be tracked over time.

All recent HHIESs available at the time of writing are used, including the surveys for Egypt 2008,
2010 and 2012; Jordan 2006 and 2010; Palestine 2007, 2010 and 2011; Sudan 2009; and Tunisia
2005 and 2010. The Egyptian surveys were administered during April ‘08—March ‘09, July ‘10—
June ‘11, and July ‘12—June ‘13, that is two years before the uprising, in its midst, and during the
flux one year after the uprising when the Muslim Brotherhood was promoting a new national



constitution. The Jordanian surveys were collected in the 12 months following April ‘06, and those
following April ‘10 — for the most part before public protests in the country became widespread in
the spring of 2011 and led to constitutional reforms. In Palestine, the surveys were collected
throughout the years 2007, 2010 and 2011, at the time of relaxation of the Israeli security regime
and prior to the September 2012 surge of major protests against domestic economic policy. In
Sudan, the survey took place in the summer of 2009, three years prior to the start of Arab-Spring
inspired protests against the government’s austerity plans. Finally, the Tunisian surveys were
administered during May ‘05-May ‘06, and June ‘10-May °11. Fieldwork for the second survey
was thus at its height in January 2011 when major public protests erupted, motivated by people’s
economic and democratic concerns, and led to the toppling of the country’s president.

In the following analysis, the surveys are used one by one as cross-sectional samples. We are able
to use multiple survey waves for four of the five included countries. This allows us to follow the
evolution of expenditures and of inequality over time, and in the case of Egypt before and after the
popular uprising. While the five countries do not represent the entire Arab region, they show a
mosaic of the economic conditions and survey practices across the region. The surveys differ in
their sampling rate from the population, and cover a heterogeneous block of countries in terms of
their economic development, demography and labor force composition, inequality, and political
climate at the time of survey fieldwork. The essential information on survey sources and data
distribution is provided in the supplementary materials.

Before any analysis with the available sample, it is useful to check whether extreme expenditure
observations are simply errors such as data-entry errors or are true values incidentally very distant
from the central moments of the expenditure distribution. The eleven surveys differ significantly
in the level and the dispersion of the highest several expenditures. The Egyptian data exhibit
modest dispersion. The single highest expenditure exceeds the one ranked twentieth by merely 190
percent in 2008, 210 percent in 2010, and 120 percent in 2012.2 The Jordanian data show more
substantial dispersion, and include an influential observation in the 2010 wave. In the 2006 wave,
the highest observed expenditure per capita exceeds the second highest one by 64 percent, and the
twentieth highest one by 354 percent. In the 2010 wave, on the other hand, the highest expenditure
per capita is more than seven times as high as the one in the second place, and more than twelve
times as high as the one ranked twentieth.®

2 Table Al (and A2) lists the top twenty per-capita expenditure (disposable income, respectively) observations in each
survey, representing 0.18-0.31 percent of all households. Several observations can be made: 1) Similar degrees of
dispersion are evident across different versions of the Egyptian ‘08 HIECS: the 50% random extraction provided
through ERF, the 25% and 50% extractions provided directly by the Egyptian Central Agency for Public Mobilization
and Statistics. In the full 100% sample of the ‘08 HIECS (restricted-access), the gap between the richest and second
richest household is 54%, and that between the richest and the 20™ richest is 282% (34% and 694%, respectively, for
income). 2) In the Jordanian and Palestinian surveys, top expenditures exceed top disposable incomes. Many of these
observations are for the same households, reflecting either negative saving rates, high imputed consumption of
durables purchased in prior years, or some misreporting of expenditures or income.

3 This observation is for a three-member household, so the conversion to per-capita terms does not explain the unusual
value. Rather, the household includes two earners, one of a very high age. Using an alternative adult-equivalence scale
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In Palestine 2010, similarly, the highest one or two expenditures appear extreme. In the 2007 and
2011 waves, the single highest expenditure is 2943 percent higher than the second highest
expenditure, and 189-262 percent higher than the one ranked twentieth. In 2010, however, an
outlying top expenditure is 134 percent higher than the second highest one, and more than seven
times as high as the twentieth highest one. It is likely that the small sample sizes in Jordan 10 and
Palestine ‘10 are partially responsible for the presence of outliers.

In Sudan, the highest observed expenditure per capita exceeds the second highest one by 29
percent, and the twentieth by 189 percent, a medium degree of top expenditure gaps. In both waves
of the Tunisian survey, the household with the highest expenditure per capita surpasses the
expenditure of the second richest household by a mere 17-23 percent. Similarly, it surpasses the
expenditure of the twentieth household by only 211-213 percent. Rather than having a single
outlier, the Sudanese and Tunisian surveys have 3-4 outlying households — their expenditures are
clustered nearby each other, while they exceed the following values by 50 percent. On the other
hand, no further clustering of observations is found lower down the expenditure distribution.

Assessing the aggregate-expenditure shares of the richest households, we find that they are higher
in Jordan, Palestine and Sudan and lower in Egypt and Tunisia (last row in table Al). Since it is
unclear whether the dispersion of top expenditures in one survey (Jordan, or Palestine) is too wide
due to measurement issues, or the dispersion in another survey (Tunisia) is too narrow due to
underreporting, we take an agnostic view of the validity of each observation, and let parametric
estimation on the entire distribution of top expenditures tell us which observations step out of line
relative to the predicted pattern.*

Table 1 provides additional information on the actual distribution of top expenditures: the share of
aggregate expenditures accounted for by the top 0.1 percent of observations (or 7-11 households
across surveys) to as many as 20 percent of observations (or 780-2,662 households) are shown in
brackets. These results confirm a disproportionate concentration of wealth among the super-
wealthy 0.2 percent of households (19-21 units) in Jordan ‘10 and in Sudan, where they command
over 2.9-3.0 percent of aggregate expenditures. Tunisia ‘05 is nearly at that level of concentration
among the uppermost expenditure households. Regarding expenditure shares among the following

giving lesser weight to the elderly would further increase the expenditure per capita of this household to $324,719.
Yet, under this alternative scale, Jordan’s Gini would fall by 2 percentage points. Evaluation of individual expenditure
components does not reveal the existence of any data-entry errors for this household. The household’s possession of
various household durables confirms the household’s level of wealth. Correspondingly, expenditure on furniture,
housing equipment, appliances, transportation vehicles, culture and recreation, energy, miscellaneous goods and
various fees are very high. Expenditures on health and medical treatment abroad are also high. Finally, because of its
rarity, this household has an above-average sampling weight, implying that it is quite influential in any estimation of
population statistics.

4 We also estimate the distributions on samples right-truncated below values deemed as potentially contaminated by
measurement issues. We again find that the topmost observations may be distributed too narrowly compared to what
would be expected under the Pareto law (table A5). Armour et al. (2016) apply a similar method using known
information on the number of top-coded observations; our method is not limited to the case of topcoding, but also
allows for general mismeasurement, outliers, or nonresponse. Jenkins (2017) discusses the appropriate type of Pareto
specification and cutoffs for estimation.



20 percent of households, Sudan and Tunisia ‘05 exhibit disproportionate concentrations. The
richest 1 percent (10%, or 20%) of households control 7.6—7.8 percent (30.8-32.4 or 46.3-48.0%,
respectively) of aggregate expenditures.

Top income measurement issues

The observations in the uppermost tail of expenditure distributions may reflect true values of
expenditures in the population, and may be appropriate to include for the sake of measuring
inequality in the population. Alternatively, extreme observations may arise due to various errors
and, if included, should be corrected for the identified errors. In either case, the uppermost
observations may introduce spurious volatility of inequality across survey waves.

It is well known that the inclusion of extreme observations tends to influence commonly used
measures of inequality (Cowell and Flachaire, 2007). Some measures such as the Theil index and
other Generalized Entropy indices are very sensitive to exact values of top observations, but even
the Gini coefficient is not robust to them (Cowell and Victoria-Feser 1996). To evaluate how
sensitive inequality measurement is to extreme expenditure observations, without judgment on
their authenticity, we would want to identify which observations are outliers and estimate our
measures of inequality with and without them. Neri et al. (2009), for example, define outliers in
the EU Surveys on Income and Living Conditions (SILC) as observations exceeding the median
4-5 times, and find that this comprises 0.1-0.2% of households.

In HHIESs measurement errors may arise for several reasons, including intentional misreporting,
errors in recollection, or data entry errors. Across survey waves, expenditure distributions may
also exhibit different upper tails on account of sampling variability. Top expenditures may
generally also be deliberately obscured by national statistical agencies to comply with privacy
norms or correct for measurement problems, but this is not the case with the survey samples at
hand. Due to the potential measurement problems and sampling differences across survey waves
in our set of Arab household surveys, our estimation of inequality levels and trends may be biased.
We thus turn to a recently promulgated correction method that can address these issues.

Replacement using values from a Pareto distribution

To compare the actual distributions of top expenditures to distributions that may be predicted in
the given countries, and study the presence of extreme values in our data, we follow an approach
applied by Atkinson, Cowell, Jenkins, Piketty and others to summarize the dispersion of economic
outcomes by a parametric distribution, report properties of the estimated distribution, and use the
estimates to correct the observed top tail for suspected statistical problems (Atkinson et al. 2011,
Armour et al. 2016).°

5> Analysis is performed in Stata v.13 software on the Windows operating system.

8



Inequality estimates imputed from parametric distributions can be less sensitive to extreme
observations and sampling variations than non-parametric observations from actual survey data.
Parametric estimates for the top tail could be combined with non-parametric statistics for the rest
of the distribution to obtain estimates with better empirical properties (Cowell and Victoria-Feser
1996; Cowell and Victoria-Feser 2007). Burkhauser et al. (2012) compared four methods for
dealing with under-representation or top-coding in the survey data — essentially replacing top-
coded values using four alternative parametric estimators and combining the estimates with non-
topcoded observations.

The following estimation approach is motivated by an empirical regularity that top observations
across countries and years follow a particular pattern represented well by the Pareto distribution.
The Pareto distribution is one of several distributions suggested by the Cowell et al. literature for
evaluating potentially imprecise top incomes or expenditures vis-a-vis expected values. Arnold
(2015) reviews the properties of the Pareto distribution as well as of the broader family of Pareto
distributions. The Pareto distribution is highly skewed and heavy-tailed, and is thought to be
suitable to model upper incomes, expenditures, wealth or other welfare aggregates (Levy and
Solomon 1997; Davies et al. 2017; Vermeulen 2018). As expenditures grow larger, the number of
observations declines following a law dictated by a constant Pareto coefficient 8. The Pareto
distribution can be described by its probability density function as follows:

0
f(x)=W.1SXSOO. 1)
Here x is the variable of interest, which in our case will be expenditure per capita in international

purchasing-power parity dollars. The Pareto coefficient 6 can be estimated by maximum
likelihood methods (Jenkins and VVan Kerm 2007; Jenkins 2017:272) as

1
0 = ,
logx(n—g+1) — k71 Zlicz_ol(l()g x(n—i))

)

where x ;) is the jin order statistic in the sample of expenditures n, and k is the delineation of top
expenditures such as the top 10% of observations (Hill 1975:1166).

Replacement using randomly drawn rather than predicted values

Replacing observed expenditures with fitted values from the Pareto distribution yields measures
of expenditure distribution and inequality that do not account for parameter-estimation error and
sampling error in the available dataset. This problem is on top of the issue of combining standard
errors of the parametric Gini among top expenditures and the nonparametric Gini among lower
expenditures. An and Little (2007), and Jenkins et al. (2011) account for sampling error by drawing
random values from the estimated distribution for all potentially imprecise top observations,
combining them with actual lower-level values, and calculating a quasi-nonparametric inequality
measure (that is, inequality measure estimated non-parametrically on partially synthetic data) with
its bootstrap standard error. Repeating the exercise multiple times, we can note variability in the
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obtained inequality measure. Following Reiter (2003), as used by An and Little (2007) and Jenkins
et al. (2011), the expected measure of inequality in such partially synthetic data can be computed
as a simple mean of inequality measures from individual random draws, Giniguasi:

m Gini B
GlnlquaSL = Z Mquasi l/m (3)

i=1
Its sampling variance can be computed as:

.. —_— 2
Zm (Glnlquasii - Glnlquast) /
_ o= (m

var =1 -1) _l_zm Varquasi i/m. (4)
m i=1

The first term here is the sampling variance across different draws from the Pareto distribution,
and the second term is the mean sampling variance within an individual draw. m is the number of
repetitions and varquasi i IS the variance of the quasi-nonparametric Gini coefficient from an
individual draw i. This methodology still ignores standard error from the estimation of parameters
in the Pareto distribution. However, this is expected to be quite small compared to the sampling
error, and can be ignored in large datasets where parameters have been estimated precisely (Jenkins
etal. 2011).

The quasi-nonparametric Gini coefficient can be compared to an uncorrected nonparametric
estimate. As long as it was correct to assume that top expenditures in the population are distributed
as Pareto, a difference between the quasi non-parametric and non-parametric estimates would
indicate that some observed high expenditures may have been generated by a statistical process
other than Pareto, and that our inequality measure is sensitive to this. Quasi non-parametric Ginis
that are lower than non-parametric Ginis can be interpreted as evidence that some top expenditures
in the national samples are extreme compared to those generated under the Pareto distributions. A
higher quasi non-parametric Gini would indicate that the observed top expenditures are lower than
what would be generated under the Pareto distribution, potentially implying under-representation
of rich units or underreporting of top expenditures in the sample.

In the following empirical analysis top expenditures are replaced by random draws from the Pareto
distributions estimated on them. The reason for estimating the distributions on the same
observations as those that will be replaced (rather than, say, estimating right-truncated Pareto
distributions only on lower expenditure values deemed reliable) is that this approach allows us to
remain agnostic regarding the validity of any individual observation. The approach does not
require us to decide a priori which observations to use for estimation, and which observations to
replace. Consequently, this approach can be viewed as addressing the problem when some
expenditures are randomly under- or over-reported, or rank-proximity swapped. To the extent that
different survey waves manage to cover different top-expenditure households through random
sampling, this approach also mitigates the problem of overestimation of the variation in inequality

10



across survey waves due to sampling errors. However, this approach cannot address problems of
stand-alone systematic underreporting or top-coding of expenditures.

For the choice of an inequality index, this study uses the Gini coefficient as the primary measure,
for its properties of being well understood and easily estimable under both parametric and
nonparametric distributions, widely reported, and less sensitive to extreme observations than other
indices. The results of inequality corrections in this study can thus be viewed as conservative
estimates for the true effects of extreme observations on inequality measurement in general, under
the baseline hypothesis that top-income issues do not affect inequality measurement in the Arab
region. To the extent that the estimated Gini is affected by measurement issues, we may safely
conclude that the consequences for other inequality measures would be as large or larger. For
comparison, Table A4 reports the top expenditure shares in the actual and corrected distributions.

2. Results

Table 1 presents quasi-nonparametric estimates of Gini coefficients, obtained by replacing top
expenditure observations with random values drawn from smooth Pareto distributions estimated
among these top observations. The first row in table 1 shows the benchmark nonparametric
estimates of the Gini for each survey. The following rows present the quasi-nonparametric
estimates from the distributions of household expenditures per capita when the top 0.1-20.0
percent of values are replaced by numbers drawn randomly from the corresponding Pareto
distributions.

Table 1 shows that the correction for potentially mismeasured top expenditures varies across the
eleven surveys. In the three Egyptian surveys, the replacement of top 0.1-5 percent of expenditure
observations leads to a small but systematic increase in the Gini of 0.3-0.4 percentage points. This
suggests that the reported expenditure values are distributed slightly more narrowly compared to
what one would expect following the Pareto law. Thus, we do not find evidence that the topmost
0.1% of expenditures are extreme or command a downward correction, as Hlasny and Verme
(2018) found for incomes in 2008.

In Jordan ‘06 and in all waves of the Palestinian, Sudanese and Tunisian data, when 5 percent or
fewer observations are replaced, the estimated quasi-nonparametric Ginis are nearly identical to
the nonparametric statistics (differing by -0.2 up to +0.3 pc.pt.). In Jordan 10, the replacement of
top expenditures leads to a drop in the Gini by 0.8 percentage points, presumably on account of
the single outlying expenditure observation. Replacing this outlier and the following 34-88
expenditures (0.5-2% of the overall sample) decreases the estimated Gini from 36.2 to 35.4.

[Table 1 to appear here]

Across all eleven surveys, when 10-20% of observations are replaced with Pareto random draws,
the estimated quasi-nonparametric Ginis consistently exceed the nonparametric values by up to
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0.4 percentage points in Egypt, 1.2 in Jordan, 1.9 in Palestine, 0.6 in Sudan, and 1.6 in Tunisia.
This suggests that in this range of expenditures, observed expenditures per capita are dispersed
more narrowly than would be predicted under smooth Pareto distributions (relative to the
dispersion of the topmost 0.1-5% of expenditures). This is most significant in Jordan ‘06 and in
all waves of the Palestinian and Tunisian surveys. Because this replacement of 10-20% of
observations with randomly drawn values involves a large number of observations. This finding
cannot be due to a few unlucky observations or a few unlucky draws but reflects a systematic
departure of the observed distributions to the theoretically expected ones.

Finally worth noting, in all but the Egyptian surveys, the Gini corrections rise nearly monotonically
as we replace more expenditures from only top 1 percent to top 20 percent. In the three Egyptian
surveys, on the other hand, the corrections are systematically highest when 5 percent of
expenditures are replaced. This suggests that in Egypt it is particularly the top ventile of
expenditures (relative to the top 1%, or to the second ventile) that are distributed too narrowly
compared to what the Pareto law would predict, while in other countries it may be the second
ventile and second decile where the actual dispersion is too narrow. Figure 1 illustrates these trends
with their confidence intervals.

[Figure 1 to appear here]

Another measure of dispersion among top expenditures and a measure of the share of aggregate
expenditures accounted for by them is the inverted Pareto-Lorenz coefficient, computed as =
0/(60 — 1) (Atkinson et al. 2011). This coefficient reflects a property of the Pareto law that the
ratio of mean expenditure above a threshold for the delineation of top expenditures (k) to that
threshold is constant. The coefficient measures the thickness of the upper tail, and has been found
to vary across countries and even over time. Variation in 8 can be explained by changing economic
and demographic factors in the population, which affect the topmost expenditures differently than
the expenditures of households lower in the distribution (refer to the demographic decomposition
of inequality by Ramadan et al. 2018). Estimation in table 1 yields inverted Pareto-Lorenz
coefficients of 1.30-1.71 in Egypt, 1.31-1.92 in Palestine, 1.58-2.15 in Sudan, and 1.33-1.92 in
Tunisia. In Jordan, the inverted Pareto-Lorenz coefficients are 1.24-1.77 in the 2006 wave and
1.25-3.49 in 2010. These results support our findings that the dispersion of top expenditures is
widest in Jordan ‘10 and in Sudan, and least wide in Egypt, followed by Palestine and Tunisia.

In all surveys except Jordan ‘10 and Sudan ‘09, the inverted Pareto-Lorenz coefficient increases
nearly monotonically as a greater percentage of top observations are used for estimation and are
replaced. This suggests that as more of lower expenditures are added to the analysis, the degree of
dispersion at the top increases as does the expenditure share of the topmost observations. In Egypt
and Tunisia, the increase in the inverted Pareto-Lorenz coefficient is timid as 1-20 percent of top
expenditures are added (the coefficient stagnates at 1.6-1.7 in Egypt ‘08 and ‘10), suggesting that
a Pareto distribution with a single parameter may describe that entire range of top expenditures
adequately. On the other hand, in Jordan ‘10, the inverted Pareto-Lorenz coefficient falls

12



drastically from 3.49 when only the top 0.5% of observations are evaluated to 1.25 when top 1%
are evaluated. This is clearly due to the single highest influential observation.

Our analysis disagrees with an observation made by Burkhauser et al. (2012), and Alvaredo and
Piketty (2014) that the inverted Pareto-Lorenz coefficient tends to fall as more of top observations
are evaluated. Using figure 1, we conclude that extreme observations are not problematic for
inequality measurement in our sample of surveys (with the exception of a handful of observations
in Jordan ‘10 and Palestine “10). Instead, it is the rather narrow dispersion of expenditures between
the 80" and the 95" percentile (or the top ventile in Egypt) that causes a divergence from what
would be expected under the Pareto law.

These findings also suggest that the exact cutoff for expenditures used in the analysis affects the
estimated shape of the top expenditure distribution. Different surveys display different sensitivity
to the choice. The estimated Pareto coefficient varies by less than 0.4 percentage points in Egypt
‘08 and ‘10 and in Sudan; by 0.7-0.9 in Egypt ‘12, Jordan ‘06 and Tunisia; by 0.8-1.2 in Palestine;
and by as much as 2.7 (6 € [2.27,4.94]) in Jordan ‘10 depending whether at most 1% of the richest
households or as many as 20% are evaluated.

The estimated measures of inequality are also affected by the chosen cutoff for top expenditures.
The correction for potentially imprecise top expenditures ranges -0.01-0.43 percentage points of
the Gini in Egypt; -0.81-1.23 percentage points in Jordan; -0.08-1.95 percentage points in
Palestine; -0.19-0.65 percentage points in Sudan; -0.05-1.56 percentage points in Tunisia.® While
not trivial, these differences in corrections are modest in size, particularly in view of the size of
standard errors on all the Ginis (0.28-2.00). Consequently, individual specifications of the top
income distribution (nonparametric, or Pareto parametric distributions estimated from different
cutoff points) cannot be clearly rejected in favor of one another. Confidence intervals around the
various Pareto estimates and the nonparametric estimates of the Ginis overlap, implying that
neither set of estimates can be clearly rejected regardless whether Pareto or nonparametric (or
another) type of estimation was appropriate. Figure 1 illustrates.’

To evaluate whether it was appropriate to model the top expenditures as Pareto distributed, we can
compare the estimated Pareto coefficients across different delineations of top expenditures. We
can also draw the Hill plots of the estimated distributions, showing how the estimated Pareto
parameter changes as one changes the cutoff for top expenditures to a particular percentile (Drees
et al. 2000). The fit of the Pareto distributions can also be evaluated from the size of standard errors
on the Pareto coefficients. If the standard error is large, the estimated Pareto distribution is not

& These corrections are the differences between nonparametric and quasi-nonparametric Ginis. The quasi-
nonparametric Ginis from random draws differ by up to 0.89 percentage points in absolute value from non-randomized
smooth-distribution Ginis in Jordanian surveys, by up to 0.45 percentage points in Sudan, and by up to 1.08 percentage
points in Tunisian surveys (mean difference in absolute value across these eleven surveys is 0.27 pc.pt.).

" While Pareto distribution has been accepted as providing a good fit for income and expenditure distributions, other
more flexible statistical distributions have been suggested as providing a potentially better fit, such as the four-
parameter GB2 distribution. Table A6, figure A2 and the associated text review the results.
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very predictive of the dispersion of top expenditures, and alternative Pareto coefficients cannot be
effectively tested against one another. Another parametric distribution may represent the
dispersion pattern better.

Table 1 shows that the Pareto distributions fitted to top expenditures vary across different
delineations of the top expenditures. When the distributions are fitted only among the top 1 percent
or fewer observations, the Pareto coefficients vary between 2.5 and 4.0 in Egypt, 1.4-5.3 in Jordan,
3.0-4.2 in Palestine, 1.9-2.5 in Sudan, and 2.5-4.1 in Tunisia. When the fitting is among top 2—
20 percent of observations, the Pareto coefficients are notably lower and tighter (see bottom rows
of table 1), at 2.4-2.6 in Egypt, 2.3-3.9 in Jordan, 2.1-3.0 in Palestine, 2.3-2.7 in Sudan, and 2.1-
3.2 in Tunisia (refer to figure A3). In all surveys but Sudan, the coefficients drift downward near
monotonically as a greater share of expenditures are used for fitting.

Coefficient standard errors indicate that there is more noise around the estimates when the sample
sizes are small, particularly in the Jordanian samples. This suggests that the uppermost
observations are not distributed as smoothly as to reflect the Pareto law. The small samples and
the presence of outliers may also give rise to estimation bias (Jenkins 2017:272). The estimates
become precise only when at least 2 percent of top observations (47—790 observations or more in
our samples) are used for estimation. Using 95% confidence intervals, Pareto coefficients
estimated on top 2 percent of expenditures are significantly higher than those estimated on top 20
percent of expenditures in Jordan ‘10, Palestine 10, and Tunisia ‘05 and ‘10.8

One motivation for replacing actual top expenditures with synthetic values is to mitigate the
sampling error in inequality measurement due to sampling variability across survey waves. Under
the conjecture that the true Gini coefficient is stable across nearby years (Li et al. 1998), we could
expect the quasi-nonparametric Gini to be more stable than the observable nonparametric Gini.
Indeed, in most model specifications for Egypt and Jordan, and in one half of model specifications
for Palestine and Tunisia (refer to table 1), the quasi-nonparametric Ginis exhibit less variation

8 Figures A4 and A5 compare actual top expenditures to those predicted under the Pareto distributions estimated
among the top 5 or 20 percent of expenditures. Figure A4 again shows the influence of outliers in Jordan ‘10 and
Palestine ‘10, the narrow dispersion in the tails in Egypt, and the good fit of this particular Pareto distribution
(estimated among the top 5%) in Egypt ‘10, Jordan ‘06, Palestine ‘07 and Sudan ‘09. When the Pareto distributions
are estimated among the top 20% of expenditures, the degree of fit further improves in Egypt but deteriorates in other
countries.

The Hill plots (figure A6) show volatile behavior among the topmost 0.2 percent of expenditures in all surveys (6—

82 observations in our samples). Beyond this share, the plots for the Egyptian and Palestinian surveys (top row) are
near-stationary at a single parameter value across the top 0.5-20% of expenditure observations. Hill plots for the
Jordanian, Sudanese and Tunisian surveys (bottom row), on the other hand, slope downward throughout most the
range of top expenditures. These Hill plots indicate that a one-parameter Pareto distribution is adequate at
approximating the observed top-expenditure distributions in Egypt and Palestine, but not in the other three countries,
particularly past 5% of the topmost expenditures. Only in Sudan ‘09 and Tunisia ‘05 the plots are relatively stable and
hump-shaped (rather than falling monotonically) until top 5% of the respective samples, suggesting that even in these
surveys Pareto approximation may be possible among the top 5% of expenditures.
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over time than the nonparametric Ginis. At the same time, the quasi-nonparametric Ginis carry
standard errors that are only 20 percent higher than the nonparametric standard errors, and are of
the same size in Sudan ‘09 and lower in Jordan ‘10. This suggests that the method advanced in this
study may have distinct benefits over traditional nonparametric estimation of the Gini and its trend
over time, particularly in datasets where there are clear outliers.

Finally worth noting, the Pareto and inverted Pareto-Lorenz coefficients and Ginis can be
compared to those in prior studies worldwide. Using Atkinson et al.’s (2011: figures) estimates,
the top expenditures in the five Arab countries considered here have lower inverted Pareto
coefficients — and thus exhibit lower dispersion and lower aggregate expenditure shares — than
incomes in Argentina, India and even Singapore over the past two decades. They are on par with
the inverted Pareto coefficients for incomes in Mediterranean Europe (France, Italy, Portugal,
Spain). Even restricting attention to prior estimates for expenditures (Hlasny and Verme 2018:
figure 1), our five countries exhibit an inverted Pareto coefficient below the median of emerging
economies worldwide, or 1.7 (1.8 for income). Even the highest estimates of the inverted Pareto
coefficients in our study, when estimated on fully 20 percent of top expenditures, range between
1.64 and 1.92, around the worldwide emerging-countries’ median.

3. Discussion

This study has aimed to evaluate the patterns of dispersion of top expenditures in eleven recent
surveys from five Arab countries, and their implications for the measurement of inequality in the
region and in emerging countries worldwide. We have attempted to correct the inequality estimates
for potentially mismeasured top expenditures. Inspection of the eleven surveys indicates that the
topmost expenditures in the Egyptian surveys are distributed fairly narrowly, followed by the
Tunisian and Sudanese surveys, while in the Jordanian and Palestinian surveys they are quite
dispersed. The 2010 waves of the Jordanian and Palestinian surveys contain clear outliers affecting
the measurement of inequality. We thus attempted to correct for such values that are potentially
non-representative of the underlying population using values drawn from the expected Pareto
distribution.

In our study using only survey data on expenditures, the Gini coefficient is estimated consistently
between 0.30 and 0.32 in Egypt, 0.35 to 0.37 in Jordan, and 0.38 to 0.43 in Palestine, Sudan and
Tunisia. Replacing observed top expenditures with synthetic values helped to refine the Ginis
systematically albeit modestly. Across all surveys, replacing the top 20 percent of expenditures
yielded higher Ginis suggesting that in that range of expenditures actual values are dispersed more
narrowly than predicted under smooth Pareto distributions (relative to the dispersion of the topmost
0.1-5% of expenditures).

We also found that different countries exhibit different sensitivity to the correction of potentially
contaminated top expenditures. In Egypt, followed by Palestine and Tunisia, the estimated inverted
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Pareto-Lorenz coefficient is near invariant to the cutoff for the delineation of top expenditures,
suggesting that Pareto distributions may describe the top expenditures rather well in support of the
Pareto law. In Jordan and Sudan the inverted Pareto-Lorenz coefficient fluctuates, suggesting that
Pareto distributions do not track the upper tail too closely. Modeling top expenditures in these
countries may require a more complex parametric form.

Our estimates of the dispersion of top expenditures (using inverted Pareto coefficients), or all
expenditures (using the Ginis) are below or at the mean of the range put forward by Atkinson et
al. (2011) and Hlasny and Verme (2018) for income and expenditure distributions in emerging
countries. Particularly in Egypt, inequality is low and falling. Top expenditures in Egypt are
distributed rather smoothly and Pareto-like. The falling inequality is thus not due to the presence
or absence of extreme observations in any year. The same can be said about the falling inequality
in Tunisia, and subject to larger standard errors in Palestine. Trend in Jordan, however, hinges on
the inclusion of a few outliers.

Generally, whether the observed or the synthetically derived Ginis are closer to the true degree of
inequality in the five countries is unclear, as it depends on the source of the observed dispersion
of top expenditures. Differences across the various Gini estimates are also modest in view of their
differences across countries. Indeed, nonparametric Ginis vary by as much as 11.8 percentage
points across the five countries (29.6 in Egypt ‘12 to 41.4 in Tunisia ‘05). The width of confidence
intervals around all estimates — shown in table 1 and figure 1 — implies that neither set of point-
estimates can be clearly favored over others.

These conclusions are based on the assumption that the expenditures on which parametric
distributions were estimated are not systematically understated. Allowing for this potential
problem, the parametric approximations would themselves lead to underestimation. To the extent
that there is no clear evidence in existing literature regarding systematic underreporting of
expenditures in Arab countries, this method appears appropriate. In fact, claims of underreporting
in regional household surveys typically involve incomes, and are based on suspicions rather than
on information that underreporting takes place, how much underrepresentation there is, and
through which channels it operates.

Alvaredo and Piketty (2014) and Alvaredo et al. (2017) used external data for the tops of income
distributions in the region, and derived greater corrections and higher estimates of the Ginis. In the
Arab region, however, external data such as national accounts and tax records are not well
compatible with survey data on household expenditures, due to issues such as the size of the oil
sector, unreported remittances from abroad, neighborhood and family transfers across households,
and tax avoidance. Whether household-survey data alone or in combination with national accounts
data can provide more relevant estimates of economic inequality is an open question. Moreover,
economic inequality across households is also entangled with other dimensions of inequality, such
as health inequality, inequality of opportunities, and inequality between countries. All these factors
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drive a wedge between people’s perceptions and the reality of economic inequality, giving rise to
what has been dubbed the Arab inequality puzzle.

Our findings regarding the extent of within-country inequality in expenditures thus address only a
small part of the puzzle. It is widely recognized that expenditures are distributed more equally than
incomes or wealth, due to households’ propensity to save and borrow to smooth consumption
(Heathcote et al. 2010; Fisher et al. 2015), and households’ tendency to recall or report income
incorrectly. (Indeed, using disposable incomes in place of expenditures raises the estimates of
inequality in all surveys, but upholds the conclusion that inequality fell in Egypt and Palestine —
refer to table A3.) In the Arab region, moreover, consumption tends to be funded by incomes of
extended families. Finally worth noting, inequality in households’ expenditures may be
systematically biased for inequality in households’ true consumption and welfare, because of
systematic differentials in access to free public goods. Poor households face an inadequate public
provision of education, health services, and other infrastructure in their communities. They must
pay out of pocket to compensate for lacking public transportation, car damage on poorly
maintained roads, lack of health/property insurance, or property theft, something that wealthy
households do not spend money on. Whether the observed expenditures or incomes are better
measures of households’ true welfare thus remains an open question.

Our central finding is that neither the uncorrected Ginis nor the parametric Ginis can be favored
over each other on conceptual grounds. We may take our claim further and surmise as follows:
under the assumption that nonparametric estimates are consistent for latent true Ginis but
potentially inefficient due to a handful of outliers and measurement errors, and that the quasi-
nonparametric estimates may be more efficient but potentially inconsistent due to misspecification,
similarity of the two sets of estimates suggests that neither measurement errors nor specification
errors are sufficiently grave to let us clearly reject either set of the Ginis. For the time being, we
should take caution relying on a single estimate, instead considering multiple alternative estimates
to construct intervals of plausible values of the countries’ true degrees of economic inequality.
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Table 1. Quasi-nonparametric estimates of Gini coefficients: Pareto distribution

Egypt ‘08 Egypt ‘10 Egypt ‘12 Jordan ‘06
Observ. Observ. Observ. Observ.
Correction replaced  Pareto replaced Pareto replaced Pareto replaced Pareto
for extreme  [expend.  coef. Gini [expend.  coef. 8 Gini [expend.  coef. 6 Gini [expend.  coef. 6
observations share] (s.e.) (s.e.) share] (s.e.) (s.e.) share] (s.e.) (s.e.) share] (s.e.) l
non-param. 0 out of 31.32 0 out of 31.42 0 out of 29.60 0 out of :
estimation 23,428 (0.28) 7,719 (0.49) 7,528 (0.42) 2,897 (
quasi-nonparametr. estimation, top k% replaced
k=0.1% x n 43 3.258 31.31 12 3.377 31.45 12 3.964 29.62 8 3.429 :
[1.42%] (0.637)  (0.28) [1.42%] (0.644) (0.52) : [0.92%] (0.867) (0.43) : [1.44%] (1.977) (
k=0.2% x n 82 3.071 31.34 27 2.749 31.47 27 4.290 29.62 9 5.258 :
[2.28%]  (0.406)  (0.29) [2.29%]  (0.503) (0.54) ' [1.70%] (0.913) (0.43) @ [2.07%] (3.616) (
k=0.5% x n 207 2.819 31.38 59 3.061 31.46 59 3.962 29.60 34 2.431 :
[4.24%] (0.221)  (0.30) [4.24%]  (0.439) (0.54) @ [3.39%] (0.552) (0.43) @ [4.23%] (0.463) (
k=1% x n 393 2.701 31.41 123 2.531 31.51 116 3.312 29.69 67 2.981 :
[6.68%] (0.151)  (0.32) [6.59%]  (0.248) (0.56) : [5.72%]  (0.280) (0.47) : [6.49%] (0.531) (
k=2% x n 790 2.563 31.48 245 2550  31.53 232 3.047 29.71 132 2.721 :
[10.34%] (0.103)  (0.34) | [10.24%] (0.186) (0.57) : [9.26%]  (0.205) (0.49) ' [10.22%] (0.311) (
k=5% % n 1,966 2.402 31.68 605 2.428 3171 591 2.539 30.02 285 2.706 :
[18.02%] (0.061)  (0.37) | [17.87%] (0.115) (0.64) : [16.80%] (0.110) (0.60) @ [18.57%] (0.193) (
k=10% x n 3,744 2.401 31.59 1,165 2.457 31.62 1,150 2.511 30.03 482 2.664 :
[27.14%] (1.714) (0.39) : [27.12%] (0.085) (0.67) : [25.86%] (0.084) (0.56) @ [28.54%] (0.149) (
k=20% x n 6,778 2.456 31.39 2,173 2.472 31.53 2,082 2.551 29.90 848 2.307 :
[40.94%] (0.034)  (0.36) : [41.07%] (0.061) (0.63) : [39.66%] (0.065) (0.56) @ [43.97%] (0.084) (
Mean (s.d.) if -- 2.962 31.36 - 2930 3147 -- 3.882 29.63 - 3.525 :
k<1% x n (0.250)  (0.04) (0.369) (0.03) (0.410)  (0.04) (1.225) (
Mean (s.d.) if -- 2.456 31.54 - 2.477 31.60 -- 2.662 29.92 - 2.600 :
k>2% x n (0.076)  (0.13) (0.052)  (0.09) (0.257)  (0.15) (0.196) (
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Table 1 (cont.). Quasi-nonparametric estimates of Gini coefficients: Pareto distribution

Palestine ‘07 Palestine ‘10 Palestine ‘11 Sudan ‘09 Tunisia
Observ. Observ. Observ. Observ. Observ.
replaced  Pareto replaced Pareto replaced Pareto replaced Pareto replaced  Paref
[expend. coef.6&  Gini : [expend. coef.8 Gini : [expend. coef.8 Gini | [expend. coef.8 Gini | [expend. coef.
share] (s.e.) (s.e.) share] (s.e.) (s.e.) : share] (s.e.) (s.e.) : share] (se.) (s.e) | share] (s.e.
non- 0 out of 40.83 | 0 out of 39.18 | 0 out of 38.43 | 0out of 39.88 | 0 out of
par. 1,231 (1.00) 3,757 (0.57) . 4,317 (0.68) : 7,913 (0.74) . 12,318
quasi-nonp. estim., top % replaced
0.1 2 4247  40.86 12 3.300 39.16 8 3.081 38.49 7 2.429 39.92 10 2.94
[1.14%] (2.924) (1.02) : [1.20%] (1.011) (0.59) : [1.26%] (1.296) (0.77) : [2.08%] (0.697) (0.79) : [1.81%] (1.16
0.2 6 2.534  40.99 20 4093 39.12 17 3.363 38.44 21 1.866  39.99 21 2.45
[2.35%] (1.061) (1.17) | [2.17%] (1.012) (0.59) : [2.00%] (1.338) (0.65) @ [3.02%] (0.482) (0.81) : [2.84%] (0.59
0.5 13 3.665  40.87 35 3.684 39.10 37 3.807 38.40 51 2322 39.82 69 2.47
[4.33%] (1.413) (1.04) : [4.12%] (0.738) (0.63) : [4.11%] (1.087) (0.65) @ [5.15%] (0.561) (0.76) : [5.06%] (0.42
1 24 3.217  40.85 65 3.330 39.14 79 3.006 3851 109 2.523 39.75 144 2.76
[7.14%] (0.731) (1.14) : [6.74%] (0.373) (0.64) : [6.72%] (0.449) (0.71) : [7.59%] (0.429) (0.70) : [7.80%] (0.36
2 47 2.733  40.99 125 2979 39.18 136 2.815 38.63 205 2.731  39.69 280 2.61
[10.96%] (0.378) (1.13) [10.64%] (0.267) (0.67) :[10.69%] (0.306) (0.84) [11.46%] (0.326) (0.66) ' [12.05%] (0.21
5 102 2.884  40.96 261 2.802 39.33 333 2.667 38.71 505 2.643  39.78 674 2.57
[20.81%] (0.298) (1.23) :[19.65%] (0.173) (0.78) :[19.52%] (0.185) (0.80) : [20.13%] (0.179) (0.66) [21.14%] (0.12
10 184 2.303  41.67 489 2539 39.77 618 2,572  38.88 985 2423 40.06 | 1,350 2.32
[31.85%] (0.159) (1.77) :[30.89%] (0.116) (0.95) :[30.15%] (0.129) (0.86) < [30.76%] (0.105) (0.86)  [32.36%] (0.07
20 340 2.082  42.37 969 2129 4113 0 1,141 2210 39.95 . 1,901 2306 4053 | 2,662 2.08
[47.55%] (0.104) (2.00) : [46.70%] (0.067) (1.27) i[45.81%] (0.074) (1.36) [46.27%] (0.070) (0.85)  [48.00%] (0.04
Mean -- 3.416  40.89 -- 3.602 39.13 -- 3.314 38.46 -- 2.285 39.87 -- 2.65
if<1 (0.723) (0.07) (0.371) (0.03) (0.363) (0.05) (0.291) (0.11) (0.23
Mean - 2501 4150 - 2.612 39.85 - 2.566  39.04 - 2.526  40.02 - 2.40
if>2 (0.372) (0.67) (0.369) (0.89) (0.258) (0.61) (0.196) (0.38) (0.24

Notes: For clarity, Ginis and their standard errors are multiplied by 100. Pareto coefficients are estimated among the top k expenditut
likelihood methods (Jenkins and Van Kerm 2007). Quasi-nonparametric Gini coefficients are computed using 100 random draws
Pareto distributions. Numbers in square brackets show aggregate expenditure shares of the replaced observations, considering hous
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Figure 1. Gini uncorrected vs. corrected for potentially mismeasured highest expenditures
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Figure 1 (cont.). Gini uncorrected vs. corrected for potentially mismeasured highest expenditures
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Blue dashed lines show the estimated quasi-nonparametric Ginis and 95% confidence intervals using bootstrap
standard errors aggregated across 100 random draws as in equation 3, for alternative delineations of top k expenditures.
Red solid lines show non-parametric Ginis with their 95% confidence intervals using bootstrap standard errors.
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Supplementary Materials
Available data

This study relies on eleven household surveys harmonized and released to the public by
Economic Research Forum (ERF) in collaboration with national statistical agencies: the
Egyptian Household Expenditure, Income and Consumption Survey; the Jordanian Household
Expenditure and Income Survey; the Palestinian Expenditure and Consumption Survey; the
Sudanese National Baseline Household Survey; and the Tunisian National Survey on Household
Budget, Consumption and Standard of Living.

Summary statistics help to check for any systematic differences across survey waves. In particular,
the three Palestinian waves appear comparable to one another, representative of the same
population, and reflecting on socio-economic developments in the territory during 2007-2011
rather than on survey-administration challenges or changes in the sampling frame. This helps to
alleviate any concerns over the effect of the Israeli occupation and the 2006-2007 Gaza blockade
on sampling quality. Similarly, the results for Egypt 2010 versus 2012, and Tunisia 2005 versus
2010 appear to reflect on socio-economic conditions in the country rather than on deteriorating
sampling quality amidst the popular uprisings. Documentation for the Palestinian, Egyptian and
Tunisian surveys does not indicate any security-related challenges.

Worth noting, the Egyptian 2008 survey made available to researchers has three times the sample
size of the 2010 and 2012 waves, a potential comparability issue. Also notably, the Jordanian and
Palestinian surveys have lower sample sizes than other surveys.

HHIES include information on households’ basic demographic and employment status, income
and its sources, asset ownership, and expenditures on various commodities. (The surveys for
Tunisia and for Palestine ‘07 do not report total or disposable income.) This study uses only
information on household size (hnum), total annual household expenditures per capita
(totexp/hnum) and cross-sectional household sampling weights (hweight) in the surveys. ERF adds
up expenditure items according to the Classification of Individual Consumption According to
Purpose rules. Expenditures cover food and beverages, alcoholic drinks and smokes, clothes,
textiles and shoes, residence and its accessories, furniture, durables, health care and services,
transportation, telecommunications, culture and entertainment, education, restaurants and hotels,
various services and commodities. The expenditure data are not subject to top-coding.

Expenditures are converted to per capita terms and standardized to real year-2005 purchasing-
power parity international dollars (UNSD 2015).° Household sampling weights in conjunction

9 UNSD (2015) versus World Bank (2015) currency conversion factors yield analogous results: nonparametric and
Pareto parametric Ginis retain their quantitative difference under both factors. Dividing by the count of household
members is chosen in deference to previous literature to facilitate comparison of Ginis across studies. Using a modified
OECD adult-equivalence scale, evaluated for Jordan 2010, leads to a 2 pc.pt. reduction in the estimated nonparametric
and quasi-nonparametric Ginis (figure Al). Other qualitative results of this study are robust to this modification.
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with household size are used to assign greater weights to the parts of population where more
individuals benefit from particular levels of expenditure per capita.

Replacing using random draws from the right-truncated Pareto distribution

Truncating the estimated Pareto distribution at the 95™, 97" or 99" percentile of expenditure, and
then replacing observations above that value with random draws from the estimated Pareto
distribution, we get Ginis that are very close on either side of the original nonparametric statistics.
For Egypt ‘08, the new corrected estimates are 30.09-31.80; for Egypt ‘10, 31.48-32.28; for Egypt
‘12, 29.07-30.29; for Jordan ‘06, 36.73-43.01; for Jordan ‘10, 37.54-42.96; for Palestine ‘07,
41.33-46.31; for Palestine ‘10, 41.80-48.32; for Palestine ‘11, 39.42-46.01; for Sudan, 40.13-
42.82; for Tunisia ‘05, 42.56-47.45; and for Tunisia ‘10, 39.36-47.81. In Jordan, Palestine and
Tunisia, the truncated-Pareto estimates are consistently higher by 0.5-9 pc.pt. than the non-
corrected Ginis, and in Sudan the corrected estimation exceeds the uncorrected values by 0.5-3.0
pc.pt. These estimates are consistently slightly higher than the quasi-nonparametric estimates
without truncation, suggesting that the topmost observations may be distributed too narrowly
compared to what would be expected under the Pareto law. In Jordan, Palestine and Tunisia, the
upward revisions of the Ginis become more substantial, of 3-8 pc.pt., when we replace 5% of top
expenditures.

Replacing using random draws from the generalized beta type-11 distribution

While Pareto distribution approximates well the dispersal of top expenditures, it is not
representative of expenditures in the middle or bottom of the expenditure distribution. Generalized
beta distribution of the second kind (GB2), also known as the Feller-Pareto distribution, has been
proposed as a suitable parametric form representing well the entire expenditure distributions
(McDonald 1984). The upper tail of the distribution is heavy and decays like a power function.
Four estimable parameters give the distribution flexibility to fit various empirical expenditure
distributions. Cumulative distribution function of the GB2 distribution is

F(x)=1<pq (c/b)" )

T G/ o

where 1(p,q,y) is the regularized incomplete beta function, and y is the per-capita expenditure
normalized to be in the unit interval. Parameters a, p, and g are distributional shape parameters
and b a scale parameter. These parameters can be estimated by pseudo maximum likelihood. Other
suitable candidates for a distribution function, the Singh-Maddala (1976) and the Dagum (1980)
distributions, are limiting cases of the GB2 distribution with parameter p (q, respectively) restricted
to one (McDonald 1984).

Gini index of expenditure inequality under the GB2 distribution can be computed by evaluating
the generalized hypergeometric function sF2 with the estimated parameters as arguments, and its
standard error can be computed using the delta method (McDonald 1984; Jenkins 2009).
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The results show that the corrections under the GB2 distribution differ systematically from those
under the Pareto distribution. In the Jordanian and Palestinian samples, the GB2 estimates
consistently exceed the Pareto estimates by 0.02—1.52 percentage points (except when k>10%). In
the Sudanese and Tunisian samples, on the other hand, GB2 estimates are nearly universally lower
by up to 1.7 percentage points. In Egypt, GB2 estimates tend to be lower in the 2008 and 2010
waves (up to 0.8 pc.pt. in magnitude), and higher in the 2012 wave (up to 0.6 pc.pt.). Hence, the
estimated GB2 distributions predict wider dispersion of expenditures than the corresponding
Pareto distributions in Egypt 12, Jordan and Palestine, but narrower dispersion in Egypt ‘08—°10,
Sudan and Tunisia. These results suggest that our assumption about the distribution of true
expenditures affects our correction for extreme observations. In absolute terms, however, the
differences are modest, ranging from -1.7 to 1.5 percentage points across all surveys and top-
expenditure delineations (mean -0.03 pc.pt.; 0.39 pc.pt. in absolute value). All GB2 estimates are
also within the confidence intervals of nonparametric Ginis. This may be viewed as confirming
plausible distribution or acceptable quality of top expenditure observations in the eleven surveys.

Actual expenditures in Jordan and Palestine (Sudan and Tunisia) are dispersed slightly more
narrowly (widely, respectively) than expenditures predicted under the respective GB2
distributions. Comparing the Pareto and the GB2 estimates of the Ginis, results also differed
systematically across the eleven surveys. In Egypt 2008 and 2010, in Jordan and in Palestine, GB2
estimates consistently exceeded Pareto estimates by up to 1.5 percentage points, while in Egypt
2012, in Sudan and in Tunisia, GB2 estimates were nearly universally lower than Pareto-
distribution estimates by up to 1.7 percentage points. These Gini coefficient estimates and
differences in them across the Pareto versus the GB2 specifications appear meaningful, as they are
consistent across small changes in model specifications. They evolve nearly monotonically as
more of top expenditures are analyzed.
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Table Al. Top twenty household expenditures per capita across national surveys

Rank in survey Egypt Egypt Egypt Jordan Jordan Palestine  Palestine Palestine Su
sample ‘08 ‘10 ‘12 ‘06 ‘10 ‘07 ‘10 ‘11 K

1 53,157.94 42,165.61 26,548.15 67,948.41 216,479.50 71,114.78 306,455.70 114,961.80 38,6

2 44,649.02 36,707.64 23,906.70 41,531.91 30,406.46 49,659.20 131,242.00 89,052.73 30,0

3 37,195.29 29,176.12 19,151.00 34,790.27 25,944.99 41,153.54 83,083.49  80,502.95 27,1

4 31,339.21 24,892.83 18,037.32 30,315.73  24,987.13 40,396.23  74,492.45 62,696.21 26,6

5 29,683.66 24,584.93 17,949.00 27,772.65 24,722.63 31,365.09 69,019.34  59,075.16 17,3
6
7
8
9

24,938.04 23,122.48 17,488.60 27,096.44  23,521.76 28,966.98 64,400.47 52,244.81 16,7
23,993.49 21,897.13 16,970.23 25,220.63  21,287.35 28,400.31 63,939.15 50,660.85 16,3
23,803.92 21,571.85 15,871.91 25,209.04 20,734.76 27,966.27 62,664.05 49,759.43 15,8
23,713.33  21,086.50 15,857.55 24,663.42 20,729.18 27,066.04 56,308.49 47,628.30 14,0

10 22,857.74 18,763.06 15,849.71 23,070.90 20,655.43 25,179.25 53,856.13  46,460.38 139

11 22,779.96 17,616.72 14,090.66 22,990.89  19,819.79 24,259.98 50,690.57 45,744.34 13,3

12 20,508.14 17,207.32 13,862.28 20,151.54 19,717.65 24,145.60 50,257.55 44,476.18 13,0

13 19,615.29 15,696.35 13,514.34 18,677.11 19,578.73 23,711.70 47,319.02  43,918.68 11,7

14 19,205.29 15,393.18 13,085.75 18,194.18 18,964.25 23,429.40 46,802.83  43,336.55 10,9

15 19,139.61 14,819.35 12,920.23 17,871.50 18,652.47 23,016.04 4568255 43,075.33 10,8

16 18,973.53 14,123.82 12,865.81 16,430.74  18,596.38 22,867.45 4524555 41,923.94 10,5

17 18,690.49 14,096.90 12,856.13 16,030.26 18,284.49 22,126.96 4355755 41,459.91 10,5

18 18,687.45 13,750.32 12,582.74 15,926.60 18,181.84 21,434.36 42,660.38 41,120.05 10,3

19 18,405.49 13,746.32 12,376.07 15,828.49  18,097.23 21,112.26 42,614.62 40,604.36 10,0

20 18,277.65 13,527.39 12,139.60 14,973.79 17,902.55 19,666.04 41,933.96 39,848.02 9,9
1842 gap (%) 19.06 14.87 11.05 63.61 611.95 4321 133.50 29.09 ‘
15420 gap (%) 190.84 211.71 118.69 353.78 1,109.21 261.61 630.81 188.50 2
Cumul. density? 0.05% 0.15% 0.14% 0.31% 0.20% 0.79% 0.19% 0.24% o
Expend. share® 0.81% 1.89% 1.34% 3.18% 2.95% 6.13% 2.17% 2.47% Z
Notes: Year-2005 purchasing-power parity international dollars (UNSD 2015). Expenditures exceeding the following values by 40

2 Portion of the density of the entire survey sample, accounting for household sampling weights and household size.
b Portion of the aggregate expenditure of the entire survey sample, accounting for household sampling weights.
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Table A2. Top twenty disposable household incomes per capita across national surveys

Rank in survey Egypt Egypt Egypt Jordan Jordan Palestine Palestine
sample ‘08 ‘10 ‘12 ‘06 ‘10 ‘10 ‘11 Sudan ‘09
1 236,297.20 179,448.10 61,698.11 67,948.41 169,835.00 88,018.87 70,161.32 163,716.20
2 231,226.40 76,886.79 60,731.13 4153191 61,41525 87,668.46 65247.64 63,679.25
3 153,089.60  63,160.38 52,806.61 34,790.27 44,740.11 67,92453 61,233.68  37,283.02
4 118,490.60  44,253.39 48,168.24 30,315.73  39,796.61 57,311.32 44,146.04  28,724.53
5 64,093.16  38,867.93 45283.02 27,772.65 37,728.81 56,603.77 43,925.09  28,301.89
6
7
8
9

50,642.69  38,301.89 43,372.64 27,096.44 37,436.44 56,578.54 43,012.97 22,574.12
49,056.61 37,382.07 40,030.19 25,220.63 36,754.24 53,171.34 39,622.64 17,688.68
47,226.41 3547170 35,510.61 25,209.04 35,896.19 4791793 39,622.64 17,548.74
45,283.02 31,226.42 30,681.60 24,663.42 35192.09 46,998.43 36,909.84  15,547.17

10 4445755  30,966.98 29,992.45 23,070.90 28,182.49 44,581.13 33,962.27 15,424.53

11 42,452.83 28,655.66 28,679.01 22,990.89 26,779.66 42,92453 31,177.28 12,735.85

12 42,389.94  26,415.09 28,301.89 20,151.54 26,525.42 41,087.27 31,073.11 11,202.83

13 41,828.62 25,264.15 28,301.89 18,677.11 24,930.75 39,384.43 29,960.69  11,006.29

14 35,966.98  24,707.55 27,415.09 18,194.18 24,766.10 39,291.51 28,301.89  10,801.89

15 35,448.11  23,899.37 27,169.81 17,871.50 24,745.76 38,254.72 28,197.88  10,716.98

16 35,326.57 23,584.91 27,146.23 16,430.74 24,593.22 37,940.25 27,874.06 10,553.91

17 33,254.72  22,848.35 26,886.79 16,030.26 23,396.61 35920.75 27,853.77 10,135.61

18 31,132.08 22,754.72 26,886.79 15,926.60 23,389.83 35,283.02 27,216.98  10,075.47

19 30,944.34  21,589.62 25,633.42 15,828.49 22,372.88 34,207.55 27,170.07 9,748.43

20 30,566.04 21581.00 2517453 14973.79 20,101.70 33,090.57 26,671.70 9,580.19
1842 gap (%) 2.19 133.39 1.59 74.4 176.54 0.4 7.53 157.1
15420 gap (%) 673.07 731.51 145.08  1,250.98 744.88 165.99 163.06 1,608.90
Cumul. density (%) 0.05 0.14 0.17 0.3 0.61 0.24 0.24 0.2

Expend. share
(%)
Notes: Palestine ‘07, and Tunisia ‘05 and ‘10 surveys do not cover incomes, only expenditures. Year-2005 purchasing-power parit
2015). Expenditures exceeding the following values by 40+% in bold.

151 2.03 1.6 7.61 5.95 3.52 2.56 9.82
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Table A3. Quasi-nonparametric estimates of Gini coefficients for disposable household income per capita: Ps

Egypt ‘08 Egypt ‘10 Egypt ‘12 Jordan ‘06
Observ. Observ. Observ. Observ.
Correction replaced  Pareto replaced  Pareto replaced  Pareto replaced  Pareto
for extreme  [income coef.8  Gini [income coef.68  Gini [income coef.8  Gini [income coef.8  Gini
observations share] (s.e.) (s.e.) share] (s.e.) (s.e.) share] (s.e.) (s.e.) share] (s.e.) (s.e.)
non-param. 0 out of 33.67 i 0outof 32.78 i 0outof 31.59 | 0 out of 40.44
estimation 23,428 (0.39) 7,719 (0.49) 7,528 (0.48) 2,897 (1.27)
quasi-nonparametr. Gini, top k% replaced
k=0.1% x n 43 2181 3357 16 2244 32.79 10 2540  31.67 5 1.638  40.49
[2.19%] (0.426) (0.38) : [1.53%] (0.477) (0.54) : [1.28%] (0.637) (0.55) : [3.39%] (0.931) (1.57)
k=0.2% x n 75 2584  33.50 25 3.209 32.70 23 2908 31.61 8 1587  40.38
[3.18%] (0.409) (0.38) @ [2.26%] (0.873) (0.50) : [2.13%] (0.723) (0.50) : [4.67%] (0.633) (1.76)
k=0.5% x n 189 2356  33.58 56 3128 3271 59 2.828  31.62 36 1.790  40.06
[6.37%] (0.193) (0.38) : [4.31%] (0.446) (0.52) : [3.84%] (0.470) (0.50) : [6.63%] (0.384) (1.44)
k=1% x n 383 2242  33.74 112 2751  32.79 119 2975 31.63 64 2.196  39.78
[7.93%] (0.128) (0.52) : [6.82%] (0.257) (0.55) : [6.23%] (0.352) (0.66) : [9.11%] (0.413) (1.04)
k=2% x n 772 2261  33.63 237 2.661 32.85 250 2,750  31.70 126 2532  39.53
[11.63%] (0.095) (0.47) @ [10.57%] (0.189) (0.55) @ [9.76%] (0.216) (0.59) : [12.96%] (0.350) (1.03)
k=5% x n 1,902 2321 3359 612 2404  33.20 592 2.696 31.76 253 2.674  39.49
[19.50%] (0.063) (0.41) @ [18.43%] (0.110) (0.73) @ [17.55%] (0.134) (0.56) : [21.60%] (0.248) (1.05)
k=10% x n 3,594 2315 3359 1,161 2.408 33.08 1,135 2497  32.02 447 2411 39.87
[28.68%] (0.045) (0.41) : [27.85%] (0.081) (0.65) : [27.04%] (0.084) (0.67) : [31.97%] (0.133) (1.17)
k=20% x n 6,596 2.333 3357 2,122 2452  32.86 2,066 2434 3218 789 2215  40.26
[42.82%] (0.033) (0.40) ' [41.98%] (0.061) (0.59) @ [41.18%] (0.059) (0.64) : [47.22%] (0.090) (1.33)
Mean (s.d.) if - 2.34 33.60 -- 2.83 32.75 -- 2.81 31.63 - 1.80 40.18
k<1% x n (0.18) (0.10) (0.44)  (0.05) (0.19)  (0.03) (0.28) (0.32)
Mean (s.d.) if -- 2.31 33.60 - 2.48 33.00 - 2.59 31.92 - 2.46 39.79
k>2% x n (0.03) (0.03) (0.12) (0.17) (0.15) (0.22) (0.19) (0.36)

Notes: For clarity, Ginis and their standard errors are multiplied by 100. Pareto coefficients are estimated among the top k income ¢
likelihood methods. Quasi-nonparametric Gini coefficients are computed using 100 random draws from the estimated respective P;
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Table A3 (cont.). Quasi-nonparametric estimates of Gini coefficients for household disposable income per ca

Palestine ‘10 Palestine ‘11 Sudan ‘09
Observ. Observ. Observ.
replaced Pareto replaced Pareto replaced Pareto
[income coef.8 Gini | [income coef.8 Gini | [income coef.8 Gini
share] (se.) (s.e) | share] (se.) (s.e) | share] (se) (se)
non-par. 0 out of 44,94 : 0 out of 43.32 | 0out of 54.74
3,757 (0.70) . 4,317 (0.60) : 7,913 (1.05)
quasi-nonparametric. Gini, top % replaced
k=0.1% x n 8 3.079 4497 5 10.130 43.32 10 2591 54.50
[1.70%] (1.150) (0.71) @ [1.22%] (8.183) (0.61) : [4.91%] (1.112) (1.20)
k=0.2% x n 15 3.053 44.96 14 2.859 38.44 19 1.988 54.61
[2.80%] (0.960) (0.71) @ [2.13%] (0.633) (0.65) @ [6.61%] (0.446) (1.28)
k=0.5% x n 34 2.328 4494 38 3.213 4337 47 1.859 54.80
[6.27%] (0.426) (0.46) @ [3.93%] (0.638) (0.63) [10.54%] (0.279) (1.55)
k=1% x n 60 2.343  45.05 75 3.179  43.36 86 1.622 55.60
[8.05%] (0.340) (0.85) @ [6.69%] (0.453) (0.63) [15.11%] (0.169) (2.86)
k=2% x n 119 2.558 4494 137 3.156 43.38 163 1.759 55.01
[12.23%] (0.284) (0.89) :[10.57%] (0.339) (0.79) : [20.30%] (0.158) (2.08)
k=5% x n 278 2.436 45.13 331 2.768 43.62 403 1.863 54.74
[21.369%] (0.160) (1.00) :[19.93%] (0.182) (0.78) :[31.45%] (0.116) (1.44)
k=10% x n 496 2.750 44.66 582 2715 4364 838 1.780 55.09
[32.83%] (0.148) (0.73) [31.13%] (0.132) (0.79)  [43.11%] (0.078) (1.60)
k=20% x n 949 2249 46.10 1,046 2415 4444 1,615 1.714 55.78
[49.82%] (0.073) (1.24) :[48.15%] (0.083) (1.19) : [58.03%] (0.055) (2.13)
Mean (s.d.) if -- 270 4498 -- 485 4212 -- 202 54.88
k<1% xn (0.42) (0.05) (3.53) (2.46) (0.41) (0.50)
Mean (s.d.) if -- 250 4521 -- 276  43.77 -- 1.78 55.16
k>2% x n (0.21) (0.63) (0.30) (0.46) (0.06) (0.44)

Notes: Palestine ‘07, and Tunisia ‘05 and ‘10 surveys do not cover incomes, only expenditures. For clarity, Ginis and their standar
Pareto coefficients are estimated among the top k income observations using maximum likelihood methods. Quasi-nonparametric (
using 100 random draws from the estimated respective Pareto distributions
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Table A4. Semiparametric estimates of Lorenz ordinates: Top 5% of expenditures replaced with smooth Pare

Density of top
households Egypt ‘08 Egypt ‘10 Egypt ‘12 Jordan ‘06  Jordan ‘10  Palestine ‘07  Palestine ‘10  Palestine ‘11  Sudan ‘(

Lorenz ordinates (top expenditure shares) in actual distribution

0.5% 4.24% 4.24% 3.39% 4.23% 4.43% 4.33% 4.12% 4.11% 5.1°
1% 6.68% 6.59% 5.72% 6.49% 6.47% 7.14% 6.74% 6.72% 7.5¢
5% 18.02% 17.87% 16.80% 18.57% 19.18% 20.81% 19.65% 19.52% 20.1:
10% 27.14% 27.12% 25.86% 28.54% 29.41% 31.85% 30.89% 30.15% 30.7¢
Lorenz ordinates in semiparametric distribution

0.5% 6.83% 6.37% 5.90% 7.08% 5.62% 6.45% 5.60% 6.26% 5.57
1% 10.25% 9.58% 8.99% 10.96% 8.78% 10.14% 8.75% 9.65% 8.57
5% 26.22% 24.68% 23.84% 30.25% 24.71% 29.03% 24.64% 26.41% 23.3:
10% 35.27% 33.88% 32.81% 40.26% 35.08% 40.22% 36.21% 37.06% 33.9¢

Notes: Top expenditure shares in the actual distribution are computed nonparametrically. In the semiparametric distribution, they &
on the actual aggregate expenditures, expenditure share of the bottom 95% of expenditures, the cutoff (95" percentile) expendit:
coefficient, and the count of top-expenditure observations replaced.
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Table A5. Quasi-nonparametric estimates for household expenditure per capita: truncated Pareto distribution

Egypt ‘08 Egypt ‘10 Egypt ‘12 Jordan ‘06
Sample size n Sample size n Sample size n Sample size n
Right x obs. x obs. K obs. K obs.
truncation replaced o Gini replaced o Gini replaced o Gini replaced o
Estimation on top 15-k™" percentile of incomes
k=1% n=4,920 2512 31.80 n=1567 2406  31.88 n=1511 2526 3027 n =605 2.210
x =394 (.062) (.35) k=124 (.110) (.54) x =117 (.121)  (.51) x =68 (.181)
k=3% n=4,120 2.676 31.07 n=1326 2437 31.65 n=1273 2.610 30.06 n =499 2.137
£=1194 (100) (.29) k=365  (.180) (.48) x = 355 (197)  (.49) k=174 (.276)
k=5% n=3,347 2947 30.09 n=1,085 2402 31.90 n = 1,036 2.842 29.07 n =387 1.607
k=1967 (157) (.22) k=606  (279) (51) K =592 (296)  (.41) Kk = 286 (.447)
Estimation on top 20—k™ percentile of incomes
k=1% n=6,385 2512 31.80 n=2,050 2459 31.81 n = 1,966 2.547 30.24 n =781 2.049
x = 394 (.050) (.35) k=124 (.090)  (.53) x =117 (.097)  (.51) x = 68 (.139)
k=3% n=5585 2.610 31.20 n=1809 2511  31.48 n=1728 2599  30.08 n =675 1.938
k=1194 (.073) (.30) k=365  (133) (.A47) x = 355 (142)  (.49) k=174 (.203)
k=5% n=4812 2721 3056 1p=1568 2528 3149 n=1491 2705  29.36 n =563 1.598
x = 1,967 (.102)  (.29) x = 606 (.187)  (.48) x =592 (.194) (.43) K = 286 (.310)
Estimation on top 25-k™" percentile of incomes
k=1% n=7775 2512 3180 75=2508 2374 3193 n=2405 2505  30.29 n = 946 1.943
x = 394 (.042)  (.35) k=124 (.074)  (.54) x =117 (.080)  (.51) x =68 (.116)
k=3% n=6,975 2581 31.26 n=2,267 2358 31.84 n = 2,167 2511 30.27 n =840 1.826
k=1,194  (.059) (.30) x = 365 (.104)  (.50) x = 355 (111) (.51 x =174 (.164)
k=5% n=6,202 2641 30.76 n=2026 2299 32.28 n =1,930 2540  29.82 n =728 1.574
k=1967 (.078) (.25 x = 606 (137) (54 x =592 (.144)  (47) x = 286 (.237)

Notes: Pareto coefficients are estimated on top expenditures not suspected of contamination (sample size n; L < x < K; K is incor
percentile), and are used to replace x potentially-contaminated topmost observations. For example, the first row reports on the e
Pareto distribution between the 85" and the 99" percentiles of expenditures, and uses the estimates to replace the topmost 1% of exp
Gini coefficients are computed using 1,000 random draws from the estimated respective Pareto distributions. For clarity, Gini
multiplied by 100.
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Table A5 (cont.). Quasi-nonparametric estimates for household expenditure per capita: truncated Pareto distr

Palestine ‘07 Palestine ‘10 Palestine ‘11 Sudan ‘09
Sample size n Sample size n Sample size n Sample size n
Right x obs. x obs. K obs. x obs.
truncation replaced o Gini replaced a Gini replaced a Gini replaced a
Estimation on top 15—k™ percentile of incomes
k=1% n =234 2.130 42.85 n =682 1.797 41.80 n =802 2.229 39.42 n=1331 2.182
k=25 (257) (1.41) Kk =66 (150) (1.17) x =80 (.173) (.83) x =110 (.138)
k=3% n=193  2.343 43.17 n=575 1588  43.64 n =677 2.098 40.76 n=1,140 2.165
K =66 (409)  (1.29) k=173  (.251) (1.09) x =205 (.285) (.87) x =301 (.216)
k=5% n = 156 3.006 41.33 n = 486 1.388 48.32 n =548 2.045 41.35 n =935 2.164
k=103  (.619) (1.04) k=262  (364) (1L.71) K =334 (437)  (1.01) x =506 (.340)
Estimation on top 20—k™" percentile of incomes
k=1% n =316 1.822 43.76 n =904 1.761 41.94 n = 1,062 1.942 40.00 n=1791 2.100
K =25 (182) (1.61) Kk =66 (122) (1.21) x =80 (.124) (.96) k=110 (.109)
k=3% n =275 1.810 45.59 n =797 1.631 43.32 n =937 1.709 42.85 n = 1,600 2.050
K = 66 (.261) (1.63) k=173 (.186) (1.05) x = 205 (.187) (1.13) x =301 (.156)
k=5% n=238 1942 4543  p=7305 1503 47.11 n=808  1.531 46.01 n=1,395 2.001
x =103 (.352) (1.48) K = 262 (.125)  (.56) K =334 (.259) (1.62) x =506 (.220)
Estimation on top 25—k™ percentile of incomes
k=1% n=386 1.778 43.93 n=1127 1688 4225 n=1301 1.901 40.11 n = 2,209 2.059
k=25 (.152) (1.64) K = 66 (.100) (1.28) x =80 (0.105)  (.99) x =110 (.090)
k=3% n =345 1.755 45.97 n=1020 1574 43.75 n=1,176 1.721 42.75 n =2,018 2.006
K =66 (.208)  (1.89) k=173  (.143) (1.11) x = 205 (151)  (1.11) x =301 (.123)
k=5% n =308 1.824 46.31 n =931 1504 46.54 n =1,047 1.615 45.03 n =1,813 1.961
k=103  (.268) (1.57) k=262  (.182) (1.48) k=334 (198)  (1.47) x =506 (.163)

Notes: Pareto coefficients are estimated on top expenditures not suspected of contamination (sample size n; L < x < K; K is incor
percentile), and are used to replace x potentially-contaminated topmost observations. Quasi-nonparametric Gini coefficients are

draws from the estimated respective Pareto distributions. For clarity, Ginis and their standard errors are multiplied by 100.
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Table A5 (cont.). Quasi-nonparametric estimates for household expenditure per capita: truncated
Pareto distribution

Tunisia ‘05 Tunisia ‘10
Sample size n Sample size n
Right x obs. x obs.

truncation  replaced o Gini replaced o Gini

Estimation on top 15-k™ percentile of incomes
k=1% n=1878 1.874 42.56 n=1623 2133 39.36
k=145  (.086) (.53) k=129  (112)  (.46)
k=3% n=1611 1619 45.95 n=1377 2.037 41.42
k=412  (138) (.87) k=375  (172) (.66)
k=5% n=1347 1574 47.34 n=1138 1.539 46.03

k=676  (.205)  (.90) k=614  (.284) (1.03)
Estimation on top 20—k™ percentile of incomes

k=1% n=2517 1834 4263 n=2220 2012 3955
k=145  (068) (.54) k=129  (084) (.48)
k=3% n=2250 1661 4559  n=1974 1891  42.14
k=412  (.100) (.83) k=375  (120) (.74
k=5% n=10986 1.653 4639 n=1735 1590 4538

k=676  (.134) (.82) k=614  (.176)  (.96)
Estimation on top 25—k percentile of incomes

k=1% n=3162 1750 4288 n=2817 1846 39.87
k=145  (055) (.57) k=129  (067) (52
k=3% n=2895 1593 4620 n=2571 1687 4351
k=412  (076) (.89) k=375  (090) (.91)
k=5% n=2631 1563 4745 n=2332 1424 4781

k=676 (097) (91) k=614  (123) (L21)

Notes: Pareto coefficients are estimated on top expenditures not suspected of contamination (sample size n; L < x <
K; K is income corresponding to the 100-k™ percentile), and are used to replace x potentially-contaminated topmost
observations. Quasi-nonparametric Gini coefficients are computed using 1,000 random draws from the estimated
respective Pareto distributions. For clarity, Ginis and their standard errors are multiplied by 100.
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Table A6. Parametric and quasi-nonparametric estimates of Ginis: Generalized beta distribution type Il

Egypt Egypt Egypt Jordan Jordan Palestine  Palestine  Palestine Sudan

‘08 ‘10 ‘12 ‘06 ‘10 ‘07 ‘10 ‘11 ‘09

E(a) 4.008 3.527 5.162 2.218 2.045 1.657 1.167 1.353 1.85¢
(0.203) (0.319) (0.450) (0.410) (0.507) (0.422) (0.243) (0.328) (0.193

E(b) 884.212 914705 1,154.312 1,353.274 1,295.177 2,013.049 1,053.091 1,810.728  850.21!
(17.325) (43.916) (25.519) (159.250) (308.692) (337.498) (609.263) (743.082) (41.658

E(p) 1.346 1.805 0.965 2.252 3.528 2.374 9.741 5.471 1.59¢
(0.120) (0.326) (0.130) (0.794) (1.949) (1.104) (6.520) (3.518) (0.267

E(q) 0.648 0.739 0.504 1.178 1.242 1.537 2.430 2.102 1.51°
(0.040) (0.083) (0.053) (0.297) (0.422) (0.569) (0.725) (0.728) (0.249

log(pseudo-lik.) -858.52  -270.69 -260.26 -46,583 -53,155 -70.83 -210.06 -240.42  -229,74!
sample size 23,428 7,719 7,528 2,897 2,845 1,231 3,757 4,317 7,91
nonparametric 31.32 31.42 29.60 35.81 36.21 40.83 39.18 38.43 39.8¢
Gini (0.28) (0.48) (0.42) (0.74) (1.31) (1.00) (0.57) (0.68) (0.74
parametric Gini 31.05 31.27 29.88 36.15 36.36 41.36 39.53 38.72 39.6¢

(0.26) (0.47) (0.46) (0.79) (1.04) 1.17) (0.66) (0.74) (0.62
quasi-nonparametric Gini, top k% replaced

k=0.1% x n 31.40 31.47 29.88 35.97 35.86 40.94 39.33 38.65 39.5¢
(0.31)  (0.55) (0.49) (0.81) (0.85) (1.09) (0.61) (0.75) (0.63
k=0.2% x 31.39 31.45 30.00 35.95 36.11 41.26 39.51 38.67 39.5:
(0.30)  (0.57) (0.51) (0.92) (0.85) (1.19) (0.70) (0.72) (0.60
k=0.5% x n 31.29 31.42 30.15 36.21 36.50 41.41 39.68 38.79 39.5;
(0.32)  (0.57) (0.55) (1.07) (0.99) (1.19) (0.83) (0.77) (0.64
k=1% x n 31.19 31.33 29.98 36.20 36.58 41.71 39.74 38.70 39.6:
(0.33)  (0.55) (0.55) (0.82) (1.56) (1.82) (0.76) (0.71) (0.67
k=2% x n 31.04 31.26 29.89 36.27 36.92 41.43 39.78 38.72 39.6¢
(0.32)  (0.56) (0.55) (0.82) (2.89) (1.32) (0.80) (0.74) (0.67
k=5% x n 30.91 31.15 29.85 36.39 36.60 41.31 39.76 38.82 39.7(
(0.30)  (0.63) (0.58) (0.94) (1.18) (1.31) (0.88) (0.79) (0.68
k=10% x n 30.91 31.17 29.85 36.16 36.57 41.47 39.55 38.81 39.6!
(0.30)  (0.54) (0.57) (0.89) (1.22) (1.52) (0.83) (0.88) (0.65
k=20% x n 31.05 31.16 30.05 36.14 36.51 41.18 39.54 38.68 39.6!

(0.31) (0.53) (0.63) (1.17) (1.79) (1.50) (0.95) (0.84) (0.65
Notes: year-2005 purchasing-power parity international dollars are used (UNSD 2015). For clarity, Ginis and their standard errors |
errors are in parentheses. Parametric Ginis are calculated by numerical integration with 5,000 integration points. Quasi-nonparan
equations 2 and 4. Standard errors of quasi-nonparametric Ginis are computed by bootstrapping and using 100 random draws from
as in equation 5.
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Figure Al. Uncorrected vs. corrected Ginis using an alternative adult-equivalent household-size
scale
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Note: Expenditure per capita is computed using a modified OECD adult-equivalence scale with household size taken
as [1 + 0.7 (Nadus-1) + 0.3 Nenitaren + 0.3 Neigerty] to account for a lesser role played by children under the age of 14
and the elderly aged 65+ years (Glewwe and Twum-Baah, 1991, as cited in Haughton and Khandker 2009:29).
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Figure A2. Gini uncorrected vs. corrected for potentially mismeasured highest expenditures,
Generalized Beta distribution type 2
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Figure A2 (cont.). Ginis, Generalized Beta distribution type 2
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Notes: These Ginis correspond to those reported in table A6. Blue dashed lines show the estimated quasi-
nonparametric Ginis and 95% confidence intervals using bootstrap standard errors aggregated across 100 random

draws as in equation 5, for alternative delineations of top k expenditures. Red solid lines show non-parametric Ginis
with their 95% confidence intervals using bootstrap standard errors.
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Figure A3. Pareto coefficient of the top expenditure distribution from table 1
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Figure A4. Quantile-quantile plots of actual vs. Pareto-predicted distribution of the top 5% of
expenditures
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Figure A4 (cont.). Quantile-quantile plots of actual vs. Pareto-predicted distribution of the top 5%
of expenditures
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Notes: Solid lines show the predicted expenditure values under the Pareto distribution estimated among the same top
5% of expenditures (Pareto coefficients in table 1). Dots show the actual observations (Van Kerm and Cox 2007).
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Figure A5. Quantile-quantile plots of actual vs. Pareto-predicted distribution of the top 20% of
expenditures
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Figure A5 (cont.). Quantile-quantile plots of actual vs. Pareto-predicted distribution of the top 20%
of expenditures
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Notes: Solid lines show the predicted expenditure values under the Pareto distribution estimated among the same top
20% of expenditures (Pareto coefficients in table 1). Dots show the actual observations (Van Kerm and Cox 2007).
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Figure A6. Hill plots for expenditure per capita
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Notes: Sample size in all eleven surveys is normalized to 100% and the Hill plots truncated at top 20% of sample to
facilitate comparison. The alternative Hill plots use a logarithmic scale for sample size (Drees et al. 2000).
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