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Abstract 

The objective of this paper is twofold. Firstly, we show how reliable datasets can be 
generated to perform distributional analysis in the Arab region, based on a useful procedure 
of desegregating grouped data published by official statistical agencies. Secondly, using 
accessible raw micro data and synthetic datasets, we rely on the existing conventional set of 
inequality indices to assess the degree of disparity and its evolution over time in the Arab 
region. The paper fills in an important gap of knowledge on data access and the level and 
patterns of inequality in the Arab region.  

 
 
 
 
 
 
 

 ملخص
 

ا في             تعرض الورقة آيف: أولا. الهدف من هذه الورقة البحثية ينقسم الى شقين اد عليه تم الاعتم ا ي وق به ات الموث يمكن إنشاء مجموعات من البيان

الات الإح          ات التي تنشرها الوآ ع البيان ز العنصري في تجمي اء التميي صائية  إجراء تحليل توزيعي في المنطقة العربية على أساس طريقة مفيدة لإلغ

ة الموجودة   باستخدام مجموعة بيانات دقيقة وآذلك مجموعة م: ثانيا. الرسمية ن البيانات المؤلفة مع بعضها البعض، فنحن نعتمد على البيانات التقليدي

فهذه الورقة تهدف الى ملئ فراغ آبير في : واخيرا .لمؤشرات التفاوت الاجتماعي لتقييم درجة التفاوت وتطورها على مر الزمن في المنطقة العربية

  .التفاوت الاجتماعي في المنطقة العربية معرفة آيفية الوصول إلى البيانات ومستوى وأنماط
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1. Introduction 

Reliable distributional analyses of well-being should ideally be based on raw micro data of 
household surveys which typically include information on consumption expenditure. They 
also involve various demographic and socioeconomic characteristics of the household 
(household size and structure, region of residence, occupation status, etc.), and living 
conditions such as dwelling characteristics, possession of durable goods, etc. The availability 
of and accessibility to detailed household surveys are therefore a prerequisite for undertaking 
reliable distributive analyses. 

Bibi and Nabli (2009, 2010) noted that distributive analyses in Arab countries (henceforth 
ACs) are scarce mainly because raw micro data is inaccessible.1 Although household surveys 
are available in ACs, access to primary raw data is restricted for scholars and independent 
researchers for confidentiality concerns or political sensibility. Even for international 
organizations, such as the World Bank, access to the primary data is more restricted in ACs 
than the rest of the world (Iqbal, 2006). Unlike common practice in developed countries and 
many developing countries, we are aware of no country in the Arab region which provides 
unfettered or even easy access to the primary data for researchers. In some cases, ad-hoc 
access to such data for individual researchers is available but is not based on transparent and 
predictable rules. 

However, statistical agencies in charge of distributive analyses publish summary statistics 
and grouped frequency tables by applying simple computational procedures to individual 
records. Scholars interested in distribution related issues often have to be content with these 
secondary materials, which seriously limits the in depth and spatial coverage of poverty and 
inequality analysis.2 Some techniques that consist of fitting various parametric Lorenz curves 
to grouped income data to obtain estimates of the Gini index have certainly been proposed.3 
The most popular one is the POVCAL software developed by the World Bank.4 In addition to 
providing summary statistics, the software enables inferring different poverty and inequality 
indices. Unfortunately, it seems that most of the fitted functions are unreliable, i.e., they often 
produce summary statistics which are very different from those obtained from individual 
micro data.5 Furthermore, Minoiu and Reddy (2008) provided a systematic analysis of 
performances of parametric fitting based on grouped data. They concluded that accuracy of 
estimation depended on the shape of income distribution, functional form used and poverty 
and inequality indices estimated. Therefore conclusions based on such approach must be 
taken with some cautions. 

More recently, Shorrocks and Wan (2008)—hereafter SW—have suggested a useful 
procedure to reconstruct the living standards distribution from any set of Lorenz curve 
coordinates. According to SW the characteristics of the generated sample exactly match the 
reported grouped values. The simulated data can then be used to estimate various inequality 
statistics. Preliminary experiments following SW and based on the US Current Population 
Survey show that the estimated results for the Gini coefficient are very encouraging. 

The objective of this paper is twofold. First, we assess the reliability of the SW’s procedure 
by contrasting the Lorenz curves and the Gini indices estimated using primary data with their 
                                                            
1 Among the few studies on the extent of inequality in some Arab countries, see Abdelkhalek (2005) for Morocco, El-Laithy 
et al. (2003) for Egypt, El-Laithy and Abu-Ismail (2005) for Syria, World Bank (2004) for Jordan, and Zouari-Bouattour and 
Jallouli (2001) for Tunisia. 
2 For an illustrative example on Arab countries, see Adams and Pages (2003). 
3 See Kakwani and Podder (1973), Basmann et al. (1990), Ortega et al. (1991), among many others. 
4 http://iresearch.worldbank.org/PovcalNet/jsp 
5 For a discussion on this, see Schader and Schmid (1994), Minoiu and Reddy (2008), and Shorrocks and Wan (2008). 
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synthetic counterparts, i.e., those computed by implementing the SW’s procedure to grouped 
data. Grouped data will be either computed using primary data from several ACs’ household 
surveys or collected from the POVCAL website. As we will see below, results are 
conclusive, and we extend the implementation of the SW’s procedure to ACs where only 
grouped data can be collected from POVCAL or the national bureaus of statistics. Second, we 
use the set of accessible primary data and the synthetic data to portray the level and the trend 
of overall inequality in the Arab region. 

The rest of the paper is structured as follows. Section 2 briefly summarizes the algorithm 
proposed by SW to reconstruct the whole distribution from grouped data. Section 3 evaluates 
the effectiveness of SW’s algorithm in providing reliable synthetic data. Section 4 offers a 
global portray of the level and trend of inequality in a selected Arab countries. Section 5 
concludes the paper. 

2. Desegregating Grouped Data 
Shorrocks and Wan (2008) have suggested an algorithm to construct a synthetic self-
weighted sample of n observations. The properties of the generated distribution are 
admittedly as close as possible to those of the grouped data. 

The SW’s procedure can be summarized as follows. Consider a partition of income 

distribution into m disjoint income classes. Let  be m+ 1 Lorenz coordinates 
calculated from raw data, with (k = 1, …,m). We denote by the aggregate proportion of the 
population in the poorest income classes 1 to k, *

κL is the corresponding cumulative income 
share, and . The asterisks are used to distinguish the target (true) values 
from the synthetic sample values (non-asterisked), which may not exactly match the target 
figures. Given that Lorenz coordinates are typically calculated from published quantile 
shares, details of the absolute levels of income are lost in the construction of Lorenz curves. 
Thus, during the reconstruction of the synthetic distribution, the overall mean income is 
assumed to be unity. The mean income of a class k is therefore given by 

        
The synthetic sample of size n can be partitioned into m non-overlapping groups, where each 

group k contains  observations. The value of the ith observation in 

class k is denoted by and the (normalized) 
sample mean of the class k is given by μκ . 
The ungrouping procedure involves two stages. Using grouped data, we can fit, in the first 
stage, a suitable parametric income distribution, the lognormal distribution, to construct a 
preliminary sample of size n. The obtained sample values are, in the second stage, adjusted 
until that the synthetic sample statistics match those of the reported grouped data. Shorrocks 
and Wan (2008) illustrate their procedure by using the lognormal distribution to generate 
1000 observations. The standard deviation of log incomes, σ, is obtained by averaging the m 
− 1 estimates: 

    (2) 

where Φ is the standard normal distribution function. The raw sample may then be generated 
by the percentile points 0.001, 0.002, ..., 0.999 corresponding to the fitted lognormal 
distribution.  

(1) 
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In the second stage, observations of the initial sample are adjusted until the sample statistics 
match the true values. To do this, the sample observations are adjusted so that each of the 
class k means incomes, μk, is transformed into the corresponding ‘true’ values, *

κμ , and the 
appropriate changes are made to the intermediate values. More specifically, consider any 
interval [μk , μk+1), for k = 1,…,m − 1, and convert the initial sample value xj  [μk , μk+1) into 
the intermediate value jx̂  according to the rule 

  
or equivalently 

 (4) 

Similar adjustments are made at the bottom and top of the distribution using the rule 

      
Note that the transformation given by (3) or (4) is well defined because the raw sample from 
the first stage is both distinct and ordered, so that μk+1 > μk. Note also that the transformations 
defined by (3), (4) and (5) are (weakly) monotonic, so that the non-decreasing order of the 
sample is preserved.  

Such adjustments ensure that, within each income class, the true mean lies within the range of 
sample values. Putting it analytically, 

      
The second stage ensures that the group bounds are kept fixed and that the gaps between the 
sample values and the upper (lower) bound of the group are compressed when the sample 
mean is below (above) the true value. To see this, define the lower bound of each group as 

      
and convert the intermediate value ixκˆ  into the final value *ˆ ixκ according to the rule 

 
Applying this procedure ensures preserving the sample ordering both within and between 
income groups and that the synthetic distribution exactly replicates the properties of the 
published grouped frequency table. 

3. Assessing the Reliability of Shorrocks and Wan’s Procedure 
We turn now to assessing the effectiveness of SW’s procedure. For this end, we check the 
reliability of SW’s procedure by contrasting the Gini indices estimated using household 
micro data with their synthetic counterparts, i.e., those computed by the implementation of 
SW’s procedure to grouped frequency tables attached to the same surveys. Grouped data is 
either computed using primary data from several ACs household surveys or collected from 
the POVCAL website. If the results are conclusive, we extend the implementation of the 

(3) 

(5) 

(6) 

(7) 

(8) 
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SW’s procedure to ACs, where only grouped data is affordable or accessible from national or 
international providers of secondary material. 

The assessment procedure works as follows. 

(i) For each raw dataset, we generate 10 points of Lorenz curve coordinates.  

(ii)We apply SW’s procedure by fitting a lognormal distribution to the 10 Lorenz curve 
coordinates in order to generate a self-weighted sample of n observations.6  

(iii) We compare the estimated inequality statistics based on synthetic samples obtained 
in step (ii) to the estimated ones based on the household micro data. 

Table 1 reports the results of estimated Gini and its standard error from different sources. The 
results are encouraging since the estimated values from different sources are very close to 
each other. Using t-statistics, we formally test for the differences between estimated Gini 
indices from each data source. Table 2 presents test results and show that none of the 
estimated indices from the ungrouped data is statistically different from the indices calculated 
using the primary raw data. 

In order to test the robustness of our findings, we compare the estimated density of raw data 
(deflated by the distribution mean) to that generated from grouped data based on decile shares 
and/or POVCAL data (when available), respectively. Looking at the cases of Yemen 1998, 
Tunisia 1990, Syria 2003 and United Arab Emirates (UAE) 2008, Figures 1 to 4 show that 
raw data density of household expenditure per capita is practically undistinguishable from 
that of synthetic samples generated from grouped data. Other experiments, not reported here 
for the sake of expositional simplicity, show that the same findings apply to all other 
countries. This means that the effectiveness of SW’s procedure goes beyond the calculation 
of the Gini indices to other poverty or inequality statistics or curves. Summing up, our results 
show that: 

1. The difference between any distributive statistics estimated from household micro 
data and their synthetic counterparts are not statistically significant; 

2. The grouped data published by POVCAL is a reliable source that can be used to 
conduct any distributional analysis. 

4. Spatial and Temporal Comparisons of Inequality in the Arab Region 
We now use the dataset generated following the procedure described in Section 2 to 
characterize the dynamics of inequality across and within 10 Arab countries, namely Algeria, 
Djibouti, Egypt, Jordan, Mauritania, Morocco, Syria, Tunisia, the United Arab Emirates 
(UAE) and Yemen. Except for the UAE, grouped data on household expenditure per capita—
for two time periods or more—is accessible. Although only one dataset is accessible in the 
case of the UAE, it is included because we have grouped data on both income and 
expenditure. Recall that the synthetic distributions are self-weighted. However, when 
household micro data is used, the results presented are weighted by raw household sample 
weights multiplied by the household size. Household expenditures include all durable and 
non-durable expenditure plus the implicit rent from own housing. Despite efforts made to 
harmonize datasets, we note that comparisons should be taken with caution. Indeed, survey 
designs and temporal coverage are in many case very different (period covering expenditures, 
recall bias.. etc.). These differences cannot be treated ex-post. However, within each country, 
all surveys used are fairly comparable over time. 

                                                            
6 Shorrocks and Wan (2008) Show that the lognormal function used to generate synthetic sample performs much better than 
other specification like General Quadratic (GQ), Beta, Generalized Beta (GB), and Singh-Maddala (SM) functions. 
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Table 3 presents expenditure shares of 10 deciles of the distribution. That is to say, household 
expenditure per capita is sorted in ascending order and divided into 10 groups of equal size. 
Remarkably enough, the expenditure share of the poorest decile is always below 3.7 percent 
in all 10 countries. For most countries, this share is even lower than three percent. The richest 
individuals of the tenth decile always hold at least 25 percent of total expenditure, but it 
ranges from 25.8 percent in Yemen (1998) to 42.5 percent in Mauritania (1993). For almost 
all countries, the expenditure share of the poorest decile has remained roughly stable over 
time. The gaps between deciles are more pronounced in the upper tail of the welfare 
distribution, especially between the ninth and tenth deciles, as the last column of Table 3, 
which reports the ratio of the ninth to the tenth decile, clearly illustrates. 

Now if we compare three North-African countries, namely Egypt, Algeria and Tunisia in 
1995, it seems that Egypt is the most equal society where the shares of the first six deciles are 
greater than those observed in Algeria and Tunisia and where the same shares are lower. 
Making the same comparison between Syria and Jordan in 1997 and Yemen in 1998, we can 
show that Syria displays lower inequality than the other two countries. 

In parallel to the descriptive analysis presented above, Table 4 presents a set of usual 
inequality measures along with their standard errors. The Gini, the Atkinson’s (1970) and the 
generalized entropy index for different parameterizations.7 The general pattern of findings is 
that all indices rank countries in the same manner, for a given period. 

If we focus on the Gini inequality and the 1990s, it ranges from 0.497 for Mauritania in 1993 
to 0.299 for Egypt in 1995. In 1995, Tunisia was the most unequal country with a Gini 
coefficient of about 0.416, followed by Mauritania, Algeria, Djibouti and Egypt. With a Gini 
index of about 0.299, Egypt’s is the lowest inequality index observed over time in the Arab 
region. The remaining countries are not included in this comparison due to the absence of 
data for the same year. 

By the mid 2000s, Tunisia remains the most unequal society with a Gini index of 0.41, 
followed by Mauritania in 2004, Yemen in 2006 and Egypt in 2005 (table 4). Meanwhile, 
figures 5 and 6 map the inequality level in ACs in the early 1990s and mid 2000s. Note that 
these figures present a rough comparison of inequality level across countries. One of the 
natural extensions of this study is to offer a more rigorous comparison of inequality across 
countries by constructing, for each country, a synthetic counterfactual distribution in 1990 
and 2005. 

We now turn our attention to the trend of inequality in each individual country with more 
than a single published household survey. We find Egypt, Morocco and Tunisia showing 
stable expenditure distributions between 1990–2004, 1984–2007 and 1980–2005, 
respectively. Syria experiences a significant increase of inequality, of about 3.6 percentage 
points, between 1997 and 2003 However, it appears from the most recent survey (2007) that 
inequality has decreased again to the 1997 level, i.e., a Gini index of 0.338. Similar 
fluctuations are observed in Yemen, Mauritania and Jordan. For Algeria, the somewhat 
outdated data of 1995 shows a moderate level for the Gini index (approximately 0.353) which 
is lower than 0.398 observed in 1988. Djibouti exhibits a relatively high inequality level 
(Gini=0.399) in 2002. 

As for the United Arab Emirates (UAE), the only accessible household survey is the one 
conducted in 2008. Table (4) shows that this country displays a high level of inequality, with 
values of inequality indices that are close to those observed in Tunisia for example. As 
expected for any country, income inequality is clearly greater in UAE than expenditure 
inequality. 
                                                            
7 For a formal presentation of each index see appendix A. 
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5. Conclusion 
Access to reliable sources of microeconomic data in the Arab world is one of the serious 
obstacles faced by researchers in development economics. In this paper we evaluated the 
reliability of a simple method that generates individual data used in distributional analysis. 
We have shown that the procedure proposed by Shorrocks and Wan (2008) can, at least in 
part, overcome the difficulties of access to data. However we emphasize the need for 
improvements in (i) access to raw data surveys and (ii) standardization of survey questions 
and sampling design in order to help scholars conduct other relevant comparative studies 
across Arab countries. For instance, the generated data is used to portray an initial picture on 
levels and trends of monetary inequality in the Arab region. Statistical tables produced in this 
paper show that Arab countries witnessed different experiences in the evolution of overall 
inequality during the 1990s and the early 2000s. Clearly, a deeper analysis of each country is 
needed to understand other aspects of inequality such as contributions of socioeconomic 
groups, the main determinants of the observed inequality and its spatial dimensions. Some of 
these issues will be addressed in companion papers. 
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Figure 1: Density Estimates Yemen 1998 (Various Sources) 

 
 
 
 
 
 
 
 
 
 
 
 
Figure 2: Density Estimates Tunisia 1990 (Various Sources) 
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Figure 3: Density Estimates U.A.E 2008 (Various Sources) 

 
 
 
 
 
 
 
 
 
 
 
 
 
Figure 4: Density Estimates Syria 2003 (Various Sources) 
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Figure 5: Gini Index Early 1990 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
Figure 6: Gini Index Early 2000 
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Table 1: Estimated Gini Indices Using SW Procedure and Raw Data. 
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Table 2: T-Statistics for the Difference between Gini Indices 
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Table 3: Distribution of Per Capita Household Expenditure: Share of Deciles and Expenditure Ratios 
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Table 3: Continued 
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Table 4: Inequality Indices: Distribution of Household Per Capita Expenditure 
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Table 4: Continued 
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Table 4: Continued 
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Table 5: A List of Household Budget Surveys 

 
 
 
 
 
 
 
 
 
Table 6: A List of Lorenz Curves Coordinates (Already Available) 
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Appendix A: Measuring Inequality 

In this appendix, we present analytical tools that are used to portray inequality levels and 
changes of overall inequality within each country included in our study. 

A.1 Inequality indices 
A natural starting point is to define a synthetic measure of income inequality. Consider a 
vector Y = (y1, y2, … , yn) of living standards yi (income, for short) for a population of n 
individuals, where yi are ordered in increasing values, such that y1 ≤ y2 ≤……≤ yn.

8 Further, let 
y(p) be the quantile function giving the individual’s income whose percentile in the 
distribution Y is p. The most common inequality measure used in the literature is the Gini 
index defined as: 

 

where y is the average income. The Gini index can alternatively be given by the ratio of the 
area between the well known Lorenz curve and the perfect equality 45o line to the whole area 
below the 45o line, i.e., 

 
where L(p) is the Lorenz curve giving the cumulative percentage of total income held by the 
poorest p proportion of the population: 

 
The main drawback of the Gini index is the very limited possibilities of its decomposition 
between population subgroups (areas of residence, social, ethnic groups, gender, etc.).9 Such 
issues limit any study aiming to analyze the contribution of socioeconomic groups to overall 
inequality of a given income distribution. A natural solution to overcome such a problem is to 
resort to more appealing measures allowing an exact decomposition of inequality between 
groups. Shorrocks (1984) and Cowell (2000) show that any inequality statistic that fulfills 
some desirable principles such as the Pigou-Dalton transfer principle and the decomposability 
principle is a member of the Generalized Entropy (GE) class of inequality indices:10 

 

                                                            
8 Although a discussion will be made in terms of income among individuals, any alternative measure of socioeconomic 
position (consumption, expenditure, earnings, wages, assets, land, education, health, occupational status index) among any 
well-defined recipient unit (households, workers, generations, per capita, per equivalent adult) would do. 
9 The Gini index is fully decomposable if (and only if) the incomes in one subgroup are all less than those in the other 
subgroups, i.e., under non-overlapping partitions of the income distribution. 
10 The Pigou-Dalton transfer principle suggests that an appropriate inequality measure should decrease following a 
progressive transfer from a rich to a poorer person. 
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where θ is a known parameter which captures the aversion to inequality and n, yi, and y are 
as defined above. In contrast to most inequality indices that lie between 0 and 1 (like the Gini 
index), the values of GE range from zero (perfect equality) to infinity (high level of 
inequality).11 The parameter θ can take any integer value. Commonly used values of θ are 0, 
1 and 2. For θ = 0, IGE (0) is simply the mean log deviation given by 

 
Notice that IGE (0) is, in accordance with the transfer sensitivity principle, more sensitive to 
changes that occur in the bottom distribution. IGE (1) is the well known Theil (1967) index. It 
is formally defined as 

 
However, for θ >1, GE measures are more sensitive to changes that affect the upper tail of the 
distribution which make them less appealing for distributional judgments. 

A.2 Ethical principles 
Ideally, the functional form of an inequality measure should directly depend upon what we 
want to know about the specified aspect of income distribution. One has first to set the 
purpose of the analysis and then find a suitable measure within the framework. The axiomatic 
approach, which has been largely developed in the literature, seeks to fit this framework. To 
evaluate different aspects of welfare, it is necessary to examine various axioms, with regard 
to the purpose of the analysis, and then, to select the basic axioms for a pertinent yardstick. 
For expositional simplicity, and in view of our interest in this paper, we present the most 
common used axioms. 

Axiom 1 Principle of Population: the pooling of several identical income distributions does 
not affect the level of income inequality. Hence, for any integer k > 1, I(x[k]) = I(x) whenever 
x[k] is obtained from x by any k replications. 

Axiom 2 Anonymity or Symmetry: any characteristic other than the individuals’ income does 
not matter for measuring inequality. Hence, I(y) = I(x) whenever y is obtained from x by a 
permutation. 

These two axioms are the common core axioms for poverty, inequality, and social welfare 
comparisons. In the context of disparity judgments, the core axioms also include the Pigou-
Dalton transfer principle and the scale invariance. 

Axiom 3 The Pigou-Dalton Transfer: a mean preserving transfer from a given person to a less 
well-off one (i.e., a progressive (equalizing) transfer, should not increase the inequality 
level); while a disequalizing (regressive) transfer should not decrease the inequality measure. 
Hence, I(y)2I(x) (I(y)3I(x)) whenever y is obtained from x by a progressive (regressive) 
transfer. 

Axiom 4 Scale Invariance: inequality level is invariant to any uniform proportional change of 
individual’s income (or the welfare indicator for which the distribution is being 

                                                            
11 However, one may normalize IGE(θ) by its hypothetic maximum value, obtained when only one person owns all available 
resources, to make these indices range between 0 and 1. This is important for the purpose of an integrated analysis of 
inequality and social welfare (or poverty). 
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characterized). Hence, for any scalar α > 0, I(αx) = I(x) for any inequality index I(.) is in line 
with this principle.  

B. Data 
In this section we present various lists of data used in this research paper. There are mainly 
two types of datasets. Conventional household budget surveys and grouped data extracted 
from the World Bank’s POVCAL website. All surveys contain detailed information on 
household socioeconomic characteristics. For some countries, household income is also 
reported. 

 
 


