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Abstract 

The creation or consolidation of national middle classes and the changes in consumption patterns in many Sub-Saharan 

African (SSA) countries suggest reconsidering the way welfare and consequently inequality is typically measured in 

these countries. Using consumption to measure welfare, as it is typically done in many SSA countries, can lead to an 

important loss of information regarding the real welfare of the top 10-20 percent of the welfare distribution that is 

generally referred as “middle class” in these countries; this loss of information can lead to a substantial  

underestimation of inequality. This paper proposes a method capable of correcting the middle-class part of the 

consumption distribution using information coming from the income distribution of the same surveys. This way, we 

argue, the inequality measures calculated on the new distribution can more accurately reflect the real welfare 

distribution in these countries. Preliminary results from 6 SSA countries indicate an increase, compared to original 

data, of about 20 percent in the Gini index and all the other inequality measures . 
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1 Introduction 

The two decades between 1995 and 2015 have represented for developing countries a period of 

fast growth and poverty reduction. Besides reducing poverty, global growth also had a profound 
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impact on the social structure of many developing countries, buttressing the creation of a world 

“middle class” (Milanovic and Yitzhaki, 2002). 

The Sub-Saharan Africa (SSA) middle class improvements are more modest than other 

developing regions, nonetheless there are important progresses. According to the African 

Development Bank (2011), the continental middle class 1  accounts for 14 percent of total 

population or about 127 million people (African Development Bank, 2011). 

The most prominent characteristic of the middle class group, either in developed 

(Goldthorpe, 1987) or developing countries (Geithman, 1974) is the type of occupation. Middle 

class members have in general a formal employment,2 in either public or private sector, live in 

urban areas and work in non-farm activities; income from these sources tends to be less volatile 

and affected by seasonality than agricultural incomes. In SSA, depending on the countries and 

years, the share of formal employment on total ranges between 10 to 20 percent (International 

Monetary Fund, 2012; Golub and Hayat, 2014). In Ghana (Honorati and Johansson de Silva, 2016), 

one of the few countries with repeated and comparable cross sections over two decades, the share 

of private wage employment on total employment nearly tripled from 6 percent to 16 percent. 

Adding public wage earners, 22 percent of Ghana’s workers in 2012 have a formal job and report 

stable monthly earnings. 

Another distinguishing feature of the middle class group is the propensity to save to save in 

form of financial assets or money deposited in bank accounts; middle-class households are more 

likely than poor people to save since marginal propensity to consume declines with higher welfare 

levels. The World Bank3 calculates that in SSA the number of depositors with commercial banks 

increased threefold between 2004 and 2015, from 50 every 1,000 adults to 155 every 100 adults. 

Likewise, the new African middle class has Western-style consumption patterns (McKinsey, 

2016); middle class housheolds diversify their expenditures away from basic needs towards more 

durable goods (home appliances, computers, smart-phones, cars), luxury goods, entertainment 

(restaurants, movies, travels), and in some cases properties. 

All these elements taken together, suggest that in many SSA countries where welfare is 

measured via consumption, we miss a substantial piece of information regarding the top 10-20 

                                                 
1 This is defined as the group earning between 4 to 20 USD PPP per capita per day. 
2 For low-income SSA countries, formal employment covers public sector employment and wage employment in other 

sectors (International Monetary Fund, 2012). 
3 World Development Indicators, http://data.worldbank.org/data-catalog/world-development-indicators. 

http://data.worldbank.org/data-catalog/world-development-indicators
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percent of the population. Consumption has undoubtedly important advantages when looking at 

lower income percentiles, typically characterized by volatile incomes and high seasonality, yet it 

underestimates the actual welfare of the middle class because it does not account for savings (as 

well as transfers) and does not factor in many non-basic expenditures. Intuitively, this 

underestimation affects the calculation of various inequality measures, yielding much lower results.  

On the other hand, the mere substitution of income as the main welfare indicator for SSA 

households still looks quite untimely. At the current stage of SSA countries’ development, income 

data are still not representative for the bulk of the households’ welfare, because of the prevalence 

of the informal sector and farm activities.  

The aim of the present paper is to overcome these problems by testing and applying a new 

methodology for reconstructing a more realistic welfare distribution in SSA, and then measuring 

inequality more accurately. In a nutshell, the idea is to correct the consumption distribution around  

the top quintile using information coming from the income distirbution from the same survey.  

The remainder of the paper is structured as follows. Section 2 motivates our work by 

discussing reasons why inequality might be underestimated in SSA. Section 3 introduces the data 

used in the empirical application and explains our approach to inequality measurement. Section 4 

analyzes the performance of the proposed method and presents corrected estimates of overall 

inequality levels. Finally, Section 5 provides a summary and conclusions. 

2 The welfare puzzle: top incomes, income and consumption 

Budget surveys struggle to include the welfare of hard-to-survey populations, in particular the 

extremely rich. Methods have been proposed to address this issue, the most famous one is to 

compare top incomes in household surveys with tax records (e.g. Atkinson et al., 2011). In 

developing countries, where generally is more difficult to obtain this type of information from tax 

authorities, analysis on top incomes started later but has recently gained momentum (e.g. Leigh et 

al., 2009, Alvaredo, 2010, and Sanhueza and Mayer, 2011). 

While similar in spirit, this paper departs from the top-income literature since our main 

concern is not the top 1–5 percent but the new middle class which tends to occupy the top 20 

percent of the welfare distribution. Therefore, the re-calibration exercise involves a much bigger 

portion of the distribution. Another important difference pertains the source of information used to 
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reconstruct part of the distribution. Whereas for top incomes the re-estimation parameters come 

from another distribution—the tax records—based on a completely different sample, in this 

exercise we correct the top part of consumption distirbution using information coming from the 

same sample. 

As mentioned in the introduction, the novelty of this paper lays in the way we correct  

consumption using information form income; it is thus important to understand the relative 

comparative advantages of the two measures at different points of the welfare distribution. 

There are good reasons why many SSA countries, which generally have limited resources 

for data collection, have focused their attention on getting consumption data right and often 

disregarded income data collection. Consumption is generally regarded as easier to measure than 

income in low-income economies (Deaton and Zaidi, 2002). Formal household monetary incomes 

are mostly constituted by wages and non-labor monetary incomes (such as profits and rents). Yet, 

most of households in SSA countries earn other forms of monetary incomes, such as those coming 

from agricultural production (both for selling and for auto-consumption) and from informal 

activities; these magnitudes are typically easier to capture via the value of consumption rather than 

via income. 

Moreover, monetary incomes in these countries routinely exhibit great seasonal variations 

(Tarozzi, 2007), while consumption expenditures tend to be naturally smoother (Friedman, 1957). 

For example, in agricultural economies like most of African countries, income is more volatile and 

affected by harvest seasons, so that relying on income as an indicator of welfare might under/over-

estimate living standards significantly. Finally, consumption tends to be a better measure of 

permanent welfare, because households can borrow, draw down savings, or get public and private 

transfers to smooth short-run fluctuations. 

When it comes to inequality measurement, however, consumption data show several 

limitations compared to income. First, while consumption is more informative than income for the 

bottom of the distribution, since it reflects—in addition to income—welfare transfers, interpersonal 

transfers and informal income (Meyer and Sullivan, 2004), data on consumption at the very top the 

distribution could seriously under-estimate welfare because of compelling evidence that the 

marginal propensity to consume declines as household welfare increases (McCarthy, 1995; Dynan 

et al., 2004; Jappelli and Pistaferri, 2014). 

Second, consumption inequality measures are generally biased downward if the set of goods 
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in the consumption measure does not include items consumed by the rich (luxury goods, such as 

vacations, as well as irregularly purchased consumer durables, such as cars). These goods are 

sometimes not included in surveys or are excluded from the measure of consumption if they are; 

on the other hand, income, by just measuring the potential claim over items, is not affected by this 

under-reporting. 

Third the inequality measured on consumption shows lower inequality than the data based 

on income. There is a simple reason for this. There may be people with zero annual income who, 

for example, finance their current spending out of previously accumulated savings. There are, 

obviously, no people with zero annual consumption. This makes the distribution according to 

income more “elongated” around the bottom and thus more unequal (the consumption distribution 

will be “truncated” at some minimum amount necessary to survive). Also, a similar thing happens 

at the other end of the distribution. There are many income-rich people who save a part of their 

income. Thus, their income is greater than their consumption. The high end of the distribution 

would be also more elongated in the case of income (Milanovic, 2010). 

At first glance, therefore, correcting consumption around the top part of the distribution  

using information coming from income can overcome the limits of measuring inequality just using 

consumption. There are, however, some important theoretical issues it is worth to touch upon 

before discussing the proposed methodology: possible alternatives, the income measurement error, 

and the potential contribution of our method to the top-income analysis. 

Regarding alternatives, one might argue that just adding to consumption the reported 

savings—typically collected in ad hoc section of many household budget surveys—could provide 

an equally reliable estimate of income that relays on real data rather than on re-estimation. There 

are, however, a number of problems with this method. First, there is a lot of heterogeneity on how 

the questions on savings are posed. For example, within the sample of housheold surveys we use, 

for Ghana and Niger there is an explicit question on the amount of savings owned by households 

either in bank accounts or in informal saving schemes. Therefore, in these two countries it would 

be feasible to add savings to consumption; in Malawi, Nigeria, Kenya and Uganda’s surveys, on 

the other hand, the exact amount of savings is never asked, hindering this possibility.  

Second, even when savings are reported correctly, their addition to consumption might not 
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suffice to reduce the gap with income.4 Figure 1 illustrates the problem for Ghana.5 Even adding 

savings, income still remains shifted to the right. Besides the above-mentioned list of items that are 

not factored in a typical consumption aggregate—or partially factored in, such as eating outside— 

there are problems in the food component too. This because, as mentioned before, the consumption 

aggregates are based on questionnaires intended to capture the consumption pattern of the 

vulnerable/poor. Therefore, food items not consumed by the vulnerable/poor household are 

generally not part of the items list:6 these include imported items, items not typically part of the 

local diet, luxury food, and so forth. 

[Figure 1 about here.] 

Measurement error for incomes can also be an issue. Evidence suggests that income under-

reporting grows the higher the income (e.g Hlasny and Verme, 2016, and references therein); 

precisely, the part of the distribution we want to use for our re-estimation. The answer to this is 

twofold. As shown in the previous graph and based on the way consumption aggregates are 

constructed, the under-reporting of consumption in top deciles will be anyway higher than the 

under-reporting of income. Using the top deciles of income rather than consumption, will certainly 

not eliminate under-reporting but it will mitigate it compared to consumption. When calculating 

the inequality measures, this combined distribution will yield probably a lower bound of the real 

inequality but certainly an estimate much higher than that produced by consumption alone. 

Moreover, and this links to the whole issue of top incomes, the proposed method is fully 

compatible with their estimation methods. The correction we propose can be considered a 

                                                 
4 Differently from other monetary aggregates, checking the accuracy of reported savings might result complicated. 

For example, to see weather food consumption values can be off, one typically converts quantities into calorie intake. 

Too high (over 10,000 calories per capita per day) or too low (1,000 calories per capita per day) values signal 

measurement error problems. To check for salaries accuracy, enumerators often ask for a recent salary slips. 

Controlling the savings is a bit more complicated, especially if the household is part of one of those informal savings 

schemes very frequent in Africa; in that case, it is very difficult to provide an official statement of the amount deposited. 
5 The figure is a plot of the complementary distribution function for each variable, showing the proportion of values 

greater than each value—i.e. the complement of the cumulative distribution function. The observed probabilities are 

plotted on a doubly logarithmic scale, which is natural to use when focusing on the top part of the distribution because 

it accentuates the upper tail (see e.g. Clementi, 2016). Furthermore, in order to circumvent the scale difference between 

household incomes and consumption expenditures, the former have been median-adjusted by a multiplicative shift to 

yield identical centers of the consumption and income distributions. For more information on the data variables we 

have selected for plotting and how they have been pre-processed, see Section 3.1. 
6 Sometimes the respondent is asked, in addition to the listed items, to report other food items generally consumed. 

Since households might report very different additional items, it is very difficult standardizing this information and 

add it to the consumption aggregates. Therefore, even if some items are not completely excluded, the way they are 

reported does not allow to improve the consumption aggregates of these richer households. 
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preliminary exercise that adjusts the distribution before further correcting it with the top-income 

methods. As mentioned before, we aim at improving the accuracy of the top 10–20 percent of the 

distribution, while top-income methods typically affect the top 1 percent. The ideal distribution we 

have in mind to estimate more accurately inequality is one that corrects the top quintile of the 

consumption distribution using income and further corrects the top 1 percent using tax records. 

3 Data and methodological essentials 

3.1 Household income and expenditure surveys in SSA 

The present paper uses household-level data taken from several sources. For income, we 

use yearly data obtained from the Rural Income Generating Activities (RIGA) database, a 

collaborative effort of the Food and Agriculture Organization (FAO) of the United Nations, the 

World Bank, and the American University.7 It is composed of a series of constructed variables 

about rural and urban income-generating activities created from the original consumption data 

sources. In particular, we will focus on the household-level income aggregate data set (RIGA-H), 

which includes a comprehensive measure of household income presenting aggregated data on 

different income sources, such as crop and livestock production, household enterprises, wage 

employment, transfers, and non-labor earnings.8 

Data on households’ consumption expenditure come instead from the original budget 

surveys compiled by national statistical bureaus and the World Bank, which can be easily linked 

to each country data set in the RIGA database. Specifically, we consider here the following 

household budget surveys: the Ghana “Living Standards Survey”, 2005; the Kenya “Integrated 

Household Budget Survey”, 2005; the Malawi “Integrated Household Survey”, 2011; the Niger 

“National Survey on Household Living Conditions and Agriculture”, 2011; the Nigeria “Living 

                                                 
7 http://www.fao.org/economic/riga/riga-database/en/. 
8 The household income aggregates and their components included in the RIGA database closely follows the definition 

given by the International Labour Organization (ILO, 2003), which considers as income receipts those that (i) recur 

regularly, (ii) contribute to current economic well-being, and (iii) do not arise from a reduction in net worth (Carletto 

et al., 2007). These three criteria are embodied in each of the components of income; as such, irregular payments such 

as lottery earnings or inheritances, investments and savings, and the value of durables are not included in the RIGA 

definition and measure of income. Furthermore, costs are also taken into account to ensure that the final income 

aggregate is net of costs, as opposed to gross (which could overestimate the income a household actually has at his or 

her disposal). So far, the only reported cost, which is subtracted during the aggregation process, has been income tax—

i.e. the contribution to social security and health system (Quiñones et al., 2009). 

http://www.fao.org/economic/riga/riga-database/en/
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Standards Survey”, 2004; the Uganda “National Household Survey”, 2005. 9  The main 

consumption variable that is used in the paper is the household total annual expenditure on food 

and non-food items. 

Before undertaking the empirical analysis, both the income and consumption variables were 

spatially and temporally deflated to 2005 national currency units and expressed per capita. 

Furthermore, observations with negative and zero incomes were excluded from the analysis, 

because some indices of inequality are defined only for positive values. 10  Table 1 presents 

distributional statistics for the consumption and income variables used in this study. Compared to 

income, consumption expenditure typically produces lower estimates of inequality, independently 

on the measure that one considers—the Gini coefficient, the mean logarithmic deviation (MLD), 

or the Theil index. As mentioned in the previous section, this is to be expected and can be explained 

by a declining marginal propensity to consume and by the fact that consumption surveys tend to 

understate the spending on durables at the top. Instead, an argument for using consumption rather 

than income is that data on the former are often of a higher quality in developing and emerging 

economies and are less vulnerable to idiosyncratic shocks, as households tend to smooth their 

consumption over time. Because estimates of inequality will be biased if computed using any single 

one of these variables, what is needed to obtain consistent estimates of inequality is a combination 

of the information coming from the consumption and income data. The following subsection 

appeals to multiple-imputation methods in order to achieve this.     

[Table 1 about here.] 

3.2 A multiple-imputation approach to inequality measurement 

Given data, our approach to inequality measurement is adapted from earlier work by Jenkins et al. 

(2011), who proposed a parametric multiple-imputation method to measure income inequality with 

right-censored (top-coded) data, and goes through the following steps. 

First, by means of model selection and goodness-of-fit techniques, we select the best fitting 

                                                 
9 Notice that the RIGA project covers more countries (e.g. Ethiopia, Madagascar, and Tanzania) and provides data 

sets that are sometimes more recent than those used in the present analysis. However, limited coverage of the 

population and issues of accuracy caused us to focus only on the six countries (and years) mentioned in the text. 
10 Accordingly, the sampling weights of households— used in all calculations— have been re-calibrated in such a way 

that estimates from the samples after deletion of non-positive records are forced to fit the initial population-level 

information on the households’ geographical location and area of residence (rural/urban). 
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parametric model for the consumption and income distributions of each country. The models that 

are fitted to micro-data belong to the family of generalized beta distributions introduced by 

McDonald and Xu (1995a,b), which includes the four-parameter generalized beta II distribution 

(GB2) with probability density function 

 𝑓(𝑥; 𝑎, 𝑏, 𝑝, 𝑞) =
𝑎𝑥𝑎𝑝−1

𝑏𝑎𝑝𝐵(𝑝,𝑞)[1+(𝑥/𝑏)𝑎]𝑝+𝑞 ,    𝑥 > 0, (1) 

and cumulative distribution function 

 𝐹(𝑥; 𝑎, 𝑏, 𝑝, 𝑞) = 𝐼𝑧(𝑝, 𝑞),    𝑧 = (𝑥/𝑏)𝑎,    𝑥 > 0, (2) 

where 𝐵(𝑝, 𝑞) =
Γ(𝑝)Γ(𝑞)

Γ(𝑝+𝑞)
 is the (complete) beta function, Γ(⋅)  is the gamma function, and 

𝐼𝑧(𝑝, 𝑞) =
𝐵(𝑧;𝑝,𝑞)

𝐵(𝑝,𝑞)
 is the regularized incomplete beta function—which is the ratio of the incomplete 

and complete beta functions. All four parameters are positive, with 𝑏 being the scale parameter 

and 𝑎, 𝑝, and 𝑞 being the shape parameters. The GB2 distribution is a flexible functional form 

incorporating many distributions as special cases. Of these, our interest is drawn to the three-

parameter models of Singh and Maddala (1976) and Dagum (1977), which are often used in the 

income distribution literature and can be obtained as special cases of the GB2 for, respectively, 

𝑝 = 1 and 𝑞 = 1.11 

The second stage of our approach uses the model’s parameter estimates to derive imputed 

values for observations above some lower-bound consumption threshold defining (in absolute 

terms) a minimum middle-class standard of living. Opting for such a definition of the middle class 

in the context of developing countries seems reasonable for at least two orders of reasons.12 First, 

unlike developed countries, we can not use relative welfare measures for defining the middle class, 

since in developing countries the latter does not often coincide with some function of the 

distribution’s median (i.e. the middle class does not generally occupy the center of the distribution); 

scholars thus often opt for absolute measures. Second, a further complication one might encounter 

in developing countries is defining an upper bound. As already anticipated, these countries often 

                                                 
11 For details, see McDonald (1984), McDonald and Xu (1995a,b), Kleiber and Kotz (2003), and McDonald and 

Ransom (2008). Of particular importance in the current context is the desirable behavior of the GB2 and related 

distributions in their upper tail, which is heavy in that it decays like a power function as the size variable increases—

rather than decaying exponentially fast like, for instance, the log-normal distribution with mildly heavy upper tail. For 

more on this, see e.g. Kleiber (1996), Schluter and Trede (2002), Kleiber (2008), and Kleiber and Kotz (2003). 
12 See e.g. the discussion in Corral Rodas et al. (2017) for Nigeria. 
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focus their attention on getting consumption data right and disregard income data collection. Since 

consumption is very accurate in capturing the well-being of poorer people, while it is rather 

imprecise in capturing that of people living in the upper percentiles, it follows that when defining 

the middle class in these countries it seems reasonable to opt for a lower-bound threshold (rather 

than an interval) of the type “middle class and above” and leave the border between middle class 

and upper class somehow undefined. 

For the purposes of this paper, two absolute thresholds are used to define the middle class 

in SSA, both derived from the African Development Bank (2011):13 

1. Per capita daily consumption greater than $4 in PPP US dollars, which includes both 

the lower- and the upper-middle class. 

2. Per capita daily consumption greater than $10 in PPP US dollars, which identifies the 

upper-middle class.  

The reason why we work with two thresholds is that using only the second one could lead us to 

rather conservative estimates of inequality, as the correction of the consumption data in this case 

typically affects a tiny group of households at the far end of the distribution. Instead, by using also 

the first threshold we can impute income variability to the original data for a broader group of 

households, which prevents us from a potentially downward-biased estimation of inequality. 

Once the best fitting parametric model for both consumption and income data has been 

selected, imputed values for observations above a lower-bound consumption threshold can be 

derived by means of the so-called “inverse transform method”. That is, given the fitted GB2, the 

cumulative distribution function for each observation 𝑖 above the consumption threshold 𝑡𝑐 is, 

using standard notation for left-truncated distributions, 

 𝐺(𝑥𝑖; 𝜃) = 𝑢𝑖 =
𝐹(𝑥𝑖;�̂�)−𝐹(𝑡𝑐;�̂�)

1−𝐹(𝑡𝑐;�̂�)
,    𝑥𝑖 > 𝑡𝑐,    𝑢𝑖 ∈ [0,1), (3) 

where 𝜃 = {�̂�𝑦, �̂�𝑐, �̂�𝑦, �̂�𝑦} is the set of parameter estimates and the subscripts 𝑐 and 𝑦 refer to 

consumption and income, respectively.14 Inverting, we have 

                                                 
13 In the empirical application that follows, we convert these thresholds into annualized money amounts and express 

them in local currency using 2005 PPP conversion factors from the World Bank 

(http://data.worldbank.org/indicator/PA.NUS.PRVT.PP). 
14 Notice that our approach is designed to alter the shape of the consumption distribution at the top end, but not its 

scale. That is why the set of parameter estimates used for imputing values above the consumption threshold includes 

the shape parameter estimates for the income distribution of each country (�̂�𝑦, �̂�𝑦, and �̂�𝑦) and the estimated scale 

http://data.worldbank.org/indicator/PA.NUS.PRVT.PP
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 𝐺−1(𝑢𝑖; 𝜃) = 𝑥𝑖 = 𝐹−1{𝑢𝑖[1 − 𝐹(𝑡𝑐; 𝜃)] + 𝐹(𝑡𝑐; 𝜃); 𝜃},    𝑥𝑖 > 𝑡𝑐,    𝑢𝑖 ∈ [0,1). (4) 

Thus, a value of 𝑥𝑖  for each observation above the consumption threshold is generated by 

substituting into this expression a value of 𝑢𝑖  that is equal to a random draw from a standard 

uniform distribution.15 

The combination of imputed values for observations above the consumption threshold and 

observed expenditures for those lying below produces a partially synthetic data set for each country 

to which we apply complete-data methods to estimate inequality statistics such as the Gini 

coefficient, the MLD, and the Theil index. In the last step, repetition of the process a large number 

of times (to control for the randomness of each partially-imputed data set) produces 𝑀 synthetic 

data sets for each country and, correspondingly, 𝑀 sets of inequality estimates which we combine 

using the averaging rule proposed by Reiter (2003). That is, supposing that inference is required 

about some scalar measure of inequality 𝑄, and indexing the partially synthetic data sets by 𝑗 =

1, … , 𝑀, one can estimate 𝑄 by using  

 �̅�𝑀 =
1

𝑀
∑𝑀

𝑗=1 �̂�𝑗 , (5) 

which is the simple average of the point estimates �̂�𝑗 that are derived using complete-data methods 

from each of the 𝑀 partially synthetic data sets. In the next section, we report estimates based on 

𝑀 = 999. 

4 Results 

This section is divided in two parts. In the first, we discuss the models’ diagnostics looking at 

whether the proposed parametric distributions fit the original data for both income and 

consumption. In the second, we calculate a set of distributional indicators on the original 

consumption data and compare them to the corrected ones. 

                                                 
parameter for the consumption distribution (�̂�𝑐). 
15 In Equations (3) and (4), the values of the GB2 cumulative distribution function at the truncation point 𝑡𝑐, 𝐹(𝑡𝑐; �̂�), 

and those for each 𝑥 above the consumption threshold, 𝐹(𝑥𝑖; �̂�), are estimated by inserting parameter estimates into 

Equation (2). The cumulative distribution functions in the cases of the Singh-Maddala and Dagum distributions are 

given by simpler expressions and can be found, for instance, in Kleiber and Kotz (2003, ch. 6). 
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4.1 Parameter estimation, model selection and goodness of fit 

All generalized beta models considered in this paper were fitted to consumption and income 

distributions using maximum likelihood estimation. For fitting models to data, we used Stata’s 

programs developed by Jenkins (1999, 2007, 2014). These programs maximize the log-likelihood 

numerically and estimate parameter variance using the negative inverse Hessian. A number of 

distributional measures implied by fitted models, and their associated standard errors computed 

using the delta method, were also obtained using the Stata’s commands developed by the author. 

Tables 2 and 3 present our estimates of models’ parameters together with their standard 

errors, the values of log-likelihood (ln𝐿) at last iteration, and model selection criteria such as the 

Akaike (Akaike, 1973) and Bayesian (Schwarz, 1978) information criteria (AIC and BIC).16 In 

order to compare the fit of the GB2 model and its nested alternatives (the Singh-Maddala and 

Dagum), we also give the results of likelihood ratio tests for the fitted models. The likelihood ratio 

statistics takes the form 

 2[ln𝐿(𝜃U) − ln𝐿(𝜃R)]~𝜒2(ℎ), (6) 

where ln𝐿(𝜃U) and ln𝐿(𝜃R) are, respectively, the log-likelihood values corresponding to the 

unconstrained (GB2) and nested or restricted models (Singh-Maddala and Dagum), 𝜃 is the set of 

estimated parameters, and ℎ is the difference in the number of parameters in the two compared 

models (equal to 1 in our setting). The differences between GB2 and its nested alternatives can be 

thus compared using a chi-square (𝜒2) distribution with one degree of freedom. In the tables, 

asterisks are placed next to the likelihood ratio values if the improvement gained in adding a further 

parameter is of practical significance.17 

The results of model selection for consumption distributions, presented in Table 2, suggest 

that the GB2 model is a better fit to data in all countries except Niger, where the Dagum model is 

as good as the GB2. For income data, the results in Table 3 are somewhat mixed. The GB2 is 

                                                 
16 The expressions for the log-likelihood of the GB2 and its nested models (the Singh-Maddala and Dagum) are given 

in Kleiber and Kotz (2003). Model selection criteria will select, when comparing models with the same number of 

parameters, the model with the smallest 𝑙 = −ln𝐿 according to the formula (2 × 𝑙) + (d × 𝑘), where 𝑘 represents 

the number of parameters in the fitted model and 𝑑 = 2 for the usual AIC or 𝑑 = ln𝑁 (𝑁 being the number of 

observations) for the so-called BIC. Hence, when comparing models fitted by maximum likelihood to the same data, 

the smaller the AIC or BIC the better the fit. When comparing models using the log-likelihood criterion, the larger the 

ln𝐿 the better the fit. 
17 The critical value of the 𝜒2(1) distribution is 3.84 at the 5% level. 
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clearly the best model for Ghana, Malawi, Nigeria, and Uganda income distributions, whereas for 

Kenya the Singh-Maddala seems to be as good as the GB2. A similar conclusion applies to Niger, 

but in this case the Dagum model fits the data better than the alternatives. In general, the GB2 

model gives the best fit to both consumption and income data in 4 out of 6 analyzed countries (i.e. 

Ghana, Malawi, Nigeria, and Uganda). For Niger, the three-parameter Dagum fits the observed 

consumption and income distributions better than any of the alternative models, whereas for the 

2005 Kenyan survey on household income the Singh-Maddala has to be preferred to the GB2 in 

practical applications due to its smaller number of parameters. However, although the fit of the 

GB2 model was not quite as good as for the Singh-Maddala in the case of Kenyan incomes, but 

very good nonetheless, given the need of working with a single imputation model we shall assume 

in the following that the distribution of household income in Kenya is described by the four-

parameter GB2 model, which is also the preferred one for parametric modeling of the country’s 

consumption distribution. 

[Table 2 about here.] 

[Table 3 about here.] 

Goodness of fit of the functional forms chosen according to model selection methods is 

assessed graphically using the Cox-Snell residuals (Cox and Snell, 1968) 

 �̂�𝑖 = −ln�̂�(𝑥𝑖; 𝜃),    𝑖 = 1, … , 𝑁, (7) 

where �̂�(𝑥𝑖; 𝜃) = 1 − �̂�(𝑥𝑖; 𝜃)  denotes the estimated survival or complementary cumulative 

distribution function for each 𝑥. If the model is good, these residuals should behave like a sample 

from an exponential distribution with parameter 1. A plot of the ordered estimated �̂�𝑖 (𝑖 = 1, … , 𝑁) 

against the quantiles of a one-parameter exponential distribution should therefore be roughly a 

straight line with slope 1 (e.g. Elandt-Johnson and Johnson, 2003).18 

The Cox-Snell residuals are shown, respectively, in Figure 2 for the best fitting 

consumption models and in Figure 3 for the functional forms best describing income data. The 

results indicate that, apart from some noisiness by the most extreme observations, the fit of the 

selected models was quite good for the majority of countries along the entire distribution range. 

                                                 
18 See Quintano and D’Agostino (2006) for a more detailed methodological explanation of the use of Cox-Snell 

residuals in parametric income distribution modeling. For another application, see also Betti et al. (2008). 
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The two most notable exceptions are the Dagum distribution for Niger consumption data and the 

GB2 for Ugandan household incomes, where the upper tails of the distributions present deviations 

for these assumptions that appear in the plots as data that do not fit the straight line. However, only 

about 2 percent of observations at higher quantiles deviated from the 45-degree line in Figures 2(d) 

and 3(f), which is negligible for overall fit. We can therefore conclude that the Dagum model for 

Niger and the GB2 for the rest of countries considered in this study can be used as theoretical 

models for describing the empirical distribution of both consumption and income. 

[Figure 2 about here.] 

[Figure 3 about here.] 

Goodness of fit of the selected models is also evaluated by comparing the sample values of 

distributional indicators reported in Table 1 with their counterparts implied by the fitted models—

see the last four columns of Tables 2 and 3.19 Specifically, in Figures 4 and 5 the comparison relies 

on checking for overlap between 95 percent confidence intervals of theoretical and sample 

indicators to draw conclusions about the accuracy of selected distributional statistics deduced by 

parameter estimates. The results suggest that for most of the indices (i.e. the mean, the Gini 

coefficient, the MLD, and the Theil index) the best fitting models produce theoretical values that 

are quite often in a close agreement with the corresponding sample values—the respective 

confidence intervals overlap in a way that let us exclude that the predicted values and the actual 

sample estimates of chosen indicators can be considered different. The most notable exceptions are 

the theoretical estimates implied by the best fitting GB2 model for Ugandan incomes, which differ 

significantly from the corresponding sample estimates. This fact could reflect the documented poor 

performance of the GB2 at the top of the Ugandan income distribution, where there is a systematic 

departure of empirical observations from the theoretical predictions of the assumed specification. 

However, the results for the nested three-parameter Singh-Maddala and Dagum distributions (not 

shown here but available on request from the authors) are even worse, especially for higher 

quantiles. This explains why we shall keep using the GB2 distribution for imputing observations 

in the top part of the Ugandan welfare distribution. 

[Figure 4 about here.] 

                                                 
19 The analytical expressions for all indices considered here, which are functions of the estimated parameters of the 

GB2 and its nested distributions, can be found inter alia in Kleiber and Kotz (2003, ch. 6) and Jenkins (2009). 
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[Figure 5 about here.] 

4.2 Distributional indicator results 

Table 4 and Figure 6 display the simulation results by country using the $4 and $10 middle class 

thresholds. As discussed in the methodological section, with the $10 threshold the correction of 

consumption data applies to a smaller group of households than with the $4 threshold (compare 

shares in columns 4 and 9 of Table 4). The estimated inequality using the $4 threshold is clearly 

higher since more information is taken from the income distribution and, as discussed before, 

income tends to have higher variability than consumption. 

[Table 4 about here.] 

[Figure 6 about here.] 

For example, in Ghana, where according to the $4 line the middle-class group would 

account for about 27 percent of the population, the correction of consumption for this group would 

lead to a Gini of 0.46 from 0.42 in the original data (compare columns 5 in Tables 4 and 1). On the 

other hand, when using the $10 line, only 4 percent of the households will see their consumption 

corrected and the obtained Gini is 0.43 (column 10 in Table 4.). Likewise, in all analyzed countries, 

the two thresholds define an upper and lower bound for the simulated Gini, where the upper bound 

is obtained from the $4 line and the lower is obtained from the $10 line (Figure 6). 

Figure 7 displays the impact of the correction on the Nigerian consumption data. In the first 

quadrant, the correction is applied on the middle-class group defined by the $4 threshold, whereas 

in the second it is applied using the $10 line. Correcting consumption implies using from the 

middle-class thresholds onwards (vertical dashed line) the parametrized tail derived from the 

corresponding income distribution (blue line) that—in Nigeria like in all the other considered 

countries—lays above that of the consumption distribution. The difference is very clear when 

cutting the consumption distribution at $4 (left quadrant), but less pronounced when using the $10 

line (right quadrant). As a consequence, when using the $4 line, we re-estimate a bigger chunk of 

the distribution and introduce in this way more variability than in the case of $10, leading to a 

bigger increase of the Gini index (see Table 4). 

[Figure 7 about here.] 
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5 Concluding remarks 

The creation or consolidation of national middle classes and the changes in consumption patterns 

in many SSA countries suggest reconsidering the way inequality is typically measured in these 

countries. Specifically, the use of consumption as the main welfare measure can lead to an 

important loss of information regarding the real welfare of the top 10-20 percent of the welfare 

distribution and, as consequence to a substantial underestimation of inequality. 

The present paper develops a methodology that re-estimates the top part of the consumption 

distribution using information from the the income distribution obtained from the same sample. 

The new distribution, we argue, can more accurately reflect the real welfare distribution in these 

countries and yield more precise estimates on inequality. 

Using household-level data from Ghana, Kenya, Malawi, Niger, Nigeria and Uganda 

obtained from the Rural Income Generating Activities (RIGA) database and corresponding 

consumption aggregates estimated on the same survey, we re-estimate the top part of consumption 

distribution. For this purpose, we adapt a parametric multiple-imputation method (Jenkins et al., 

2011) originally used to measure income inequality with right-censored (top-coded) data. 

The re-estimation proceeds in three steps. First, we select the best fitting parametric model 

for the consumption and income distributions of each country. Second, we use the model’s 

parameter estimates to derive imputed values for observations above two lower-bound 

consumption threshold typically used to define the middle class status in SSA: per capita daily 

consumption greater than $4 in PPP US dollars and per capita daily consumption greater than $10 

in PPP US dollars. Finally, the combination of imputed values for observations above the 

consumption threshold and observed expenditures for below produces a partially synthetic data set 

on which we estimate inequality statistics such as the Gini coefficient, the MLD, and the Theil 

index. 

Results show that in all six countries inequality increases substantially; depending on the 

threshold used, Gini on average increases by 20 percent compared to the original figures. In terms 

of levels, it is important to note that in four out of the six countries analyzed, inequality levels reach 

those of the traditionally unequal countries of the Southern cone (South Africa and neighbors). 

Further research is clerly needed, possibly having more waves of data for single country to gauge 

at trends. Nontheless, there are two preliminary conclusions we can already draw based on this 
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outcome. 

First, against a general narrative on inequality as not being a major issue in Sub-Saharan 

Africa (see, inter alia, Pinhovskiy and Sala-i-Martin, 2014), our results indicate that inequality 

should become a central problem in SSA economic politicy debates as much as it has been in Latin 

America and in South Africa. 

Second, these new inequality figures seem more in line with both development theory 

findings and what the present structure of these economies would suggest. In the first case, 

literature has pointed at the existence during the economic take-off of large productivity gaps 

between agriculture and non-agricultural sectors (e.g. Lewis, 1955, Kuznets, 1971, and Gollin et 

al. 2014). In SSA, where the agricultural sector still employs arund 50 percent (or more) of the 

labor force and where the production’s aim is mainly the subsistence, this gap is expected to 

translate into relevant income differentials. Gap that has also an important spatial dimension since 

many SSA economies appear to be highly dualistic with longstanding spatial differences in terms 

of human capital, infrastructures and economic opportunities (Molini and Paci, 2015; World Bank, 

2016). 
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Tables 

 

  

Table 1: Distributional summary statistics for the consumption and income variables used in our analysis. 
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Table 2: Maximum likelihood estimation of generalized beta models for consumption distributions. 
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Table 3: Maximum likelihood estimation of generalized beta models for income distributions. 
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Table 4: Inequality estimates from partially synthetic data sets, by country, definition of the middle class, and index. 
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Figures 

 

  

 
Figure 1: Log-log complementary distributions of household consumption, consumption plus savings, and 

income for Ghana. 
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(c) Malawi (d) Niger 

  

(e) Nigeria (f) Uganda 

Figure 2: Cox-Snell residuals of generalized beta models for consumption distributions. 
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(e) Nigeria (f) Uganda 

Figure 3: Cox-Snell residuals of generalized beta models for income distributions. 
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(a) Mean (b) Gini 

  

(c) MLD (d) Theil 

Figure 4: Comparison between the sample values of chosen distributional indicators and their counterparts 

implied by the best fitting consumption models. 
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(a) Mean (b) Gini 

  

(c) MLD (d) Theil 

Figure 5: Comparison between the sample values of chosen distributional indicators and their counterparts 

implied by the best fitting income models. 
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(a) Gini (b) MLD (c) Theil 

Figure 6: Inequality estimates derived from repetition of the imputation process 𝑅 = 999 times, by index and country. The height of the bars is the 

level of inequality estimated using the original consumption data. The top cap of the spikes denotes the multiple-imputation point estimate derived 

using a minimum threshold of $4 per day, whereas the bottom cap shows the estimate for each of the three indices derived using an absolute definition 

of the middle class with per capita daily consumption greater than $10. 
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(a) Per capita consumption > $4 per day in 2005 PPP (b) Per capita consumption > $10 per day in 2005 PPP 

Figure 7: Partially synthetic welfare distribution for Nigerian data based on 𝑅 = 500 repetitions of the imputation process. 
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