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Abstract 
 
This paper is motivated by the dearth of statistical capacity in the Middle East and North Africa region and 
the unprecedented economic collapse in Lebanon. We expand and apply a novel data augmentation 
technique to conduct poverty analysis when the usual data sources on income distribution are limited or 
unavailable. Building on available data augmentation techniques, we recover the continuous income 
distribution from the available data when the income variable takes the form of intervals. We expand 
existing techniques to derive dominance conditions for interval income data accounting for non-response. 
This extension allows us to run robustness checks of our empirical results by estimating the bounds of the 
set of admissible cumulative distribution functions. Our empirical application then analyzes poverty 
dynamics using first-order dominance tests on the bounds of admissible cumulative distribution functions 
sets and shows the importance of the proposed approach using Lebanese data. The empirical application 
provides a picture of poverty dynamics and insights into the politico-economic dynamics preceding and 
following the economic collapse. More generally, we show that the development analyst can exploit 
alternative data sources to conduct the much-needed poverty analysis.  
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1 Introduction

Household budget surveys are essential for monitoring poverty and developing poverty

reducing-policies (Ferreira et al., 2016). However, such surveys may not always be available

to researchers in regions where poverty-reducing interventions are needed the most. It is

well-known that there is a correlation between a country’s statistical capacity and its level

of economic development.1 However, many countries in the Middle East and North Africa

(MENA) region have a statistical capacity that is substantially below their level of develop-

ment, which presents clear cases of outliers.2 This lack of statistical capacity prevents many

countries in the region from developing much-needed evidence-based policies and is likely

slowing their economic development. Recently, Arezki et al. (2020) assessed the impact of

the lack of data transparency on economic growth in the MENA region. Their findings sug-

gest that since 2005 this lack of data transparency imposed a yearly average loss of between

7% and 14% GDP per capita. This lack of transparency is a logical consequence of what

El Haddad (2020) coins as the unsocial contract characterizing the economies of the Arab

region in which the state uses economic policies to favor a group of crony capitalists. In

such a context, it is essential, from a development planning perspective, to find alternative

ways of documenting the evolution of poverty and inequality in these economies.

Building on these findings, Atamanov et al. (2020) advocate improving the statistical

capacity in the MENA region. Unfortunately, because of the reality of the unsocial contract,

international institutions and researchers aiming at improving this statistical capacity may

face the resistance of policymakers. For this reason, Atamanov et al. (2020) suggest that

researchers look for alternative information sources in parallel to those produced by coun-

tries’ statistical agencies.3 In other regional contexts, researchers have used remote sensing
1See https://databank.worldbank.org/reports.aspx?source=Statistical-capacity-indicators.
2See for example: https://www.arabdevelopmentportal.com/whatwedo
3One of the suggestions they made was to use non-traditional mobile phone surveys as in Hoogeveen et

al. (2014).
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data and satellite imagery to estimate poverty in the absence of surveys on income and

expenditures (see van der Weide et al., 2022; Jean et al., 2016). In the Arab context, Harb

and Rouhana (2020) and Harb (2022) collect their primary data by interviewing workers in

the Beirut region to study gender and sectarian inequalities in the distribution of earnings.

However, in the context of Arab countries, researchers did not explore enough the use of

all the publicly available data. Extending existing methodologies may allow researchers to

use these available, albeit non-obvious, data sources to extract the maximum information

on poverty and inequality.

This paper proposes extending an existing data augmentation methodology to allow

poverty analysis without (or lack of access to) household budget surveys using alternative

data sources. It also provides an empirical application that substantiates the relevance and

importance of the proposed approach. In the empirical application, we exploit publicly

available data in the Arab Barometer surveys as an alternative source of information on

income distribution in a context where access to continuous income data is restricted. More

specifically, we focus on the publicly available data, namely income intervals for 2016 and

2018 and income in 2021-22, to present a clear picture of the evolution of poverty and social

welfare in Lebanon during that period. To that effect, we first adopt and extend a data

augmentation method for the analysis of interval data proposed by Groß et al. (2017), Walter

and Weimer (2018), and Walter (2019). The original method consists of reconstructing the

density function underlying the interval observations in the survey. Our extension aims at

reconstructing the underlying cumulative distribution function. Unlike the density function,

the bounds on the cumulative distribution function in the presence of non-response are well-

defined. Therefore, estimating the underlying cumulative distribution allows us to adapt the

methodology to estimate bounds on the set of admissible cumulative distribution functions

to account for survey non-response. This extension to the methodology allows us to conduct
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the much-needed poverty analysis and thus depict the dynamics of poverty.

Our paper’s motivation is rooted in the widespread issue of data poverty in the MENA

region in general and the recent economic history of Lebanon in particular. Specifically, the

empirical application’s choice is driven by the lack of evidence-based policy in a country go-

ing through an unprecedented crisis, Lebanon. The case of Lebanon is sad, but it constitutes

an interesting example from an empirical perspective. Among the thirteen countries of the

MENA region, Lebanon ranks ninth in terms of its statistical capacity (see the Statistical

Capacity Indicator (SCI) ranking in Table 1). In addition, since October 2019, Lebanon has

been experiencing one of the most severe economic crises since the mid-nineteenth century

(World Bank, 2021). While the Central Administration of Statistics (CAS) of Lebanon

has some household budget surveys, these surveys are not widely available to academic re-

searchers despite the urgent need for evidence-based poverty-reducing interventions. Given

this context and the significant value and urgency of documenting the poverty situation

in Lebanon, it is imperative to develop tools that allow researchers to exploit alternative

sources of statistical information. Furthermore, these tools will enable researchers to better

understand poverty dynamics and the state of affairs from the period preceding the crisis

(i.e., before the 2019 uprisings) to the present.

To analyze the current poverty dynamics in Lebanon, we use the 2016, 2018, and 2021-22

waves of the Arab Barometer Survey. The Arab Barometer Survey is the only widely avail-

able data source that provides the necessary information to address our research questions.

However, it presents two critical challenges. First, in the 2016 and 2018 waves, the income

data is elicited as intervals. Second, there is a non-negligible number of non-response: 5.9%

of the 1,500 observations in 2016, 3.0% of the 2,400 observations in 2018, and 15.1% of the

2,399 observations in 2021-22. To overcome the first challenge, we use a data augmentation

technique proposed by Groß et al. (2017), Walter and Weimer (2018), and Walter (2019)
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to construct the cumulative income distribution. In doing so, we exploit all the available

interval information on income, that is, the information on income in the first two waves (in

the third wave, the income variable is continuous). To address the second issue arising from

non-response in the survey, we extend Groß et al.’s (2017), Walter and Weimer’s (2018),

and Walter’s (2019) methods to estimate the bounds of the sets of admissible cumulative

distribution functions of income. To determine poverty dynamics, we test for first-order

dominance on the bounds of the sets of admissible cumulative distribution functions in the

spirit of Fakih et al. (2022).

Our empirical results show a noticeable reduction in poverty levels between 2016 and

2018. This reduction is compatible with the hypothesis of a political attempt to please the

electoral base and ensure the re-election of the incumbent politicians in the 2018 general

election.4 Our results also show that this decrease in poverty levels was short-lived because

the poverty levels spiked between 2019 and 2021-22, shortly after the elections. This increase

in poverty counterbalanced the poverty reduction observed between 2016 and 2018, leading

to higher poverty levels than those prevailing in 2016. These results, when combined,

are compatible with the hypothesis that politicians may have been involved in a planned

debt-financed Ponzi scheme to ensure their re-election.5 However, given that the high

expenditures involved were unsustainable, the Ponzi scheme collapsed as soon as they were

elected. As a result, this artificial poverty reduction vanished, pushing Lebanon towards
4The same class of politicians was also reelected in the May 2022 election. However, for the first time, a

small number of newcomers on the Lebanese political scene: https://foreignpolicy.com/2022/05/18/lebanon-
election-results-parliament-hezbollah-opposition-candidates-reform/

5In Lebanon, an implicit tripartite alliance between the government, central bank, and banks was created
to provide a funding mechanism for public debt whereby banks, and later the central bank, would buy
government bonds using new deposits. These new deposits were attracted using high-interest payments
financed largely by newer ones and government interest payments. The structure is precisely a Ponzi
scheme. The sustainability of this scheme first came into question in 2016 when the central bank resorted
to "financial engineering" to save the banking sector from collapse. Eventually, the scheme unraveled by
the end of 2019 after the October uprisings and the subsequent nationwide bank run. The interested reader
can refer to:
https://www.foreignaffairs.com/articles/lebanon/2022-04-18/ponzi-scheme-broke-lebanon

https://www.reuters.com/world/middle-east/lebanons-central-bank-denies-swiss-report-about-2016-imf-paper-2021-10-08/
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a deep financial crisis. Unfortunately, we cannot exclusively attribute the drastic rise in

poverty in Lebanon to the financial crisis because three coexisting factors (i.e., the economic

collapse, the August 2020 Beirut port explosion, and the COVID-19 pandemic) may have

also influenced the poverty dynamics. Nevertheless, the drastic increase in poverty levels in

the last few years is an alarming result that speaks to the urgency of closely investigating

the poverty situation in Lebanon.

The approach proposed in this paper is widely applicable and is valuable beyond our

empirical application’s specific case.6 Indeed, these methods can be used in any survey

where the income intervals information is available. Moreover, producing results using this

approach may be a good persuasion tool for statistical agencies reluctant to share their data

with academic researchers. The remainder of this paper runs as follows. First, section 2

describes the estimation and stochastic dominance testing strategy. Next, section 3 presents

the political context and provides information on the available data. Section 4, applies the

estimation and testing approach to the Arab Barometer data for Lebanon. Finally, Section

5 presents a brief conclusion.

2 Measurement framework

Our objective is to monitor the evolution of poverty in a highly fragile governance environ-

ment, and a context where continuous income data is not always available. In general, when

income is continuous, one can compute additive poverty indices, P (FY ; z):
P (FY ; z) = � z

0
p(y; z)dFY (y), (1)

where y represents income, z, a poverty threshold, and FY , the cumulative distribution

(CDF ) of income. For a household with income y and for a given poverty threshold z, the

function p(y; z) denotes the household’s contribution to total poverty. This function should
6We provided an empirical application on Lebanon because of the much-needed empirical evidence given

its current economic and political context.
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be such that p(y; z) = 0 if y ≥ z and p(y; z) ≥ 0 if y < z. In addition, one needs to assume

that an increase in an individual’s income cannot increase total poverty, i.e. @p(y; z)�@y ≤ 0.
A widely used class of indices for measuring monetary poverty is the FGT class (Foster,

Greer, and Thorbecke, 1984). The FGT is an additive poverty index for which a household’s

contribution to total poverty p(y; z) is defined as follows: p(y; z) = [(z − y)�z]↵. The

parameter ↵ ≥ 0 reflects aversion to poverty with higher values for ↵ reflecting a higher

aversion to poverty.

Comparing poverty levels between two income distributions (e.g., FY0 and FY1) using

the FGT class of indices is a common practice. However, the conclusion derived when es-

timating the FGT indices will depend on its mathematical form and the specified poverty

threshold. Thus, using another index and/or another threshold may lead to different con-

clusions. Atkinson (1987) offered a solution to this issue by showing that if one wishes to

use a more robust approach, it is possible to check if there is a reduction of poverty when

moving from FY0 to FY1 , and if this reduction is valid for any poverty index and threshold

z ∈ [0, z+]. In order to identify these robust reductions in poverty, Atkinson (1987) shows

that one needs to test if

FY0 (y) − FY1 (y) ≥ 0 ∀y ∈ [0, z+]. (2)

The stochastic dominance condition in equation 2 can be interpreted as follows. Suppose

the CDF of interest is everywhere below the reference CDF for all income levels under z+.
This means that the proportion of the poor is lower in the distribution of interest for all

potential poverty thresholds below z
+. In addition, this dominance condition’s result is not

limited to the headcount index, it extends to all possible indices (i.e., it provides robust

orderings). In addition to allowing for the identification of robust poverty rankings, this

stochastic dominance condition allows for a robust ranking of social welfare if one selects

the maximum income level as z
+ (see Foster and Shorrocks, 1988; Duclos and Makdissi,
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2004).

In this paper, we test the dominance condition in equation (2) using a nationally repre-

sentative survey containing incomplete income distribution information and assess poverty

dynamics in Lebanon. As mentioned earlier, the available data includes two types of income

information. The first type is in the form of a standard continuous income variable. The

second type of information takes the form of income interval variables. In both cases, we use

the first-order stochastic dominance condition proposed by Atkinson (1987) and assess the

directional change in poverty. We first test for stochastic dominance assuming missing value

at random. We then perform a robustness check of our results and conclusions by adapting

the data augmentation methodology to estimate bounds on the sets of admissible CDF s.

These bounds on the set of CDF s allow checking for the robustness of the conclusion for

all possible assumptions on the non-response generating process. We also complement our

results by presenting estimated values of the headcount ratio and identifying upper and

lower bounds for these headcount ratios for two poverty lines proposed by the World Bank:

the lower-middle-income country, and the upper-middle-income country poverty lines (see

Jolliffe, et al., 2022)

2.1 Estimating the cumulative distributions

We first estimate the CDF s assuming missing at random for each wave of the survey. For

continuous income information we have in 2021-22, we use the natural estimator for the

empirical distribution function (EDF ):

F̂Y (y) = 1

n

n�
i=1 (yi ≤ y), (3)
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where (⋅) is an indicator function, n is the number of observations, and yi is the income

of observation i.7

For the 2016 and 2018 survey waves, the information on income takes the form of

intervals. In such cases, the direct use of the estimator in equation (3) produces a step

function EDF , which is not suitable for poverty analysis. To analyze poverty or inequality,

it is important to recover the underlying continuous CDF associated with the observed

income distribution. One solution would be to estimate a parametric model of the CDF

(see Cowell and Flachaire, 2015). An alternative approach proposed by Walter and Weimer

(2018) adapts the estimation algorithm developed by Groß et al. (2017) to surveys with

interval income data. Walter and Weimer’s (2018) method relies on pseudo-samples of the

yi to estimate a density function, fY (y). The main advantage of using this method over a

parametric estimation is that, for income levels equal to an interval’s bound, the algorithm

produces (by construction) values of the empirical cumulative distribution function that

precisely match the proportion of observations below these income levels. This means that

it intersects the “step function” estimator at each jump of this step function.8

The main idea underlying their estimation method is relatively simple to understand.9

Assume that we have K income intervals, denoted by k ∈ {1,2, . . . ,K}. Each interval k

is delimitated by income thresholds (xk−1, xk]. The income support is thus partitioned
7We account for survey design by using the following Hájek weighted estimator:

F̂Y (y) = 1

∑n
i=1 !i

n�
i=1

!i (yi ≤ 0y),
where !i is the survey weight of observation i.

8Assume that we have K income intervals, denoted by k ∈ {1,2, . . . ,K}. Each interval k is delimitated by
income thresholds (xk−1, xk]. If we keep the data as is, we can estimate the empirical distribution function
at the bounds xk of the intervals using:

F̂Y (xk) = 1

n

n�
i=1
(yi ≤ xk).

The advantage of Walter and Weimer’s (2018) approach is that their method produces a f(y) that is such
that if you ∫ xk

0 f(y)dy = F̂Y (xk).
9A complete algorithm is in the appendix
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as {[0, x1], (x1, x2], . . . , (xK−1, xK]}. From Bayes’ theorem we know that the conditional

distribution

fY �K(y�k) =
�������

fY (y)
Pr(k) if xk−1 ≤ y ≤ xk
0 otherwise

, (4)

where fY �K(y�k) is the density of income conditional of being in interval k and Pr(k) is the

proportion of observations that falls into interval k. Walter and Weimer’s (2018) algorithm

builds on a Markov chain result that maintains Pr(k) equal to its value in the original

sample. They propose to build a grid of equally spaced points on the overall distribution. For

each interval, the algorithm consists in first allocating all observations to the mid point of the

interval and to evaluate the conditional density at each point of the grid that falls within this

interval. Then, for each interval, using the value of the conditional kernel density estimates,

f̂Y �K(y�k) as sampling weights, the algorithm draws with replacement a pseudo-sample that

has the same size as the the original number of observations within this interval. Since this

process has a Markov chain property, repeating this exercise makes the conditional density

converge to stationary values. Given that at each iteration the algorithm forces the number

of pseudo-observations in each interval to be equal to the number of observations originally

in that interval, the�Pr(k) = N−1∑n
i=1 (xk−1 ≤ yi ≤ xk) of the original sample is maintained.

Maintaining the original probabilities allows the overall density estimation f̂Y (y) to be

such that ∫ xk
xk−1 f̂Y (y)dy = �Pr(k). At each step of the algorithm, an estimated value of

the CDF (y) is computed using numerical integration of f̂Y (y) = ∑K
k=1�Pr(k)f̂Y �K(y�k). By

discarding the first B burned-in iterations and averaging the M following iterations, the

algorithm estimates the expected value of the CDF (y).10 The continuous income variable

in the 2021-22 wave of the survey allows us to test for goodness of fit of this estimation

approach in the first part of the empirical application.
10Since the estimation is based on a Markov Chain property of the process, it is assumed that after the

first B iterations, the process has reached a stationary distribution. Under this assumption, the average of
the next M iterations produces an estimate of the CDF s.
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Establishing strict dominance requires strong evidence against the null. In addition,

this strong evidence is impossible to obtain over the entire [0, z+] when the variable of

interest is continuous (Davidson and Duclos, 2013). Consequently, we follow the usual

practice in the empirical literature and perform the above test in both directions, i.e. H0 ∶
FY0 (y)−FY1 (y) ≥ 0 ∀y ∈ [0, z+] and H

′
0 ∶ FY1 (y)−FY0 (y) ≥ 0 ∀y ∈ [0, z+]. We then interpret

the results according to the decision rules in Table 2.

To perform the aforementioned test, Barrett and Donald (2003) suggested to use a di-

rectional version of the Kolmogorov-Smirnov statistic for the above tests: ⌧ = supp(FY1 (y)−
FY0 (y)). A natural non parametric estimator of ⌧ can be written as follows:

⌧̂ =
�

n0n1

n0 + n1
sup
p
�F̂Y1 (y) − F̂Y0 (y)� (5)

To perform this test, we follow Linton, et al. (2005) and perform a standard full-sample

bootstrap applied to the re-centred version of the test statistic.

2.2 Estimating the cumulative distribution’s bounds

Given the presence of a substantial number of non-responses in the survey, we need to

check for the robustness of our empirical conclusions on the dynamics of poverty if we relax

the assumption of missing at random. For this, we need to identify bounds on the sets

of admissible CDF s to include all possible CDF s that would be produced by making any

possible assumption on the missing values generating process. The bounds of the set of

admissible CDF s for 2021-22 is relatively easy to identify. Following the spirit of Horowitz

and Manski (1995), a lower bound for this set is identified by allocating all missing values

to the highest income level in the data set. Similarly, the upper bound is identified by

allocating all missing values to the lowest income level.

In this paper, we expand the methodology of Walter and Weimer (2018) to build bounds

on the set of admissible of admissible CDF s to account for the potential non-random miss-
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ingness in the data when the income variable takes the form of intervals. Although the

bounds on the density function are not well defined, the bounds on the CDF s associated

with the intervals are well defined. Thus, we allocate non-responses to the lowest (high-

est) interval for the upper (lower) bounds, and estimate the densities associated with these

two different distributions of observations within interval incomes and then integrate these

densities to recover the lower and upper bounds of the set of admissible CDF s, FL
Y and F

U
Y .

In our estimation, we account for non-response (or partial non-response) and assign

them to produce bounds on the CDF . This produces two different samples, L and U . For

each S ∈ {L,U}, we apply the methodology described in the previous section to estimate the

bounds F
L
Y and F

U
Y (the details of the extended algorithm can be found in the appendix).

When testing for dominance on sets of admissible CDF s, we follow Fakih et al. (2022)

and compare the upper bound of the set of CDF s of one distribution with the lower bound

of the set of CDF s of the other distribution. This approach ensures that the result would

hold for any combination of alternative CDF belonging to the two sets. In the context of

continuous income distributions, the dominance test consists of testing the following:

H0 ∶ F
L
Y0
(y) − FU

Y1
(y) ≥ 0 ∀y ∈ [0, z+]

H1 ∶ F
L
Y0
(y) − FU

Y1
(y) < 0, for some y ∈ [0, z+]

At this point, it is important to note that while we follow Fakih et al. (2022) when we

compare the bounds, our approach remains different from their analysis because we test

for dominance (instead of non-dominance) to find strong evidence in favor of dominance

(instead of strict dominance). To perform this test, we follow a similar procedure and

decision rule as the one described in Section 2.1
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3 Political Context and Data Availability

3.1 Political context

By the end of 2015, Banque du Liban (Lebanon’s central bank) already had a 4.8 billion

USD deficit in its net reserves. In April 2016, this worrying issue was flagged by the

International Monetary Fund (IMF) in a memo to the Lebanese authorities. However,

this memo was never publicly disclosed.11 Soon after the IMF’s memo, Banque du Liban

(BDL) and Lebanese authorities accelerated their “financial engineering” operations.12 In

retrospect, these operations were nothing more than a regulated nationwide Ponzi scheme

that was mislabelled as a “financial engineering”.

When the Lebanese authorities received the IMF’s warning, the Lebanese parliament

was in its unconstitutional seventh year of mandate. The last elections, at that time, were

held in 2009. In 2013, at the end of the official mandate, the parliament implemented an

unconstitutional extension of its four-year mandate. Given that the parliament was due for

reelection in 2018 (after lawmakers had already extended their mandate twice), the Lebanese

authorities successfully convinced the IMF to edit the information out of their January 2017

official country report. In the same year, the lawmakers voted for new public salary scales

with massive nominal increases. For instance, the magnitude of the salary at the entry-

level (category one) increased from $1,800 to $3,000 per month (the Lebanese pound had

a fixed peg with the US dollar at 1,507.50 LBP/USD).13 Anecdotal evidence suggests that

the objective of this increase in the salary scale was to buy the public opinion’s approval

and prepare the ground for their 2018 reelection. According to CAS and the International

Labour Organization (ILO), the public sector employs 14% of Lebanese workers (see CAS
11The interested reader can consult this article of October 28, 2021 from Reuters:

https://www.reuters.com/world/middle-east/before-lebanons-current-financial-crisis-central-bank-faced-47-billion-hole-2021-10-28.
12Financial engineering is the term used by the BDL and the Lebanese authorities.
13The interested reader can consult this article of July 19, 2017:

http://www.businessnews.com.lb/cms/Story/StoryDetails/6162/Salary-scale-ratified-by-Parliament
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and ILO, 2019), and this non-negligible proportion of public servants is an important part

of the political parties’ electoral base via an elaborate system of political patronage. Even if

labor markets in the Arab region are typically characterized by wasta systems,14 the nature

of the clientelist system in place in Lebanon is more extreme than in the rest of the Arab

region. This severe clientelism is the consequence of the tight militia control over government

since the 1980s. This militia control did not improve, even after the Taif Agreement of 1989

ended the 1975-1990 Lebanese Civil War. Indeed, instead of addressing these distortions,

the Taif Agreements enshrined a redistributive kleptocracy.
15 In this system, militia leaders

would share the maximum rent they could extract from the Lebanese state and redistribute

part of the proceeds to their political base. The rent extraction operations started during

the civil war and peaked between 2016 and 2018, when banks granted the highest interest

rates of the 2010s decade to finance a national Ponzi scheme. This coordination between

banks and the ruling class was made possible because of the strong connections between

the banking sector and the political class (see Chaaban, 2019). Even after the banks ceased

buying government debt directly in 2015, the central bank continued to use bank funds at

BDL to purchase government debt. This Ponzi scheme positively impacted the income of

households who were interest income earners, which in turn boosted their satisfaction and

allowed for a broader electoral base.

With these substantial and distracting nominal raises of salary scales and the fictitious

rates of return on deposits, lawmakers started increasing indirect taxation. At the same

time, they maintained citizens in acute and increasing deprivation in non-income dimen-

sions (waste management, water, electricity, sanitation, heath and education). In October

2019, a proposed excise tax (on gasoline, tobacco, and VoIP calls) affecting the disadvan-
14Wasta is an Arabic word that loosely translates into nepotism or patronage.
15The term redistributive kleptocracy was coined by Ghassan Salame, Minister of Culture of Lebanon from

2000 to 2003. See: https://www.lorientlejour.com/article/1296329/ghassan-salame-le-liban-est-arrive-a-un-
point-ou-un-regime-radicalement-different-doit-etre-envisage.html
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taged population, combined with the publicly displayed opulent political leaders’ lifestyle,

triggered Lebanon’s most significant national protests. These protests led to the resignation

of the second Saad Hariri cabinet and a political deadlock that impeded the implementation

of the necessary reforms. All these events resulted in the unavoidable collapse of the Ponzi

scheme with the default on US dollar denominated public debt in March 2020, creating a

substantial economic contraction. As a result, Lebanon has been suffering since 2019 from

currency, banking, and economic crises, which created conditions for economic depression

and galloping inflation. In addition, the ongoing COVID-19 pandemic and the August 2020

Beirut Port explosion exacerbated this economic contraction. Thus, there is a clear and

urgent need for empirical evidence to document the rising poverty and guide the country

out of its economic crisis yet, in face of such a crisis, the CAS is still reluctant to share any

data they have with academic researchers.

3.2 Data availability and challenges

As mentioned earlier, the objective of this paper is to monitor the change in poverty dur-

ing the aforementioned period. Although Lebanon’s CAS has some surveys, these surveys

are not readily accessible to academic researchers.16 To overcome this hurdle, we use an

alternative source of information, namely the Waves IV, V, and VII of the Arab Barometer

surveys.17 The interviews for Lebanon were conducted between July and August 2016 for

Wave IV, between September and October 2018 for Wave V, and between December 2021,

and February 2022, for Wave VII. It is important to note that the Arab Barometer surveys

are not designed for income distribution analysis. The purpose of the Arab Barometer is

to establish a baseline socioeconomic profile to gauge public opinion in the Arab region.

Nevertheless, some survey waves contain valuable information on income or income inter-
16The CAS are only open to share aggregate data and do not allow access for their micro data. Such

aggregate information is useless for poverty analysis.
17The data is available for researchers: https://www.arabbarometer.org/
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vals. Despite the limited information on income and the relatively small sample size of these

surveys, this paper shows that it is possible to make robust claims on changes in poverty

in Lebanon between 2016 and 2022. The approach used and the results provided in this

paper illustrate a promising potential of using and collecting high-frequency data using mo-

bile phone surveys, as pointed out in Hoogeven et al. (2014), and the importance of such

surveys in the Arab region suggested in Atamanov et al. (2020).

3.3 Data

We use the Arab Barometer (Lebanon) survey waves IV, V and VII. Usually these surveys

are representative of the country’s population. More specifically, for the case of Lebanon,

the Arab Brometer survey team relies on the CAS’ Public Housing and Population Census of

2011 and stratifies the survey by governorate and sect to construct the sampling frame. The

survey team uses a stratified area probability sample and conducts face-to-face interviews.

The Arab Barometer Surveys contain two types of questions that help address our

research question. The first type consists of a set of questions focusing directly on income

intervals (see Table 3 for 2016 and Table 4 for 2018). The second type of questions consists

of the usual continuous information on income (see Table 5 for 2021-22). An important

observation is worth mentioning: the proportion of non-responses seems positively correlated

with the precision of the income question. This observation suggests an arbitrage between

having a precise question on income and using income intervals in these surveys.

It is important to mention that after 2019, Lebanon experienced extreme inflation rates

(131.05% in 2020 and 144.12% in 2021) and high exchange rate volatility.18 The high

monetary instability adds an additional challenge in identifying the real value of income

for the 2021-22 wave. In order to make income comparable over all the period, we use the

August 2016 consumer price index (CPI) for the 2016 wave and the October 2018 CPI for
18See https://blog.blominvestbank.com/42028/lebanons-inflation-rate-reached-144-12-by-september-2021
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the 2018 wave displayed in Table 6. Since income variability is more pronounced in 2021-22,

we use the CPI corresponding to the exact month of the interview for each observation in

the 2021-22 wave. For comparability purposes, we adjust all incomes and express them in

LBP of October 2018 using the local CPI.

4 Results

4.1 Goodness of fit of the data augmentation approach

In order to empirically verify that the methodology we are proposing offers a reasonable

approximation of the continuous income distribution, we use the continuous income obser-

vations to generate an artificial interval variable for 2021-22 using the same interval values

used in 2018 (see Table 4). This artificial interval income variable is created by allocating

each deflated continuous income observation to its corresponding interval.

In order to illustrate how the simulated CDF would compare to the estimated CDF in

case of no missing observations, we assume missing at random and discard the 363 observa-

tions with a missing response and estimate the simulated CDF with interval data and the

real CDF . Figure 1 depicts the two CDF s with their 95% confidence bands. The simulated

CDF with income intervals in Figure 1 is very close to the CDF estimated from continuous

data. In order to test formally for the goodness of fit of the data augmentation model,

we compute a Kolmogorov-Smirnoff goodness of fit test. The p-value of this test is 0.3859.

Therefore, we cannot reject that the simulated CDF with income interval data equals the

estimated empirical distribution function. This result is a solid empirical argument favoring

this estimation approach.

4.2 A dominance approach to the dynamics of poverty in Lebanon from
2016 to 2022

This section uses the information available on income intervals in 2016 and 2018 and income

in 2021-22 to test for stochastic dominance and build a narrative on poverty and social
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welfare dynamics during this recent period. Tables 3, 4, and 5 display these survey questions

and the distribution of the associated responses in the surveys. In this section, we assume

missing at random, which is the usual assumption made in applied work on inequality

and poverty. This assumption allows us to discard non-responses from the sample and to

estimate the CDF s based on the remaining observations.

For 2016, we first convert the income categories’ bounds in LBP of October 2018 using

the fixed exchange rate of 1,507.50 LBP/USD and the variation in the CPI between August

2016 and October 2018.19 For 2021-22, for each observation, we use the CPI of the month of

the interview relative to the October 2018 CPI to transform the observed household income

into its equivalent in LBP of October 2018.

We start by comparing the 2018 income’s CDF s over 2016 income’s CDF s and analyze

the change in the income distribution between 2016 and 2018. We apply the estimation

strategy of Section 2.1 to our dataset assuming missing at random. Figure 2 displays the

CDF s of 2016 and 2018 with their 95% confidence bands. A visual inspection suggests that

the CDF of income for 2018 lies below the CDF of income for 2016. To confirm that the

results are statistically meaningful, we perform the statistical test described in Section 2.1

using a bootstrap procedure with 999 replications. This stochastic dominance test confirms

the result since the associated p-values in Table 7 indicate that we cannot reject H0 and

that we can reject H
′
0. Using the decision rules in Table 2 we can say that the CDF of

income of 2018 first-order stochastically dominates the CDF of income of 2016. This result

means that for any poverty index and any poverty line, poverty decreased between 2016

and 2018. In addition, since there is no maximum value chosen for potential poverty lines,

this also implies that for any social welfare index, welfare increases between 2016 and 2018.
19The LBP/USD exchange rate was fixed and stable in these years. It was only starting in October 2019

that this exchange rate became unstable. The period between 1997 and 2019 is characterized by a “hard”
peg, which might have been a facilitating factor for setting a nationwide Ponzi scheme during the later years
of that peg regime.
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Therefore this result allows for a conclusion that is compatible with the hypothesis that the

acceleration of the nationwide Ponzi scheme after 2016 succeeded in temporarily reducing

poverty and increasing welfare in Lebanon.

We now turn to the dynamics between 2018 and 2021-22. Figure 3 displays the CDF s for

2018 and 2021-22. A visual inspection of this figure indicates an increase in the proportion

of people falling below each income level. Table 7 displays the p-values of the associated

stochastic dominance test. These p-values indicate that we cannot reject H0 and that we

can reject H
′
0. Using the decision rules in Table 2, we can say that the CDF of income

for 2018 first-order stochastically dominates the CDF of income for 2021-22. This result

implies that any poverty and social welfare index would indicate an increase in poverty and

a reduction in social welfare between 2018 and 2021-22. This result is compatible with the

general perception and modeled change in the poverty rate for Lebanon (see Abu-Ismail

and Hlásny, 2020, and ESCWA, 2020 and 2021).

Finally, it is interesting to check if the reduction of poverty and increase in social welfare

generated by the Ponzi scheme persisted after 2018 or if there was a side effect to the Ponzi

scheme. To answer this question, we must compare the distributions of 2016 with 2021-22.

The graphical representation of this comparison presented in Figure 4, which displays the

CDF s for 2016 and 2021-22. A visual inspection of this figure indicates that the CDF

of income for 2016 first-order stochastically dominates the CDF of income for 2021-22.

Table 7 displays the p-values of the associated stochastic dominance test. These p-values

indicate that we cannot reject H0 and that we can reject H
′
0. Using the decision rules in

Table 2, we can say that the income CDF for 2016 first-order stochastically dominates

the income CDF for 2021-22. This last result implies that any poverty and social welfare

index would indicate an increase in poverty and a reduction of social welfare between 2016

and 2021-22. Thus there is a negative net effect of the pre-elections Ponzi scheme that is
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combined with the COVID-19 pandemic and the impact of the August 2020 Beirut port

blast. Thus, not only welfare is lower in 2021-22 compared to 2018, it is also lower than

what it was in 2016. In addition to the increase in poverty, it is important to highlight that

in the context of Lebanon, and the prevalent political connectedness mentality or “wasta”,

this kind of financial mismanagement can add an excess burden by reallocating income

inefficiently between those who have a political connection (usually at the top of the income

distribution) and those who do not benefit from such a network (usually at the bottom of

the income distribution) thus increasing inequalities.20

4.3 Robustness check: relaxing the missing at random assumption

Of 2,399 observations for the 2021-22 wave in Table 5, we have 363 missing values for the

income question (i.e., “don’t know” or “refused”). These missing values represent 15.1% of

the observations, which is substantially higher than what we had for the 2016 and 2018 waves

with respectively 5.9% and 3.0% of missing values (see Tables 3 and 4). One interesting

aspect of this distribution of non-responses is that individuals are less (more) willing to

answer more (less) precise questions on income. If we refer to Tables 3 and 4, it also seems

that the number of non-responses increases when we move from a question with two income

categories to questions with a finer grid of categories. In both waves, the relative increase

in non-responses is slightly higher for the individuals in the highest categories for the first

question for both waves. This variation in non-response rates may indicate that missing

values are not random.

Since the non-response in 2021-22 is substantially larger than in 2018 and 2016, one

could wonder if the missing-at-random assumption is not artificially inducing the poverty

increase described in the preceding section. One should address this issue if it is reasonable

to believe that there is a positive correlation between non-responses and income levels. In
20Lebanon has an economically exclusive political system is that sense. See Acemoglu and Robinson

(2012).
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such a context, it is essential to check if the empirical results on the dynamics of poverty

presented in the preceding section are robust to a change in the assumption of the missing

values-generating process. In order to perform this robustness check, we use the estimation

approach described in Section 2.2 to estimate bounds on the sets of admissible CDF s,

allowing for any potential assumption on the missing values generating process.

In proportion, we have five times more missing values in the data of 2021-22 than in

2018. By construction, this will automatically imply that any dominance test aiming at

establishing that 2018 is everywhere below 2021-22 is doomed to failure. This is due to

the fact that 15.1% of missing values in 2021-22 are allocated at the upper limit of the

observations to produce the lower bound compared to 3.0% for 2018. However, despite this

issue, it may be possible to test for poverty dominance of a set of poverty lines z ∈ [0, z+].
To perform these tests we need to set an upper limit to the admissible poverty lines. We

chose z
+ = 1,500,000 LBP of 2018/month, which represents more than 10 times the World

Bank per capita upper-middle-income country poverty line for Lebanon in 2018.21

To account for non-response, we exploit this information structure of the 3 questions

on income intervals in the 2016 and 2018 survey and produce the bounds of the CDF s

of income. Typically, for a standard question on income categories, the worst-case lower

(upper) bound is produced by allocating all non-responses to the highest (lowest) category.

In this paper, the context is more complex because we have more refined information than

a typical income category question. This is why we exploit the informational structure of

the survey and allocate the non-responses for the lower (upper) bound in the following way

for 2018:

• the 40 non-responses to the first question are allocated to the “4,000,001 LBP or more”
21The information on household size being only available in wave VII, we use household income to compare

between years. This value would represent more than twice an adjusted poverty line at the household level
if we use the average household size of 4.8 in the wave VII survey.
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(“450,000 LBP or less”) category,

• the 4 non-responses to the second question are allocated to the “751,000-1,000,000

LBP” (“450,000 LBP or less”) category, and

• the 16 non-responses to the third question are allocated to the “4,000,001 LBP or

more” (“1,000,000-1,500,000 LBP”) category

We follow a similar procedure for 2016. To compute the bounds for the 2021-22 observations,

we allocate the missing values of 200,000 (120,000,000) for the continuous data to produce

the upper (lower) bound.

We apply the estimation strategy of Section 2.2 to estimate the bounds of the sets of

admissible CDF s of income for 2016 and 2018 and test for stochastic dominance. The darker

areas of Figure 5 represent these sets of admissible CDF s of income. A visual inspection

suggests that the entire set of admissible CDF s of income for 2018 lies below the admissible

CDF s of income set for 2016. To confirm that the results are statistically meaningful, we

perform the statistical test described in Section 2.2 with 999 bootstrap replications. This

stochastic dominance test confirms the result, the associated p-values in Table 8 indicate

that we cannot reject H0 and that we can reject H
′
0. Using the decision rules in Table 2

we can say that the real CDF of income of 2018 first-order stochastically dominates the

real CDF of income of 2016. This result means that for any poverty index and any poverty

line, poverty decreased between 2016 and 2018. In addition, since there is no maximum

value chosen for potential poverty lines, this also implies that for any social welfare index,

welfare increases between 2016 and 2018. This robustness test confirms the narrative of the

preceding section on the dynamics of poverty and social welfare for the 2016 to 2018 period.

Figure 6 displays the sets of admissible CDF s for 2018 and 2021-22. A first interesting

observation is that the bounds on the set of admissible CDF for 2021-22 are substantially
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larger than for 2018. This is due to the huge increase of non-response in presence of a

precise question on income. A visual inspection of this figure also indicates an increase in

the proportion of people falling below each income level for a wide range of income levels.

Table 8 displays the p-values of the associated stochastic dominance test on the restricted

domain z ∈ [0,1500000]. These p-values indicate that we cannot reject H0 and that we can

reject H
′
0. Using the decision rules in Table 2, we can say that the real CDF of income

for 2018 first-order stochastically dominates the real CDF of income for 2021-22 at least

up to 1,500,000 LBP of 2018/month.22 This result implies that for any poverty line below

1,500,000 LBP of 2018/month any poverty index would indicate an increase in poverty

between 2018 and 2021-22. This robustness test confirms the narrative of the preceding

section on the dynamics of poverty for the 2018 to 2021-22 period.

Figure 7 displays the sets of admissible CDF s for 2016 and 2021-22. A visual inspection

of this figure also suggest that dominance of 2016 over 2021-22 in terms of poverty. Table 8

displays the p-values of the associated stochastic dominance test on the restricted domain

z ∈ [0,1500000]. These p-values indicate that we cannot reject H0 and that we can reject

H
′
0. Using the decision rules in Table 2, we can say that the real CDF of income for

2016 first-order stochastically dominates the real CDF of income for 2021-22 at least up to

1,500,000 LBP of 2018/month. This result implies that for any poverty line below 1,500,000

LBP of 2018/month any poverty index would indicate an increase in poverty between 2016

and 2021-22. This robustness test confirms again the narrative of the preceding section on

the dynamics of poverty for the 2016 to 2021-22 period.

4.4 Poverty headcount estimation using interval income data

Although our dominance tests already offer a complete picture of the evolution of poverty

during the 2016-2022 period in Lebanon, it is still interesting to estimate headcount indices
22Visual inspection of the figure suggests that the result would also hold for higher values of the poverty

line, but we wanted to choose a similar upper limit for all comparisons.
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for diffusion purposes. The motivation to produce these poverty headcount figures is that

they are usually easier to explain to policymakers and the general public.

The first step in estimating these headcount indices consists in selecting poverty lines.

For this selection, we rely on the World Bank poverty lines. After ranking Lebanon as an

upper-middle-income country for 25 years, the World Bank changed its ranking of Lebanon

in 2022 to a lower-middle-income country.23 For this reason, we use two World Bank poverty

lines for Lebanon: the upper-middle-income country poverty line, and the lower-middle-

income country poverty line. These poverty lines correspond respectively to per-capita

monthly incomes of 79,619.59 and 149,422.93 in 2018 LBP.24 Since only wave VII of the

survey has the complete information on household size, we transform these poverty lines

into total household income poverty lines using the average household size of 4.8 in the

2021-22 survey.

Figure 8 presents the bounds for the headcount index for 2016, 2018, and 2022 for

the upper-middle-income country poverty line. The thick line inside the box for each year

represents the estimated headcount index assuming missing at random. These values are

respectively 18.2%, 10.0%, and 71.0% for 2016, 2018, and 2022. The box for each year

represents the set of all admissible values for the headcount if one relaxes the missing-at-

random assumption, and the error bar is the 95% confidence interval on these bounds. For

example, in 2016, the bounds on the values of the headcount index varied between 17.2%

and 21.5% (15.4% and 23.3% if we account for the 95% confidence interval). In 2018, the

bounds on the values of the headcount index varied between 9.8% and 11.4% (8.8% and

12.4% if we account for the 95% confidence interval). Within a window of less than three

and a half years, the bounds on the value of the headcount index in 2021-22 lies between
23See https://blogs.worldbank.org/opendata/new-world-bank-country-classifications-income-level-2022-

2023
24We use the per-capita household income poverty lines produced for 2020 by Jolliffe et al. (2022) and

adjust to 2018 values using the implicit deflator to the CPI produced by the Central Administration of
Statistics of Lebanon.
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59.0% and 75.9% (57.0% and 77.6% if we account for the 95% confidence interval). These

results are consistent with the modeling approach offered by Abu-Ismail and Hlásny (2020)

and ESCWA (2021), as the values offered in these two papers fall within the set of the

headcount index values for 2021-22. These results also indicate that if an analyst uses the

upper-middle-income country poverty line, the incidence of poverty in 2021-22 is between

5.2 to 7.7 times higher compared to 2018 for any assumption this analyst makes on the

missing-value generating process.

Figure 9 presents the bounds for the headcount index for 2016, 2018, and 2022 for the

lower-middle-income country poverty line. The estimated values of the headcount index

are respectively 5.1%, 2.6%, and 38.1% for 2016, 2018, and 2022. If we relax the missing-

at-random assumption for 2016, the bounds on the values of the headcount index varied

between 4.8% and 8.5% (3.9% and 9.7% if we account for the 95% confidence interval).

In 2018, the bounds on the values of the headcount index varied between 2.5% and 3.7%

(2.1% and 4.2% if we account for the 95% confidence interval). The bounds on the value

of the headcount index in 2021-22 lie between 31.6% and 48.5% (29.8.0% and 50.5% if we

account for the 95% confidence interval). These results indicate that if an analyst uses the

lower-middle-income country poverty line, the incidence of poverty in 2021-22 is between

8.5 to 19.4 times higher compared to 2018 for any assumption this analyst makes on the

missing-value generating process. The proportional increase is much higher when one uses

the lower-middle-income country poverty line indicating that the burden of what the World

Bank (2020) coined as a deliberate depression more than proportionally impacts those at

the extreme bottom of the income distribution.
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5 Conclusion

This paper is motivated by the perverse issue of data poverty in the MENA region in gen-

eral and the recent economic history of Lebanon in particular. While the proposed method

finds its inspiration in the lack of necessary data for poverty analysis, our empirical appli-

cation’s choice is driven by the lack of evidence-based policy in a country going through an

unprecedented crisis, Lebanon. The case of Lebanon is despairing but interestingly provides

empirical evidence that illustrates the detrimental effect of the lack of data infrastructure

necessary for poverty monitoring. To overcome this issue, we extend Walter and Weimer’s

(2018) and Walter’s (2019) estimation methods and derive bounds on admissible cumula-

tive income distributions sets while accounting for survey non-response and interval data on

income. This approach allows us to analyze poverty dynamics using stochastic dominance

even if access to data is limited. This same method can be applied to estimate bounds

for poverty and inequality indices if one wishes to produce more complete rankings of the

distributions. In the paper, we also offer an application with the canonical headcount index.

Thus, the framework proposed in this paper is applicable in many contexts, can be adapted

for studying other types of data deprivations, and may be a valuable tool for policymakers

and international organizations (see Serajuddin et al., 2015).

We illustrate the proposed approach using recent Lebanese data and show that small

surveys with limited information can be used to produce meaningful information in terms

of poverty dynamics. The results from our empirical illustration allow for a conclusion com-

patible with an artificial decrease in poverty in Lebanon between 2016 and 2018, financed

through a Ponzi scheme. This artificial decrease happened just before the general elections

and collapsed shortly after due to the uprising of the Lebanese population, who was strug-

gling to make ends meet by 2019. The observed pattern suggests that the expensive and

unsustainable vote-buying strategy that led to the most significant financial collapse in the
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country’s history has contributed to the spike in poverty rates to higher levels than those

prevailing in 2016. Moreover, our results support Hoogeveen et al. (2014)’s idea regarding

the importance of using short and quick mobile-phone surveys as an alternative source of

information between surveys or when surveys are unavailable.

Finally, our empirical application exploits the additional information from the funnel-

design questionnaire. More specifically, it uses the additional information provided by larger

income interval and are missing in narrower intervals. It thus highlights the value of having

surveys on income with a similar design. In the future, it would be valuable to use similar

phone-based surveys to collect income information and monitor the MENA region’s poverty

dynamics.
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A Algorithm for the estimation of the bounds on the set of
admissible CDF s.

1. Use the midpoints of the intervals as pseudo ŷi for the unknown yi. Estimate pilots

of f̂S
Y , S ∈ {L,U} using kernel density estimation.

2. Evaluate f̂
S
Y �K(y�k), S ∈ {L,U} on an equal-spacing grid {g1, g2, . . . , gJ}, where

gj = j ∗ xK
J

Note that in the empirical application we set kK as twice the value of y in the highest

interval category “income higher than y”.

3. Draw with replacement from f
S
Y �K(y�k) by drawing randomly from G` = {gj �gj ∈

(xk−1, xk]} with sampling weights f̂
S
Y �K(gj �k). The number of observation to draw

for each interval is given by the number of observations within each interval. Obtain

two series of ŷj for j ∈ {1,2, . . . , n} one for each S ∈ {L,U}.
4. Recompute the densities f̂S

Y �K(y�k) and then f̂
S
Y (y) = f̂S

Y �K(y�k)��Pr[k], S ∈ {L,U} and

numerically integrate these functions to obtain the bounds on the CDF
S

F̂
S
Y (y) = � y

0
f̂
S
Y (u)du, S ∈ {L,U}.

5. Repeat steps 2 to 5 with B burn-in and M additional iterations.

6. Discard the B burn-in iterations and estimate the average of the bounds on the set of

admissible CDF s using the M estimates.
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Figure 1: Cumulative income distribution in 2021-22 (missing at random)
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Figure 2: Cumulative income distributions for 2016 and 2018 (missing at random)
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Figure 3: Cumulative income distributions for 2018 and 2022 (missing at random)
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Figure 4: Cumulative income distributions for 2016 and 2022 (missing at random)
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Figure 5: Bounds on the 2016 and 2018 cumulative income distributions
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Figure 6: Bounds on the 2018 and 2022 cumulative income sufficiency distributions
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Figure 7: Bounds on the 2016 and 2022 cumulative income sufficiency distributions

0
.0

0
.2

0
.4

0
.6

0
.8

1
.0

Monthly income (Thousands of 2018 Lebanese Pounds)

C
u
m

u
la

tiv
e
 p

ro
p
o
rt

io
n
 o

f 
th

e
 p

o
p
u
la

tio
n

0 1000 2000 3000 4000 5000

Set of admissible CDFs, 2016
95% CI on CDF bounds, 2016
Set of admissible CDFs, 2022
95% CI on CDF bounds, 2022

38



Figure 8: Bounds on headcounts (Upper-Middle-Income Country poverty line)

0.2

0.4

0.6

0.8

2016 2018 2020 2022

Sets of Headcount values (UMIC poverty line)

Figure 9: Bounds on headcounts (Lower-Middle-Income Country poverty line)
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Table 1: Statistical capacity in the MENA as of 2021

Rank Country Statistical Capacity Indicator (SCI)
1 Egypt 82.22
2 Jordan 77.78
2 West Bank and Gaza 77.78
4 Iran 75.56
5 Moroccco 66.67
6 Tunisia 58.89
7 Djibouti 57.78
8 Algeria 50.00
9 Lebanon 44.44
10 Iraq 36.67
11 Yemen 27.78
12 Libya 25.56
13 Syria 22.22

Source: World Bank, Data on Statistical Capacity

Table 2: Interpretation of dominance tests for a 0.05 level of significance

p-values Interpretation
p ≥ 0.05 and p

′ ≥ 0.05 F
U
Y0
(y) = FL

Y1
(y)

p < 0.05 and p
′ ≥ 0.05 F

U
Y0
(y) ≤ FL

Y1
(y) ∀y ∈ [0, z+]

p ≥ 0.05 and p
′ < 0.05 F

U
Y0
(y) ≥ FL

Y1
(y) ∀y ∈ [0, z+]

p < 0.05 and p
′ < 0.05 F

U
Y0
(y) and F

L
Y1
(y) intersect
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Table 3: Questions on income for 2016

Question Number of observations per category
What is the total monthly income 70 non-responses
for all household members? Is it⋅ Less than 500 USD 324⋅ 500 USD or more 1,106
You said your total household monthly income 2 additional non-responses
is less than 500 USD, is it⋅ Less than 250 USD 84⋅ 250-300 USD 56⋅ 301-350 USD 51⋅ 351-400 USD 58⋅ 401-450 USD 41⋅ 451-500 USD 32
You said your total household monthly income 16 additional non-responses
is 500 USD or more, is it⋅ 550 or less 40⋅ 551-600 USD 89⋅ 601-650 USD 44⋅ 651-700 USD 74⋅ 701-750 USD 179⋅ 751 USD or more 664
n = 1,500
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Table 4: Questions on income for 2018

Question Number of observations per category
What is the total monthly income 40 non-responses
for all household members? Is it:

Less than 1,000,000 LBP 448
1,000,000 LBP or more 1,912
You said your total household monthly income 4 additional non-responses
is less than 1,000,000 LBP, is it:

450,000 LBP or less 67
451,000-700,000 LBP 183
751-000-1,000,000 LBP 194
You said your total household monthly income 27 additional non-responses
is 1,000,000 LBP or more, is it:

1,000,000-1,500,000 LBP 216
1,500,001-2,000,000 LBP 614
2,000,001-2,500,000 LBP 464
2,500,001-3,000,000 LBP 330
3,000,001-4,000,000 LBP 162
4,000,001 LBP or more 99
n = 2,400
1 USD=1,507.50 LBP

Table 5: Questions on income for 2021-22

Question Number of observations
What is your monthly household

income in LBP?

Lowest observation=200,000 1
Income ∈ (200,000; 120,000,000) 2,033
Highest observation = 120,000,000 2
Don’t know 222
Refused to answer 141
n = 2,399
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Table 6: Consumer Price Index (December 2013 =100)

Time of interview CPI
August 2016 95.61
October 2018 108.89
December 2021 921.40
January 2022 992.24
February 2022 961.15

Source: Central Administration of Statistics, Lebanon: Consumer Price Index - CPI
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Table 7: Stochastic dominance tests on the distributions of income (missing at random)

Test p-value

H0 ∶ FL
Y2016

(y) − FU
Y2018

(y) ≥ 0 ∀y ∈ [0,5000000]
H1 ∶ FL

Y2016
(y) − FU

Y2018
(y) < 0, for some y ∈ [0,5000000] 0.9915

H
′
0 ∶ FU

Y2018
(y) − FL

Y2016
(y) ≥ 0 ∀y ∈ [0,5000000]

H
′
1 ∶ FU

Y2018
(y) − FL

Y2016
(y) < 0, for some y ∈ [0,5000000] 0.0000

H0 ∶ FL
Y2022

(y) − FU
Y2018

(y) ≥ 0 ∀y ∈ [0,5000000]
H1 ∶ FL

Y2022
(y) − FU

Y2018
(y) < 0, for some y ∈ [0,5000000] 0.6294

H
′
0 ∶ FU

Y2018
(y) − FL

Y2022
(y) ≥ 0 ∀y ∈ [0,5000000]

H
′
1 ∶ FU

Y2018
(y) − FL

Y2022
(y) < 0, for some y ∈ [0,5000000] 0.0000

H0 ∶ FL
Y2022

(y) − FU
Y2016

(y) ≥ 0 ∀y ∈ [0,5000000]
H1 ∶ FL

Y2022
(y) − FU

Y2016
(y) < 0, for some y ∈ [0,5000000] 0.2093

H
′
0 ∶ FU

Y2016
(y) − FL

Y2022
(y) ≥ 0 ∀y ∈ [0,5000000]

H
′
1 ∶ FU

Y2016
(y) − FL

Y2022
(y) < 0, for some y ∈ [0,5000000] 0.0000
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Table 8: Stochastic dominance tests on the bounds of distributions of income

Test p-value

H0 ∶ FL
Y2016

(y) − FU
Y2018

(y) ≥ 0 ∀y ∈ [0,5000000]
H1 ∶ FL

Y2016
(y) − FU

Y2018
(y) < 0, for some y ∈ [0,5000000] 0.8636

H
′
0 ∶ FU

Y2018
(y) − FL

Y2016
(y) ≥ 0 ∀y ∈ [0,5000000]

H
′
1 ∶ FU

Y2018
(y) − FL

Y2016
(y) < 0, for some y ∈ [0,5000000] 0.0000

H0 ∶ FL
Y2022

(y) − FU
Y2018

(y) ≥ 0 ∀y ∈ [0,1500000]
H1 ∶ FL

Y2022
(y) − FU

Y2018
(y) < 0, for some y ∈ [0,1500000]] 0.8820

H
′
0 ∶ FU

Y2018
(y) − FL

Y2022
(y) ≥ 0 ∀y ∈ [0,1500000]]

H
′
1 ∶ FU

Y2018
(y) − FL

Y2022
(y) < 0, for some y ∈ [0,1500000]] 0.0000

H0 ∶ FL
Y2022

(y) − FU
Y2016

(y) ≥ 0 ∀y ∈ [0,1500000]]
H1 ∶ FL

Y2022
(y) − FU

Y2016
(y) < 0, for some y ∈ [0,1500000]] 0.9041

H
′
0 ∶ FU

Y2016
(y) − FL

Y2022
(y) ≥ 0 ∀y ∈ [0,1500000]]

H
′
1 ∶ FU

Y2016
(y) − FL

Y2022
(y) < 0, for some y ∈ [0,1500000]] 0.0000
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