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Incomes in surveys suffer from various measurement problems, most notably in the tails of their dis-
tributions. We study the prevalence of negative and zero incomes, and their implications for inequality
and poverty measurement relying on 57 harmonized data sets from the Luxembourg Income Study
and Economic Research Forum databases, covering 12 Mediterranean countries over the period 1995-
2016. This paper explains the composition and sources of negative and zero incomes, and assesses the
distributional impacts of alternative correction methods on poverty and inequality measures. It finds
that the main source of negative disposable incomes is negative self-employment income, and that high
tax, social security withholding, and high self-paid social security contributions account for negative
incomes in some countries. Using detailed information on expenditure, we conclude that households
with negative incomes are typically as well off as, or even better off than, other households in terms
of material well-being. On the contrary, zero-income households are found to be materially deprived.
Adjusting poverty and inequality measures for these findings can alter these measures significantly.
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1. INTRODUCTION

Income surveys are known to exhibit a variety of systematic problems that
may bias the measurement of income poverty or inequality such as sampling
errors, unit and item nonresponse, under-reporting, and top coding by statistical
agencies. These issues are known to affect the top tail of the distribution and bias
the measurement of inequality, an issue that has generated a significant body of
literature covering high- and low-income countries (Atkinson et al., 2011; Cowell
and Victoria-Feser, 1996; Hlasny and Verme, 2018b; Hlasny, 2020; Jenkins et al.,
2011). These contributions propose parametric and nonparametric methods to
correct inequality measurement based on known top income properties (Hlasny,
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2021) or information derived from sources external to surveys (such as tax registers
or national accounts).

Less is known about bottom incomes and how their mis-measurement can bias
poverty and inequality. While consumption, which is always nonnegative, could serve
as a better welfare aggregate among poorer households, many high- and middle-
income countries opt to work with incomes when measuring poverty or inequality.
In these cases, a typical approach by statistical agencies and researchers with respect
to bottom incomes is to bottom-code or censor incomes at zero. Some scholars have
acknowledged this as a potential shortcoming and have proposed to use paramet-
ric modeling similar to what is used for top incomes or have studied the sensitiv-
ity of inequality indices to changes in bottom values (Cowell and Flachaire, 2007;
Van Kerm, 2007.; Ceriani and Verme, 2019). However, household surveys are gen-
erally assumed to be a good source of information on incomes at the bottom. With
a few exceptions (Stich, 1996), this has led to relatively little attention being paid to
issues such as negative or zero incomes. This paper studies their prevalence and com-
position, and their potential impact on the measurement of poverty and inequality.

The presence of negative incomes is quite common in household surveys. It
is not obvious that these incomes represent poor households. For example, in the
sample of 354 data sets in the Luxembourg Income Study (LIS) database made
available to the authors in February 2019, 229 data sets contained negative dis-
posable household incomes (DHIs). In 12 data sets, negative incomes accounted
for over 1 percent of nonzero incomes and numbered up to 584 observations in
a national survey. These negative incomes were not trivial in size. Mean negative
income was as large in absolute value as 754 percent of mean nationwide positive
income, and exceeded 200 percent of mean nationwide positive income in 15 data
sets. Whether these negative incomes reflect accurately households’ current welfare,
or whether they are artifacts of accounting practices, data-entry errors, or statisti-
cal agencies’ treatment, should be investigated.

Zero incomes are also recurrent in household surveys, and the inclusion of
these incomes in poverty and inequality measurement presents its own challenge.
Among the 354 LIS data sets evaluated, 270 contained zero incomes. In 22 data
sets, zero incomes accounted for over 1 percent of nonnegative incomes and num-
bered up to 1213 observations. These zero incomes were often caused by post-
survey adjustments such as bottom coding, or replacing missings with zeros, where
missings may be caused by item nonresponse, data-entry errors, or censoring at
zero. Zero incomes could thus be associated with a variety of issues, and survey
documentation provided to users typically fails to classify their origins. Again,
understanding who is who among zero incomes is essential for generating a consis-
tent ordering among households, and measuring poverty and inequality correctly.

Negative and zero incomes can be critical for the measurement of poverty and
inequality. The majority of inequality and poverty measures are defined on posi-
tive incomes only, and scholars tend to drop these observations by default. This is
the case, for example, of measures that include logarithmic or fractional power
transformations such as most of Foster, Greer, and Thorbecke (FGT) poverty
measures, most Generalized Entropy (GE) measures, or Atkinson and Watts indi-
ces.! In other cases, including negative observations can alter the properties of

"'We are grateful to an anonymous referee for suggesting to emphasize this point.
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some measures. The Gini index, for example, can lose the upper bound of 1, and
the Lorenz curve can be below zero if negative values are included in estimates.
These changes in boundaries because of bottom incomes can make these inequal-
ity measures less appealing to practitioners.

Understanding the bottom tail of income distributions is also important from
a policy perspective, arguably more important than understanding the top tail of the
distributions. The bottom tail includes the poor, the income group most in need of
assistance and the primary target of social protection policies. Miscounting the poor
affects the measurement of poverty and inequality but also contributes to biasing
poverty targeting exercises such as Proxy Means Testing (PMT) resulting in larger
inclusion and exclusion errors. This has direct negative consequences on the liveli-
hood of the poor. By contrast, miscounting the rich affects mostly the measurement
of inequality and has limited implications for poverty measurement and targeting.

This paper uses 57 harmonized data sets covering 12 Mediterranean countries
to study the prevalence of negative and zero incomes, provides the structure and
taxonomy of these incomes, and assesses the implications for the measurement
of poverty and inequality. It finds that the main source of negative disposable
incomes is negative self-employment income, and that high tax, high social security
withholding, and high self-paid social security contributions account for negative
incomes in some countries. Overall, households with negative incomes are typically
as well off as, or even better off than, other households in terms of material well-
being. By contrast, zero-income households are found to be materially deprived.
This paper also proposes alternative methods to adjust poverty and inequality
measures for the suspected issues and concludes that a proper classification of
bottom incomes can alter these measures nontrivially.

This paper is organized as follows. The next section discusses the conceptual
framework used to assess the issues of negative and zero incomes, and the mea-
surement problems posed by them. Section 3 describes the available data. Section
4 outlines the main methods used to correct for the negative and zero incomes and
assesses the distributional impacts of the corrections. Section 5 concludes with a
discussion of the results.

2. DEFINITIONS AND METHODS

When measuring poverty or inequality, negative and zero incomes are typi-
cally either bottom-coded or truncated by statistical agencies or researchers, and
may thus be excluded from measurement. As a result, inequality and poverty can
be mis-measured and most probably are underestimated (Ceriani and Verme,
2019). The resulting biases in inequality measurement are problematic statically for
understanding income distribution within as well as across countries, but also
dynamically for understanding the evolution of inequality over time.> Negative
incomes may also be found among non-poor households so that counting negative

2Take for instance the French survey: In 2005 there were no zeros and three negatives, while in 2010
there were 117 zeros and 25 negatives (refer to Table Al). The approach to dealing with these observa-
tions can affect greatly the estimated growth in inequality.
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incomes among the poor can bias the measurement of poverty upwards. Therefore,
biases generated by bottom-coding and truncation may operate in the opposite
direction as biases generated by negative incomes, making the proper assessment
of poverty and inequality very complex. This section provides taxonomy and
methodologies to properly account for negative and zero incomes when measuring
poverty and inequality.

2.1. Data and Definitions

Our study relies on 57 household data sets from 12 Mediterranean countries
for the years 1995-2016, harmonized and made available through a partnership
between LIS and ERF. The LIS database consists of microdata collected from six
continents spanning five decades, harmonized and arranged for free use among
registered users over a remote-execution online platform. The ERF database is
available through ERF’s Open Access Micro Data Initiative (OAMDI), in collabo-
ration between ERF and national statistical agencies in the ERF region. The ERF
data sets have been cleaned, harmonized, and made available to registered users for
full download. In 2019, LIS and ERF joined forces to offer registered users access
to a combined database harmonized according to a common template. The present
paper was among a select group of studies authorized under the pilot program to
assess “inequality trends around the Mediterranean,” which informed the choice
of country data sets evaluated here.?

The LIS database contributes income distributions for seven countries, namely
Greece, France, Israel, Italy, Serbia, Slovenia, and Spain, while the ERF database
contributes the distributions for Egypt, Iraq, Jordan, Palestine, and Sudan. These
countries are particularly interesting for our analysis because they encompass
high-, medium-, and low-income countries, and exhibit high levels of tax evasion,
low formal employment, and high rates of self-employment relative to their income
level. These are properties generally associated with high frequency of low reported
incomes. Among these surveys, there are also subsets with similar income distribu-
tions, yet different prevalence and composition of nonpositive incomes.

The data are not without problems. Survey documentation does not explain
the source of zero and negative incomes, which implies that, to understand these
incomes, we need to rely on within-data evidence. In addition, among the variables
available, some income components are missing between LIS and ERF data sets
(or between the alternate sources of Egyptian data in both repositories), and can-
not be assessed across the entire sample of data sets.> With non-income variables,
the problems are analogous. This explains the various gaps in Tables 1 and 2.

3For information on the LIS and ERF databases, refer to www.lisdatacenter.org and https://erf.org.
eg/erf-data-portal. The coverage of country-years and variables in the joint database is explained in

www, lisdatacenter.org/our-data/erf-lis-database.
4Egypt 2012 is available in both databases, using data from alternative sources: the LIS data set is

from the Egyptian Labor Market Panel Survey (LMPS), while the ERF data set is from the Household

Income Expenditure and Consumption Survey (HIECS).
SPaid employment income is missing for Iraq, Palestine, and Sudan. Self- employment income is

missing for Palestine. Rental income is missing for Egypt 1999 and Palestine. Interest earnings and in-
dividual pensions are missing for Palestine, Sudan, Greece 1995, Spain 1995, Israel 1997, Italy 1995,
and Slovenia.
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As a measurement unit, we use DHI equivalized per adult equivalent using the
square root of household size. DHI is what is normally reported by households in
surveys, which is used to measure poverty and inequality in richer countries and,
unlike individual incomes, it is a measure that can be used to account for family
benefits.

Our measures of inequality and poverty are the Gini index and the poverty
headcount ratio. The Gini index is what the existing literature on inequality correc-
tions has predominantly used and is the measure used by LIS for cross-country
comparisons.® While the Gini is less sensitive to issues in the tails of the distribu-
tion than other inequality indexes, it may be quite sensitive to the presence of non-
positive incomes and the researcher’s decision to keep, truncate, or correct them.
The poverty headcount ratio is the share of households falling below the poverty
line, which is less sensitive to corrections for nonpositive incomes than, say, the
FGT indicators of poverty intensity including the income gap ratio (/GR) (Foster
et al., 1984, 2010).7 Therefore, the poverty and inequality measures considered here
are rather insensitive to changes in the tails and, as such, our corrections should be
considered as lower bound corrections as compared to those conducted on other
measures.

Negative and zero DHI observations come about for a variety of reasons, and
it is important to stress that they have very different origins and should be treated
separately. Among negative incomes, we should strive to distinguish those “valid”
from the welfare and capabilities perspectives—implying that households are
unable to meet basic needs and lack essential capabilities—and those because of
accounting considerations without real effects on households’ material well-being.?
By contrast, zero incomes are typically generated by post-survey adjustments such
as bottom coding, or replacing of missing observations with zeros. One should
distinguish the unlikely “valid” zeros from those generated by survey
administrators.

Having defined the main aggregate and the distinction between negative and
zero incomes, we can now define the components of income that are relevant for
our analysis. For this purpose, we will use the taxonomy used by LIS. Negative and
zero HI can come in the form of labor (HIL), capital (HIC) or transfer income
(HIT), or high income tax liability (HXITI) and social security contributions
(HXITS). The income components could be further subdivided into paid employ-
ment income (HILE) and self-employment income (HILS), interest and dividends
(HICID), voluntary individual pensions (HICVIP), rental income (HICREN) and
royalties (HICROY), and social security transfers (HITS) and private transfers

6Refer to the LIS key figures at www.lisdatacenter.org/data- dccess/key figures.
7As alternative inequality and poverty indexes, we also report Theil’s entropy index (a generalized

entropy GE (2), or half the squared coefficient of variation) and the /GR in the appendix. In fact, even
the Gini is sensitive to negative incomes and may itself become negative if mean income is negative, or

gredter than 1 in the presence of large negative incomes (Scott and Litchfield, 1994).
8There are factors that could explain negative incomes that cannot be checked with available data

but are nevertheless possible. For example, if there is a time mismatch between the recording of family
composition and income, this may artificially alter household income (HI). Business incomes and out-
lays may accrue at different points in time across reporting years, and with different frequencies. Bottom
coding of income components and top coding of liabilities for negative DHI could also artificially re-
sult in negative incomes.

© 2021 International Association for Research in Income and Wealth

979


http://www.lisdatacenter.org/data-access/key-figures

Review of Income and Wealth, Series 68, Number 4, December 2022

(HITP). Liability components (HXITI) could be subdivided into income tax with-
holdings (HXITIW) and adjustments (HXITIA), and social security contributions
paid by self (HXITSS) and paid on behalf of others (HXITSB). In sum (in bold
the potential negative incomes)’:

Household Income (HI)

A
r Y

Labor Income (HIL) Capital Income (HIC) Transfers (HIT)

A N A

(HILE + HILS)+ (HICID + HICVIP + HICREN + HICROY) + (HITS + HITP)
— (HXITIW + HXITIA)+ (HXITSS + HXITSB)

v v
Taxes (HXITI) Social Security Contributions (HXITS)

. >
g

Fiscal Liability (HXIT)

In each data set, among households with negative disposable incomes, we
calculate the frequencies of negative capital incomes, negative self-employment
incomes, or tax withholding and social security contributions higher than gross
income. We also calculate mean negative capital income, mean negative self-
employment income, and mean excess of fiscal liability over gross income, and
compare these to the mean negative DHI. These statistics indicate how import-
ant capital income, self-employment income, and undue liabilities are in bringing
about negative disposable incomes in each data set.

As a measure of undue liabilities for taxes and social security contribu-
tions, we evaluate the part of DHI that is expected to be nonnegative, net of
total taxes, and contributions. To do so, we subtract from DHI (which is already
net of taxes and contributions) three potentially negative income components:
self-employment income, interest and dividend income, and private transfers
(DHI — HILS — HICID — HITP). If the result is negative, this could indicate over-
payment in taxes and contributions relative to what was due on current income
(net of self-employment, financial-assets, and private-transfer earnings). Finally,
we distinguish the individual effects of tax withholding, adjustments, and social
security contributions.

Even when negative or zero incomes are accurate, including them in the distri-
bution of incomes can be problematic for the purpose of distributional analysis,
because these values may not reflect the households’ short-term or long-term capa-
bilities, consumption, or welfare. Moreover, the negative values may mis-measure
even households’ actual annual incomes. Self-employment income in particular is
prone to mis-measurement (Eurostat, 2006a). First, evidence from comparing the
distribution of self-employment income in survey and tax data in Latin America
suggests that this income tends to be underreported in surveys across all distribu-
tion quantiles. Therefore, negative self-employment incomes may come from
under-reporting. Second, household surveys provide information over a short

Among these components, we have HI = HIL+ HIC + HIT; HXIT = HXITI + HXITS;
HIL = HILE + HILS; HIC = HICID + HICVIP + HICREN + HICROY; HIT = HITS + HITP;
HXITI = HXITIW + HXITIA; HXITS = HXITSS + HXITSB.
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sampling period when the self-employed may have been mostly expending resources
on self-employment-related activities, whereas gains from self-employment may
have materialized only later without being captured in the survey snapshot. Third,
self-employment income might be more difficult to report accurately in surveys,
because the respondents need to recall not only how much they have gained from
their sales or services but also their annualized investment in self-employment
activities.!?

2.2. Assessing the Composition and Sources of Nonpositive Incomes

We start by assessing the prevalence of negative and zero incomes across
country data sets. We then survey their size distributions, and we identify the likely
culprits of the observed values. We draw qualitative conclusions regarding the true
capabilities and well-being of the respective households using information from
the available income components and alternative measures of households’ eco-
nomic status. Namely, we evaluate the association between negative or zero incomes
and households’ observed capabilities including secondary or higher education,
and subjective health rating of good or better, to uncover patterns and irregulari-
ties. We also evaluate the links between incomes and households’ functionings
including total consumption, food consumption, and home ownership, as per data
availability across data sets. We compute households” “monetary overconsump-
tion” as the excess of total monetary consumption over final monetary income.!!
From the analysis of this overconsumption between households with negative,
zero, and positive DHI, we assess the quality of the respective observed DHIs as
measures of households’ capabilities and welfare.

The careful incidence analysis of nonpositive incomes by source and by
household type is important, because the relationship may be complex and non-
monotonic. Households’ over-consumption is a case in point. Accruing debt may
be a survival strategy for the poor, investment strategy for the middle class, or a
tax evasion strategy for the rich. A testable conjecture may be that small negative
incomes are prevalent among chronically poor people who are temporarily in real
trouble, while large negative values are prevalent among chronically rich people
under-reporting or writing off capital losses or tax assessments from past years
(Eurostat, 2005). Disentangling between these groups is essential for deriving a rel-
evant measure of household well-being, which is instrumental for targeting social
programs. In sum, nonpositive incomes are clearly short of the “wolf point” of
income necessary for bare survival (Davis, 1941, p. 405). Finding that households
with nonpositive incomes do not have a profile of deprived units, we may wish to
truncate the reported nonpositive values of individual income sources, or replace
them with positive values from households with matching characteristics.

10The authors are grateful to Holguer Xavier Jara Tamayo for a helpful correspondence on these

points. ) ) ) ) ) o =
IFinal monetary income is taken to be inclusive of special transfers and benefits, indirect subsidies

and windfall income, less of other taxes, voluntary contributions, inter-household transfers paid, char-
ity donations, and interest paid.
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2.3. Adjusting for Nonpositive Incomes

Statistical corrections for problems in the tails of income distributions
can be characterized as broadly pursuing one of the following two approaches:
(1) reweighting, whereby original observations are kept intact while weights
are recalibrated, or (2) replacing, whereby weights are kept intact but some
observations are removed and replaced by others artificially generated (Hlasny
and Verme, 2018a). To address negative and zero incomes, standard statistical
adjustments have included data trimming (essentially a reweighting exercise) or
bottom coding (replacing) (Eurostat, 2006b). We apply these corrections and
compare them with the corrections provided by two more advanced replac-
ing methods, one parametric and one nonparametric: parametric modeling of
nonpositive incomes, and random forest imputation of incomes using informa-
tion on households’ composition, sector of employment, housing, and other
characteristics.

Among parametric-modeling studies, Van Kerm (2007, p. 8) fitted an inversed
Pareto distribution to negative incomes, using the following cumulative distribu-
tion function:

" .
ey Fh(y:0:y") = <2yy—l_y> Jory<y",
where y is income, and y* is the upper cutoff for modeling bottom incomes, such
as y* = min (max(0.3u, 0(0.02)), 0(0.03)), where p is the mean income and Q()
are the quantiles, proposed empirically by Van Kerm (2007). 6 > 0 is an estimable
shape parameter that can be made robust to extreme incomes using an optimal
B-robust estimator (Victoria-Feser and Ronchetti, 1994), essentially scaling down
the weight of observations deviation from the fitted pattern.

Dagum (1990, (1999); Jenkins and Jantti (2005); Jantti e al. (2015) also pro-
posed fitting an exponential distribution to negative data using a point-mass for
zero incomes. The corresponding cumulative distribution function is

,exp(6y) for y<0
(2) F(y;a;B7:0;m050") =4 7+ 7, for y=0
i +my+ (1 =7 —m,)SM(y;a;psy) for y>0,

where 7, and 7, are the shares of negative and zero incomes, respectively, a, f,
7, and § > 0 are the estimable parameters, and SM is the cumulative distribution
function of the Singh-Maddala distribution.

Among imputation methods, Ceriani and Verme (2019) have proposed match-
ing estimators to assess the accuracy of components of the welfare aggregate by
constructing “the correct sample counterpart for the missing information on the
treated outcomes had they not been treated, by pairing each participant with mem-
bers of the nontreated group” (Blundell and Costa Dias, 2009, p. 593). In our case,
zero and negative incomes would be the treated group and all those with positive
incomes the non-treated. The matching is performed based on households’ demo-
graphics including household composition, sector of employment, and housing.
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Rather than using a matching method, we propose to use a random forest
algorithm to predict household welfare based on households’ observable charac-
teristics. Machine learning algorithms can improve the accuracy of imputation,
and random forest in particular has been shown to be very effective in prediction
exercises as compared to standard econometric models (Breiman, 2001; Haziza
and Beaumont, 2007; Zabala, 2015; Athey and Imbens, 2019). This is also the case
for poverty predictions as shown by a recent experiment conducted by the World
Bank.!2

2.4. Assessing the Distributional Impact of Imputing Nonpositive Incomes

With the alternative estimates for the distribution of bottom incomes, we recal-
culate poverty and inequality measures. We propose a decomposition of inequality
and poverty changes because of the different hypotheses on the distribution of
bottom incomes. This decomposition clarifies the relative importance of negative
and zero incomes in explaining changes to inequality and poverty measures.

When the income distribution includes both negative and nonnegative
incomes, the Gini coefficient can be obtained using the Lorenz curve from the Gini
coefficients among negative incomes (Gy) and among nonnegative incomes (G;_y)
by knowing the population share of households with negative incomes () and
their share of aggregate net income (Sy, a negative share). Refer to Figure 1 for
derivation (also refer to Ostasiewicz and Vernizzi, 2017).

Here G,_y is computed nonparametrically from data, =, is observed, Sy is
observed or computed in a corrected income distribution, and Gy is estimated
nonparametrically or parametrically using the corrected distribution of negative
incomes.

It is important to note that when one estimates the Gini coefficient with neg-
ative values, the upper limit of the Gini may be larger than one. This makes the
upper bound of the Gini open. Therefore, when two Gini coefficients derived from
two income distributions with different shares of negative incomes are compared,
the upper bounds of the Gini are likely to differ (also refer to De Battisti and
Vernizzi (2019)).

3. DATA AND DESCRIPTIVE STATISTICS

Across the 57 data sets evaluated, 33 contain zero values for DHI (57.9 per-
cent) accounting for up to 173 observations in a data set or 1.5 percent of the
sample. Thirty-four data sets contain negative values (59.6 percent) accounting
for up to 107 observations, which average (in absolute value) as much as 104 per-
cent of the mean of positive incomes in a data set (Table 1). Among the northern
Mediterranean surveys, zero incomes are more prevalent than negative incomes in

2Refer to Fitzpatrick and Dupriez (2018) and details of this competition on GitHub: https:/
github.com/worldbank/ML-classification-algorithms-poverty.
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Figure 1. Gini Coefficient Decomposition Using Lorenz Curve

Legend: Thick dark gray line shows the actual Lorenz curve, and thick light gray line shows the perfect-
equality Lorenz curve. 7y is the population share of households with negative incomes; S is the (negative)
aggregate net-income share of households with negative incomes, and S is the aggregate net-income
share of households with nonnegative incomes (S, > 100 %), so that Sp — | Sy | = 100%. The Gini is
equal totheareas(4 + B+ C + D + E)/0.5, where 4 = (nfv)/Z,B =@y |Sy1)/2,C=(xy|Sy|Gy)/2,
D=(1-zay)my+ |Syl1)/2, and E=((1+ |Sy )1 —7y)G1~N))/2. Here Gy is the Gini
coefficient estimated among negative incomes, either nonparametrically or parametrically. G 1 — N)
is the Gini estimated nonparametrically among nonnegative incomes. The overall Gini can thus
be computed as: G=((A+B+C+D+E))/O,5=7ri,+7rN|SN|+GN7rN|SN| +(Il—zy)my+|SyD+
Gl=-N)A+[SyD(l=7zy)==GyaySy+ay =Sy +G1=N)1 -7y —Sy+7ySy)

France and Italy, as prevalent as negative incomes in Greece, Serbia, and Spain,
and entirely or near nonexistent in Israel and Slovenia (respectively). Among
the southern Mediterranean surveys, only the Egyptian 2012 data set in the LIS
database and the Iraqi 2007 data set contain negative incomes, but zero incomes
appear in Iraq 2012, and in the Palestinian and Sudanese data sets as well. These
cross-country differences endure qualitatively over time, suggesting that they may
have to do with survey instrument problems (e.g., source of income data and type
of recall on interviews) and administrators’ practices (e.g., bottom coding and
imputation), rather than with countries’ socioeconomic conditions. When negative
incomes are present in a survey, their values vary across households suggesting
that the values represent some meaningful differences in the households’ income
components. The only exception is Greece 1995, where the 17 negative incomes are
all —=10,000 drachmas (€— 29.35), indicating that they are due to bottom coding of
self-employment income.

Table 1 also reports the distribution of self-employment income, undue liabil-
ities for taxes, and social security contributions (DHI — HILS — HICID — HITP),
and the burden of social security contributions alone (see Figures 2 and 3). A quick
review suggests that, empirically and among the various income components,
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Figure 2. Share of Households with Nonpositive Disposable Household Income.
Source: Authors’ elaboration from Table 1. [Colour figure can be viewed at wileyonlinelibrary.com]

there is one predominant source of negative disposable incomes: negative self-
employment income. The remaining cases are due to unduly high self-paid social
security contributions and other burdens, such as high property taxes, loan repay-
ment, or negative inter-household transfers (e.g., alimonies, remittances, and
family transfers; Eurostat, 2006a). The prevalence of negative incomes and the
contribution of individual factors—self-employment income, social security con-
tributions, and other burdens—differ across countries and across years. It turns
out that capital income is nonnegative for all households in all data sets, and so it
does not contribute to explaining negative DHIs (not reported in Table 1).

Data for Greece, Italy, and Serbia in the LIS database show that up to 1 per-
cent of households report negative disposable incomes, linked to negative self-
employment incomes (accounting for 50-150 percent of the reported negative
DHI). In Greece 2013 and recent Italian surveys, tax and social security withhold-
ing also accounts for a handful of negative incomes (averaging 112 percent of the
size of reported negative DHI in Greece, and 148-290 percent in Italy 2010-2014).
In Israel, the count of negative HILS is lower, but the values are much larger (of
350-2000 percent of the size of the negative DHI). In Spain, the negative incomes
are predominantly due to self-employment (120-200 percent), but in 2004 the three
negative income values were due to large income-tax burdens. In Egypt 2012, 191
households recorded zero incomes and 10 recorded negative incomes. These 10 are
on account of large negative HILS.
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In sum, the available evidence suggests that negative HILS is the primary
source of negative DHI in three-quarters of all data sets, while in other data sets
the problem is mainly due to high social security and other burdens. Interestingly,
when country data sets are sorted by the frequency of negative DHI, negative
HILS shows up as the top source of their prevalence. By contrast, when data sets
are sorted by the relative magnitude of negative incomes, high inter-household
transfers and undue social security and other burdens dominate as sources of the
high level of negative incomes. We may generalize that the prevalence of negative
incomes is primarily due to negative self-employment incomes, while the extreme
values of negative incomes are typically due to extremely high social security con-
tributions, non-income taxes, and paid remittances.

Finally, it should be stressed that the data used in this paper are limited to
high- and middle-income countries. This excludes low-income countries charac-
terized by large agricultural subsistence sectors and large non-agricultural infor-
mal sectors. In those countries, the problem of negative and zero incomes may be
expected to be larger than in richer countries. For example, agricultural income
varies substantially across the year and recorded incomes largely depend on the
time of the year the survey is administered. Even when income is recorded with
recall questions, assessing the value of gross or net income may be very difficult for
small subsistence farmers. Similarly, workers in urban informal activities tend to
have occasional or irregular incomes which may vary across the year. While includ-
ing low-income countries is a real challenge because of a lack of proper income
data, we may expect the problem of negative and zero incomes to be greater than
in higher income countries.

3.1. Association of Incomes with Other Socioeconomic Outcomes

Next, in each data set where it is available, we calculate mean household con-
sumption, consumption of food, homeownership, self-reported health, and educa-
tion among households with nonpositive DHI, and we relate these figures to those
for households with positive DHI. This helps to identify the true welfare of house-
holds with nonpositive DHI across different data sets.'*> We also calculate mean
outflows from mortgages, loans, and repayments, to proxy for households’ level of
debt. Refer to Table 2 and Figure 4. Interestingly, in France, Iraq, and Italy, house-
holds with negative DHI have higher total consumption, food consumption, and
home ownership (>100 percent) than the respective national means among house-
holds with positive DHI. This is not new or unique to these countries and some-
thing that has been observed in other countries such as the UK in the past (Brewer
et al., 2017). In Greece, Israel, and Spain, households with negative DHI fare
somewhat worse or at least not clearly better than the national mean. Nevertheless,
they are not obviously consumption-deprived.

Information on outflows for mortgage and loan repayment is available for
fewer households and data sets, and the only observable pattern is that in France

13We also evaluate this on all 354 data sets in the LIS database. Consumption is available in 43 data
sets and food consumption in 73 data sets. Negative-D HI households do not appear to have unduly low
consumption. Mean food consumption of negative-DH]I is not a cause for concern. Some negative-DH/I
households appear to be food-poor.
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Figure 4. Socioeconomic Characteristics of Households with Nonpositive Disposable Household
Income.
Source: Authors’ elaboration from Table 2.
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households with negative DHI are more burdened by debts than the national mean,
while in Greece and Israel the opposite is true. In Italy and Spain, no clear patterns
emerge. Regarding the completion of secondary education, it is not clear whether
households with negative DHI are more educated (as it appears in France and
Greece) or less educated (Iraq). Perception of health is available only for selected
data sets for Greece, Italy, and Spain, but households with negative DHI systemat-
ically outperform the respective national means.

These patterns differ clearly from those for zero-income households. Zero-
income households in France, Italy, and Slovenia have a total consumption of
19.6-48.3 percent of the respective national means, and food consumption of
40.7-68.7 percent. In all countries where they are available, home ownership rate
and debt maintenance are also lower among zero-income households than the
national means. On the contrary, their health appears to be better. Their education
level is not clearly different from the nationwide statistics, except in France and
Italy (clearly worse), and Greece (better).

Regarding their residence, households with negative incomes in Egypt, Iraq,
Serbia, and Spain are less likely to reside in urban areas, while in France, Greece,
and Israel they are as likely (and in Italy, more likely) to be urban as their peers
with positive incomes. Those with zero incomes in Egypt, Iraq, and Sudan are also
less likely to be urban than those with positive incomes, while zero-income house-
holds in France, Greece, and Serbia are more likely to be urban (and as likely as
positive-income households in Italy, Palestine, and Spain).

These patterns suggest that households with negative DHI are typically as well
off as other households in terms of material well-being, or even better off. They
appear to be healthier and at least as educated. By contrast, zero-DHI households
are materially deprived, even though their human capital (it terms of health and
educational attainment) is not clearly lower than that of their compatriots.

4. ADJUSTING WELFARE MEASURES FOR NONPOSITIVE INCOMES
4.1. Bottom-coding Negative Incomes

Table 3 and Figure 5 present the Gini coefficients and the poverty headcount
ratios estimated on the source data or corrected using traditional correction meth-
ods, that is by bottom-coding incomes at zero, truncating negative incomes, or
also truncating zero incomes. Applying these incrementally intrusive approaches
one by one—first bottom-coding (censoring) at zero, then deleting (truncating)
values that were initially negative, and then deleting all remaining zeros (truncating
nonpositives)—Ileads to a systematic monotonic fall in the inequality and poverty
indexes.

Bottom-coding negative incomes at zero leads to a noticeable decline in the
Gini, by up to 1.2 percentage points, particularly in RS13 (1.2pc.pt.), GRO7 (0.8pc.
pt.), and 1L14, RS06, RS10, and RS16 (0.6-0.7pc.pt.). Bottom-coding negative
incomes have no effect on poverty because negative observations are below the
poverty line by definition. Truncating negative incomes—compared to bottom-
coding them at zero—further reduces the Gini by as much as 0.7 percentage points,
most notably in ES10, RS06, RS13, and RS16. Truncating negative incomes also
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Figure 5. Inequality and Poverty on Uncorrected vs Truncation-Corrected DHI Distribution:
Variation Over Time.

Notes: The horizontal axis shows the time dimension from the first wave to the last wave. Greece,
Italy, and Serbia are selected as the only countries with 3+ data sets with corrected estimates. Numbers
in this figure are taken from Table 3, using the entire income distribution (uncorrected), or using only
positive incomes (DHI > 0; corrected distribution)
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reduces poverty by as much as 0.5 points, most notably in GR07 and IL12. Finally,
deleting zero incomes in addition to negative incomes lowers the Gini by another
up to 1.1 percentage points, particularly in IT14 (1.1pc.pt.), EG12 (0.7pc.pt.), and
GR95 (0.6pc.pt.), and lowers poverty headcount by up to 1.0 percentage point,
particularly in EG12 (1.0pc.pt.), and GR95, ES10, IT00, and RS13 (0.6-0.7pc.pt.).

In sum, the traditional corrections for nonpositive incomes have noticeable
effects even on inequality and poverty measures known to be relatively robust to
adjustments in the distribution tails. Between the uncorrected values and the values
corrected by deleting all nonpositive incomes, the Gini falls by up to 2.3 percentage
points (2.3pt. in RS13; 1.2-1.8pt. in GRO7, IT14, RS06, RS10, RS16, and ES10;
and 0.8-0.9pt. in EG12, GR9S5, ES95, and ES13), while poverty headcount falls by
up to 1.5 points (1.1-1.5pt. in EG12, IT14, and ES10; 0.8-0.9pt. in GR95, RS06,
RS10, RS13, ES95, and ES13).

For countries with three or more time observations, we can evaluate how the
correction affects the trend and volatility in inequality and poverty. Figure 6 shows
that in Greece and Serbia (across the 6 or 4 years, respectively), the correction
somewhat dampens the downward trend in inequality and poverty, while in Italy
(across the 7 years) it strengthens it. The correction does not appear to affect vola-
tility visibly, except in the case of the Serbian Gini, which falls with the correction
as may be expected.

4.2. Replacing Negative Values with Parametric Pareto Distributions

Following Van Kerm (2007.), we proceed by replacing negative income values
with smooth parametric distributions estimated on those values. Table 4 reports on
an exercise replacing negative income values with inversed one-parameter Pareto
(I) distribution, or the two-parameter generalized Pareto (I1) distribution. We find
that the Pareto (I) distribution does not offer a good fit to the observed negative
incomes, because the estimated Pareto coefficients are universally too low, imply-
ing excessive dispersion among negative incomes with an undefined mean. Only
for eight data sets (out of 33 containing 2+ negative incomes) do we get plausible
results. In these data sets, combining the parametric Gini coefficients for negative
incomes with nonparametric Gini coefficients for positive incomes yields trivial
corrections to the Gini coefficients reported in Table 3, on the order of 0.01 per-
centage points of the Gini. This is due to the small number of negative incomes in
the data. The overall Gini appears to be robust to the method for treating negative
incomes.

The two-parameter generalized Pareto (II) distribution provides a somewhat
better fit, thanks to the flexibility provided by the additional parameter. For 18 data
sets out of 33, we estimate plausible coefficients, income shares, and parametric
Gini coefficients. Combining the parametric Gini coefficients for negative incomes
with nonparametric Gini coefficients for positive incomes yields small corrections
to the Gini coefficients, of up to 0.70 percentage points (in Serbia 2006-2013; with
an outlier of a 25pc.pt. correction in RS16), and typically of 0.01-0.02 points.
Once again, the corrections are very small, on account of the small number of
negative incomes in the data.
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Figure 6. Distributional Changes with Different Corrections of Nonpositive Incomes Source:
Authors’ elaboration from Table 3.

It is important to note that the shape parameter is estimated exactly at the
mean of the corrected parametric distribution (by design), and almost exactly at
the mean of the uncorrected original distribution in all data sets with sufficient
negative incomes. The parametric Gini of negative incomes is uniformly 0.5 by
design. Therefore, in Equation 3, the first half of the expression is essentially the
same with and without the parametric correction. The semi-parametric Gini of
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the entire income distribution is thus nearly identical to the nonparametric Gini.
We conclude that the generalized Pareto (II), being the most flexible with two
parameters, outperforms Pareto (I), which outperforms the negative exponential
distribution in terms of providing a meaningful correction for the potentially mis-
measured lower tail.

4.3. Imputation of Nonpositive Incomes with Random Forest

Next we perform a random forest ensemble classification of positive income
observations, to replace nonpositive incomes with the households’ most likely pos-
itive values based on other households with similar observed characteristics. The
intuition is that while we cannot trust the nonpositive incomes, we can rely on
households’ other characteristics for imputing the most likely positive income val-
ues given the households’ similarity to other households with positive incomes.

Compared to alternative imputation methods—such as regression prediction
and propensity score matching—random forest classification has several advan-
tages including a higher likelihood to find the best fit, lower sensitivity to missing
values, and flexibility in the presence of categorical variables (Zhao et al., 2017).
One pitfall is the possibility of overfitting, underscoring the importance of impos-
ing restrictions on the depth of the modeled trees.

The method classifies observations into an endogenously selected number of
nodes (positive integer values of income here) on a constructed classification tree
and estimates the probability that each observation belongs to each node. This is
repeated 100 times. The classification is based on households’ observed character-
istics, namely household size (binaries for three quantiles), urban/rural residence,
house ownership, and household head’s education (binaries: none, primary, sec-
ondary, and tertiary), self-perceived health (binaries: bad or very bad, fair, good,
and very good), age and age squared (binaries for three quantiles).'* These vari-
ables are selected for their ability to proxy for households’ earning capacity or eco-
nomic status, and their availability across the majority of data sets.

For each household, we identify the node (or positive income value) with the
highest probability, and we replace nonpositive incomes in the data with these
best-matched positive values. First, we do this for self-employment income only, as
the most prevalent driver of negative DHIs. (Zero HILS are very common among
households not engaged in self-employment, and therefore these values are not
replaced.) Werecalculate D HIfor households that initially had nonpositive DHIand
negative HILS, using the best-matched positive HILS (column 1 in Table 5). Next,
we repeat the classification exercise for our measure of income less undue liabili-
ties for taxes and social security contributions (DHI — HILS — HICID — HITP).
We again recalculate DHI for households that initially had nonpositive DHI and
negative (DHI — HILS — HICID — HITP), using the best-matched positive values

14The algorithm is based on the chi-square automated interaction detection (CHAID). The algo-
rithm constructs 100 classification trees. This is thought to produce more accurate predictions than a
single classifier such as a logistic model, particularly for out-of-sample units (Luchman, 2015). The
routine is estimated in Stata 13 software using the following command: chaidforest X, unor-
dered(hlth fair, hlth good, hlth vgood, edu prim edu sec edu ter ownhouse
rural) xtile(age age2 nhhmem, nquantiles(3)) ntree(100).
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(column 2 in Table 5). Finally, we repeat the classification exercise for DHI itself,
and we replace nonpositive DHI with the best-matched positive values according
to the node with the highest probability for the household (column 3 in Table 5).

Table 5 reports the corrections to the Gini coefficients and the poverty head-
count ratios. Results in column 1 show that the random forest classification for
HILS produces modest changes to the distributions of DHI, because only small
numbers of nonpositive DHI become positive when their HILS is replaced. The
corrections to the Gini are as high as 1.73 percentage points in Serbia (1.22pc.
pt. in 2006; 0.82pt. in 2010; 1.73pt. in 2013; 0.77pt. in 2016), 1.02 points in Spain
(0.45pt. in 1995; 0.56pt. in 2007; 1.02pt. in 2010; 0.41pt. in 2013), and 0.88 points
in Greece 2007, but amount to only 0.01-0.33 points of the Gini in other data sets.
The mean Gini correction across all data sets is 0.29 points, while the median is
only 0.13 points.

Next, using the random forest classification method on income less undue liabil-
ities for taxes and social security contributions (DHI — HILS — HICID — HITP),
and using the best-matched positive values for them yields typically larger down-
ward corrections to the national Gini coefficients, of up to 1.51 points (refer to
Table 5, column 2). In Egypt 2012, Greece 2007, Italy 2014, and Spain 2010, the
Gini falls by 1.04-1.51 points. The mean Gini correction across all data sets is 0.48
points, and the median is 0.21 points.

Finally, using the random forest classification method on DHI itself and con-
verting all nonpositive DHI into positive values yield typically larger downward
corrections to the national Gini coefficients, of up to 1.61 points (mean 0.53pt,
median 0.43pt) (refer to Table 5, column 3). In Egypt 2012, Greece 2007, Italy (esp.
2014), Serbia (esp. 2013), and Spain (esp. 1995, 2010), the Gini falls by as much as
1.04-1.61 points. The correction to the Serbian Gini is surprisingly weaker than
the correction in column 1, when negative H/LS alone was being replaced and
nonpositive DHIs were being recomputed using the new HILS. Here, nonpositive
DH s are imputed directly, and all of them are turned into positive values, but the
Gini falls only by up to 1.4 points (1.0pt. in 2006, 0.7pt. in 2010, 1.4pt. in 2013,
and 0.6pt. in 2016). The explanation lies in the extent of the correction. In column
1, negative HILS were corrected by a larger extent, so that the few corrected non-
negative DHIs rose significantly above zero, while in column 2 the correction to all
nonpositive DHIs put them just above zero.

Our poverty measure is also sensitive to the random forest corrections. The
results in Table 5, column 1 show that the random forest classification of HILS
produces a significant change only for EG12. However, corrections in column 2 are
significant for EG12, GRO07, IT14, ES10, and ES13, and the corrections in column
3 are significant for EG12, GR07, IT00, IT14, ES04, ES10, and ES13. In all these
cases, the corrections produce lower poverty estimates. This is evidently due to neg-
ative incomes being reclassified into positive ones by the random forest classifier.
For completeness, Figure 7 shows the time trends in the Gini coefficients and the
poverty headcount ratios, both uncorrected and corrected, for Greece, Italy, and
Serbia where three or more time observations are available. The correction using
random forest imputation does not appear to dampen volatility, except in the case
of the Serbian Gini, exactly as we found in Figure 5 for the traditional correction
methods.
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Figure 7. Inequality and Poverty on Uncorrected vs Random-Forest Corrected DHI Distribution:
Variation Over Time
Notes: The horizontal axis shows the time dimension from the first wave to the last wave. Greece,
Italy, and Serbia are selected as the only countries with 3+ data sets with corrected estimates. The
corrected series in this figure are taken from Table 5, column 3

5. DIScUSSION

This paper has reviewed the prevalence of negative and zero incomes in HI
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surveys, and their implications for the measurement of inequality and poverty.
We have relied on 57 harmonized data sets from the LIS and Economic Research
Forum databases, covering 12 Mediterranean countries over the period 1995-2016.
We have found that there is one predominant source of negative disposable incomes
across most countries: negative self-employment income (particularly relevant in
Egypt, Israel, and Spain). In addition, tax and social security withholding (France,
Greece, Israel, and Spain), and unduly high self-paid social security contributions
(Israel 2007-2010 and Italy 2010) also account for a handful of negative incomes
in several countries.

Using several observable measures of households’ characteristics, we find
that households with negative DHI are typically as well off as other households in
terms of material well-being, or fare even better. They appear to be healthier and at
least as educated. By contrast, zero-D HI households are materially deprived, even
though their human capital stocks (in terms of health and educational attainment)
are not clearly lower than those of their compatriots.

These findings point to an important observation: The income metric is not
a good metric to measure household well-being or rank households when incomes
are negative. Poverty and inequality measures are typically designed to capture
household well-being, and household well-being can be measured with a variety of
metrics of which income is only one. What we show in this paper is that, for at least
some categories of households, well-being is not well measured by income and
can be better assessed using alternative metrics such as consumption or expendi-
ture. Indeed, in low- and middle-income countries and unlike in high income coun-
tries, poverty and inequality are almost invariably measured with consumption or
expenditure, two measures that cannot be negative. Of course, low positive incomes
that classify people as “poor” could also include persons who are not poor, like
very rich people who report low income for tax purposes. The question here is
where to draw the line between incomes that proxy well-being well and those that
do not. This paper does not address this question because our focus is on negative
and zero incomes which are either excluded from analyses by scholars or bottom
coded by statistical agencies. Our aim is to improve on these traditional practices.

To correct income distributions for the unreliable nonpositive incomes, we
have moved beyond traditional replacing through bottom-coding or reweighting
through truncation by proposing the following two advanced replacing methods:
the recently promulgated approaches of replacing parametrically extreme income
observations with smooth distributions; and nonparametric imputation using ran-
dom forest classification of incomes. The results of these estimations are summa-
rized in Tables 3-5. We find that the traditional approaches produce nontrivial
corrections of up to 2.3 points of the Gini, and 1.5 points of the poverty head-
count ratio. The enduring problem with these approaches is that they do not use
all information available in surveys, they do not replace unreliable zero or neg-
ative incomes with more realistic values, and they produce income distributions
that are truncated at the bottom or have discontinuous point-mass at zero incomes
(Ostasiewicz and Vernizzi, 2017).

Corrections via replacement with parametric distributions are rather weak,
possibly because of the poor fit with the evaluated distribution functions, and
because they are restricted to correcting incomes under the same presumed
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distribution function-that is, negative incomes but not zero incomes. Pareto dis-
tributions do not fit the observed negative incomes well, with the estimated coef-
ficients being too low, implying an unrealistically large dispersion among negative
incomes. The two-parameter generalized Pareto distribution fits better, giving rise
to realistic parametric means and Gini coefficients for negative incomes, but still
yields trivial corrections to the overall Gini coefficients, of up to 0.7 points. One
reason is that this approach does not address parametrically the point-density at
zero incomes, even though these incomes are sometimes more prevalent than neg-
ative incomes. Zero incomes are thus left uncorrected. Moreover, the corrected
incomes retain their unrealistic negative sign; therefore, the approach can be said,
at best, to provide a cosmetic correction for the problem of extremely low incomes.
Finally worth noting, because this correction replaces incomes below a poverty
threshold with other values below the unchanged threshold (which is based on
median income), the poverty headcount ratio is unaffected.

Imputation of negative and zero incomes using random forest classification
among positive incomes appears to be a viable approach for dealing with nonposi-
tive incomes, as it produces a continuous distribution of overall incomes without a
point-density at zero, and converts nonpositive incomes into realistic positive val-
ues based on households’ observed characteristics. This imputation has shown sen-
sible results across multiple countries and multiple model specifications, and lowers
the estimated Gini by up to 1.7 percentage points. It should be remarked that this
approach can create issues when one works with panel data. For example, suppose
that the negative income of a person in time ¢ is replaced with an income above the
poverty line, and that in time 7+ this same person has a nonnegative income below
the poverty line. This would be an individual who is classified as non-poor at time
t and poor at time 7+/. In this case, this person could have effectively moved from
non-poor to poor, or it could simply be that our proposed method has incorrectly
classified this person at time 7. It is important to consider these types of issues if
one is working with panel data.

These estimations, conducted under rather conservative assumptions and
modeling specifications, suggest that the poverty-identification and inequality-
measurement problems posed by negative and zero incomes are not trivial, and
deserve attention and careful modeling by practitioners. In relation to the “static”
problem of nonpositive incomes, our corrections produce more accurate inequal-
ity and poverty indexes for the majority of countries. However, in relation to
the “dynamic” problem of nonpositive incomes for measuring the evolution of
inequality and poverty, we find only limited evidence that our corrections reduce
the volatility of inequality and poverty indexes across survey waves, as would be
desired from a correction method.

Where do we go from here? Going beyond Pareto distributions, which do not
fit very well, should allow us to model negative as well as zero incomes more sen-
sibly. Efficiency improvements could also be made to the random forest classifica-
tion method, because we have limited ourselves to evaluating only a simple robust
specification. More importantly, extending the analysis to a greater range of bot-
tom incomes—say the extreme 5-10 percent as the top-income literature has been
doing, or all incomes falling short of households’ consumption—promises to yield
more determinate corrections. We should find more clearly that the corrections
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provide a dynamic benefit in the form of reduced volatility of inequality and pov-
erty indexes. With the corrected bottom incomes, we should be able to re-evaluate
their impact on multidimensional deprivation and poverty, and the true incidence
of development.

The policy implications of this ongoing research are clear. Our results are
relevant for the assessments of poverty depth, fiscal redistribution, aid targeting,
and in the MENA region the tackling of evasion and the use of natural resource
revenues. As the problems of poverty and unequal economic opportunities in the
region have been linked to civil discontent and uprisings, a better understanding of
the scale of these problems can give policymakers the tools to bring political insta-
bility down, and even fix some traps and obstacles to economic growth.
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