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A B S T R A C T   

The dollar-a-day method, applied in monitoring the UN’s development goals against poverty, provides no con-
fidence interval for the official figures of global poverty reduction, a practice that does not allow statistical 
testing. Using Monte Carlo micro-simulations we construct confidence intervals that reflect the error introduced 
by the process of determining the International Poverty Line, as well as the uncertainty of the involved Pur-
chasing Power Parity exchange rates. These estimates identify a reduction of 5.19% between 1990 and 2015 at 
95% confidence level, in stark contrast with the remarkable 73% reduction of global poverty reported in the 
World Bank official statistics published on September 18, 2018. At the same time, MDG1 obtains with a 80% 
confidence level. The cost-of-basic-needs method paints a more promising picture identifying a 35.71% reduction 
at 95% confidence level, while the confidence level at which poverty in 2015 was half of 1990 stands at 46%. We 
conclude that the derivation method of the international poverty line introduces high levels of uncertainty in the 
estimates.   

1. Introduction 

Global Poverty reduction and eradication are the prime objectives of 
the global development agenda for the United Nations, while the 
reduction of poverty has been one of the most important indicators in 
development (Bowley, 1915; United Nations, 2015a). On a global scale 
concerns regarding the precision of the available global estimates have 
been recently raised: 

“[T]he margin of uncertainty for the global poverty estimates is so 
large that there must be serious questions about whether they are 
worth doing in anything like their current form”, Advisory Board 

member, World Bank Commission on Global Poverty (Atkinson, 2016, 
p.54). 

“World Bank economists have often felt uneasy about the misleading 
precision with which our poverty estimates appear to become 
imbued in public debate, despite our best efforts to document in 
detail the very significant uncertainty involved in each of the various 
steps leading up to the final numbers.”, P. Romer, A.Revenga, & F. 
Ferreira, A Cover Note to the Report of the Commission on Global 
Poverty (The World Bank, 2016, p.5). 

Both the Millennium Development Goal 1 (MDG1)1, aiming at the 
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reduction of global extreme poverty rate by half between 1990 and 
2015, and the Sustainable Development Goal 1.1 (SDG1.1)2 which aims 
at its eradication, rely on our ability to compare global poverty rate 
estimates. However, both goals are thus far evaluated on the basis of 
World Bank’s point estimates which do not allow for any meaningful 
statistical test to be applied in order to support or reject their success at a 
desirable confidence level.3 Before setting a framework for tracking the 
evolution and the success of SDG1.1, one should take careful stock with 
respect to the results concerning MDG1, while considering –in partic-
ular– the magnitude of the uncertainties involved. According to the 
World Bank’s official data MDG1 has been achieved 5 years in advance 
of its 2015 deadline,4 with the official estimate for 2015 being issued in 
September 2018.5 However, without the margins of error of the reported 
point estimates, one cannot know the confidence level at which this 
important claim is obtained. Naturally, the same will apply to SDG1.1, a 
decade or so down the road. 

To that end, in October 2016 the Commission on Global Poverty, 
presided by the late Sir Tony Atkinson, published a set of recommen-
dations to the World Bank (hereafter also referred to as the Bank) on the 
issue of measuring global poverty (Atkinson, 2016). Recommendation 5 
stipulates that, the Bank should provide estimates of the errors involved 
in measuring poverty using a “total error” approach.6, p.50) In doing so 
the Bank should evaluate the sources and magnitudes of error, “partic-
ularly nonsampling error and the error introduced by the process of 
determining the” dollar-a-day (hereafter DAD) poverty line (Atkinson, 
2016, p.50).7 

Poverty can be thought of as being related to the deprivation from 
economic resources that would cover one’s (basic) needs (Rowntree, 
1901; Townsend, 1979). Poverty is also related to the lack of some 
fundamental freedoms and lack of agency of the individuals, and the 
fulfillment of one’s capabilities (Sen, 1985).8 Poverty is also being 
defined as a multidimensional phenomenon (Alkire & Foster, 2011). 
However, the definition used from the perspective of global poverty, and 
the aforementioned UN development goals, resembles the severe lack of 
the necessary economic resources, and it is usually dubbed as “extreme 
poverty”. 

Global poverty is being measured since the early 90’s using the DAD 
approach (Ravallion, Datt, & van de Walle, 1991). The DAD method 
consists of estimating a poverty line that is somehow representative of 
the national poverty lines (NPLs) used by a group of least economically 
developed countries. The assumption being that such a poverty line, 
dubbed the international poverty line (iPL), does capture well the level 

of absolute poverty across the world. The additional assumption is that 
the conversion of the NPLs, and other statistics used, from local cur-
rencies to a common currency, and in this case the international PPP 
Dollars (more on this in the next section), does represent the relative 
living standard conditions of those living in poverty across the world. 
Once the iPL is established, then the global poverty rate can be estimated 
using the available consumption and income distributions across the 
world. 

National Poverty Lines (NPLs) across most developing countries are 
estimated using the cost of basic needs method. This consists of speci-
fying a basket of goods (e.g. food, housing and energy) and services (e.g. 
education and health) that are considered to be reflecting the basic 
human needs in their respective national contexts. Specifying the exact 
composition of the various items in the basket, and how that changes 
over time is a matter open to much debate. But, one way or another, the 
national authorities responsible for tracking poverty choose the exact 
configuration, often with the assistance of the World Bank, in order to 
produce the relevant national statistics. Those NPLs in turn feed the DAD 
approach in the process of defining the level of the iPL (details below). 

In the present exercise we estimate the global aggregates on poverty, 
replicating the World Bank’s DAD method, reproducing it within a 
framework of micro-simulations (using the Monte Carlo method) to es-
timate the margins of error. Consequently both the international Poverty 
Line (iPL) and the global poverty rates are hereafter considered as sto-
chastic variables. In addition, we operationalize one more of the Com-
mission on Global Poverty recommendations –number 15– that advises 
the Bank to utilize a cost of basic needs (CBN) method as an alternative 
global poverty indicator.9 

We compare the two methods in terms of the size of their estimates’ 
error terms, and in terms of the confidence level at which the global 
poverty rate in 2015 is half that of 1990, and, further, we investigate the 
percentage of poverty reduction that took place between 1990–2015 for 
each of the methods at a 95% confidence level. In doing so we come to 
the conclusion that none of the two methods provides evidence in sup-
port of MDG1’s success at a 95% confidence level. The CBN method 
shows that the world has come over half-way in halving global poverty 
during the 1990–2015 period at 95% confidence level,10 while at the 
same confidence level DAD method identifies a reduction in global 
poverty at a rate of about 5%. As discussed in the sections below, this 
unexpected finding is attributed to the iPL’s derivation method, and in 
particular the averaging of a set of national poverty lines. 

2. Materials and methods 

2.1. Dollar-a-day poverty Lines 

This approach has been developed by the World Bank researchers 
over a long period since 1991 (Ravallion et al., 1991; Chen & Ravallion, 
2001; Ravallion, Chen, & Sangraula, 2009; Ferreira et al., 2015), and its 
core conceptual origin can be traced further back to 1979 in Ahluwalia, 
Carter, and Chenery (1979) who seem to be the among the first to use 

2 SDG Target 1.1: “By 2030, eradicate extreme poverty for all people every-
where, currently measured as people living on less than $1.25 a day” from 
https://sustainabledevelopment.un.org/sdg1, accessed on March 14, 2017. 

3 The World Bank also functions as the UN custodian institution for moni-
toring global poverty.  

4 http://www5.worldbank.org/mdgs/poverty_hunger.html, last accessed 
October 31, 2017. 

5 On September 18, 2018 the World Bank published the global poverty esti-
mates for 2015 (the latest year for which a global estimate is available).  

6 Recommendation 5: “The World Bank poverty estimates should be based on 
a “total error” approach, evaluating the possible sources, and magnitude, of 
error, particularly nonsampling error and the error introduced by the process of 
determining the International Poverty Line” (Atkinson, 2016  

7 It should be noted that despite the long line of criticism on the Bank’s global 
poverty measurement methodology (Deaton, 2010; Reddy & Pogge, 2010; 
Srinivasan, 2009; Subramanian, 2015; Moatsos, 2017), the point regarding the 
missing error terms has not been raised as much as its importance in monitoring 
the evolution of global poverty entails.  

8 The Multidimensional Poverty indicator developed by Alkire and Foster 
(2011) has recently gained momentum, and has been adopted by the United 
Nations as one additional poverty measurement indicator. Here we focus on the 
traditional and more prominent version of global poverty measurement adop-
ted by the World Bank and the United Nations for monitoring global poverty. 

9 Recommendation 15: “The World Bank should develop a program of work, 
in conjunction with other international agencies, on a basic needs–based esti-
mate of extreme poverty; these estimates would, when developed, form an 
alternative indicator to be included in the portfolio of Complementary In-
dicators, and serve to provide an interpretation of what the International 
Poverty Line would buy.” (Atkinson, 2016, p.xxi). The World Bank decided not 
to pursue with the implementation of this recommendation (The World Bank, 
2016).  
10 Do note that strictly speaking one cannot investigate the success of MDG1 

using a CBN method, since MDG1 is formulated in DAD terms as it uses a 
dollarized poverty line–which also happens to be the iPL obtained via the DAD 
method. However, one can investigate whether some CBN based poverty rate 
has been halved during the MDG1 period. See Sections 2.4.2 and 3.2 for the 
details and the constraints of this investigation. 
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PPP exchange rates in international poverty estimates (Dhongde & 
Minoiu, 2011). Ravallion et al. (1991) replaced the Indian poverty line 
used by Ahluwalia et al. (1979), with the nearest round number of a 
small cluster of national poverty lines (NPLs) expressed in PPP dollars. 
That number being relatively close to one dollar (in 1985 prices) gave 
birth to the ”dollar-a-day” method. 

When the 2005 ICP PPP rates became available, (Ravallion et al. 
(2009), hereafter RCS) provided an update of the iPL estimate using the 
average of NPLs from the 15 countries with per capita consumption of 
less than $60 per day in 2005 PPP dollars (the relevant plot is repro-
duced in Fig. 5 of the appendix). This group of 15 countries constitutes a 
core concept in the DAD methodology and it is dubbed as the reference 
group. The method for selecting this reference group builds on the 
relation between NPLs and consumption levels. Adding or removing 
countries from the reference group affects the resulting iPL. 

Ferreira et al. (2015, hereafter FEA) update the iPL to the 2011 PPPs. 
However, FEA do not repeat the entire procedure that RCS specify, and 
decide instead to use the same 15 countries used in RCS. This makes the 
current iPL a hybrid PPP-based global poverty line. 

In what follows we review the key points of the DAD method in more 
detail, and distinguish key steps that operate as uncertainty entry points. 
In that respect, our contribution to the DAD method is to introduce key 
elements of uncertainty. 

We begin by examining the procedure that selects the reference 
group of countries that determine the iPL. To that end RCS fit the 
scatterplot of NPLs versus consumption per month for each country (see 
also Fig. 5), using the following equation: 

Zi = Z*Ii + f (Ci)(1 − Ii)+ εi (1)  

where Zi is the poverty line in country i,Z* is the average NPL of the 
reference group, Ii takes the value of 1 if country i is in the reference 
group and 0 otherwise, and f(Ci) is a function of consumption per capita 
per month Ci. The function f(Ci) is later defined and fitted as a linear 
function of Ci. The estimated version of Eq. 1, as it appears in RCS, is as 
follows (in parenthesis are provided t-ratios based on robust standard 
errors):   

The decision to split the group of countries, and attempt an elbow 
fitting to the data,11 is made on the basis that the iPL capturing absolute 
poverty levels would be around the minimum NPL among the countries 
with low consumption per capita.12 At the same time, they argue that 
simply taking only the poverty line of the country with the lowest 
consumption, and use it as the iPL, will make the method prone to 
measurement errors at the country level. Based on these observations 
they turn to an averaging of the NPLs from a group of least consumption 
affluent countries, aka the aforementioned reference group, which is 

achieved by constraining the first section of the elbow fit to have zero 
gradient. As RCS put it: “there are measurement errors and methodo-
logical differences between countries in how poverty lines are con-
structed, which can be interpreted as noise in the mapping from the 

underlying welfare space into the income space.” Thus, averaging is an 
attempt to avoid country specific errors. Naturally this attempt, as any 
averaging, comes with an error in the estimate of the average that needs 
to be propagated into the global poverty rate estimates (Bailer-Jones, 
2017, Section 2.8). 

The consequent issue is how to decide where the reference group 
threshold should be. RCS set two criteria for this: (a) the continuity 
criterion that requires Z* = f(C*) at the threshold, where the elbow’s 
kink is also located, and (b) the consistency criterion that requires Ci <

C* for all countries i in the reference group. Since f(C) and Z* are esti-
mated from the data they can be used to determine the threshold level by 
enforcing the continuity criterion (a). Next RCS test if for the resulting C* 

consistency criterion (b) holds as well. As a result, RCS choose the 
threshold to be at $60 that gets 15 countries in the reference group, 
since, as they report, taking the 10 or 20 poorest countries produces “not 
consistent reference groups, unlike that defined by the poorest 15 
countries”. 

In addition to the uncertainty introduced by the estimation method 
of iPL (whose key operation is the splitting of the sample in two parts 
and averaging the NPLs of the reference group), we investigate the in-
fluence that the uncertainty in the PPP exchange rates introduces 
initially to the value of the NPLs and the consumption per capita, and 

Table 1 
The yearly cost of basic needs consumption basket.  

Item Units Basic Needs Basket SD (%) 
*** 

Energy Target kcal/ 
day 

MDER **** 

Protein Target kcal/ 
day 

0.75 gr/kg 16.2 

Minimization - mean of 3 cheapest bundles none 
Meat or fish kg/ 

year 
8 or 16* - 

Butter or oil or 
ghee 

kg/ 
year 

8 - 

Sugar kg/ 
year 

5 - 

Main staple(s) kg/ 
year 

based on kcal/protein target (estimated 
as a residual of the above) 

- 

Clothing and 
Footwear 

% budget shares** 16 

Water % budget shares** 65 
Energy % budget shares** 20 
Housing % budget shares** 22 
Health % budget shares** 39 
Education % budget shares** 33 

*: 8 kg of meat or 16 kg of fish, whichever is cheaper. 
**: The budget shares are available from World Bank’s Global Consumption 
database. See Section 2.5 for more details. 
***: For the discussion of the standard deviations (SD) of nutrient targets, food 
quantities and budget shares shown here see Section 2.5. Also note that for 
Brazil, India, and South Africa we use the country data for the uncertainty in the 
budget shares (shown in Section 2.4.2), while the aggregate of the three coun-
tries that is reported in this table is used as a substitute for the uncertainty in all 
other countries. 
****: Depends on the country demographic profile and other parameters as 
discussed in Section 2.5. 

Zi = 37.983Ii + (19.388 + 0.326Ci)(1 − Ii) + ε̂i(12.55)(2.99)(11.15)R2 = 0.890, n = 74. (2)   

11 Meaning fitting the data with two consecutive regression lines where a kink 
is created in their junction. In this particular case the first line is a horizontal 
one. See also Fig. 5, but do note that the figure is log-normal, thus the second 
straight line is shown as a curve. This procedure is also known as a piecewise fit. 
12 In more detail, they argue that for the countries with the lowest con-

sumption per capita per month the estimated poverty line when using the entire 
sample is lower than the average poverty line for that group. Put differently, the 
fitted line of a regression that considers the entire dataset gives a lower estimate 
for poverty at the lowest level of consumption found in the sample. RCS found 
this identification as non-satisfactory. 
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consequently to the identification of the threshold for the reference 
group. To do so we conduct a Monte Carlo pseudo-experiment in which 
the PPP exchange rates for both 2005 and 2011 are chosen from a 
lognormal distribution around the mean PPP rate for each country using 
their respective error terms (see Section 2.5 below for details on data 
sources). Arguably a more consistent application of the dollar-a-day 
methodology would be to redo the exercise in 2011 PPP rates alto-
gether, both for the threshold selection and the averaging of NPLs. 
However, we are interested in examining the Dollar-a-Day poverty line 
methodology as it is applied by the World Bank for monitoring MDG1 
and described in FEA. 

Overall, there are two sources of uncertainty on the iPL considered in 
this work: one induced by the uncertainty on PPP exchange rates, and 
one induced by determining the iPL by averaging within the reference 
group. The later is also the greatest source of uncertainty in magnitude. 
The former influences the total error on the iPL in several intertwined 
ways, but their impact turns out to be relatively small.13 

2.2. Cost of basic needs poverty lines 

Following the aforementioned recommendation 15 of the World 
Bank’s Commission on Global Poverty we employ the Cost of Basic 
Needs (CBN) method in evaluating globap poverty for MDG1’s reference 
years. The composition of the CBN poverty lines rests on two building 
blocks, as shown in Table 1. The upper block, consists of the food 
component, and the lower block of non-food expenses (separated by a 
double line). The food component builds on the bare bones basket 
concept introduced by Bob Allen (Allen, 2001; Allen, 2013) in esti-
mating welfare ratios and real wages historically, as well as poverty lines 
contemporary (Allen, 2017). The quantities used on each food source are 
such that the global poverty rate for 2015 is comparable with the World 
Bank’s point estimate according to the baseline scenario of the DAD 
method.14 This choice is motivated by the observation that higher DAD 
poverty lines show less appealing poverty reduction, since their down-
ward trend is slower (Chen & Ravallion, 2010, p.1619, table VIII).15 We 
wish to avoid such a comparability problem that could arise if a CBN- 
based global poverty rate would be much higher or much lower than 
the DAD. Constrained by this methodological consideration our imple-
mentation of the aforementioned definitions becomes a frugal one, as 
shown in Table 1.16 Do note that we take the mean of 3 cheapest food 
bundles as a technical way to introduce some minimal dietary variety, 
and no uncertainty stemming from this step is considered. 

The non-food component uses the budget shares of expenditure 
categories that are relevant to the aforementioned poverty definitions 
(as shown in Table 1). The cheapest bundles that satisfy the recipe 
shown are identified using linear programming, thus accounting for 
substitution effects by those living in conditions of poverty, and the 
solution in the main staple may contain more than one products. This 
means that the consumption basket is not held fixed in its composition, 
rather it is a goal oriented basket that achieves a certain level of welfare 
according to a fixed recipe. The total amount of basic nutrients (calories 
and proteins) that the food component should contain is calculated using 
the FAO (2001) methodology for Minimum Dietary Energy Requirement 
(MDER). Accordingly, the calories required per day are estimated via the 

MDER, and the proteins as a linear function of the population weighted 
average body weight derived in the MDER calculations with a propor-
tion of 0.75 gr of protein per kg of weight (World Health Organization, 
1985, Section 8.2.2). Section 2.5 discusses the various uncertainties 
shown in Table 1. 

2.3. Underlying uncertainties common to both methods 

Here we discuss two important methodological choices that the 
dollar-a-day and the cost of basic needs approach have in common. 

The first one concerns the use of sparse distributional data. In order 
to achieve a satisfactory population coverage, the World Bank re-uses 
the available consumption or income distributions outside of their 
year of origin. For comparability, we follow this approach of the Bank as 
detailed in (Chen & Ravallion, 2010; Chen & Ravallion, 2004 & Ferreira 
et al., 2015). To extrapolate the distribution to a different year a relevant 
variable from national account statistics (NAS) is used to estimate the 
mean of the distribution, while the shape of the distribution remains 
unchanged.17 Preference is given to real growth in household final 
consumption expenditure from the NAS, and, when that is not available, 
the fall-back option is to use real GDP per capita growth. The main 
empirical issue with this method is that there is a divergence among the 
“organic” growth rates between consecutive household surveys (HHS) 
and the growth from NAS (Deaton, 2005, p.2). To account for this 
discrepancy between HHS and NAS growth we follow the method 
applied by FEA. It uses an 87% multiplier as an adjustment factor be-
tween NAS and HHS growth rates to all countries, with only two ex-
ceptions: for India the correction factor is 51% and for China 72%. 
Although this adjustment is a welcomed correction towards the right 
direction, it is not in itself error less. However, we choose to ignore this 
source of error in the present treatment, as more straightforward 
addressable and important sources of error are considered. Further, 
since this source of error is common for the two methods that we 
compare, our choice bears no cost in this respect, but in all likelihood 
this translates to an underestimation of the ”total error”. 

The second important methodological choice, that the two methods 
have in common, concerns the treatment of countries without sufficient 
data to estimate their poverty rates. In such situations the World Bank 
opts to impute poverty rates for the countries without data with the 
average regional poverty. The implicit assumption is that countries 
which have (or manage to somehow acquire) the means to monitor 
poverty are a good proxy for poverty levels in countries that don’t. This 
is a rather strong assumption that one would like to account for. How-
ever, we will not be treating this aspect of the calculation in our main 
approach, and only as a robustness check we will simply add a normally 
distributed error term each time such an imputation is made.18 

In addition, do note that both methods exclude the developed 
countries. Fortunately, for investigating the success of MDG1 this is 
appropriate, as only the developing world is the reference domain of 
MDG1.19 Finally, the measurement error and the incomplete measure-
ment of consumption, or income, is roughly considered using a normally 
distributed error term. Again this is used only as a robustness check, and 
it is not part of our main treatment.20 

13 Observe the quadrupling of the confidence interval in the iPL when 
considering the averaging and when not, as shown in Fig. 3. At any rate, 
ignoring the uncertainty stemming from the averaging step in the method of 
derivation of the iPL results in MDG1’s success at a 95% confidence level (see 
Section 3 for details).  
14 Corresponding to row with ID 1 in Table 2  
15 See also Fig. 6 in the appendix. Observe there that the derivative of the 

curve would be decreasing at values beyond the standard iPL.  
16 Otherwise, other more demanding CBN configurations could have been 

operationalized here, more similar to those discussed in Allen (2017). 

17 For years between two available distributions their (time) weighted average 
is used.  
18 The exact values used are shown in the caption of Table 2 in the results.  
19 For comparability we keep the same definition for developing countries 

with the World Bank. If the country was a developing one in 2005 it is included 
for both 1990 and 2015 regardless of its actual development status at those 
benchmark years. Note that the application domain of SDG1.1 is the entire 
world and not just the countries characterized as developing back in 2005.  
20 See Table 4 and next section for more details. 
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2.4. Treatment of uncertainty with Monte Carlo Micro Simulations 

The main purpose of the paper is to assign an uncertainty to the 
global poverty rate. Depending on the method used to evaluate it, the 
global poverty rate depends on a number of external variables (e.g. the 
PPP exchange rates, monthly consumption data, NPLs, prices etc.) or 
choices (e.g. the choice within the DAD method to average the reference 
group NPLs to get an iPL). In traditional error propagation approaches, 
each external variable’s value is used as a point estimate, and its cor-
responding uncertainty is propagated so that it impacts the total un-
certainty, in a way that depends on the functional form of the derived 
quantity as a function of the external variables. 

In this work, we consider a set of key external variables that comes 
with a central value and an uncertainty, as being stochastic. Instead of 
using the central value, we use a random value drawn from a distribu-
tion that follows the distribution of that external variable from its pro-
vider, when available (e.g. a lognormal for the PPP rates) or a normal 
distribution, in the absence of detailed information and when there are 
no good reasons to assume that the central limit theorem does not apply. 
Treating each external variable as a stochastic one, is, in fact, equivalent 
to simulating the fluctuations of the variable, due to its inherent un-
certainty, away from its central value. This stochastic modeling builds 
volatility and variability into the simulation and therefore provides a 
better representation of the real life behaviour of the external variable. 
Similar methods are widely used for uncertainty estimation over many 
scientific fields, from subnuclear physics to engineering and risk man-
agement, under the generic rubric of Monte Carlo simulations: one 
artificially recreates a stochastic process, many times, and directly ob-
serves the variability of the results.21 

Following this prescription for key external variables, we compute, 
deterministically, the global poverty according to the method of choice. 
Naturally, the resulting value can be anywhere within a range of 
possible values. Repeating the procedure a large number of times 
(typically 10,000) we get a distribution of global poverty rates. The 
mean of that distribution is expected, based on general ergodic argu-
ments, to converge to the global poverty rate we would find if we 
computed it using only central values for the external variables. The 
distribution, however, provides us not only with this most likely value, 
but also with what ranges are reasonable. The standard deviation of the 
distribution, in particular, provides us with a natural candidate for the 
uncertainty on the global poverty rate, which is what we are after. 

In all cases we treat measurement errors as classical, i.e. we assume 
that the error on an input variable is independent of the value of the 
input variable itself. We also treat errors on external variables as sta-
tistical, in the sense that we use them to define a distribution for the 
stochastic value of the variable we use. We do not attempt to distinguish 
between a systematic and a statistic nature of the error on these external 
variables, for example the PPP rates, as such information is hardly 
available. We also do not have the means to attempt to reduce any of 
these uncertainties, through validation sets or attempt to detect what 
kind of bias would the noise in the different components induce via e.g. a 
sensitivity analysis, along the lines described in Hausman, 2001 or more 
recently in Schennach (2020). The only information on the uncertainties 
of external variables that we employ is a reasonable choice for the dis-
tribution of the variable that they imply (or to follow the prescribed 
distribution of the error terms as in the case of the PPP rates). 

At this point we would like to distinguish between uncertainties in 
global poverty induced by the input variables used to compute it, from 
uncertainties induced by specific choices a method employs in an 
attempt to mitigate errors. The later is a type of systematic uncertainty 
inherent to the method, one that would persist even in the idealized 
situation when all input quantities are measured with infinite precision. 

A characteristic example, central to the discussion in the rest of the 
paper, is the choice of the DAD method to create a reference group of 
low NPL and low consumption per capita rates, and take the average of 
NPLs within this reference group to define the iPL. Taking the average 
within a reference group is in the spirit of mitigating measurement er-
rors in the NPLs of the poorest country (whether they are substantiated 
or not) while still estimating absolute, as opposed to relative, poverty. 

One could take the stance that such choices are part of the definition 
of the method and therefore no corresponding uncertainty should be 
accounted for. We argue that this would go against the spirit of the 
method, and recommendation 5 of the World Bank’s Commission on 
Global Poverty which explicitly stipulates the consideration of the error 
introduced by the method used to derive the iPL. Choices are made to 
achieve goals, and they have an impact on resulting estimates that 
should be included in uncertainties, especially when, as is the case with 
the DAD method, the results are very sensitive to these specific choices. 
Within the Monte Carlo method there is a very simple approach to ac-
count for the uncertainty induced by making a choice: make the choice 
at random. Within every simulation point, a different reference group is 
produced. Instead of taking the average of the corresponding NPLs, we 
sample one at random. On the aggregate this produces a distribution of 
iPLs that has an average very close to what it would have if we pick the 
average NPL at every point, but it also reflects the spread of the NPLs 
within the reference group, during each simulation. This procedure is 
identical to the consideration of any other variable, such as the prices of 
a particular product in the CBN method. There again, in each iteration, 
the prices of the commodities are drawn at random following the dis-
tribution of the available data. 

In what follows, we clarify various salient points of the Monte Carlo 
simulation procedure that are dependent on the method used to deter-
mine the global poverty rate. Table 4 in the appendix expands the table 
of non-sampling errors from Atkinson (2016) and provides an overview 
of the sources treated here and how. Clearly we do not account for all the 
possible sources of error, but we do account for the sources that are 
characteristic to each of the method. The error sources that remain 

Fig. 1. Architecture of Data and Monte Carlo method for the DAD method. 
Diamond shaped objects mark a draw from a distribution in the Monte Carlo 
simulation (Authors’ configuration). Entries marked as Optional are part of 
robustness checks only. 

21 Monte Carlo methods in Econometrics, specifically, are reviewed in (Chib, 
2001). 
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unaccounted for would influence the two methods rather identically, 
and therefore in all likelihood this has no implication in their 
comparison. 

2.4.1. DAD simulations 
With respect to the DAD method, as discussed above, the main 

sources of error –which are specific to this method– that we account for 
are: (1) the averaging of NPLs, and (2) the underlying uncertainty in the 
PPP exchange rates. There are five main implications with respect to the 
role of PPP uncertainty are that: (a) the consumption per month 
threshold for selecting the countries in the reference group changes; (b) 
the relative and absolute consumption per month levels change; (c) the 
relative value of an NPL changes with respect to other countries changes; 
(d) the composition of the reference group selection procedure is 
different; (e) the relative value of the currencies within the reference 
group as opposed to those outside of that group also changes, making the 
resulting iPL relatively more or less expensive to the countries outside of 
the reference group. 

Do note that these implications are intertwined and cannot be 
treated in isolation. Therefore at each PPP draw the entire set of steps of 
the DAD method needs to be repeated to estimate the PPP-draw specific 
iPL. In turn, this implies that there exists an unknown true value of the 
iPL that needs to be estimated separately for each of the two MDG1 
reference years (1990 and 2015). Ideally if a new set of PPPs were 
calculated for each year, this would probably be what the World Bank 
would be doing as well, as implied by its decision to re-estimate the iPL 
after each new ICP round. The DAD method is expected to maintain 
welfare equivalence among PPP rounds, therefore any incompatibilities 
between the iPL of different PPP sets should not be seen as a problem in 
our estimation of uncertainty, but rather as an issue that the DAD 
method may have to attend to. By adding the PPP uncertainties, our 
approach –in addition to estimating the confidence interval– partially 
simulates the behavior of yearly updating the iPL. 

To investigate the effect that the aforementioned sources of error 
have on the size of the uncertainty of the global poverty estimates, all 
those points (along with the methodological choices that both methods 

Fig. 2. Architecture of Data and Monte Carlo method for the CBN method. Diamond shaped objects mark a draw from a distribution in the Monte Carlo simulation 
(Authors’ configuration adapting Moatsos, 2020a). Entries marked as Optional are part of robustness checks only. 
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have in common) are accounted for through each iteration in the Monte 
Carlo procedure. The flow chart of Fig. 1 depicts how the flow of 
calculation and the points where draws are taken from the underlying 
distributions. 

As a new set of PPP exchange rates is drawn on each iteration, and 
then the entire set of consumption per month, the countries in the 
reference group, the NPLs, and consequently the iPL, and the distribu-
tional data are re-calculated, or re-calibrated, using those new rates. In 
turn, they are used for the estimation of the global poverty rate corre-
sponding to that PPP draw following the procedure as described above, 
and in FEA in greater detail. 

Overall, changes in PPP conversion factors affect what the conver-
sion of nominal terms to (internationally comparative) “real terms” 
means, so errors arising from the PPPs do pertain to the exercise of 
estimating the iPL for any year. However, one might object that 
although the diamond “PPP Error Terms Draw” of Fig. 1 is part and 
parcel of the uncertainty estimation, a subsequent re-selection of the 
reference group is not (shown as the “Ref. Group Selection” box in the 
same figure). Such reasoning assumes that once the set of reference 
countries has been decided it must be left untouched and constant in the 
estimation of the procedure’s uncertainty. Nonetheless, this reasoning 
would ignore the fact that PPP fluctuation recasts the relative values of 
the group of countries with low consumption thus re-ranking the 
countries and in addition the splitting of the groups into a reference and 
a non-reference group may not be consistent any more. As a conse-
quence the whole DAD procedure needs to be repeated both for con-
sistency, and in order to actually follow the entire RCS specification 
procedure that the DAD approach prescribes for iPL. Put differently, 
there is no $60 (in 2011 PPP terms) threshold anymore as this has 
changed as a result of the PPPs fluctuations, therefore the whole pro-
cedure as depicted in Fig. 1 needs to be repeated from the beginning and 
in its entirety. 

2.4.2. CBN simulation 
For the CBN method, a range of key error sources are accounted for in 

our implementation as described in Table 4 of the appendix and shown 
in the flow chart of Fig. 2 below. For each error source, treated with the 
Monte Carlo technique, values are drawn at random from the distribu-
tions around the mean value of each variable. 

More specifically, and with respect to the price data, we use the 
standard deviation of prices reported within the United Nations World 
Food Program price dataset. For these countries, we use the aggregate 
national empirical distribution of prices (among countries with more 
than 200 observations), while for the countries without underlying data 
we use the aggregate distribution from their corresponding region. 

The error terms for the various consumption budget shares are 
derived from the data available in World Bank Global Consumption 
database. There are 3 countries that have sub-national data, namely 
India, Brazil and South Africa. For those three countries we draw from 
the empirical distributions of each budget category, while for all other 
countries we draw from the aggregate distribution of those three 
countries on each budget category (as shown in Table 1).22 

Height data are necessary to estimate the minimum caloric intake 
(MDER measured in kcal23) and the amount of proteins in grams. Their 
uncertainty is taken from Zanden van et al. (2013) which use the 

coefficient of variation (CV) of heights distribution, and cover a sub-
stantial share of the developing countries. For countries without avail-
able information on their CV the regional average is used.24 

For calculating the MDER and the protein intake we further need the 
physical activity level (PAL) of the population living in conditions of 
poverty. To this end we employ the method of PAL estimation intro-
duced by Moatsos (2020a) that simulates a daily work/leisure schedule. 
The resulting distribution of PAL cannot be distinguished from a normal 
distribution, and has a standard deviation for this is 0.19 with a mean of 
2.26. This range PAL values corresponds to the vigorous lifestyle 
2.00–2.40 (FAO, 2001, p.38, table 5.3). In terms of PAL we therefore 
assume that the distribution, and the implied uncertainty for those living 
in poverty, is the same in all developing countries. 

Further, table 16 in World Health Organization (1985) mentions that 
the pooled coefficient of variation of all listed studies in mean require-
ment of protein is 16.2%. We will use the same uncertainty for the 0.75 
gr of protein per kg of weight that the report qualifies as appropriate, 
and we assume a normal distribution of this error term as well. 

2.5. Data 

The anthropometric data we use are the age and gender population 
distributions from the United Nations World Population Prospects 
dataset (United Nations, 2015b). The height data are taken from Baten 
and Blum (2015) which is the most complete dataset to date.25 Price 
data are combined from the ILO’s October Inquiry data (Moatsos, 
2020b), along with prices from the World Food Program (WFP) of the 
UN, and FAO data also from UN. Missing observations are filled in using 
the most appropriate available price index, which in order of preference 
are: a food CPI for the poor which is available from ILO for some 
countries, an average CPI, or finally a price index that follows price 
volatility of similar products in the same country.26 The composition in 
nutrients of the various food items is taken from the USDA database,27 

and retention rates are applied for caloric values following Appleton, 
Emwanu, Kagugube, and Muwonge (1999). Consumption shares used to 
account for expenses in clothing and footwear, energy, housing, health 
and education are taken from World Bank’s Global Consumption Data-
base.28 The welfare distributions are those available at PovcalNet.29 The 
average (population weighted) year of available household surveys 
(HHS) for 1990 is 1990.6 and for 2015 is 2013.9. 

With respect to the estimation of the error terms in PPP exchange 
rates there are three available sources. Deaton and Dupriez (2011) 
provide PPP error estimates that reflect sub-national sampling vari-
ability of PPP rates. The issue with such estimates is that if we were to 
use those we would also ought to include information about sub- 

22 The standard deviations (relative to the mean) of the three countries is 
respectively for India, Brazil, and South Africa: Clothing and footwear 12, 20, 
and 12%; energy 25, 18, and 13%; health 21, 49, and 36%; housing 11, 29, and 
18%; education 32, 36, and 26%; and water 41, 85, and 29%.  
23 For further details about its calculation see (FAO, 2008; Moatsos, 2017) for 

its use in poverty measurement. 

24 Also for countries without height data the regional average was used, and 
for countries with missing data the average growth from the region was used for 
data imputation.  
25 Dataset downloaded from the Clio Infra website, at https://www.clio-infra. 

eu/, last accessed April 15, 2018.  
26 For a more detailed discussion of these data sources see (Moatsos, 2017).  
27 https://ndb.nal.usda.gov/ndb/  
28 Data are available only for 2010. Last accessed on December 6th, 2016. The 

budget shares of the second consumption group marked as “Low” are used. 
Those are preferred over the “Lowest” consumption group since the food 
component of our basket is typically much lower than that in the “Lowest” 
consumption group. And since the budget shares of that group are lower than 
those of the “Low” group, using these budget shares would underestimate the 
threshold costs for those non-food components.  
29 Consumption based distributions when available, income based otherwise, 

as applied by the World Bank and FEA as well. Last accessed on October 3rd, 
2018. The underlying distributions were retrieved from the World Bank using a 
slightly modified python script initially provided by Dykstra, Dykstra, and and 
Sandefur (2014). The retrieved distributional data are available in Moatsos 
(2018) or directly at the Data Publication platform of Utrecht University. 
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national variation of income.30 Fortunately the error estimates on PPP 
from a second source, Deaton (2012), do not reflect such sub-national 
information, but rather uncertainties due to variability in relative pri-
ces and expenditure patterns among countries. Deaton shows that the 
PPP rates of China and India have a relative standard error of 15%, with 
most of countries clustering at 15–17%. The potential issue with those 
estimates is that these estimates are work in progress, as part of a World 
Bank working paper, and they have not been duly refined to meet 
publication article standards.31 Another potential issue would be the 
fact that Deaton (2012) provides PPP standard error estimates for the 
GDP PPP exchange rates and not the household final consumption PPPs 
that are used in global poverty estimates by the DAD methodology. 

A third source, and the one that we use here, is provided by Rao, 
Rambaldi, Huynh, Doran, and Ganegodage (2015).32 Those estimates 
cover 181 countries and are provided for both 2011 and 2005 ICP 

rounds, while the two above sources only treat the 2005 ICP round. In 
addition they are available also for the PPP exchange rates related to the 
consumption GDP component, which is a concept closer to the required 
household final consumption PPP than those from GDP per se.33 They 
are also less than half the errors estimated in Deaton (2012), with an 
average of 5.7% for 2005, making our analysis a conservative one with 
respect to the size of the PPP error terms. In addition, their error terms 
”are computed under the assumption of the lognormality” (Rao, Ram-
baldi, & Doran, 2010).34 

Fig. 3. Upper: includes all values of iPL, when PPP 
uncertainty is accounted for according to the baseline 
implementation of (ID 1 in dark gray), and contrasted 
with the estimated iPL distribution when using the 
average of NPLs at each iteration (shown in light 
gray). Lower: the CBN based NPLs for 2015 expressed 
in PPP dollars for ease in exposition (in light gray). 
For reference the NPLs calculated for Brazil are 
overlaid (in dark gray) using a separate y axis. The 
legend shows average values as well as the empirical 
95% confidence interval.   

30 This is so since nominal expenditures and nominal income correlate posi-
tively and spatially with higher price levels within countries. Therefore sub- 
national covariance assumptions regarding income and price levels would be 
required.  
31 As Prof. Deaton has warned us in a personal correspondence.  
32 Available at:http://uqicd.economics.uq.edu.au/index.php, last accessed 

April 10, 2018. 

33 The PPP rates here are those of “individual consumption expenditure by 
households” used by the World Bank’s PovcalNet as well.  
34 For the very few countries that do not have an error estimate the average of 

the relative error terms of the developing countries is used. 
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3. Results 

3.1. Global poverty Lines 

The upper sub-plot in Fig. 3 shows two partially overlapping distri-
butions of iPLs for the dollar-a-day approach.35 The light gray spiky 
distribution consists of the mean values of the NPLs from each reference 
group of the 10,000 iterations of the Monte Carlo procedure. Method-
ologically it is a replication of the original RCS method, as extended for 
2011 PPPs by FEA with one additional considerations (as discussed in 
Section 2): at each iteration new randomly selected PPP rates for both 
2005 and 2011 are used, based on their respective standard errors. This 
distribution of means shows how the iPL, computed as an average of 
NPLs of the reference group, varies with the variation of PPP rates. This 
approach merely propagates the uncertainty from PPP rates to the iPL 
estimate, and does not account for the uncertainties introduced by the 
definition of the international poverty line. 

The second distribution in Fig. 3’s upper sub-plot is composed from a 
set of NPLs that are sampled at random, one at each iteration from the 
each time occurring reference group. After 10,000 iterations the distri-
bution of those sampled NPLs is formed. Thereby simulating the overall 
distribution of reference group NPLs. The mean of this distribution is 
therefore an iPL estimate. The width of the distribution probes the un-
certainty to the iPL estimate due to –not only to the PPP uncertainty– but 
also to the method of derivation of the iPL (namely the averaging of the 
reference group’s NPLs). 

To elaborate on the rationale behind this point one needs to recon-
sider the reason for this averaging by RCS. The purpose of averaging in 
RCS is to cancel out measurement errors in NPLs. Independently of 
whether this actually works –and RCS do not discuss this point– it is a 
very natural way of selecting a typical NPL value from the reference 
group. However, when estimating the related uncertainty, we need to 
include information about the spread of the NPLs around their average. 
To be more explicit, imagine a situation where the NPLs of the reference 
group are almost perfectly aligned to each other, and therefore to their 
average value. This would certainly increase our confidence that the 

average is indeed the value that should be uniquely identified as the iPL. 
In the opposite scenario, of a reference group with wildly fluctuating 
NPLs around the same average value as before, we would be quite un-
certain which value to choose as an iPL. 

However, if we only keep the average NPL for every PPP draw, the 
two scenaria are indistinguishable. We would like to retain this infor-
mation - how spread are the NPLs inside the reference group at every 
draw. We therefore construct a simulated reference group by sampling 
one NPL for each PPP draw, and we consider this the distribution that 
describes the stochastic iPL. Without taking a random sample at each 
iteration one severely restrains the uncertainties involved in the deter-
mination of the iPL. This treatment is much similar to that of price data 
where the prices of each product for the CBN method are drawn from 
their distribution at each iteration. In that situation, the equivalent of 
keeping only averages of reference group’s NPLs would be to draw 15 
(as 15 are the initial reference group members) prices from the distri-
bution of a particular commodity and then average them to get the price 
to use. This treatment would unwarrantedly reduce severely the un-
certainty of the commodity prices. The same logic applies for the esti-
mation of the iPL in our treatment. 

Hence, it is the width of this second distribution which is the required 
input to propagate the underlying uncertainties of the DAD method. 
Observe further that the breadth of the 95% confidence interval of the 
sampled NPLs is more than 4 times larger than that of the averaged 
NPLs, indicating that the uncertainty introduced in the process of 
averaging is the decisive source of error behind the wide confidence 
intervals of the global poverty estimates.36 

In the lower sub-plot of Fig. 3 a similar graph this time for the CBN 
method is shown. Overall the comparison of the wider distributions’ 
breadth would lead one to conclude that similar error terms for the CBN 
based global poverty rates are to be expected. The important difference 
though is that in this distribution all poverty lines calculated for all 
countries, with available data, are grouped together. Naturally those are 
not all applied on each and every country, as in the case of the DAD 
method. Rather, they are applied separately and only for the country for 
which they are constructed. To demonstrate the point we further show 
in the figure the distribution of the NPLs used specifically for Brazil 
(corresponding to the right axis). 

The goal oriented tailoring of globally defined –yet locally 
estimated– NPLs, which is the characteristic of the CBN method, appears 
to make a decisive difference in the size of the error term for the global 
poverty rates comparisons between the two methods. 

Table 2 
DAD Global Poverty estimates.  

(1) (2) (3) (4) (5) (6) (7) (8) (9)     

Impl. 
ID 

Mean 
iPL 

SD 
iPL 

Mean 1990 
(%) 

SD 1990 (perc. 
points) 

Mean 2015 
(%) 

SD 2015 (perc. 
points) 

MDG1 Conf. Level 
(%) 

Pov. Reduc. 
(%)     

1 1.84 0.59 38.18 14.32 10.93 7.32 80 5.19     
2 1.81 0.47 38.11 11.92 10.29 5.9 85 28.27     
3 1.78 0.37 37.81 9.93 9.73 4.6 91 41.6     
4 1.84 0.59 38.94 14.53 11.34 7.53 79 4.39     
5 1.84 0.59 38.87 14.52 11.35 7.53 79 4.29     
6 1.81 0.47 38.8 12.09 10.71 6.07 85 27.15     
7 1.78 0.37 38.49 10.08 10.14 4.75 90 40.45     

PCN 1.90 - 43.15* - 11.62* - - -     

*: World Bank PovcalNet estimates from http://iresearch.worldbank.org/PovcalNet/povDuplicateWB.aspx, last visited on January 4th, 2019. 
Configuration IDs: (1) baseline specifications with PPP lognormal error terms; (2) previous specification and excluding the 1 lower and 1 higher NPLs from being 
randomly selected at the sampling procedure; (3) previous specification, but excluding the 2 lower and 2 higher NPLs; (4) baseline specifications with PPP lognormal 
error terms and a normally distributed error term of 10% and a 20% increase when imputing for countries with missing data; (5) previous specification, plus a 5% error 
in the mean of the income or consumption distribution; (6) previous specification and excluding the 1 lower and 1 higher NPLs from being randomly selected at the 
sampling procedure; (7) previous specification but excluding the 2 lower and 2 higher NPLs; 

35 There is one issue of representation with respect to the x axis in the upper 
sub-plot of Fig. 3. Each PPP draw during the Monte Carlo procedure constitutes 
an entirely different set of PPP rates, which is not directly comparable with any 
other PPP set, as each of these PPP sets represents a different constellation of 
relative currency values. As such the values on the x axis cannot strictly be 2011 
PPP Dollars. The implication is that we have to use a convention and rely on the 
term “fuzzy” to characterize the dollars of the 2011 ICP round. This bears no 
consequence on the results. 36 As reported in Table 2 in the next subsection. 
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3.2. Testing MDG1 

The various Monte Carlo implementations for the dollar-a-day 
method are shown on Table 2, and are numbered with IDs 1 to 7 in 
the first column. Columns 2–7 show the means and standard deviations 
for the iPL, and the global poverty rates estimates for 1990 and 2015. 
Column 8 shows the confidence level at which the MDG1 has been ful-
filled, and column 9 provides the poverty reduction achieved between 
the benchmark years, both at 95% confidence level.37 At the end of the 
table the official values of World Bank’s PovcalNet are shown for 
reference (at the row labeled PCN in first column). 

Implementation 1 corresponds to the configuration described in the 
sections above, and includes the uncertainty for the PPP exchange rates 
and the uncertainty from the definition of the iPL. This implementation 
identifies a poverty rate in 1990 of 38.18% with a standard deviation of 

14.32 percentage points, and in 2015 10.93% with 7.32 percentage 
points of standard deviation. The confidence level for achieving MDG1 
stands at 80%, and it is lower than the typical 95% or 90% confidence 
levels, which are typically used in social sciences. At the same time the 
poverty reduction between 1990 and 2015 at 95% confidence level 
stands at 5.12%. This implementation is the one shown in the upper sub- 
plot of Fig. 4 below, and the wide overlap between the 1990 and 2015 
distributions of global poverty rates is evident. 

The remaining implementations add various restrains and error 
considerations upon this basic configuration. 

Implementation 2 takes a conservative step and excludes the selec-
tion of the two most extreme values (the minimum and the maximum 
values) at each iteration from the process of random sampling of the 
NPLs. This choice reduces the SD for iPL and the poverty rates for both 
years. The confidence level of achieving MDG1 stands at 82%, while the 
identified poverty reduction at 95% confidence level rises at 18.47%. 
Implementation 3 extends the exclusion of extreme values to the two 
minima and maxima of each iteration, and this pushes down the un-
certainty in the estimates even further. The confidence level of achieving 
MDG1 rises to 86% and the identified poverty reduction increases to 
31.17%. 

Fig. 4. Histograms of Global Poverty Rates of most complete implementations. DAD implementation 1 in the upper sub-plot, and CBN implementation 3 in the lower 
sub-plot. Each distribution is composed of 10000 points. The values of the 95% confidence interval of each distribution is shown in parenthesis, and its average value 
precedes it. 

37 The achieved poverty reduction is calculated by estimating its maximum at 
95% confidence level. The confidence level of MDG1 fulfillment is calculated by 
estimating the probability that a point from the 2015 distribution is lower than 
half of another point from the 1990 distribution, as required by the definition of 
MDG1. 
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Implementation 4 is based on implementation 1 and a normally 
distributed 10% standard error is added to account for the uncertainty in 
the imputation of poverty for countries without data,38 it is also assumed 
that on average the poverty rate in countries without data will be 
somehow higher than those with data (in the same geographical region) 
since they evidently show lack of capacity to monitor local poverty 
development. To simply account for this observation the regional 
average when imputing the poverty rate is increased by an arbitrary 
20%. The configuration of ID4 has a small impact on the results, by 
slightly increasing the poverty rates for both years and their respective 
standard deviation relative to our reference results of ID1. ID5 adds a 5% 
normally distributed standard deviation to the mean of income or con-
sumption distributions, having a marginal impact overall. 

IDs 6 and 7 take the same conservative steps relative to ID4 as 
implementations 2 and 3 relative to ID1, by excluding the selection of 
the two and four, respectively, most extreme values. As expected, their 
results follow the same patterns relative to ID4, as do IDs 2 and 3 relative 
to ID1. The confidence level of obtaining MDG1 increase to 85 and 90%, 
while the poverty reduction at a 95% confidence level increase to about 
27% and 40% respectively. The means of the poverty estimates are 
slightly reduced, while a more substantial impact is observed on the 
standard deviations of those estimates as shown on Table 2. 

Finally, Table 3, shows global poverty estimates and probabilities of 
success for an alternative MDG1 appropriately formulated for the CBN 
approach. In all cases, the success of the goal of poverty reduction by 
50% in the 1990–2015 period at 95% cannot be concluded. The mean 
values of the CBN based estimates appear rather steady among the 
various implementations, remaining around 23.5∼ 25.5% for 1990 and 
12∼ 13.3% for 2015. In comparison to the DAD, the CBN approach 
shows smaller relative standard deviations slightly short of 10% on 
average and 20% at maximum, while DAD relative standard deviations 
are around 25∼ 65%. Comparatively, this can be explained by the lack 
of uncertainty from averaging NPLs to produce an iPL, and no PPP un-
certainty, since no PPP exchange rates are necessary in CBN. It is clear 
from these figures that the CBN approach delivers a more precise set of 
global poverty estimates in all cases investigated (see notes on Table 3 

for the implementation details, while the structure of the table –beyond 
omitting the iPL’s mean and SD– is identical to that of Table 2).39 This 
point is made evident also from the comparison of the lower sub-plot in 
Fig. 4, which depicts the baseline CBN implementation (ID 3), to the 
DAD sub-plot, and the clearly narrower breadth of the CBN global 
poverty estimates relative to those of the DAD method. 

4. Conclusions 

We have hereby shown that, as advocated by the Commission on 
Global Poverty report, the uncertainties of the DAD global poverty es-
timates should find their way in the official reports, as the findings we 
presented above suggest that they are of considerable magnitude. Using 
our findings for the DAD method, the number of people living in con-
ditions of absolute poverty in the world’s developing countries in 1990 
stands between 502 and 2823 million people, while in 2015 the interval 
is between 128 and 1788 million.40 We further show that MDG1 was 
achieved at a confidence level of 80%, considerably lower than the 
typical benchmark of 95%. Moreover, we find that at 95% confidence 
level a 5.19% reduction in global poverty is identified by the DAD 
method (baseline scenario). However, given the considerable poverty 
reduction identified by the CBN method in the same period, we conclude 
that the inability of DAD to identify substantial poverty reduction in the 
MDG1 period says more about the uncertainties of the method per se, 
rather than about the actual evolution of global poverty. 

We acknowledge that perhaps at the level of implementing legisla-
tion towards poverty reduction, lower confidence levels could be 
acceptable. At any rate, it is debatable how low the confidence level in 
testing MDG1 success should be, given the importance of how our world 
view may be influenced by receiving a positive or a negative message 
regarding the world’s capacity to succeed in halving global poverty 
within 25 years. However, the discussion about which would be the 
desired or acceptable confidence level, has not taken place for the pur-
pose of monitoring global poverty reduction goals. We believe that such 
dialogue is long overdue, also with respect to SDG1.1. Given the central 
role of poverty reduction –among others– in the development goals 

Table 3 
CBN Global Poverty estimates  

Implem. ID Mean 1990 (%) SD 1990 (perc.points) Mean 2015 (%) SD 2015 (perc.points) MDG1 Conf. Level (%) Pov. Reduc. (%)    

1 25.47 1.5 13.3 1.4 36 36.85    
2 24.08 1.64 12.31 1.43 45 36.39    
3 23.67 1.77 12.07 1.45 46 35.71    
4 23.69 1.78 12.07 1.46 46 35.75    
5 23.71 2.18 12.09 1.82 47 32.15    
6 23.67 2.33 12.08 1.72 47 32.31    
7 23.66 2.31 12.12 1.85 46 31.38    
8 23.66 1.9 12.09 1.57 46 34.53    
9 23.62 2.8 12.12 2.3 48 26.43    
PCN 43.15* - 11.62* - - -    

*: World Bank PovcalNet estimates from http://iresearch.worldbank.org/PovcalNet/povDuplicateWB.aspx, last visited on January 4th, 2019. 
Notes on implementation IDs: (1) only MDER calculation uncertainty included; (2) previous specification and the uncertainty of commodity prices is added; (3 - which 
is the baseline specification) previous specification and the aforementioned standard deviations for the consumption share rates are used; (4) previous specification, 
and a normally distributed 10% error term is added when imputing for countries with missing data; (5) previous specification, but with a 20% error term when 
imputing for countries with missing data; (6) specification as in ’3’, plus a 5% normally distributed error term in the mean of the income or consumption distribution; 
(7) previous specification, but with a 10% error term for distributions; (8) specification as in ’6’, and a normally distributed 10% error term is added when imputing for 
countries with missing data; (9) previous specification, but with a 20% error term when imputing for countries with missing data, and a 10% normally distributed error 
term in the mean of the income or consumption distribution. 

38 The World Bank uses the simple average of the regional poverty rate to 
impute the poverty rate for countries without enough data to estimate the 
poverty rate. 

39 The population coverage for DAD method is 88.6% and 82.6% for CBN in 
1990, while for 2015 coverage rates are 88.3% and 81.7% respectively. Given 
the relative size of uncertainties the approx. 6.3% difference in population 
coverage between the two methods should not be viewed as worrisome.  
40 Based on the 95% confidence level of poverty rates in the results from 

implementation 1 of Table 2, and the population in developing countries for 
1990 and 2015. 
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agenda, one could argue that not only each global poverty estimate 
should come with an uncertainty estimate, but also that long term goals 
like SDG1.1 should be stated with a concrete measure of success in terms 
of confidence levels. 

The officially reported DAD point estimates show a remarkable 73% 
reduction of global absolute poverty between 1990 and 2015. This 
stands in stark contrast with our findings and in our view this shows that 
not only the comparison of point estimates of DAD results gives an 
overly optimistic picture of the fight against poverty, but also when the 
same method is used, and the underlying uncertainties are included, one 
is led to believe that poverty reduction is rather minimal at the typical 
level of statistical confidence. Given that the critical step producing the 
bulk of the uncertainty for the DAD method comes from the averaging of 
NPLs, it appears that updating the DAD method, and substituting the 
averaging with another procedure, may produce confidence levels much 
higher that the 80% we have identified here (e.g. Klasen et al., 2016 
investigates alternative approaches in estimating an iPL). Alternatively, 

decomposing the NPLs in the Ferreira et al. (2015) dataset into absolute 
and relative components, as the theory behind Ravallion et al. (1991) 
stipulates, may give more accurate estimation of the implied iPL even if 
an averaging method would still be used. We find our results to be in line 
with the suggestion of Allen (2017) to use a CBN configuration as the 
basis for global poverty measurement. 

Finally, the main policy implication of our conclusion is that the 
profile of the global poor and the distribution of poverty around the 
world might be misleading given the large uncertainty in the DAD global 
poverty estimates.41 It would be worth implementing the above method 
on a regional or national level to demonstrate this remark more directly. 

Fig. 5. The elbow fitting of the National Poverty Lines as a function of log consumption per capita for the 74 countries in the RCS data set, using the PovcalNet PPP 
exchange rates. 

Fig. 6. Sensitivity of global poverty estimates to iPL values.  

41 We wish to thank an anonymous reviewer for this remark. 
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Appendix A 

A.1. Sensitivity of Global Poverty Estimates to iPL changes 

Fig. 6 serves as a benchmark of how successful the replication of the 
PovcalNet methodology is in our implementation. Fig. 6 contains four 
cases. The upper two refer to the year 1990 for which we compare our 
own calculations with those taken directly from probing the PovcalNet 
service with a sequence of iPL values.42 The visible discrepancy between 
the two curves has an average deviation of 1.1% in relative, or 0.52 
percentage points in absolute terms. Specifically at the standard 1.9$-a- 
day iPL value the difference is 0.34 percentage points. This, rather small, 
discrepancy is most likely the result of two differences between our 
implementation and PovcalNet. For countries that do not have a survey 
during a benchmark year PovcalNet only uses a survey if it is available 
within a 2 years interval for global poverty estimates after 2010, and in a 
3 years interval estimates for the 1981–2008 period (Ferreira et al., 
2015, p.28). In our implementation we use a 4 years interval 
throughout, which allows us to include the 1993.5 household survey 
from India (in addition to the 1987.5 one), and be able to provide 

increased coverage for the 2015 estimate due to lack of surveys around 
that year.43 

The other possible discrepancy is the difference in selecting the 
appropriate NAS growth statistic to be used in shifting the HHS mean to 
the benchmark year. Since PovcalNet does not report the exact NAS used 
at each individual case we cannot be certain in providing an exact 
replication of those choices. In light, however, of the uncertainties in the 
global poverty lines and rates presented in the results section we hold 
the position that the small deviations presented here do not undermine 
our results and conclusions, and that can be safely ignored. 

The two lower lines, showing the comparison for 2015, are also very 
close for all iPL values, and at the 1.9$ a day the difference is 0.72 
percentage points and should be similarly attributed to the aforemen-
tioned causes (1.31 percentage points on average).44 This gap might be 
worrisome and even puzzling, however since this means that our point 
estimates between 1990 and 2015 are further apart than the estimates of 
the World Bank we are tentatively introducing a bias that works against 
our findings. We therefore remain confident with respect to the validity 
of our implementations and our conclusions. 

A.2. Comparing the 1990 and 2015 global poverty distributions 

In estimating the confidence level of global poverty reduction be-
tween the estimates of global poverty for 1990 and 2015 one needs to 
take random samples from the common iPL distribution independently 
for the two years, and compare them to identify if MDG1 has obtained. 
We use this approach for our results in accordance with the stochastic 
nature of the quantities being compared. Our approach therefore implies 
that there exists a true, unknown value of the iPL, for which we don’t 
know precisely how it evolves in time and therefore it needs to be 
estimated at each and every point in time effectively as a distribution 
due to the uncertainties involved in its estimation process. This 

Fig. 7. Critical MAD values for the baseline (ID1) DAD scenario. Vertical gray lines at the critical value of 0.35.  

42 This is done with an updated version of the script initially provided by 
Dykstra et al. (2014). The values we used are from 0.5 up to 5 PPP dollars with 
a 0.01 step. 

43 This increased coverage comes at a price in terms of HHS extrapolations; see 
Section 2 for the methodological details.  
44 At the edges of the 95% confidence interval of the iPL, shown in Table 2 at 

row ID 4 and in the upper sub-plot of Fig. 3, the difference is 0.29 and 1.68 
percentage points, with a mean of 0.91 percentage points within the interval. 
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subsection discusses tentative alternatives. 
It is perceivable that the findings presented in Table 2 may seem 

misleading because of the idea stating that there should be only one PPP 
draw underlying each poverty rates pair comparison between 1990 and 
2015. This rationale could probably be explained by the frequency that 
the ICP project produces PPP rounds: about once every 6–10 years, and 
the subsequent repetition of the entire series of estimates by the World 
Bank following each new ICP round. Nevertheless, ICP rounds should 
have been yearly, but budgetary and other constrains –irrelevant to the 
point made here– simply do not allow for yearly ICP rounds, and 
extrapolation is used around the particular ICP benchmark year.45 In 
this –more appropriate– case, a methodologically and data wise ideal 
1990 round should be used for 1990 and likewise the 2015 ICP round for 
2015. There is no reason why the PPP rates should be fixed at each ICP 
round, and our random sampling approach also simulates this lack of 
PPP rates with yearly frequency as they ought to be delivered. This point 
suggesting multiple PPP-benchmarks is corroborated by the updating 
procedure followed by the Madisson project, (Bolt, Inklaar, de Jong, & 
Zanden van, 2018b, p.11), and by the recommendations of Aten and 
Heston (2010, p.176) in averaging different PPP estimates between 
benchmark years. 

Even more rigidly, some may find the approach of fully independent 
draws for the two benchmark years hard to agree with, as they might 
expect that even if one does not know the exact level of the iPL in 1990, 
whichever that level might be it must be exactly the same also for 2015 
when the reduction rate between those years is estimated. If one accepts 
such a strict reading, such as the one discussed in the previous sub- 
section, then the comparison between the two benchmark years would 
be as if error-less. 

Although we consider that this entire notion of fully inter-yearly 
dependent iPLs builds on the idea that PPPs are error-less, we discuss 
here an alternative approach that can be used which avoids strict in-
dependence, and instead opts to produce critical values regarding how 
the iPLs from 1990 and 2015 are paired in the sampling procedure. For 
this purpose, we use the mean absolute difference (MAD) between the 

randomly selected iPLs for 1990 and 2015. This MAD is the condition 
that the 1990/2015 iPL pairs must satisfy in order to guarantee that the 
values of those lines are closely linked. Our baseline scenario (ID 1 in 
Table 2) requires a 0.35 MAD value (in 2011 PPP dollars) so that it 
supports the success of MDG1 at 95% confidence level (see Fig. 7 for the 
full curves). 

Now we need to find empirical evidence against which to compare 
this value. This will allow us to indicate if this critical MAD value is too 
restrictive or too loose. If it is too restrictive (loose) it will mean that the 
actual MAD should be higher (lower), rendering the MDG1 unsuccessful 
(successful) at 95% confidence level. 

We took stock of all the poverty rates published by WB based on 
NPLs, and then inverted them using the PovcalNet data to get the im-
plicit NLP value (this is the method applied by World Bank Poverty and 
Inequality Team researchers Jolliffe & Prydz, 2016). Fig. 8 shows the 
results of this investigation. The NPLs we calculate this way are paired 
on a per country basis. The x axis indicates that NPLs at point t on x axis 
have at least t years of difference between them. Each line on the graph 
is produced by a different split of the data, depending on the maximum 

Fig. 8. MAD evolution of estimated NPLs as a function of the minimum gap of 
years among same country NPLs. Numbers near the lines represent the number 
of observations N at each point. Horizontal dashed lines at critical values 
0.35 (ID1). 

Table 4 
“Illustrative Checklist for Nonsampling Errors”, details added upon the original 
(Atkinson, 2016, p.52). Entries marked with the term “Robustness” are not part 
of the main treatment.   

Source of error Accounted 
for in 

Approach/Comment  

1 Incomplete country 
coverage 

Robustness Add a 5% or 10% normally 
distributed error term on 
those regional averages.  

2 Incomplete measurement 
of consumption/ 
measurement error 

Robustness Add a 10% or 20% normally 
distributed error term to all 
distributions.  

3 Use of income in place of 
consumption 

None Consumption is arguably a 
better indicator of welfare 
than income, but not all 
countries have consumption 
HHS.  

4 Population missing from 
sampling frame 

None E.g. those incarcerated.  

5 Survey differential 
nonresponse 

None Under-reporting by the rich 
and under-representation of 
the poor.  

6 Inaccurate or out-of-date 
population totals 

None -  

7 Errors in the 
determination of the 
poverty line 

Both Various uncertainties (PAL, 
MDER, NPL averaging, PPP, 
etc, see text for details).  

8 Standard error of PPP 
indexes to calculate 
baseline local currency 
poverty line 

DAD Estimated PPP standard 
errors and its impact on iPL 
determination. This is not 
applicable to CBN.  

9 Surveys not comparable 
over time 

None E.g. due to methodological 
changes.  

10 Extrapolation of out-of- 
date survey data 

Both A correction is applied 
based on the history of HHS 
and NAS growth rates 
following FEA.  

11 Bias in domestic CPI to 
update local currency 
poverty line 

CBN This is encapsulated in the 
CBN approach.  

12 Differential inflation for 
the poor 

CBN The consumption baskets 
used in CBN are CPIs for the 
extreme poor.  

13 Rural/Urban and other 
geographical differences 

Both Rural/Urban split for the 
countries with available 
data, namely: China, India 
and Indonesia.  

14 Use of equivalence scale 
in place of per capita 
calculation 

None Access to the HHS 
microdata is required for 
addressing this. On the 
required scale only World 
Bank researchers have the 
required access.   

45 Extrapolation is the term used by Bolt, Inklaar, de Jong, and Zanden van 
(2018a) for this method of keeping the PPP terms fixed and extrapolating them 
locally in each country with the use of CPIs. 
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PPP dollar value allowed in the set as marked in the figure’s legend. 
The lower the maximum value allowed the lower the number of NPLs 

in the group. For the time span of 25 years that we are interested in, 
there are simply not enough data available. However, all the trajectories 
in the graph imply that we would get an MAD somewhere in the area 
between 0.35 and 0.45, close but above the critical MAD value. There-
fore this supplementary approach does not seem to directly challenge 
our findings, but rather generally indicates a trajectory that would 
support them. 

Comparing the critical MAD values with some reference values can 
also be addressed using the NPLs calculated here based on the cost of 
basic needs approach. Those poverty lines do express the same goal 
(nearly barebone subsistence with some frugal additional expenses), 
and their volatility with respect to their PPP dollar value is indicative 
of the consistency of the PPP assumption for the consumption needs of 
those living in conditions of extreme deprivation. The MAD for the 
CBN is 0.47 for the 25 years span of MDG1 (in line with the trajectories 
in Fig. 8), which would make the 0.35 value appear rather 
restrictive.46 

Regardless, since we don’t have a set of actual official NPL values, 
but instead we estimate them indirectly, an alternative interpretation 
presents itself. Such an interpretation would state that the MAD as a 
function of years between NPLs (from the same country) is increasing in 
time because of differences in the underlying methodologies of the 
household surveys. But this should find satisfactory response in the fact 
that it is only the mean absolute difference that increases, while the 
mean difference remains very close to zero. 

A.3. Omitted error sources 

As it can be seen from Table 4 we are not treating all possible 
sources of non-sampling error identified by Atkinson (2016). Also, in 
some cases the treatment we operationalize is a crude and horizontal 
one, such as for HHS consumption (or income) measurement error, 
while in other cases we only provide treatment for one of the two 
methods that we compare (e.g. item 12 on the domestic CPI for the 
poor). 

The important question, however, is whether the items that are not 
treated threaten the validity of our results and conclusions. If in the 
future a reliable method to estimate the missing non-sampling un-
certainties emerges –as the Commission on Global Poverty strongly 
advocates that it should– the total non-sampling uncertainty of global 
poverty estimates can be obtained by adding these uncertainties to the 
one we arrive at, in quadrature, assuming that the missing un-
certainties are reasonably uncorrelated with the ones provided in this 
work. This will certainly increase the total uncertainty, so our results 
here can be seen as a lower bound to the unknown total uncertainty. In 
case there are missing effects that are strongly correlated, their un-
certainty should be added linearly to the present one, hence the total 
would increase further. In order for the total uncertainty to shrink, one 
has to assume that some of the missing effects are not only as signifi-
cant, in magnitude, as the ones included, but also strongly anti- 
correlated to the latter, and that on a global scale. In fact, in order to 
invalidate the main result of the paper, one needs spectacular decrease 
in the uncertainty estimates, since as shown in the results section, the 
uncertainty on the success of DAD poverty rates is rather large, and the 
confidence level where MDG1 obtains is within a considerable distance 
from the more typical value of 95%. 
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