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Abstract
This paper uses quantile methods to improve the identification of people who are vul-
nerable to future episodes of poverty. This methodology relaxes distributional assump-
tions inherent in standard methodologies; is robust to measurement error and outliers;
and easy to implement which allows easy adoption by policymakers. Moreover, this
methodology may provide more dynamic information about household welfare than the
static poverty rate. Applying this novel strategy to data from Uganda to illustrate its
usefulness, I find that it more accurately identifies the future poor among the general
population. The accuracy is highlighted in the fact that more than 2 in 3 households
identified as vulnerable using the quantile strategy became/remained poor within 1-2
years, compared with less than 1 in 2 households using standard empirical strategies.
Overall, this study points to gains researchers and policy practitioners can make by

relaxing distributional assumptions when identifying the vulnerable.
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1 Introduction

In every country, there exists a non-trivial subset of the population who are at high risk
of future episodes of poverty. In Uganda, for example, 21.8% of households not poor in
2010/2011 became poor within 1-2 years and approximately half became poor within 4-6
years. Static welfare measures—such as the prevalence of poverty, the severity of poverty
and the depth of poverty—cannot ex-ante identify these households. Moreover, public poli-
cies based on ex-post measures of welfare may not be relevant to what is required to prevent
future shortfalls in welfare. For example, policies targeting improvements in human and
physical capital might be more appropriate for alleviating future shortfalls in welfare and
poverty, while cash transfers and other consumption augmenting policies might be more im-
portant for alleviating current shortfalls. Ex-ante measures of welfare can be used to identify
the subset of the population who are vulnerable to welfare shortfall and poverty, which can

then help to inform important policy decisions.

The literature has not settled on the best technique for identifying vulnerable individu-
als, but the most popular way this is done is through the Vulnerability as Expected Poverty
(VEP) approach (Gallardo, 2018).! Examples of papers that have used this approach in-
clude Christiaensen and Boisvert (2000), Pritchett et al. (2000), Chaudhuri et al. (2002),
Chaudhuri and Christiaensen (2002), Kamanou and Morduch (2002), Chaudhuri (2003),
Suryahadi and Sumarto (2003), Christiaensen and Subbarao (2005), Giinther and Harttgen
(2009), Chiwaula et al. (2011), Zereyesus et al. (2017), Pham et al. (2021), and Jing et
al. (2022). This approach emphasizes expected future state of poverty (which can be af-
fected or determined by exposure to risk). Under this approach, an individual is considered
vulnerable if their probability of future state of poverty is above a threshold (often 50%).

To characterize this probability, the probability distribution of the welfare variable (usually

1See Gallardo (2018) for a review of other approaches.



future consumption/income) will have to be determined or assumed. This is often assumed
to be normal, with its parameters (the mean and variance) estimated by Ordinary Least
Squares (OLS), or in some cases Maximum Likelihood (ML). Current estimation strategies
used in identifying the vulnerable have been open to many criticisms such as incomparability

across different proposed strategies, validity, and robustness concerns (Hardeweg et al., 2013).

This paper will illustrate how, by using an estimation technique that is robust to measure-
ment error and outliers to estimate the conditional median of consumption (Chesher, 2017),
accuracy in the identification of those who are vulnerable to poverty can be improved relative
to standard empirical methodologies. This estimation technique, Quantile Regression (QR),
1) does not rely on any assumptions about the distribution of future consumption, and 2)
determines the underlying conditional distribution (conditional on observed characteristics)
empirically from the data.? Moreover, this paper will show that using the median-based
methodology provides more accurate identification and more information about the future
poor than simply looking at the poverty rate. To preview the results, more than 2 in
3 households became poor within 1-2 years after being identified as vulnerable with the
median-based (quantile) methodology, compared to less than 1 in 2 with standard vulner-
ability methodologies like the ones utilized in Giinther and Harttgen (2009) and Zereyesus
et al. (2017). Using different statistical measures of prediction accuracy, the median-based
methodology is shown to be more accurate than standard vulnerability measures. More-
over, among those currently non-poor that were identified as vulnerable, the median-based
methodology identified a higher proportion of “poverty switchers” (non-poor who went on
to become poor in the near future) compared to the proportion identified with standard

vulnerability methodologies.

2There is a distinction between conditional distributions considered in this paper and unconditional distribu-
tions. The latter is directly observed and refers to distribution of welfare across all households/individuals,
while the former is not directly observed and refers to the household/individual specific distribution of
welfare.



Due to the unavailability of lengthy panel data for many developing countries, papers
in the vulnerability literature often use cross-sectional or short panel data. This paper will
also illustrate how using the median-based methodology to estimate vulnerability with cross-
sectional data may provide better estimates of vulnerability compared to standard empirical
strategies that also estimate vulnerability in the cross-section. However, when lengthy panel
data is available it should be used to estimate vulnerability. Data from Uganda is used to
do the comparisons. Uganda is one of the poorest countries in the world, with a significant
share of the population experiencing shocks to welfare (Atamanov et al., 2022). This, along
with readily available data to evaluate ex-ante performance of the different vulnerability

methods, made it a good candidate to conduct the analysis.

In addition to contributing to the literature on identifying those who are vulnerable to
poverty, this study joins a push by other studies in topics such as resilience (e.g. Barrett
and Constas, 2014; Cissé and Barrett, 2018; Phadera et al., 2019; and Oconnor, 2022) and
deprivations (e.g. Kumar et al., 2009) to increase our understanding and analysis of the
current and future poor. Moreover, by highlighting a potentially more accurate way of
characterizing the conditional distribution of welfare that researchers may be more confident
in, this study may help to facilitate the analysis of development programs and policies in a
new dimension where the outcome variable is the entire conditional welfare distribution and
not only the first moment.? Before outlining the proposed methodology and comparing it to
standard methodologies, in the next section I will first provide an overview of the standard

methods of vulnerability estimation.

3There have been many studies that estimate effects considering the unconditional distribution of welfare
(e.g. Gupta et al., 2018; Gupta and Jalles, 2022; and Kim and Rhee, 2022), but few studies have considered
the conditional distribution.



2 Current methods of estimating vulnerability

Individuals and households often face recurring and unanticipated environmental, ecolog-
ical, or socio-economic shocks (Ansah, 2019). Even when individuals are not currently poor,
the existence of potential shocks and their vulnerability to them can have far reaching con-
sequences such as threatening food security, diet and nutrition issues, relationship problems
and inability to escape poverty (Jorgensen and Siege, 2019; Barrett and Constas, 2014).* A
person is considered vulnerable to poverty if they are at significant risk of becoming poor or
at significant risk of remaining poor. There are two key elements that must be considered
when identifying individuals that are vulnerable to poverty: 1) a future well-being that has
some possibility (risk) of being below the poverty line in the future, and 2) an estimation of

this risk of falling below the poverty line in the future.

Vulnerability to poverty approaches can be classified under 4 groups (Gallardo, 2018): 1)
those that emphasize vulnerability as exposure to risk which cause deviations from smooth
consumption. A household is then considered vulnerable due to their inability to have smooth
consumption, 2) those that emphasize expected future state of poverty. A household is then
considered vulnerable if they are expected to be poor. This is often referred to as the Vulner-
ability as Expected Poverty (VEP) approach (Hoddinott and Quisumbing, 2003; Gallardo,
2018), 3) those that emphasize vulnerability as a utility gap, where the gap is the difference
between the expected utility derived from different states of nature and that derived from
a reference point (such as the poverty line), and 4) those that use a mean-risk criterion to
calculate risk. Under this last category, vulnerable individuals are identified based on how
far structural consumption deviates from its expected value, where deviation is estimated

based on the mean/expected deviation (risk).

4Barrett and Constas (2014) examined resilience in their paper, but resilience and vulnerability can be con-
sidered two sides of the same coin (Jorgensen and Siege, 2019).



The VEP approach is the most popular method of identifying vulnerable individuals
(Gallardo, 2018). Important early papers in this line of research includes Christiaensen and
Boisvert (2000), Pritchett et al. (2000), Chaudhuri et al. (2002), Chaudhuri and Christi-
aensen (2002), Kamanou and Morduch (2002), Chaudhuri (2003), Suryahadi and Sumarto
(2003), and Christiaensen and Subbarao (2005). This way of estimating vulnerability contin-
ues to be popular, with organizations like the World Bank recently using it to do vulnerability
assessments in Uganda and Ethiopia (Atamanov et al., 2022; and Skoufias et al., 2021). The
idea is to first estimate the probability that future consumption is below the poverty line,
that is p(ciy1 < z), where ¢4 is a random variable corresponding to the distribution that
future consumption is drawn from, and z is the poverty line. Most papers in the VEP ap-
proach to estimating vulnerability focus on a uni-dimensional vulnerability measure indexed
to a conventional cut-off for poverty, such as a poverty line based on the Cost of Basic Needs
(CBN) approach to poverty line estimation. This paper follows in a similar way by indexing
vulnerability to a conventional cut-off for poverty. The concept of indexing vulnerability to a
multidimensional threshold for poverty, such as the Multidimensional Poverty Index (MPI),

is not considered in this paper.®

It can be argued that everyone observed in the current year have some non-zero risk of
welfare shortfall and poverty in the future. Some criterion is thus needed to identify indi-
viduals who are vulnerable to poverty separately from the general population. In the VEP
literature, a probability threshold is used as the cut-off point for classifying a household as
being vulnerable to poverty. The probability threshold most often used is 50%, such that

an individual is considered vulnerable to poverty if the criterion p(c;11 < z) > 50% is satis-

®Azeem et al. (2018) compared vulnerability estimates using both a uni-dimensional and multidimensional
cut-off point for poverty. One of the results of that study was that the chosen cut-off does not matter a great
deal for the ex-ante identification of those vulnerable to poverty.



fied. This threshold level is a natural choice as an individual who is identified as vulnerable
according to this threshold is more likely than not to be poor if faced with a random down-
side shock to their current level of consumption. Other threshold values have been used
in the literature; for example, Lopez-Calva and Ortiz-Juarez (2014) used a probability of
poverty cut-off of 10% as a dividing line between economic security and vulnerability, while
one of the thresholds used by Chaudhuri et al. (2002) is to define an individual as vulnera-

ble to poverty if her level of vulnerability is greater than or equal to the current poverty rate.

To characterize p(c;11 < z) > 50%, we must know the probability distribution of the ran-
dom variable ¢,y;. This probability distribution is often assumed to be normal.® The normal
probability distribution is characterized by its mean (E(c;41|X};)) and variance (o(ci11|Xy)),
both of which must be estimated. These parameters are typically assumed to be a function of
observable characteristics and shocks, and are estimated via ordinary least squares or maxi-
mum likelihood (e.g. Christiaensen and Boisvert, 2000; Pritchett et al., 2000; Chaudhuri et
al., 2002; Christiaensen and Subbarao, 2005; Gilinther and Harttgen, 2009; Zereyesus et al.,
2017). After estimating the variance and expected value of future consumption, individual

's vulnerability level can be defined as

w=e (T .

Individuals who are vulnerable to poverty can be identified using the probability threshold

and indicator function as follows:

50ne exception to this is Lopez-Calva and Ortiz-Juarez (2014) who estimated whether future poverty status
equals 1 (poor) or 0 (not poor) given current household characteristics and shocks. This estimation strategy
requires the assumption of a logistic or probit link function for the distribution of the latent variable deter-
mining future poverty status. Another exception is Hohberg et al. (2018) who use the Receiver Operating
Characteristic (ROC) curve in a distributional regression.



Figure 1: Errors with Misspecified Distribution
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Note: Figure illustrates the errors of inclusion (type I errors) and exclusion (type II errors) in vulnerability identification that

will result if the distributions were assumed to be symmetric, when the true distributions are the ones presented in panels A
or B.
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Where 1(.) equals 1 when the condition in the bracket is true.

An issue arises where the assumption of normal distribution of ¢;;1 may lead to inclusion
and exclusion errors. To illustrate this point, suppose that the poverty line is $100 and there
are four possible states of nature with equal probability and a skewed distribution. In three
of the four states an individual’s consumption is $95, and in the fourth it is $120. In this
case the individual would not be expected to be poor even though they face a 75% chance
of being in poverty. By assuming that the distribution of future consumption is normal, the
expected value of future consumption will erroneously imply that the individual has less than

a 50% probability of future poverty since it is above the poverty line. Therefore, accurately



characterizing the true conditional distribution can improve vulnerability identification and
improve potential policy intervention. Figure 1 provides additional illustration of this point.
If a person’s true median value is below its mean value, then assuming their welfare has a
normal distribution may result in errors of inclusion (type I errors). Similarly, If the true
median value is above the mean value, then assuming a normal distribution will result in
errors of exclusion (type II errors). Moreover, the assumption of normality may not hold
even on the log scale (Koenker and Hallock, 2001), and even if it holds the results of log-
transformed data may lead to biased estimates of the untransformed raw variable (Manning,
1998; Manning and Mullahy, 2001). These transformations of data should be used parsimo-

niously, and generalized estimation models should be preferred (Feng et al, 2014).

While quantile regression relaxes the distributional assumption of vulnerability models
that use OLS, quantile regression itself does come with its own assumptions and some limita-
tions when it is used to characterize the conditional distribution. First, each quantile model
is estimated independently, and this may result in a higher quantile estimate of consumption
being larger than a lower quantile estimate (quantile crossing). Second, quantile regression
is not very efficient and thus will not be appropriate for small sample sizes. Finally, quan-
tile regression does not work well if the dependent variable is not very continuous (Harrell,
2022). Nevertheless, this study will show that when the quantile regression method is used
in the context of this paper, it more accurately identifies the future poor among the general

population.

3 Proposed empirical methodology

Due to the limitations of current methodologies identified in the previous section, this
paper proposes the use of a more general estimating method based on the median: Quantile

Regression for the 50th percentile. This paper will show how this strategy leads to im-



proved accuracy in the estimates of household vulnerability to poverty.” After estimating
the conditional median of consumption expenditure (Qo5(c;¢+1]X:)), households vulnerable

to poverty can now be identified by the updated condition:

Vit = ﬂ(p(ci7t+1 < Z) > 05> = H(QO.S(Ci,t+1|Xt) < Z) (3)

There is no reason to separate, in time, a random variable from its effective realiza-
tion (Gallardo, 2018). Moreover, policy practitioners in developing countries often have to
make due with only cross-sectional data to estimate vulnerability. With this in mind, time

stationarity is assumed and I can rewrite equation (3) to identify the vulnerable:

vip = 1(Qos(cit| Xi) < 2) (4)

This paper will show that estimating the median of the conditional distribution of con-
sumption expenditure will help to minimize inclusion and exclusion errors and provide more
accurate information on the future poor when compared with the standard empirical method-
ologies in the vulnerability to poverty literature. It will achieve this by 1) not relying on
any assumptions about the distribution of future consumption, and 2) determining the un-
derlying distribution (conditional on observed characteristics) empirically from the data.
Moreover, the QR strategy is more robust to measurement error and outliers which are fea-

tures commonly seen in household survey data (Chesher, 2017).

The QR estimator is a special type of m-estimator (Woolridge, 2002). An m-estimator

is the parameter that solves the following minimization problem: ?iél%Zﬁlq(w, B), where
€

w is a vector of random variables. If g(w, 3) is squared deviations, this gives the usual OLS

estimate of 8. If ¢(w, 8) was instead absolute deviation (eg. q(w, ) = |y — xf|), this gives

"The unit of analysis in this paper will be the household and not the individual level.



us the estimate of § corresponding to the conditional median of y. The seminal paper by
Koenker Bassett (1978) showed that by using an asymmetrically weighted (tilted) absolute
value function, defined as p(7), this provide estimates at every 7" quantile, not just the

median. Each quantile estimate (8(7)) is then the solution of the following minimization
problem nin L35, p(r)ly — ]

As mentioned in the introduction, this paper uses cross-sectional data to estimate vulner-
ability. Due to the unavailability of lengthy panel data for many developing countries, papers
in the vulnerability literature often use cross-sectional or short panel data. Another objective
of this paper is to illustrate how using the QR method to estimate vulnerability with cross-
sectional data may provide better estimates of vulnerability compared to standard empirical
strategies that also estimate vulnerability in the cross-section. Furthermore, cross-sectional
models are appropriate even when the panel length is short.® However, lengthy panel data
should be used to estimate vulnerability when available as it allows the linking of changes in
household characteristics with changes in their welfare by controlling for household specific

effects.”

4 Comparison models

The median-based (quantile) model will be compared with two other vulnerability models
and in some instances to the static poverty rate. These two vulnerability models are mean-
based and are generally consistent with the empirical methodology of most Vulnerability as

Expected Poverty measures. Comparing these two models to the median-based estimates of

8Using a short panel with variables that are fixed or slow changing will result in effects not being identified
due to lack of variation (Vial and Hanoteau, 2015).

91f sufficient panel length is available, the quantiles-via-moments estimator developed by Santos Silva and
Machado (2019) provides reasonably good estimation of quantile models. There is some bias in the estimates
using this technique, but as noted by the authors the bias can be removed using the split-panel jackknife
procedure of Dhaene and Jochmans (2015).

10



vulnerability will help to determine whether median-based models provide more and better
information on predicting the future poor than standard methods. The two vulnerability
models are based on papers by Zereyesus et al. (2017) [ZETA] and Giinther and Harttgen
(2009) [GH].

To do the comparison between the median and mean-based methodologies, I first divide
the data used in this analysis—Uganda National Panel Survey (UNPS)—into a training
wave (2010/2011) and test waves (2011/2012, 2013/2014 and 2015/2016).1° Uganda is one
of the poorest countries in the world, with a significant share of the population experiencing
shocks to welfare (Atamanov et al., 2022). This, along with readily available panel data
for the country, makes it a good candidate to compare the vulnerability methods. Second,
using the training wave I will estimate the vulnerability to poverty rate for Uganda using the
'Median’, "ZETA’ and 'GH’ methodologies, along with the standard errors and confidence
interval of each estimate. This will give an idea of how many households are being identified
as vulnerable under each methodology. Third, I will test the predictive performance/internal
validity of each methodology by comparing how well they identify the future poor. To do
this, for the test waves of the data I look at the poverty status of households identified as
vulnerable in the training wave. The idea is that the most effective measure of vulnerability
will have a higher success rate in the ex-ante identification of the future poor. Fourth and
finally, I will utilize different statistical measures to evaluate the predictive capabilities of each
empirical vulnerability measure. These measures include the rates of inclusion and exclusion
errors, statistical accuracy, and a computation of the Matthews Correlation Coefficient of

each empirical method.

10The UNPS data is publicly available at https://microdata.worldbank.org/index.php/catalog/lsms
(retrieved March 6, 2020).
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4.1 Zereyesus et al. (2017) [ZETA]

The model used in ZETA is based on one of the most cited and influential papers in the
vulnerability literature, Chaudhuri et al. (2002). The authors used three-step feasible GLS
(FGLS) to model the log of consumption. Consumption data is rarely homoskedastic, and
therefore FGLS estimation is used to control for this. The first stage involves running an
OLS model of consumption on its determinants. The second stage has two steps: 1) from
this first stage, the residuals are collected, squared and used as the dependent variable in a
regression in the second stage, involving the same independent variables from the first stage.
2) the inverse of the predicted values from the first step of this second stage is used to weight
the entire model in the first step. The prediction from this new model in the second step
is the asymptotically efficient estimate of the variance of consumption. For the third stage,
the inverse of the square root of the predicted values in the second stage (that is, the inverse
of the estimated standard deviation of consumption) is then used to weigh the model from

stage one. The final predicted value from this stage is the estimated mean of consumption.

Using the mean and standard deviation estimated from the three-stage procedure above,
the vulnerability estimates of households is determined by assuming that the distribution
of the log of consumption is normal. This is the procedure that is used to calculate all
vulnerable to poverty estimates in the subsequent sections of this paper that are attributed

to the "ZETA’ empirical methodology.

4.2 Giinther and Harttgen (2009) [GH]

The independent variables that are used to determine vulnerability estimates are often
based on household characteristics, community characteristics, and shocks. Giinther and
Harttgen (2009) recognized that, due to the inclusion of community variables which are
common to all households within a community, the i.i.d. assumption of OLS may be vi-

olated. To control for this, they modeled consumption using multi-level modelling. The

12



estimation procedure is done in two steps: the first step involves running a multilevel regres-
sion of consumption on household characteristics, community characteristics, and shocks.
Residuals due to household variation, those due to community level variation and those due
to total variation are then collected and squared. In a second step, heteroskedaticity is then
controlled for by running a regression of the squared total residuals in the first stage on
the household characteristics, community characteristics, and shocks. This also allow the
estimate of consumption variance to depend on observable characteristics. The predicted
values from the second step represents the variance of consumption. The predicted values
from the first step will represent the mean of consumption. The estimated variance and
mean of consumption are then used, along with the assumption that the log of consumption
has a normal distribution, to calculate estimates of vulnerability. This is the procedure that
is used to make all vulnerability estimates in the subsequent sections of this paper that are

attributed to the "GH’ empirical methodology.

5 Estimation Model and Data

Median Consumption for household ¢ is modelled through the following process:

Qos(cit) = xitf1+ xi40; 102 + 6ir + €y (5)

The deterministic part of household consumption, z;;, include household /individual char-
acteristics (eg. education of household head, labor and housing characteristics) and the
economic and social characteristic of the environment (eg. access to markets, roads and elec-
tricity). The variables 6;; and e;; denote observed (eg. floods or death of income earner) and

unobserved idiosyncratic shocks, while the interaction term z; ;0; ; denote coping strategies.!!

HSome studies on vulnerability separated observed covariate (common) shocks from observed idiosyncratic
shocks. However, the data used in the present paper allows covariate shocks to be combined into observed
idiosyncratic shocks. For instance, I can determine whether a household in a locality was affected by a flood

13



If shock data are available, they should be included in empirical models used to estimate
vulnerability to poverty as they assist in the unbiased estimation of the marginal effects of
included variables (Ward, 2016). However, based on specification in (5), the relationship be-
tween included household characteristics and shocks is related to the interaction term since
shocks, even when observed, are otherwise completely random. If the effect of the interaction
term is negligible, then not including shocks should still provide reasonably good estimates

of the marginal effects of the other variables.

The dataset being used to implement the quantile estimation methodology is the Uganda
National Panel Survey (UNPS). As previously mentioned, Uganda is a good candidate to
compare the vulnerability methods as 1) it is one of the poorest countries in the world, with
a significant share of the population experiencing shocks to welfare, and 2) there is readily
available panel data for the country to do ex-ante estimates. The UNPS is a nationally
representative panel that is collected with technical assistance by the World Bank. From
this panel there are 6 total waves conducted between 2005 and 2020. The first of these waves
is the 2005-2009/2010 wave, which is the baseline wave. The data utilized in this paper are
the four waves after the baseline wave. These are the 2010/2011, 2011/2012, 2013/2014 and
2015/2016 waves. The 2010/2011 wave was used as the training dataset, and the 2011,/2012,
2013/2014 and 2015/2016 waves were used as the test datasets. The coverage of the sample
is around 3000 households across Uganda for the test and training years. Attrition rate be-

tween the training wave (2010/2011) and the first test wave (2011/2012) was 7.6%.? For the

or some other covariate shock, regardless of whether the community overall experienced this shock. Since
communities are drawn along sometimes trivial boundaries, it is possible that some households in certain
parts of the community did not experience a particular shock while households in other sections of the
community did.

12A caveat is that, due to attrition, the data is not balanced across waves. Since only one wave is used to train
the data, the imbalance of the panel structure should not have any impact on model estimation. In terms
of ex-ante estimates, the imbalance of the panel structure may impact conclusions if there is a correlation
between the missing data and the vulnerability measure, but there is no evidence of this.

14



2013/2014 wave, a third of the sample was randomly refreshed to ensure the overall sample
keeps representativeness with the general Ugandan population. Therefore, for the 2013/2014
and 2015/2016 test waves, total attrition (relative to the training wave) was around 40%
due to the combination of planned and natural attrition. Since the sample was refreshed at
random, the two-thirds of the sample not refreshed in 2013/2014 and 2015/2016 should be
statistically the same as the full sample in the training wave (2010/2011) and first test wave
(2011/2012). Any differences observed should be due only to chance. Only the two-third

sample was used in the 2013/2014 and 2015/2016 test wave analysis.

The UNPS include information on individual and household characteristics. It also col-
lects information on the communities where the households are located, a comprehensive
agriculture questionnaire for households engaging in this activity, and it includes data on a
range of shocks that the households and the community faced. The Ugandan poverty line
used in this paper is from Levin (2012), which was 516,546.7 UGX per adult equivalent in

2010 (this equated to $1.67 per person per day in purchasing power parity (PPP) in 2010).3

Table 1 provide summary statistics. Average annual adult equivalent consumption ex-
penditure in 2010 was 819,885.9 Ugandan Shillings (UGX), which is approximately PPP
$981.4. As with many low-income countries, the employment rate in Uganda is high due
to high levels of self-employment, and so it is meaningless in the estimation of standard of
living. Instead, I use formal employment and a measure of whether a household head is self-
employed (enterprise owner) as a way of estimating the effect of labor market participation

on consumption expenditure.* On average, 10.7% of individuals in households are in formal

13Levine (2012) generated the poverty line for Uganda using 1997 as the base year, and for this paper the
poverty line was scaled up to 2010 prices using CPI from the World Bank World Development Indicators
website. The PPP exchange rate (private consumption) was also retrieved from the same website.

14Formal employment is defined as individuals who work in businesses that are registered for Value Added
Tax, Income tax or where the workers in that business are in the Pay As You Earn (PAYE) system.
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employment and 30.4% of household heads are enterprise owners. The average household
size is 6.4 individuals, while about 3.1 children 0-14 years old are in each household. Some
12.1% of households use electricity, while 72.3% of households have access to “protected”
water sources. About 41.4% of households obtained credit either from a financial institution

or from friends or relatives.

Table 1
Summary Statistics of dependent variable and covariates
Mean Std. Dev. N
Dependent Variable Adult equivalent consumption expenditure (in 2010 local currency unit)  819885.9 1008070 2500
Formal Sector employment all members (% of HH members) 0.107 0.367 2713
Household head enterprise owner (1=yes) 0.304 0.460 2713
Household Size 6.394 3.336 2713
Area (1=urban, 0 rural) 0.225 0.418 2713
Sex of HH head (1=female) 0.304 0.460 2713
# rooms per adult equivalent 0.610 0.511 2637
Fertilizer use (1=yes) 0.119 0.323 2713
Pesticide use (=1 if household use pesticide) 0.087 0.281 2713
Dependency ratio 1.296 1.097 2636
% of persons aged ;14 in HH who can read and write with understanding (literacy) 0.744 0.330 2712
# cattle owned 1.627 5.912 2713
Use electricity (1=yes) 0.121 0.326 2636
Age of HH head 45.949 15.262 2713
Household Highest education of HH head
Characteristics Some primary (=1 if true) 0.509 0.500 2713
Some secondary (=1 if true) 0.158 0.365 2713
Post secondary (=1 if true) 0.073 0.260 2713
Number of Children (0-14 years old) 3.112 2.227 2713
Accessed credit (1=yes) 0.414 0.493 2713
Flush toilet access (1=yes) 0.018 0.132 2713
Latrine use as main toilet (1=yes) 0.763 0.426 2713
Motor Bike ownership (1=yes) 0.068 0.251 2713
Mobile phone ownership (1=yes) 0.559 0.497 2713
Television ownership (1=yes) 0.118 0.323 2713
Access to protected water sources (1=yes) 0.723 0.448 2713
% of employed in comm. who own their own enterprise (avg % across all comms) 0.529 0.330 324
Human capital of comm: avg across comms of # of persons in HH completing
Some primary 1.185 0.523 324
Some secondary 0.383 0.329 324
Post secondary 0.141 0.225 324
Regions (% of HH from these regions)
Kampala 0.068 - -
Community Central 0.242 - -
Characteristics Eastern 0.238 - -
Northern 0.255 - -
Western 0.197 - -
Financial services in community (% of HH in comm with access) 0.053 0.224 2709
Education services in community (% of HH in comm with access) 0.600 0.490 2709
Health services in community (% of HH in comm with access) 0.303 0.460 2709
Market services in community (% of HH in comm with access) 0.344 0.475 2709
Road infrastructure services in community: Tarmac (% of HH in comm with access) 0.190 0.392 2709
Drought/Irregular Rains 0.269 0.444 2657
Floods 0.038 0.192 2657
Crop Pests & Disease or Livestock Disease 0.026 0.160 2657
Shocks  Loss of Employment of HH member (except ill/inj) 0.004 0.064 2657
ill/inj Income Earning or ill/inj other HH member 0.108 0.310 2657
Death of Income Earner(s) 0.006 0.080 2657
Conflict/Violence 0.010 0.100 2657
Fire 0.008 0.091 2657

Note: Author calculations from 2010/2011 UNPS data. HH=Household, comm=community. The mean under each shock variable refers
to the proportion of HH in each community reporting the shock. Sample size (apart from cross-community averages) differ because of
incomplete data in some households.
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At the community level, 60% of households are in communities with some educational
institution, and 19% are in communities with tarmac roads. About 26.9% of households
experienced drought or irregular rain conditions during the year the data covers. Less than
1% of households had an income earner that lost their source of income during the year,

while about 2.6% of households faced some shock from pest/livestock disease.

6 Results and discussion

The final model used in the estimation of median consumption is based on a subset of
variables from the list of variables in Table 1. The process of final model selection is inspired
by the procedure used by Giinther and Harttgen (2009). Quantile regression is computation-
ally intensive, and a large design matrix can make estimation fail, so having a manageable
set of the most important covariates is useful. The process of model selection involves first
running two separate quantile regressions: one on household characteristics including inter-
action with shocks, and another with community characteristics including interaction with
shocks. Insignificant interactions from these 2 models were removed from analysis. In a
second stage, a quantile regression was run with all household and community characteris-
tics, shocks and the significant interaction terms from the first stage. A third stage further
reduced the number of interaction terms by removing the insignificant terms from the second
stage and running a final quantile regression with all household and community characteris-
tics, shocks, and the significant interaction terms from the second stage. The results of this

model are illustrated in Table 2.
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Table 2

Quantile regression results for the conditional median of adult equivalent expenditure
Dependent variable: Adult equivalent consumption expenditure

Covariate Coeflicient Covariate Coefficient Covariate Coeflicient
HH head formally employed 598319.4** Credit from family or friends 69416.53*** Eastern Uganda -522182.6%**
(280413.4) (14740.35) (85208.81)
HH head enterprise owner 65925.98*** Latrine for main toilet use 6585.332 Northern Uganda -508248.2%**
(17444.88) (19905.39) (84769.12)
HH size -18777.9%** Flush toilet for main toilet use 893888.2 Western Uganda -562575.6%**
(5272.609) (615736.4) (83430.7)
Urban HH 21888.43 Bike ownership 230392.47%** Drought -90588.31**
(32000.42) (38952.91) (41576.64)
Female headed HH -77790.68%** Mobile phone ownership 110969.1*** Floods 38344.34
(14483.16) (13356.67) (34271.93)
# of rooms per adult equivalent person  260562.2%** Television ownership 147098%*** Livestock and crop diseases 16926.81
(42961.7) (40480.46) (28542.9)
Fertilizer use 54235.64%** Access to water potable water 38123.26%** Loss of employment -165309.5%*
(18286.97) (14185.83) (78919.98)
Pesticide use -156.8358 % enterprise ownership 71730.867** ill/inj of HH members 62512.25%**
(26506.03) (26780.92) (17374.67)
Dependency ratio -15655.68* % primary educated 16498.06 Conflict/violence -84793.68
(8972.321) (16291.21) (78556.78)
Household literacy rate -15843.98 % secondary educated 97548.1 7%+ Fire -62732.09
(21547.7) (35839.86) (58855.69)
# of cattle owned 8401.348*** % tertiary educated 222693.4%** Death of income earner 60418.41
(1640.029) (78157.96) (114154.8)
HH use Electricity 511068.1%** Educational facility in community — -15954.67 Drought*HH size 11847.46%*
(130224.3) (15426.89) (4640.026)
Age of HH head -2027.1%%* Health facility in community -5194.49 Drought*dependency ratio  32886.77***
(569.3593) (17597.1) (11576.35)
HH head primary education -14074.5 Financial facility in community -43836.65* Central*drought -150187.7***
(19597.99) (26508.71) (47858.75)
HH head secondary education 22476.08 Market -1555.281 Northern*drought -89219.06%**
(32715.81) (16926.95) (33442.41)
HH head tertiary education 98992.41* Tarmac 69754.83* Constant 014411.9%%*
(51866.73) (36922.1) (102101.4)
# of children 0-14 -12354.37 Central Uganda -302921.1%**
(8140.671) (94152.73)

Note: Author calculations from 2010 UNPS data. HH=Household, comm=community. *, ** and *** denote significance at the 0.10, 0.05, and
0.01 level. Robust standard errors are in brackets. The 3 columns of covariates and coefficients are from the same model, but the table is ordered
in this way for brevity. All coefficients are in levels and in Ugandan Shillings (UGX); none of the variables are in logs or any other transformation.



Figure 2: Actual conditional distributions under each methodology
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Note: Author calculation from 2010/2011 UNPS. Kernel=epanechnikov and bandwidth=0.2. Figure shows the average actual
conditional probability distributions as implied by the quantile regression, ZETA and GH methodologies. The conditional
distributions were generated by creating a 10% winsorized mean (across all households) for each of the 99 percentile
consumption values under each method. The resulting values were used to plot the conditional distributions.

The predicted values from the regression in Table 2 were then used to predict the median
consumption of households in the dataset. The median consumption was then compared to
the poverty line to identify households who were vulnerable to poverty. For the ZETA and
GH measures of vulnerability, the mean and the variance of consumption were first estimated
using the same model from Table 2. These values, along with the poverty line were used as
parameters inside the normal cumulative conditional distribution function to estimate the
probability that future consumption will be below the poverty line. If this probability is
above 50.0%, then the ZETA and GH measures will identify that household as containing
individuals vulnerable to poverty. Figure 2 illustrates the average actual probability dis-
tribution as implied by the quantile regression, ZETA and GH methodologies. This figure

shows that, on average, the actual conditional probability distribution as implied by quan-

tile regression is negatively skewed, while the conditional probability distributions implied
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by the ZETA and GH methodologies are perfectly symmetric as assumed. Furthermore, the
estimated mean is higher under the ZETA and GH methodologies compared to the quantile
regression method, with the distribution under the ZETA methodology having the largest

support and highest variance.

Table 3

Proportion of households vulnerability to poverty in Uganda (%)
Empirical Prop. Vulnerable (%) Standard CI low CI high
Method error

ZETA 46.7 0.045 37.5 55.5
GH 39.2 0.012 36.7 41.6
Median 40.4 0.021 36.3 44 .4

Note: Author calculations from UNPS data. Standard errors computed
via bootstrap set to 1000 replications.

Table 3 provide estimates of the percentage of Ugandan households that were identified
as vulnerable to poverty by the Median, ZETA and GH empirical methods. ZETA identified
a higher proportion of households as containing vulnerable persons than the GH or Median
method (see Table 3). Specifically, ZETA identified 46.7% of households as vulnerable, GH
identified 39.2% as vulnerable and the Median measure identified 40.4% of households as

vulnerable.

The main comparison is to evaluate the effectiveness of the Median empirical method
with the ZETA and GH empirical methods. A relatively effective measure of vulnerability
will have a higher success rate in the ex-ante identification of the future poor compared with
alternative measures. I exploit the test datasets to do this evaluation. The test datasets
(test years) are 2011/2012 (henceforth year ¢ 4 1), 2013/2014 (henceforth year ¢ + 2) and
2015/2016 (henceforth year ¢ + 3). Table 4 gives the proportion of households identified as

vulnerable in year ¢ that became poor in year t+1, year t+2 or year t+3. Of those identified
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in year t as vulnerable to future poverty according to the ZETA and GH method, less than
half of them became poor in year t+1 and less than three-fourths became poor by year ¢t + 3
(4-6 years later). In comparison, 69.5% of households identified as vulnerable according to
the Median methodology became poor in year ¢ + 1, and 9 in 10 of them became poor by
year t + 3. For those who are identified as vulnerable in year t according to the ZETA and
GH measures, a lower proportion of them will ever be poor in either the training year or test
years compared to the Median measure, where more than 9 in 10 (92.1%) are poor or will

eventually become poor by year t 4 3.

Table 4
Cross-validation of future poverty status amongst those currently vulnerable or poor in year t (%)
Empirical vul/poor in t vulintand poor vul/poorintand Vulin t and poor wvul/poor in t and Vul in t and poor in t,
Method and poor in intor t+1 poor in t+1 or int, t+1 or t42 poorin t+1, t+2or t+1, t+2 or t+3
t+1 t+2 t+3
ZETA 42.3 58.0 65.2 71.9 68.0 73.4
GH 494 65.0 717 7.2 75.2 80.0
Median 69.5 86.3 86.3 91.1 88.4 92.1
Poor in year t 66.2 - 87.9 - 89.4 -

Note: Author calculations from 2010-2016 UNPS data. The training dataset corresponds to year t, and the 3 chronologically ordered test
waves are year t+1 through t+3. Numbers indicate the proportion of those classified as vulnerable that actually became poor in the wave
captioned in each column heading. For example, “vul in t and poor in t+1” indicates the proportion of those who were vulnerable in year
t according to each empirical methodology (or, in the last row, the proportion of those poor in year t) that actually became poor in wave
t+1 of the UNPS.

About 21.8% of households not poor in year ¢ became poor in year ¢t + 1, and 50.6%
became poor by year t 4+ 3. Static poverty cannot ex-ante tell us which households these
are, but vulnerability measures can provide information about the future poor from among
the currently non-poor. Table 5 shows the poverty status in test years for those vulnerable
to poverty but not poor in training year (year t). For those predicted to be vulnerable ac-
cording to the Median methodology, 42.7% of them became poor in year ¢ + 1 and 74.1%
of them became poor by year ¢t 4+ 3. For households identified as vulnerable according to
ZETA /GH methodology, 27.3%/28.7% of them became poor in year t + 1 and 51.9%/57.9%
of them became poor before year ¢ + 3. This illustrates the potential superiority of the Me-
dian methodology over standard methodologies in identifying the future poor from among

the current non-poor.
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Table 5
Cross-validation amongst the year t non-poor (as a proportion of all vulnerable)

Empirical Method vul in t and poor in t+1  wvul in t and poor in t+1 or wvul in t and poor in t+1, t+2 or

t+2 t+3
ZETA 27.3 47.0 51.9
GH 28.7 49.0 57.9
Median 42.7 68.6 74.1

Note: Author calculations from 2010-2016 UNPS data. Each number in this table is a percentage. Numbers
indicate what proportion of individuals currently classified (in year t) as vulnerable but non-poor actually became
poor in any of the test waves.

The third and final type of comparison I will make between the Median methodology
and the standard methodologies is in regard to the predictive capabilities of each method
according to 1) inclusion errors, 2) exclusion errors, 3) accuracy, and 4) Matthews Corre-
lation Coefficient. Evaluating predictive capabilities using these metrics is difficult since
true vulnerability is unobservable. Moreover, observed future episodes of poverty does not
guarantee that the household truly had a greater than 50% chance of future poverty. If a
household is observed as poor in any of the test rounds of the data after being identified as
vulnerable in the training round, this could be due to mean reversion and not due to them
truly being vulnerable to poverty. With this drawback in mind, I will introduce two arguably
policy relevant definitions for households that are truly vulnerable to poverty: i) a household
is truly vulnerable to poverty if they were poor in at least 2 of the 3 test waves of data after
being identified as vulnerable; ii) a household is truly vulnerable to poverty if they were
poor in any of the 3 test waves of data after being identified as vulnerable. Table 6A pro-
vides information on the predictive capabilities according to the first definition of the truly

vulnerable, and Table 6B does this according to the second definition of the ¢ruly vulnerable.

When the truly vulnerable is defined according to the first definition, inclusion and exclu-
sion errors are higher in the GH and ZETA methodology compared to the Median method-
ology (see Table 6A). Moreover, these errors are higher than the Median methodology even

if we only look at those who are currently poor and consider them as vulnerable. For GH

22



inclusion /exclusion is 31.8%/50.9%, while for ZETA it is 50.5%/49.4%. In comparison, for

the Median methodology, inclusion/exclusion errors are 24.1%/33.6%.

Table 6A
Measures of the predictive capability of each empirical method

Empirical Method Inclusion error (%) Exclusion error (%) Accuracy (%) Matthews Correlation Coefficient

ZETA 50.5 49.4 50.0 0.00116
GH 31.8 50.9 60.6 0.17447
Median 24.1 33.2 72.3 0.42527
Poor in year t 26.5 33.6 70.7 0.39520

Note: Author calculations from 2010-2016 UNPS data. For this table, a person is considered truly vulnerable
if they became poor in at least two of the three waves of the UNPS. Inclusion error is the proportion of
households that were not truly vulnerable but incorrectly identified as such after year t+3. Exclusion error is
the proportion of households that were truly vulnerable but not identified as such after year t+3. Accuracy is
the proportion of households that are correctly classified as truly vulnerable + truly non-vulnerable. Matthews
Correlation Coefficient gives an estimate of the predictive accuracy of a (usually) bivariate classifier/measure.
The correlation coefficient ranges from -1 (worst measure) to 1 (best measure).

Ranking vulnerability measures according to inclusion and exclusion can also be supple-
mented by using a confusion matrix to derive 1) a measure of statistical accuracy, and 2)
the Matthews Correlation Coefficient. Accuracy is the proportion of households that were
correctly classified as vulnerable + non-vulnerable (true positives and negatives). True pos-
itives [negatives| are the total number of households that were [were not] poor at least twice
in the 3 test waves. False positives [negatives] are the total number of households counted
as vulnerable under each methodology but were not [were| poor at least twice in the 3 test
waves. For the Median vulnerability measure, accuracy is 69.2%, while it is below 50% for the
other vulnerability measures (see Table 6A). Next, I can calculate the Matthews Correlation
Coefficient (cf. Matthews, 1975). The Matthews Correlation Coefficient gives an estimate of
the predictive accuracy of a (usually) bivariate classifier. The correlation coefficient ranges
from -1 to 1, where 1 indicates that the empirical method (vulnerability classifier) provides
perfect classification, and 0 indicates that there is no difference between the classifier and
random assignment. The Matthews Correlation Coefficient requires 4 inputs (the number

of false and true positives and negatives) and considers false classifications, while the statis-
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tical accuracy measure does not. A caveat of the Matthews Correlation Coefficient is that
when the ratio of the “imbalance” of one class to the other class in the bivariate classifier
is different than 1:1, this might deteriorate the quality of the Coefficient (Zhu, 2020). Zhu
(2020) shows that the issue of imbalance is more serious at “high” imbalance ratios, such as
990:10 and greater. In the data used in this paper, the imbalance was not as high as this.
The balance of the truly non-vulnerable to the truly vulnerable was 1513:1000 based on the

first (main) definition of the truly vulnerable, and 475:1000 based on the second definition.

The Matthews Correlation Coefficient for each empirical method is reported in Table
6A. The results show that the Matthews correlation coefficient for the Median vulnerability
method is higher than the corresponding value for the ZETA and GH empirical methods.
Moreover, the ZETA method only marginally improved upon random assignment with a
correlation coefficient value close to 0, while for the Median based methodology it is 0.42527.
Furthermore, the correlation coefficient is higher for the Median methodology than for the

currently poor if the currently poor are classified as vulnerable to poverty

Table 6B
Measures of the predictive capability of each empirical method

Empirical Method Inclusion error (%) Exclusion error (%) Accuracy (%) Matthews Correlation Coefficient

ZETA 50.5 49.5 50.1 0.00029
GH 29.8 57.1 51.7 0.12541
Median 14.8 46.5 63.7 0.36785
Poor in year t 13.7 43.5 66.3 0.40720

Note: Author calculations from 2010-2016 UNPS data. For this table, a person is considered ¢ruly vulnerable if
they become poor in any of the three waves of the UNPS. Inclusion error is the proportion of households that
were not truly vulnerable but incorrectly identified as such after year t43. Exclusion error is the proportion
of households that were truly vulnerable but not identified as such after year t43. Accuracy is the proportion
of households that are correctly classified as truly vulnerable + truly non-vulnerable. Matthews Correlation
Coefficient gives an estimate of the predictive accuracy of a (usually) bivariate classifier/measure. The correlation
coefficient ranges from -1 (worst measure) to 1 (best measure).

When the truly vulnerable are defined as households that were poor in any of the 3 test

waves of data, the results of the comparison are consistent with the first definition of the
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truly vulnerable. The results from the second definition are reported in Table 6B; inclusion
and exclusion errors are lower for the Median methodology compared with the ZETA and
GH methodologies, accuracy is higher for the Median methodology, and lastly the Matthews
Correlation Coefficient is higher for the median-based methodology. Overall, the results show
that when different measures of predictive performance are used, the median-based method

outperforms those that are mean-based.

7 Policy Implications

The results of this study imply that gains can be made if distributional assumptions
made by researchers are relaxed, particularly in the context studied in this paper of identi-
fying individuals vulnerable to poverty. This has several implications for policy which are

discussed in this section.

First, the results of this paper suggest that tools used by policy analysts to identify the
vulnerable should be updated to model welfare using quantile models. For example, the
World Bank’s Equity Policy Lab (EPL) Vulnerability Tool is designed to help practitioners
from around the world measure poverty risk. This tool follows the Giinther and Harttgen
(2009) methodology, and it relies on assumptions about the shape of the conditional distri-
bution of the chosen welfare variable (income or consumption). The accuracy of this tool
may be improved if this assumption is relaxed. Another example relates to vulnerability as-
sessments of countries. For instance, recent studies by Atamanov et al. (2022) and Skoufias
et al. (2021) conducted respective vulnerability analysis in Uganda and Ethiopia, which
can be used to inform policy decisions in those countries. These assessments also relied on
distributional assumptions. Relaxing these assumptions may improve the accuracy of these

(and other) vulnerability assessments.
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Second, there is a related literature on identifying an individual’s resilience against
poverty and assessing the impact of policy on their resilience. Resilience in some studies
is modelled as a dynamic welfare probability; the probability that welfare will be below the
poverty line in the future. Therefore, like vulnerability, the probability distribution of the
welfare variable will need to be assumed or derived. Many studies in the resilience literature
that measure resilience as a probabilistic measure rely on distributional assumptions (e.g.
Cissé and Barrett, 2018; Phadera et al., 2019; and Premand and Stoeffler, 2020). The way of
modelling consumption to identify the vulnerable as outlined in this paper may also be used
to identify those who are resilient against poverty. That is, if distributional assumptions are
relaxed by using quantile models, studies in the resilience literature may better characterize

a person’s resilience and improve estimates of resilience.

Finally, in recent years Heterogeneous Agent New Keynesian (HANK) models are used
to assess the potential impact of monetary policy, and to disentangle the transmission mech-
anism of monetary policy. One aspect of these models is to assess how earnings risk helps to
determine the monetary transmission mechanism and thus the business cycle. This analysis
is sensitive to how earnings risk is modelled. For example, in the seminal paper by Kaplan
et al. (2016) which introduced the concept of HANK models, an“earnings state” of new
log-earnings is assumed to be drawn from a normal distribution with mean zero and finite
variance (white noise). If policy practitioners use quantile models to map out the observed
distributions, without relying on assumptions, it might provide new ways of characterizing

the earnings state which can better calibrate HANK models when making predictions.
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8 Conclusion

This paper proposes an empirical strategy to estimate vulnerability to poverty that is
robust to measurement error and outliers and does not rely on distributional assumptions.
This strategy involves the use of quantile regression to estimate the median of the conditional
distribution of consumption expenditure. The standard way in the literature of defining vul-
nerability is based on the probability (or expectation) of future poverty. Specifically, in this
paper households are identified as vulnerable if their probability of future poverty is greater
than 50.0%. Using this definition of vulnerability and data from Uganda, estimates were
computed based on three empirical strategies. The main strategy is the one being proposed
by this paper; a quantile regression based empirical strategy that computes the conditional
median. The other two strategies are based on the studies of Zereyesus et al. (2017) [ZETA]
and Giinther and Harttgen (2009) [GH] that are mean-based methods and relies on distribu-
tional assumptions. These two papers were chosen as the empirical strategies they employed
are consistent with most mean-based empirical strategies in the Vulnerability as Expected

Poverty literature.

The results show that 40.4% of households contained vulnerable individuals according
to the quantile methodology. The ZETA and GH methods identified 46.7% and 39.2% of
households as vulnerable to poverty, respectively. The difference in the number of persons
identified as vulnerable across strategies likely has to do with the fact that the median-based
quantile regression method relaxes distributional assumptions and explicitly finds the center
of the conditional distribution of the welfare measure (household consumption), while the
mean-based models assume that the conditional distribution is normal and finds the first

moment.

To evaluate the advantage that the median-based method has over the mean-based mea-

sures, out of sample analysis was conducted using waves of the Uganda National Panel
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Survey not used for estimation. A relatively effective measure of vulnerability will have a
higher success rate in the ex-ante identification of the future poor compared with alternative
measures. Of those who are identified as vulnerable in the current year, according to the
ZETA and GH methodology less than half were poor a year later and less than 3 in 4 became
poor within the next 4-6 years. For the Median methodology, more than 2 in 3 households
identified as vulnerable were poor a year later and about 9 in 10 were poor within the next
4-6 years. The main benefit of the vulnerability measures over static poverty measures is
that they can provide dynamic welfare information about households that are not currently
poor. About 50.6% of households in Uganda switched their poverty status from not-poor
to poor between 2010 and 2016. Of the households that were vulnerable but not currently
poor according to the ZETA and GH methodology, less than half of them switched their
poverty status to poor within 4-6 years later. The Median methodology performed better in
this regard as more than two-thirds of households that were not poor but vulnerable became

poor within 4-6 years.

To further evaluate the advantage that the median-based vulnerability method has over
the mean-based methods, various measures of predictive capabilities/quality were examined
under the assumption that truly vulnerable households will be poor in at least 2 of the 3 test
waves. Results show that errors of inclusion and exclusion were lowest in the median-based
method compared to the two other empirical methods. Statistical accuracy, which is the pro-
portion of all households correctly classified as vulnerable + non-vulnerable, was also higher
in the Median vulnerability measure. The last measure of predictive capability analyzed
was the Matthews Correlation Coefficient (MCC). This number ranges from -1 (worst) to 1
(best). The MCC was higher for the Median method than the mean-based ones. Further-
more, using these measures of predictive capabilities/quality, the Median method performed

better than simply identifying those who are currently poor as vulnerable to poverty.
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Lastly, this paper highlights several policy implications. First, this paper suggests that
relaxing distributional assumptions, such as those in macroeconomic HANK models used by
policy practitioners, may help to provide better predictions. Secondly, applying a quantile
model approach to current vulnerability tools used by policy practitioners may improve

identification.
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