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Key messages 

• The recently developed optimization module of ESCWA's online 
Multidimensional Poverty Index Assist Tool (MAT) 
accommodates advanced scenarios for guiding policy makers in 
how to realistically and efficiently reduce multidimensional 
poverty subject to resource constraints. 

• Ambitious multidimensional poverty reduction targets can be 
feasibly reached if policy-makers are empowered to mobilize 
adequate resources, and channel them to deprivation pockets 
and substantive areas of particular salience. 

• This may encompass tailoring the kind of assistance to the 
specific needs of the population, conditioning the assistance on 
appropriate deprivation-reducing household response, and 
targeting precisely the most-needy pockets of the population. 

• Efficient public intervention should avoid wasteful spillovers on 
non-critical dimensions of wellbeing, and non-deprived or non-
poor population groups. Public interventions that allow 
customized in-kind assistance and smart targeting at the level of 
well-identified clusters of households, attain the highest 
efficiency. 
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Introduction 

The Multidimensional Poverty Index (MPI) 
extends the traditional measures of financial 
poverty, and captures acute deprivations in 
several key dimensions that affect the health, 
economic and social well-being. Each dimension 
of MPI encompasses several indicators that can 
be measured and targeted by policymakers. MPI 
is thus a useful tool to determine the spread of 
poverty across the multidimensional space, and 
propose specific channels and targets for poverty 
alleviation.1 Yet, to date, MPI research and 
applications have not provided national planners 
with the relevant instruments to guide them in 
efficiently using limited resources to reduce 
multidimensional poverty. 

ESCWA has recently proposed methodologies for 
nowcasting2 and forecasting3 MPI under various 
assumptions about data availability, and 
scenarios for the imposition of trends or shocks. 
A more important and challenging question for 
policymakers, however, is which policies could 
help a country recover from a certain shock to 
MPI, or how to attain a target reduction in MPI 
given a country’s resource constraints. This is 
relevant, for example, for countries’ policy 
planning with regard to meeting Sustainable 
Development Goal target 1.2 on reducing 
multidimensional poverty at least by half by 
2030. A ground-breaking ESCWA paper entitled 
“Optimization model for poverty reduction 
strategies”4 represents the first formal attempt to 
answer these questions. That paper developed 

 

1 E/ESCWA/CL2.GPID/2022/TP.8. 
2 E/ESCWA/CL3.SEP/2021/TP.15. 
3 E/ESCWA/CL3.SEP/2021/TP.1; E/ESCWA/CL3.SEP/2021/TP.7. 
4 E/ESCWA/CL3.SEP/2022/TP.14. 

and evaluated two integer linear optimization 
models to identify the resource-minimizing path 
toward reducing MPI by a certain level. Each 
model was found to have its strengths, 
weaknesses, conditions for validity, and results. 

The present study builds on the existing 
models, enhancing the conceptual framework 
and the corresponding technical specifications 
of the State’s action-space in targeting 
assistance to households. In the existing 
models, the State was either allowed to target 
individual households wherever they may be 
with assistance of any form (tailored assistance) 
to achieve a desired level of reduction in any 
given indicator; or the State had limited 
capabilities whereby it could target only larger 
population groups (geographic areas, 
demographic clusters, etc.). 

The present study considers additional 
modules and constraints on the policymakers’ 
problem. The Government’s capability to 
target households in each dimension of MPI, 
or each indicator, is made more realistic, in 
accordance with actual public-assistance 
practices and with the theoretical properties 
of the indicators in question. For some 
dimensions and indicators, the State can only 
provide assistance in kind, and target 
households only at the population subgroup 
level, because State intervention takes the 
form of a public investment in public 
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infrastructure (such as sewage systems in a 
community, or mobile clinics for women’s 
health or vaccination). The uptake of the 
services is then up to individual households. 
For other dimensions or indicators, the State 
can target even specific households, and can 
thus allocate resources in the form of cash(-
like) transfers. Once targeted, each household 
has an opportunity to use the allocated 
resources to improve its deprivation status, 
including through food stamps, food smart 
cards, and unemployment insurance payouts. 

In the following sections, the first type of 
indicators are classified as public goods, while 
the other type of indicators are classified as 
private goods. In both cases, there is a potential 
for waste or abuse. While the Government 
would like households to apply the cash or in-
kind assistance towards reducing their 
deprivation status in a specific indicator (and the 
overall MPI), recipient households may not use 
the assistance for the intended purposes, or in 
their entirety. This can result from legal or 
technical constraints on the State in limiting or 
mandating the use of the assistance, or lack of 
monitoring of households’ conduct. Resources 
may thus be partially wasted owing to limited 
information (households unaware of how to use 
the assistance, or leaving assistance unspent), 
or moral hazard (households purposely using 
the assistance to further goals other than the 
reduction of deprivations targeted by the State, 
or households wrongly claiming eligibility for 
assistance). The models introduced in the 
present study account for this potential 
inefficiency to a flexible degree, subject to 
users’ choice. 

 
5 E/ESCWA/CL3.SEP/2022/TP.14. 

The major contribution of the present study is 
the introduction of in-kind support tackling 
public-good deprivations at the level of 
population subgroups, and cash-like support 
tackling private-good deprivations in specific 
households, both subject to a user-controllable 
degree of inefficiency. The study also builds on 
the previous ESCWA report5 by using larger, 
more recent and more precise data for a better-
understood country, and applying more policy-
focused terminology, while expanding the 
findings of the former report. By informing 
policymakers about mismatches between cash 
and in-kind resource allocation, household 
deprivations and MPI, models described in the 
present study facilitate smarter targeting of the 
multidimensionally poor with assistance 
tailored to their needs, and more efficient 
policymaking broadly. In the post-pandemic era, 
the use of recent survey data in tandem with the 
MPI optimization routine can help to assess the 
poverty setback caused by COVID-19 and guide 
policymakers in how to best use their limited 
resources on the path to recovery and towards 
meeting the Sustainable Development Goals. 

The present study starts by advancing the logic, 
assumptions and complete mathematical 
formulation for new optimization models. The 
models are then tested against sample data 
from Egypt, and their performance is assessed 
through multiple criteria. The study then 
highlights how the results can support decision 
makers in identifying interventions that could 
reduce MPI effectively, across both the targeted 
household-level cash-like transfers for private 
goods, and the in-kind support tendered to 
population subgroups for public goods. 
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1. Proposed theoretical models 

The Alkire-Foster6 MPI methodology identifies 
the aspects of living conditions in which 
multidimensionally poor individuals are 
deprived, and reveals the interconnections 
between those deprivations. This assists 
policymakers in targeting population groups, 
tailoring resources, and designing policies more 
effectively. MPI can also be unpacked to show 
disaggregation across various 
sociodemographic population cells and, for 
instance, identify groups characterized by the 
most severe deprivations of one or multiple 
types. A key aspect of effective policy-planning 
is how to prioritize policy interventions across 
population groups and across MPI dimensions 
given limited public resources. 

As a primer, ESCWA7 applied a bottom-up 
approach to a pre-existing matrix of household 
deprivations. The deprivation matrix is an 𝐼𝐼 × 𝐽𝐽 
binary matrix with 𝐼𝐼 rows for households and 𝐽𝐽 
columns for MPI indicators, where elements 
equal to 1 indicate that a household is deprived 
in a certain indicator, and 0 otherwise. The pre-
existing deprivation matrix was obtained from a 
candidate MPI framework considered for 
Lebanon8 applied to the 2018–2019 Labour 
Force and Household Living Conditions Survey.9 

 
6 Alkire, Sabina and others, Multidimensional Poverty Measurement and Analysis, 2015, ch. 5. 
7 E/ESCWA/CL3.SEP/2022/TP.14. 
8 E/ESCWA/CL3.SEP/2021/TP.15; E/ESCWA/CL3.SEP/2021/POLICY BRIEF.2. 
9 www.cas.gov.lb/index.php/library-en/221-labour-force-and-household-conditions-survey-lfhlcs-2018-2019-microdata-files. 
10 http://sem.unescwa.org. 
11 E/ESCWA/CL3.SEP/2022/TP.14. 

Three alternative linear optimization models 
were applied to this matrix to change the 
deprivation statuses so s to achieve a target MPI 
reduction (accounting for households’ sampling 
weights, and indicators’ weights in the MPI 
framework) using the lowest possible outlay of 
resources as approximated by the ESCWA 
Social Expenditure Monitor for Arab States.10 
This yielded an “optimal” target deprivation 
matrix, from which one could derive the 
necessary aggregate improvements in all MPI 
dimensions and indicators, and the associated 
(minimal) resource outlays on these 
improvements. 

The first model considered by ESCWA11 (model 
3 in the present study) was deterministic and 
unduly liberal in its conception of the State’s 
ability to target specific households with 
(specific forms of) tailored assistance. This 
scenario resulted in the State’s precise targeting 
of only the multi-dimensionally poor (that is, no 
inclusion error) as the sole and direct 
contributors to MPI. This model shed light on 
the basic structure of the problem at hand, and 
provided lower bounds on the resource needs 
of the desired MPI reduction. The second model 
(models 1 and 2) was stochastic in the sense 

http://www.cas.gov.lb/index.php/library-en/221-labour-force-and-household-conditions-survey-lfhlcs-2018-2019-microdata-files
http://sem.unescwa.org/
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that the State could target households only less 
precisely, by aiding deprived population groups 
at large, without distinguishing the 
multidimensionally poor from the non-poor. As 
a result, some deprived but non-
multidimensionally poor received assistance, 
while some multidimensionally-poor did not 
(inclusion and exclusion errors). Different 
modalities of this scenario were considered with 
respect to the State’s ability to discriminate 
across communities or regions, according to 
their differential deprivation and poverty rates. 

The assumptions about policymakers’ ability to 
target households with tailored assistance 
affected the estimated performance of public 
policy, and so the obvious question is: Which 
assumptions are best justified given the nature 
of deprivations, and given the State’s actual 
ability to target population groups at large or 
even individual households; and provide each 
form of tailored assistance at different 
population-group levels? 

We can reasonably expect the State to have a 
proxy for individual households’ means, 
including income and wealth, say from a 
population census, and to be able to target the 
associated “property” deprivations using fiscal 
transfers. By contrast, the State may have much 
less information and ability to act on 
households’ non-property deprivations, 
particularly in the domain of access to utilities 
and services. To address these deprivations, the 
State may need to rely on more granular 
information at the level of population groups, 
regions or a country, and address them through 
actions such as public infrastructure projects. 

 
12 By contrast, subnational policymakers, such as sectoral bureaus or governorate offices, may exert influence to increase their 

allocated funds, and may distribute resources (from the national coffer or from other donors) to minimize local deprivations, 
without consideration for deprivations and poverty rates in other regions. This suggests that the scale of public assistance 
across regions may not be directly proportional to the regions’ poverty rates, and MPI may be reduced inefficiently – too little in 
some regions compared with others. 

Some indicators, such as medical insurance, can 
be somewhere between “property” and 
“access” in nature, and can be addressed using 
alternative means. 

The present study aims to respond to the 
heterogeneity of deprivations and policy 
responses by developing more nuanced and 
realistic scenarios, recognizing the different 
nature of various MPI indicators, and 
policymakers’ decision-making environment. 
Namely, we categorize MPI indicators as being 
under centralized and decentralized control, and 
as “private” or “public” goods. Centralized-
control indicators are those for which public 
resources are typically allocated by central 
Government, while for decentralized-control 
indicators, public resources are typically 
distributed by subnational units, such as 
specialized sectoral bureaus or governorate 
offices. All policymakers are assumed to be 
benevolent, meaning that, as a matter of 
principle, they aspire to increase the welfare of 
beneficiaries subject to upholding fairness 
among them. Hence, under centralized control, 
national policymakers allocate assistance to 
governorates according to local poverty rates, 
so as to minimize national MPI.12 

Moreover, indicators are categorized as public 
or private good indicators according to whether 
households themselves can procure or arrange 
them (private good), or public provision is 
needed (public, or coordination good). This 
categorization is related to the standard 
economic classification of goods according to 
their excludability and rivalry in consumption, 
but the key question is whether the provision of 
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the good is within the technical means of the 
household (e.g., Internet connection from a local 
Internet exchange point), or in the legal, 
technical and economic means of the State 
(e.g., quasi-universal basic income, or health 
insurance to all poor). For instance, acquisition 
of a car, food, sleeping rooms per household 
member, decent dwelling, and employment are 
in the hands of household members, and the 
State’s role is at most to provide financial 
resources according to households’ observed 
needs. In contrast, access to public utilities, such 
as water, electricity and sanitation, is typically 
the State’s mandate because of the large 
resource requirements and other coordination 
challenges. For some indicators such as 
education, garbage disposal, Internet access, 
medical insurance, social assistance, insurance 
and protection, the classification in any 
jurisdiction depends on circumstances including 
existing infrastructure and utilization, the 
policymaker’s legal mandate, and social norms. 
For example, improving educational outcomes 
could call for enforcing children’s attendance 
and higher attainment at existing schools – by 
introducing conditional cash transfers or school 
vouchers – or for expanding capacities of 
schools. Access to health services could be 
enlarged using conditional cash transfers 
(ensuring preventive care and enrolment in 
insurance programmes), or investment in 
infrastructure such as mobile clinics. For the 
case study in Egypt, the categorization of 
indicators is colour-coded in table A4.2 of the 
annex to the present report. 

In short, indicators in which households 
themselves cannot improve their status even if 
they receive financial assistance – either 
because it is technically infeasible or 

 
13 E/ESCWA/CL3.SEP/2022/TP.14. 

prohibitively costly – are classified as public 
good indicators, and the model assigns the 
responsibility for them to the State. The State 
then allocates (in-kind) resources for these 
indicators at the subnational level, such as the 
level of population cells. 

This model allows for cash transfers to deprived 
households based on their observed income or 
multidimensional poverty scores, similar to the 
proxy means test (PMT) allocation. Households 
facing multiple deprivations receive greater 
shares of the aggregate resources. The benefit 
of relying on cash is that resources can be 
disbursed to households directly rather than 
allocated to specialized or local government 
units for distribution in kind. Targeted 
households are allowed to spend their cash 
transfers according to their self-assessed needs. 
By contrast, the in-kind provision of public 
goods goes directly towards alleviating 
deprivations in public goods among the 
underlying population (regardless of their MP 
status) – much like in the pre-existing models 1 
and 2 described above.13 

For cash transfers, the model assumes away any 
conditioning of the transfers on the households’ 
record of alleviating their MPI deprivations, or any 
restrictions of the outlays to specific consumption 
categories. This is assumed for simplicity, as well 
as in agreement with most existing practices, and 
in recognition of possibilities for evasion. 
Households’ ability to lower their deprivations and 
contribution to the aggregate MPI thus depend on 
households’ actual use of the transfers. This 
clearly differs across indicators. While it is 
reasonable to assume that a share of cash 
transfers will go towards nutrition, it is unclear 
how much will go towards accommodation, car 
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purchase, or employment search (in households 
deprived in these indicators). 

To calibrate the modelling of households’ 
allocation of transfers across their deprivations 
(and non-deprivations), we rely on prior evidence 
of the association between income and the 𝐽𝐽 
various indicators. We use clustering techniques 
to assign surveyed households to their best-
matching clusters, according to the strength of 
the respective 𝐽𝐽 associations. We assume away 
inter-household spillover of transfers or changes 
in deprivations, such as those that could result 
from remittances or from sharing of benefits. 

In-kind transfers carry their own potential 
inefficiencies, not least because some resources 
are “wasted” on deprived yet non-
multidimensionally poor units (table 1). Hence, 
for all types of indicators, including the public 
and private types, we should assess how cash 
and in-kind resource allocation translates into 
improvements in deprivation scores and MPI. 
Even if the resource allocation is adequate, 
households’ status in the respective indicators 
may flip from deprived to non-deprived, but this 
may not change the households’ 
multidimensional poverty status, or the 
aggregate MPI score. 

The models proposed in the present study 
introduce several innovations. Firstly, the models 
consider two types of deprivations: in private 
goods versus in public goods. The models’ 
objective is to achieve a target reduction in 
aggregate MPI by adapting a country’s 
deprivation matrix to minimize simultaneously 
the State’s outlay of cash for private-good 
deprivations, and of in-kind support for public-
good deprivations at the level of population cells 
(e.g., governorates). Households’ deprivations 
are alleviated probabilistically according to the 

scale of State support – only some households 
are successfully lifted from deprivation, and 
among them only some households are lifted 
from multidimensional poverty. Model 2a builds 
on this added complexity by focusing on 
minimizing simultaneously the in-kind transfers 
allocated to population cells to tackle public-good 
deprivations, and the cash transfers allocated to 
distinct household types for their private-good 
deprivations. Here, household types differ 
according to their tendency to use public 
assistance to alleviate the targeted deprivation 
versus other welfare-increasing spending. 

The added complication here in relation to 
private indicators – and source of waste – is that 
the State may have limited ability to enforce 
whether households use public assistance to 
reduce targeted deprivations, or how they 
allocate the assistance across their multiple 
deprivations. Policymakers may effectively only 
provide unconditional financial transfers and 
allow households to prioritize the most effective 
way to allocate the funds, in their quest to 
improve their deprivation scores and welfare. 

Assume that the optimal resource allocation 
involves expending 81 units of resources on 
school attendance to efficiently reduce MPI. 
These resources will be distributed to 
households in the form of cash transfers, but 
the transfers may not be used exclusively to 
improve the targeted households’ deprivation 
in school attendance. Some of the aid may be 
“wasted” on other living dimensions that do 
not contribute to MPI. Suppose that only 90 
per cent of a cash transfer is used on 
propping up school attendance. To ensure 
that 81 units of resources will be used for 
lifting deprivation in that indicator, the State 
must allocate 90 units of resources to the 
household (81 ∗ � 1

0.9 [90%]
�. 



7 

The household types are identified by the 
clustering approach, taking into consideration 
common consumption patterns of the different 
households so as to define statistically 

homogeneous subgroups of households.  
Table 2 sets out the differences in assumptions 
and mechanics across the three existing and 
three proposed models. 

Table 1. Household targeting and aid-tailoring under the modelled cash and in-kind transfers 

 Tailoring household needs Targeting the needy 

Cash assistance Imprecise Precise 

In-kind assistance Precise Imprecise 

Source: Compiled by ESCWA. 

Table 2. Comparison of features of the proposed models 

 

Existing 
model 1: 

national 
level (N) 

Existing 
model 2: 

population-
cell level (D) 

Existing 
model 3: 

household 
level 

Proposed 
model 1a: 

Population-
cell level for 

public 
goods; 

national 
level for 
private 

goods (D-N) 

Proposed 
model 2a: 

population-
cell level for 

public 
goods; 

cluster level 
for private 
goods (D-

NC) 

Proposed 
model 3a: 

population-
cell level for 

public 
goods; 

household 
level for 
private 

goods (D-
HH) 

Private and public 
good deprivations 
distinguished 

N N N Y Y Y 

Multidimensionally 
poor households 
targeted precisely 

N N Y N 
due to in-

kind 
transfers 

allocated to 
population 
cells and 

cash 
transfers 
allocated 
nationally 

N 
due to in-

kind 
transfers 

allocated to 
population 
cells and 

cash 
transfers 
allocated 
nationally 

N/Y 
yes, for 
private 
goods 
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Existing 
model 1: 

national 
level (N) 

Existing 
model 2: 

population-
cell level (D) 

Existing 
model 3: 

household 
level 

Proposed 
model 1a: 

Population-
cell level for 

public 
goods; 

national 
level for 
private 

goods (D-N) 

Proposed 
model 2a: 

population-
cell level for 

public 
goods; 

cluster level 
for private 
goods (D-

NC) 

Proposed 
model 3a: 

population-
cell level for 

public 
goods; 

household 
level for 
private 

goods (D-
HH) 

Any deprived 
household can be 
targeted 

Y 
but subject 
to exclusion 

error 

Y 
but subject 
to exclusion 

error 

N 
only those 

that are poor 

Y Y N/Y 
yes, for 

public goods 

In-kind transfers 
tailored to 
households’ needs 

Y 
but aid may 
be scaled 

down 

Y 
but aid may 
be scaled 

down 

Y Y 
for public-

good 
deprivation, 

at the 
population 
cell level 

Y 
for public-

good 
deprivation, 

at the 
population 
cell level 

Y 
for public-

good 
deprivation, 

at the 
population 
cell level 

Resource waste 
from aid going to 
poor households 
without lifting them 
from poverty (no 
effect on H) 

Y Y N 
although 
maybe in 
very rare 

cases, 
where MPI 
reduction 

targets are 
high 

Y Y N/Y 
yes, for 

public-good 
deprivations 

Resource waste 
from aid going to 
deprived but non-
poor households 
(no effect on A or 
H) 

Y Y N Y Y N/Y 
yes, for 

public-good 
deprivations 

Resource waste in 
cash transfers from 
moral hazard 
(households using 
aid on non-
deprivations) 

NA NA NA Y 
yes, this 
affects 

outcome 

Y 
yes, the 

State 
partially 
adjusts 

targeting/tail
oring for this 

NA/Y 
yes, this 
affects 

outcome for 
public-good 
deprivations 
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Existing 
model 1: 

national 
level (N) 

Existing 
model 2: 

population-
cell level (D) 

Existing 
model 3: 

household 
level 

Proposed 
model 1a: 

Population-
cell level for 

public 
goods; 

national 
level for 
private 

goods (D-N) 

Proposed 
model 2a: 

population-
cell level for 

public 
goods; 

cluster level 
for private 
goods (D-

NC) 

Proposed 
model 3a: 

population-
cell level for 

public 
goods; 

household 
level for 
private 

goods (D-
HH) 

State able to 
target/tailor cash 
transfers 
according to 
households’ 
consumption 
patterns 

NA NA NA N Y 
yes, by 

household 
clusters 

N 

Resource waste 
from aid going to 
non-deprived 
households 

N N N N N N 

Resource waste 
from population 
cells competing for 
support, or 
supplementing aid 
using own 
resources 

N N N N N N 

Source: Compiled by ESCWA. 

 

The three proposed models are stochastic, 
because the performance of cash and in-kind 
transfers in reducing MPI depends on the 
incidence of deprivation-reduction for 
multidimensionally poor versus non-poor 

households. To make robust policy 
recommendations regarding resource outlays 
per indicator, the models must be solved 
repeatedly. 
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2. Model setup 

To characterize and solve the optimization 
models, we first need to define their input and 
decision variables, the objective function, and 
constraints. 

Input variables encompass raw input variables 
and variables derived from them. The raw input 
variables in the proposed models include the 
following: the deprivation matrix and the MPI-
related assumptions (dimensions and 
indicators, households, poverty threshold, 
indicator weights and cut-offs); the MPI desired 
target reduction; the minimum and maximum 
value of aggregate resources that can be 
expended per indicator; the resource 
requirement to remove one household from 
deprivation in a certain indicator (i.e., resource 
per flip); the distribution of households across 
demographic groups (e.g., governorates); the 
distribution of households across different 
consumption (or income utilization) pattern 
types; and cash-transfer requirement to attain a 
one-unit increase in households’ spending 
related to an indicator, for each consumption-
pattern type. Variables derived from these prior 
to the optimization exercise include: the (MPI-
framework weighted) deprivations of 
households in each indicator, and households’ 
multidimensional-poverty status. 

Decision variables of the models belong to two 
categories: external decision variables visible 
to the user and derived from the general logic 
of the optimization, and internal decision 

variables introduced for the sake of facilitating 
the optimization or transforming logical 
constraints into linear constraints. In both of 
the proposed models, the external decision 
variables include the elements of the post-
optimization deprivation matrix, and the 
resources expended per household and 
indicator. The internal decision variables 
include the contribution of each household to 
the post-optimization MPI, and binary 
indicators serving to linearize nonlinear 
constraints. 

The following input variables are also added to 
the above-mentioned list: the set of household 
consumption pattern types and households' 
membership in them (derived using the 
clustering technique); and resources expended 
on each indicator per population cell, and per 
household consumption pattern type (table 
A4.1). 

Model 1a attains the desired reduction in 
aggregate MPI by simultaneously allocating 
cash to households and in-kind transfers to 
population cells, so as to facilitate households’ 
transition out of multidimensional poverty. 
Model 2a does it by adjusting the cash transfers 
with consideration for the consumption patterns 
by different clusters of households. 

The logical-form mathematical characterization 
of the proposed models 1a, 2a and 3a are 
provided in annexes 1 and 2. 
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A. Model mechanics 

1. (Existing) model 1 – national model (N) 

Input variables Description 

𝐼𝐼 Set of households 

𝐽𝐽 Set of indicators 

𝑘𝑘 Poverty threshold in MPI framework 

∀𝑖𝑖 ∈ 𝐼𝐼,𝐶𝐶𝑖𝑖  
Contribution of a household to the post optimization MPI. 𝐶𝐶𝑖𝑖  is a continuous 
variable with a minimum of zero 

∀𝑖𝑖 ∈ 𝐼𝐼,∀𝑗𝑗 ∈ 𝐽𝐽,𝑀𝑀𝑖𝑖𝑖𝑖  Binary deprivation per household and indicator 

∀𝑖𝑖 ∈ 𝐼𝐼,∀𝑗𝑗 ∈ 𝐽𝐽,𝑁𝑁𝑖𝑖𝑖𝑖  Binary decision variable member of the post-optimization deprivation matrix 𝑁𝑁 

𝑀𝑀𝑀𝑀𝐼𝐼𝑠𝑠 Baseline MPI (pre-optimization) 

𝑀𝑀𝑀𝑀𝐼𝐼𝑝𝑝 Post-optimization MPI 

∀𝑖𝑖 ∈ 𝐼𝐼,𝑀𝑀𝑖𝑖  Binary input variable indicating if the household is originally poor (1) or not (0) 

∀𝑖𝑖 ∈ 𝐼𝐼,𝑀𝑀𝑖𝑖′ 
Binary input variable indicating if the household is poor (1) or not (0), post 
optimization 

𝐻𝐻𝑠𝑠  Baseline multidimensional poverty headcount ratio 

𝐻𝐻𝑝𝑝 Post-optimization multidimensional poverty headcount ratio 

𝐼𝐼𝑠𝑠  Baseline poverty intensity 

𝐼𝐼𝑝𝑝 Post-optimization intensity  

Model 1 assigns rather weak capabilities to 
the State. The State observes limited 
information in this case and cannot intervene 
at the household level. The State allocates 
resources to various indicators at the national 
level, with the consequence that some 
households see a reduction in their 
deprivation without getting lifted above the 
poverty threshold 𝑘𝑘. Resources can be said to 
be wasted because, essentially, 𝐼𝐼𝑝𝑝 is reduced 
too much at the expense of a reduction in 𝐻𝐻𝑝𝑝, 
so the MPI reduction target is attained 
inefficiently. Moreover, by contrast to model 3 
below, even non-poor households can see 
their deprivations lifted (𝑀𝑀𝑖𝑖,𝑖𝑖 = 1 & 𝑀𝑀𝑖𝑖,𝑖𝑖 =
0 𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑖𝑖𝑏𝑏𝑏𝑏 𝑁𝑁𝑖𝑖,𝑖𝑖 = 0 & 𝑀𝑀𝑖𝑖,𝑖𝑖′ = 0). 

The model selects allocation of resources across 
indicators by effectively focusing on the 
following indicator-specific (𝑗𝑗 = 1, … , 𝑏𝑏) ratios. 
First, 𝑅𝑅𝑅𝑅𝑅𝑅𝑖𝑖𝑏𝑏1,𝑖𝑖 = ∑

𝟙𝟙{𝑀𝑀𝑖𝑖𝑖𝑖=1 & 𝑃𝑃𝑖𝑖=1}

𝟙𝟙{𝑀𝑀𝑖𝑖𝑖𝑖=1}

𝑁𝑁
𝑖𝑖=1  shows what 

share of households were initially 
multidimensionally poor among those deprived 
in a particular indicator. The higher the ratio, the 
more likely the treated households were initially 
multidimensionally poor, facilitating efficiency. 
Second, 𝑅𝑅𝑅𝑅𝑅𝑅𝑖𝑖𝑏𝑏2,𝑖𝑖 = ∑  𝑁𝑁

𝑖𝑖=1  
𝟙𝟙{𝑁𝑁𝑖𝑖=0�𝑀𝑀𝑖𝑖=1 & 𝑃𝑃𝑖𝑖

′=0�𝑃𝑃𝑖𝑖=1}

𝟙𝟙{𝑀𝑀𝑖𝑖𝑖𝑖=1 & 𝑃𝑃𝑖𝑖=1}
 

shows what share of households can be lifted 
out of multidimensional poverty by lifting their 
deprivation in the single specific indicator. The 
higher the second ratio, the easier it is to reduce 
𝐻𝐻𝑝𝑝 by reducing deprivations in a single indicator 
𝑗𝑗. 
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Although the model selects deprived 
households randomly at the national level, it 
prioritizes indicators 𝑗𝑗 with the highest product 
of ratios 1 and 2. 

When the relative costs are considered too, the 
model will also concentrate on identifying the 
least cost reductions in deprivations as well. 

2. (Existing) model 2 – population-cell 
model (D) 

The population-cell model builds on the 
national-level model mentioned above (model 
1), but the State now conducts the targeting at 
the level of several population subgroups. 
Resources are allocated to indicators 𝑗𝑗, and 
subgroups 𝑑𝑑. In each subgroup, a similar 
stochastic targeting approach to the above-
mentioned National model, is done, and 
repeated, until all population subgroups are 
considered. 

3. (Existing) model 3 – household model (HH) 

The existing model 3 focuses on households in 
poverty, specifically those that have the 
potential of being lifted out of 
multidimensional poverty. Since MPI is a 
product of the intensity of poverty and poverty 
headcount 𝑀𝑀𝑀𝑀𝐼𝐼𝑠𝑠 = 𝐻𝐻𝑠𝑠 ∗ 𝐼𝐼𝑆𝑆, interventions that 
lead to a change in households’ deprivation 
status as well as in their multidimensional-
poverty status will induce a greater MPI 
reduction than a change in households’ 
deprivation status alone. 

𝑴𝑴𝑴𝑴𝑰𝑰𝑝𝑝�𝐻𝐻𝑝𝑝 = 𝐻𝐻𝑠𝑠 & 𝐼𝐼𝑝𝑝 < 𝐼𝐼𝑠𝑠�
>  𝑴𝑴𝑴𝑴𝑰𝑰𝑝𝑝�𝐻𝐻𝑝𝑝 < 𝐻𝐻𝑠𝑠 & 𝐼𝐼𝑝𝑝 < 𝐼𝐼𝑠𝑠�

   

In another case, whereby 𝐻𝐻𝑝𝑝 is lower than 𝐻𝐻𝑠𝑠, this 
means that some poor households are lifted out 
of poverty, due to the reduction in deprivations 

for those specific households, however, the 
remaining poor households could end up having 
a higher (or equal) intensity as well. 

Hence, the model selects households with the 
greatest impact on MPI. The important metric for 
the model is the weighted deprivation score of a 
certain household, its 𝐶𝐶𝑖𝑖. Once computed, this 
score is compared to the poverty cut-of 𝑘𝑘 f. If the 
𝐶𝐶𝑖𝑖 of a household in the baseline (pre-optimization) 
scenario exceeded 𝑘𝑘, and in the post-optimization 
scenario falls short of 𝑘𝑘, this household must have 
been successfully lifted out of poverty. 

It is clear that, by design, the model targets 
deprived and poor households (𝑀𝑀𝑖𝑖,𝑖𝑖 = 1 & 𝑀𝑀𝑖𝑖 ,𝑖𝑖 =
1), with the aim to remove its deprivation and its 
multidimensional poverty status (𝑁𝑁𝑖𝑖,𝑖𝑖 = 0 & 𝑀𝑀𝑖𝑖 ,𝑖𝑖′ =
0). If the MPI reduction target is high, the model 
will also target, deprived and poor households 
(𝑀𝑀𝑖𝑖,𝑖𝑖 = 1 & 𝑀𝑀𝑖𝑖 ,𝑖𝑖 = 1), even if this does not lead to 
a change in their multidimensional poverty status 
(𝑁𝑁𝑖𝑖,𝑖𝑖 = 0 & 𝑀𝑀𝑖𝑖,𝑖𝑖′ = 1). 

For illustration, suppose the cost per lifting out 
of deprivation is the same across individuals 
and across indicators. Assuming away 
constraints on the range of resources expended, 
the model functions as follows: it gives the State 
the capabilities to observe the necessary 
disaggregated information (indicator-
deprivation and poverty status of each 
household), and intervene at the household 
level using any instrument, with the sole 
objective to reduce MPI to the desired target. 
The optimization starts by observing the 
multidimensionally poor households and 
identifying which specific deprivations are 
responsible for their poverty. In an environment 
with equal cost of lifting various deprivations, 
the model would start with the minimal number 
of liftings needed per household to reduce their 
𝐶𝐶𝑖𝑖. This is because lifting multiple deprivations 
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per household incurs a higher cost in terms of 
the reduction in 𝐻𝐻𝑠𝑠. 

4. (Proposed) model 1a – population-cell 
model (D-N) 

This proposed model adopts the mechanics of 
previous models 1 and 2, by allowing the State 
to target private-good deprivations at the 
national level (N), and public-good deprivations 
at the population-cell level (D). 

5. (Proposed) model 2a – population-cell and 
national-cluster model (D-NC) 

In this model, targeting of public-good 
indicators is conducted at the population-cell 
level as in the previous models, focusing on 
indicators with the highest 𝑅𝑅𝑅𝑅𝑅𝑅𝑖𝑖𝑏𝑏𝑖𝑖  and the lowest 

cost per deprivation-reduction. For private-good 
indicators, the model focuses on lifting 
deprivations of household clusters (understand 
income-proxy subgroups), in the indicators that 
have the highest ratio (𝑅𝑅𝑅𝑅𝑅𝑅𝑖𝑖𝑏𝑏𝑖𝑖) at the lowest cost 
per deprivation-reduction. 

6. (Proposed) model 3a – population-cell and 
household model (D-HH) 

This model adopts the mechanics of existing 
models 2 and 3, by allowing the State to target 
households that are deprived in private-good 
indicators, and at the same time are 
multidimensionally poor, and public-good 
deprivations at the population-cell level (D). 

Other models can be added, and the rationale is 
explained below: 

 

Models Description 

𝑁𝑁 National model 

𝐷𝐷 Population-cell (otherwise known as demographic) model 

𝐻𝐻𝐻𝐻 Household model 

𝐷𝐷 −𝐻𝐻𝐻𝐻 Stands for a mix of population-cell (in-kind assistance indicators) and household (in-
cash assistance indicators) 

𝐷𝐷 −𝑁𝑁 Stands for a mix of demographic (in-kind) and national (in-cash) 

𝐷𝐷 −𝑁𝑁𝐶𝐶 Stands for a mix of demographic (in-kind) and national with clustered households 

𝐷𝐷 −𝐻𝐻𝐻𝐻 Stands for a mix of demographic (in-kind) and demographic with clustered households. 
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Figure 1. Upward arrow – Efficiency progression from least efficient (bottom of the arrow) to highest 

 
Source: Compiled by ESCWA. 

 

It is well known that cash transfers take the form 
of direct payments, made by central/local 
governments, and targeting eligible groups of 
citizens. As in any welfare program, they can 
take different forms, unconditional cash 
transfers targets everyone, as it requires no 
prior conditions on poverty nor deprivations. 
Conditional transfers on the other side, are only 
made on the conditions required and mainly 
revolve around the level and severity of 
household poverty and deprivations. In the 
same spirit, the household model (HH), impose 
a clear condition, as it only targets deprived and 
poor subgroups. The other models loosen up on 
the poverty condition, as it targets a wider 
population subgroup, and focus on the deprived 
individuals, regardless of the severity of 

deprivation. This is true for the following 
models: 𝐷𝐷;  𝐻𝐻;  𝐷𝐷 − 𝐻𝐻𝐻𝐻;  𝐷𝐷 − 𝑁𝑁. 

In the above models, the transfer amount is 
assumed to be the same for any deprived 
recipients. To be eligible, a household must be 
deprived in at least one indicator, however and 
as explained in the probabilistic model, not all 
eligible households are targeted. It depends on 
the number of resources, and the poverty 
reduction (MPI) targets. To focus the money 
transfer on deprived households that are in 
most need, it is fair to use the income-proxy 
cluster label results, and thus achieve a better 
level of targeting efficiency. This is quite like the 
proxy means testing of income poverty. This is 
true for the following models: 𝐷𝐷 − 𝑁𝑁𝐶𝐶;  𝐷𝐷 − 𝐻𝐻𝐻𝐻. 

N 

D-N 

D-NC 

D 

D-DC 

D-HH 
HH 
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Figure 2. Horizontal scaled bar chart with Efficiency color gradient 

 
Source: Compiled by ESCWA. 

 

The level of efficiency varies between the 
above-mentioned models. Efficiency is defined 
by the level of the cost incurred, by each model, 
and that results in the same level of poverty 
reduction across all models. Ranking the models 
in the ascending order of efficiency yields the 
following positions. The household model, 
located at the end of the spectrum, being the 
most efficient, and the least efficient, being the 
national model. 

The ranks are determined by the mathematical 
and methodological design of the optimization 
models at hand. Empirically, the ranks are 
obtained by comparing the total cost incurred by 
each model once all models have reached the 
same desired poverty reduction target. The cost is 
affected by the number of households lifted from 
deprivation (𝐼𝐼𝑝𝑝) in one or many indicators, and the 
number of households lifted from poverty (𝐻𝐻𝑝𝑝), as 
well as the cost of removing deprivations in the 
relevant indicator 𝐽𝐽. The higher the ratio of those 
numbers, the more efficient the model is and the 
lower cost it will incur. 

The empirical results appear to validate our 
predictions. Figure 2 shows the differences 

 
14 The results are based on the case study of Egypt. More explanation and results disaggregation will be presented in the following 

section. 

between the models based on one empirical 
case study.14 The colour gradient ranges from 
red (least efficient) to green (most efficient). The 
min-max scaling is used to quantify the 
difference between the efficiency attained by 
each model, as the upper boundary (right-hand 
side of the bar) corresponds to the cost 
achieved in the most efficient model, and the 
lower boundary corresponds to the cost level of 
the least efficient model. 

B. Efficiency of cash transfer 
allocation 

Efficiency of transfers, in the sense of 
contributing to MPI reduction, can be improved 
if transfers are allocated to households who are 
likely to spend larger shares on alleviating their 
deprivations. This hypothesis can be tested on 
the record of deprivations in private good 
indicators in model 2a. By the nature of public 
good indicators, and by assumption, the 
policymaker cannot improve the targeting of in-
kind support. Moreover, in model 1a, targeting 
is assumed fixed externally even for the case of 
cash transfers, which is equivalent, for instance, 
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to a situation where all households have the 
same consumption pattern. 

In the context of model 2a, we identify the share 
of a cash transfer expected to be used by the 
household for alleviating its deprivations, and 
this share is taken as an input in the model. 
First, to understand how households spend their 
cash transfers and the rest of their incomes, and 
what share of the transfers can be 
counterfactually expected to contribute to the 
reduction in households’ deprivations, we look 
to prior empirical evidence from the same 
survey. We use a household clustering 
technique to identify how higher incomes were 

associated with different consumption patterns 
at distinct groups of households. Clustering 
entails grouping data using an unsupervised 
machine learning technique, and partitioning 
the sample around a given number of median 
values or medoids (partitioning around medoids 
(PAM)). This is used to better read the data and 
understand natural divisions in the data. 
Clustering works by identifying the number of 
clusters using silhouette analysis, and 
minimizing the distances (specifically, Gower 
distances) between observations within a 
certain subgroup around the group median, and 
maximizing the distances between clusters 
(annex 3). 
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3. Simulation case study and data 

Having characterized the model and its 
mechanics, we now turn to an empirical 
application. We select a high-quality national 
dataset covering households’ deprivations that 
can be combined with fiscal data by detailed 
economic sector. The 2015 Egyptian Household 
Income, Expenditure, and Consumption Survey 
(HIECS) produced by the Egyptian Central 
Agency for Public Mobilization and Statistics 
(CAPMAS) facilitates a detailed case study for 
the purpose of evaluating the alternative 
optimization models. The HIECS microdata are 
supplemented with historic aggregate data on 
the fiscal programmes of Egypt from the 
ESCWA Social Expenditure Monitor15 and from 
Egyptian national authorities. This section 
describes the detailed inputs and assumptions 
used to apply the three proposed optimization 
models, as well as the three models introduced 
previously,16 and compare their relative 
performance. 

A. Deprivation data and 
parameterization 

The HIECS microdata are used to generate a 
policy-relevant deprivation matrix based on a 
candidate MPI framework considered for Egypt. 
This framework is composed of 21 indicators 
clustered into seven dimensions of living 
conditions (table A4.2 in annex 4). All indicators 

 
15 ESCWA, Social Expenditure Monitor for Arab States: A Tool to Support Budgeting and Fiscal Policy Reform, 2019. 
16 E/ESCWA/CL3.SEP/2022/TP.14. 
17 For these concepts, refer to Alkire, Sabina and others, Multidimensional Poverty Measurement and Analysis, 2015, ch. 5. 

have equal weights within their dimensions. 
Under the selected cut-off for poverty, the 
following poverty measures are computed: 
poverty headcount rate is 35.5 per cent, poverty 
intensity is 36.4 per cent, for a composite MPI 
score of 12.9 per cent.17 Other statistics of the 
baseline (pre-optimization) scenario are 
highlighted in table A4.3 in annex 4. The 
uncensored headcount ratio denotes the 
proportion of the population deprived in each 
indicator, and the normalized contribution to 
MPI shows how much each indicator 
contributes to the poverty index in 
percentage terms. 

Next, we populate the input parameters 
necessary to run the optimization models. We 
start by declaring the sets of private-good and 
public-good indicators. Among the public-good 
indicators, we identify the subset of ‘active’ 
indicators targeted for in-kind support in order 
to reduce MPI. The Egyptian HIECS case study 
classifies four MPI dimensions as 
encompassing public-good indicators, and 
three dimensions as encompassing private-
good indicators. Among the public indicators, 
electricity access, school attendance, 
unemployment and social assistance are 
treated as ‘active’ for in-kind public policy. The 
joint contribution of these four active public-
good indicators (colour-coded orange in table 
A4.2) to MPI is 18.68 per cent. 
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1. Public good indicators in a candidate MPI 
framework considered for Egypt 

Education and services dimensions of MPI are 
composed of indicators that are typically in the 
State’s control, subject to strict regulation and 
codes of operation by State entities, regardless 
of whether provider management is in the 
public or private hands. Alleviating educational 
deprivation in Egypt is thought to require more 
than incentivizing households or lowering the 
opportunity cost of sending children to school. 
Instead, institutional capacity in the educational 
sector should be expanded, particularly in 
regard to the within-classroom learning 
environment. 

Alleviating the problem of unemployment can 
be tackled in various ways, affecting both labour 
supply and demand. This includes investment in 
workers’ human capital (affecting labour 
demand), investment in infrastructure and 
facilitation of worker–firm matching, structural 
and fiscal reforms at the macro level (reducing 
corporate and payroll taxes, etc.), and so forth. 
Macro-level policies are typically guided by the 
State, and the household can only respond to 
those changes indirectly. State typically enacts 
structural policies, which trickle down to 
employers. In Egypt, incentivizing workers or 
micro and small enterprises (through zero 
interest loans, or cash transfers) to create jobs is 
thought to be inadequate, and so broader and 
deeper structural programmes are called for. 

Access to electricity, water and other utilities is a 
classic example of public goods (or ‘club goods’) 
that require high infrastructure investment but 
carry low marginal costs. In the Egyptian case as 
of 2015, to the extent that households were 
connected to a public grid, they could buy 

utilities at subsidized rates. Hence, connecting 
poor and rural neighbourhoods to the network, 
and ensuring quality and reliability were the 
critical roles of the State. The remaining 
indicators are classified as private good 
indicators, which are all “active” by design, since 
households can tailor their cash-transfer 
spending to improve any of them. 

2. Cost parameterization of MPI reduction 

Given the above structure of the Egyptian status 
quo, we only need to declare the objective and 
constraints regarding the scale and form of 
government policy. First, the Government’s 
objective is in the form of an MPI reduction 
target, set at 20 per cent of the initial MPI score. 
Second, the marginal (and average) cost of 
resources expended per household lifted out of 
deprivation in each of the active public-good 
indicators is estimated in table 3. 

These parameters were selected for illustration 
only, and have little empirical grounding, only 
subject to broad qualitative guidance by the 
ESCWA Social Expenditure Monitor and fiscal 
data from Egyptian national authorities. 

To prevent unlimited spending given the State’s 
limited budget, aggregate resources spent on 
each indicator are bounded by fiscally and 
technically feasible lower and upper limits. For 
example, resources expended on the school 
attendance indicator are bounded between 0 
and 6,500, allowing the model to lift at most 
1,083 households from the relevant deprivation. 
For completeness, the government cannot 
expend negative resources on any household, 
say by imposing new deprivations, or bringing 
non-deprived households closer to the 
deprivation cut-off. 
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Table 3. Range and cost of resources per household 
removed from deprivation in active public-good indicators 

Indicator 

Marginal 
resources 

needed to lift a 
household 

above a cut-off 
for deprivation 
in an indicator 

Feasible 
cumulative 
aggregate 
range of 

resources 
expended 

School 
attendance 

6 0 to 6,500 

Electricity 5 0 to 5,500 

Unemployment 3 0 to 3,500 

Social 
assistance 6 0 to 6,500 

Source: Compiled by ESCWA. 

B. Model application and results 

The models proposed in this study introduce 
imprecision and stochasticity by targeting 
households’ multidimensional deprivations 
using non-tailored means (cash in the case of 
private-good deprivations) or tailoring in-kind 
assistance to the specific popular needs 
(expansion of access to infrastructure for entire 
population cells, in the case of private-good 
deprivations). This section addresses the 
problem of using money for addressing 
multidimensional deprivations in private goods. 

In the 2015 Egyptian HIECS, the income variable 
can serve as the proxy for households’ means to 
afford improvements in the private-good 
indicators. However, since income poverty and 
multidimensional poverty are associated in a 
complex fashion, we first need to assess how 
Egyptian households typically allocate their 
financial resources to various goods and living 
conditions. We rely on a non-parametric 

machine-learning clustering methodology to 
group households by their consumption 
patterns (endogenously computed by the model 
based on data used), and implicitly identify the 
relationship between the proxy variable and the 
various deprivation scores at each household. 
This will yield clustered subgroups of 
households in relation to the cash required to 
tackle households’ deprivations in private-good 
indicators. In the case of public-good indicators, 
households are grouped (exogenously) into 
population cells. 

The clustering analysis confirms that clusters 
that have the lowest average income per capita 
have the highest deprivation rates in private-
good indicators. For instance, out of the six 
clusters identified, households in the lowest-
income clusters (V and VI) have the highest 
deprivation scores for child mortality. Moreover, 
the clusters are highly predictive even for 
public-good deprivations. The highest scores on 
the public-good deprivations are also 
concentrated in clusters V and VI. This is 
interesting and non-trivial, since the public-good 
deprivations were not used in the clustering 
exercise. This means that deprivation in a 
certain (public-good) indicator is clearly 
associated with deprivations in other (private-
good) indicators. Refer to table A4.4 in annex 4. 

Ranking all indicators within each cluster by 
their deprivation scores (highest deprivation – 
rank 1), we find that the indicator rankings 
differ across clusters, confirming that 
households differ from one another in 
significant ways, and suggesting that the PAM 
clustering technique succeeds at maximizing 
the distance between observations in distinct 
clusters, and minimizing distances within 
clusters. Table A4.5 and figure A4.2 also 
pinpoint which clusters lag behind the national 
level in terms of the deprivation scores. 
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Disaggregating the rankings even further by 
geographic region, we find that four indicators 
(mortality, sanitation, water, garbage) exhibit 
the lowest deprivations across all clusters and 
subgroups. 

The analysis of deprivations reveals that, to 
reach a desired MPI reduction, some 
households only require to lift a single 
deprivation, which will induce them to be 

switched from multidimensionally poor to non-
poor.18 In fact, in the existing model 3, achieving 
the target reduction in MPI requires only the 
lifting of a single deprivation among the 
multidimensionally-poor households, in order to 
switch enough of them to a non-poor status. 
However, this is not the case across all models, 
where some households must be lifted in two 
deprivations in order to lift a sufficient number 
out of multidimensional poverty. 

 
Table 4. Results for all models 

 

Baseline 

Existing 
model 1: 
national 

level 

Existing 
model 2: 

population-
cell level 

Existing 
model 3: 

Household 
level 

Proposed 
model 1a: 

population-
cell level 
for public 

goods 

Proposed 
model 2a: 

population-
cell level 
for public 

goods; 
cluster 

level for 
private 
goods 

Proposed 
model 3a: 

Population-
cell level 
for public 

goods; 
household 

level for 
private 
goods 

  𝑵𝑵 𝑫𝑫 𝑯𝑯𝑯𝑯 𝑫𝑫−𝑵𝑵 𝑫𝑫−𝑵𝑵𝑵𝑵 𝑫𝑫−𝑯𝑯𝑯𝑯 
Number of 
households lifted 
from poverty 

 28 28 27 28 29 27 

Number of 
households lifted 
from deprivation 

 102 42 27 83 47 34 

Maximum number 
of deprivations 
per household 
needed to be 
lifted to achieve 
MPI target 

 2 2 1 2 2 1 

Headcount 
poverty rate  
(H; %) 

35.5% 28.9% 27.9% 27.5% 28.9% 27.9% 27.7% 

Intensity of 
poverty (A; %) 36.4% 35.6% 37.1% 37.6% 35.8% 37.0% 37.1% 

MPI 12.9 10.3 10.3 10.3 10.3 10.3 10.3 
Change in MPI 
(%) 

 -20.4% -20.0% -20.1% -20.0% -20.0% -20.2% 

Source: Compiled by ESCWA. 

 
18 Of course, it depends on the 𝐶𝐶𝑖𝑖score, and the normative assumptions, such as the weight attributed for each indicator. 
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Assessing the resource outlays on various 
indicator (table 5) proposed under the 
alternative models, we see that the National 
model requires substantially more resources to 
meet the MPI target compared to the other, 
better-targeting models at the population-cell or 
household level (𝐷𝐷 & 𝑁𝑁). Models run at the 
population-cell level, including the three newly 
proposed models, produce different results, 
while the household model calls for the lowest 
resource use to achieve the same target 
reduction in MPI. In our most advanced model, 

accounting for households’ behavioural 
responses to State assistance, the resource 
outlays are inflated by an inefficiency ratio, such 
as (1/90 per cent) in our illustration. The 273 units 
of resources distributed to households are thus 
equivalent to 246 “efficiency units” used for 
deprivation reduction. Referring to table 5, the 
resource-use rankings across the six models 
agree with our theoretical expectations, validate 
the respective models, and confirm the economic 
value of the State’s capabilities at monitoring 
households’ needs and targeting aid. 

 

Table 5. Post-optimization count of resource outlays per active indicator, by model 

Indicators 

Existing 
model 1: 

national 
level 

Existing 
model 2: 

population-
cell level 

Existing 
model 3: 

household 
level 

Proposed 
model 1a: 

population-
cell level for 
public goods 

Proposed Model 
2a: population-

cell level for 
public goods; 

cluster level for 
private goods 

Proposed 
model 3a: 

population-
cell level for 

public goods; 
household 

level for 
private 
goods 

 𝑵𝑵 𝑫𝑫 𝑯𝑯𝑯𝑯 𝑫𝑫 − 𝑵𝑵 𝑫𝑫 − 𝑵𝑵𝑵𝑵 𝑫𝑫 −𝑯𝑯𝑯𝑯 

School 
attendance 186 30 6 186 60 6 

Electricity 255 20 30 130 50 60 

Unemployment 60 36 21 78 30 24 

Social 
assistance 

0 126 78 0 133 78 

Total efforts 501 212 135 394 273 168 

Source: Compiled by ESCWA. 
Note: The yellow highlighted indicators are classified as private-good indicators, and the one in green as public-good. 
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We can also assess whether the proposed 
model 2a allocates resources across population 
cells according to their prevailing deprivation 
rates and levels of their proxy means (income in 
our case). Table 6 shows that 19 per cent of 
households in cluster 5 are deprived in school 
attendance, and this is the highest cluster 
deprivation rate compared with the other 
household clusters subgroups deprivation rates. 
The second and third highest deprivation rates 
of attendance-deprived households are found in 
clusters 3 and 6. (The situation in terms of social 
assistance is analogous.) Analysing the average 
reported income per capita in these clusters (3, 
5 and 6), we find that these clusters have the 
lowest incomes compared to other clustered 
subgroups. These are the results in the baseline 

case, after applying the clustering method but 
before applying the optimization. 

These results are compatible with the post-
optimization results, which show that most of 
the changes in households’ deprivations and 
poverty status occurred in the above-mentioned 
clusters. 

With the exception of the existing household 
model (model 3), all models have a probabilistic 
interpretation since they assume limited 
information in targeting multidimensionally-
poor households. The models should thus be 
solved repeatedly to confirm the uniqueness 
and robustness of the results and policy 
prescriptions. 

Table 6. Indicator-level uncensored headcount ratio disaggregated by clusters 

Private indicators School attendance Unemployment 
Social 

assistance Average income per capita 

Cluster I 4% 6% 15% 3,214 

Cluster II 4% 6% 7% 5,625 

Cluster III 8% 6% 27% 1,847 

Cluster IV 6% 2% 12% 4,115 

Cluster V 19% 3% 37% 1,458 

Cluster VI 9% 3% 33% 1,657 

Source: Compiled by ESCWA. 

Table 7. Post-optimization poverty and deprivation status of households disaggregated by clusters 

Clusters 1 2 3 4 5 6 Total 

Households that have changed poverty status, due to change(s) in 
deprivation scores in one or several indicators 1 4 12 1 2 9 29 

How many switches of deprivations scores have been recorded 1 9 17 3 4 13 47 

Source: Compiled by ESCWA.  
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4. Conclusions and future research directions 

Unlike absolute income poverty, which only 
requires a certain amount of money to be 
transferred to income-poor citizens for poverty 
alleviation purposes, multidimensional poverty 
seeks to capture the wider deprivations, 
including health, education, empowerment, 
quality of work and security. Thus, reducing 
multidimensional poverty entails a different 
approach in terms of poverty reduction 
strategies. 

This study has thus aimed to introduce three 
new models for optimizing governments’ 
poverty reduction efforts, considering the 
heterogeneous properties of various 
dimensions of MPI. This study has reviewed the 
performance of the three models and 
highlighted how the results can support 
decision makers in identifying the interventions 
that are most efficient for reducing MPI. 

The study started with an observation that 
income and multidimensional poverty are 
associated positively in a complex fashion. Both 
income and multidimensional poverty can be 
mutually reinforcing better health and education 
can lead to higher incomes, while higher 
incomes offer a degree of personal control so 
that poor people can prioritize and address their 
needs. 

These optimization procedures are not without 
precedence. For instance, as key ingredients to 
make the programs a success and possible in 
the first place, the Governor of Oaxaca state, 

 
19 https://mppn.org/interview-oaxaca-mexico/. 

Mexico, has listed three steps. First, build a road 
map with clear targets of poverty reduction (as 
done so via this report for the State of 
Palestine). Second, coordinate policies across 
ministries and institutions to avoid duplications 
and create synergies. Third, create a system of 
monitoring and evaluation, in which ministers 
are required to report on actions towards 
progress.19 

The key findings of this study suggest that 
ambitious multidimensional poverty reduction 
targets can be feasibly reached if policymakers 
are empowered to mobilize adequate resources, 
and target the neediest parts of the population 
in an efficient manner. This may encompass 
tailoring the kind of assistance to the specific 
substantive needs of the population, 
conditioning the assistance on appropriate 
deprivation-reducing household response, and 
targeting precisely the most-needy pockets of 
the population. The bottom line is that efficient 
public intervention should avoid wasteful 
spillovers on non-critical dimensions of 
wellbeing, and non-deprived or non-poor 
population groups. Among the scenarios 
considered in this study, public interventions 
that allowed tailoring of in-kind assistance to the 
population’s specific needs, and achieved smart 
targeting at the level of households or well-
identified clusters of similarly situated 
households, attained the highest levels of 
efficiency. Policy scenarios that did not allow 
targeting of narrow population groups or 
tailoring of aid to the specific needs of 

https://mppn.org/interview-oaxaca-mexico/
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households – through customization of in-kind 
support, or through conditioning on appropriate 
responses by households – achieved much 
lower efficiency. 

The results of the empirical analysis thus 
confirm our pre-existing expectations, and 
validate the algorithms’ performance. They also 
provide numerical guidance regarding the real 
burden posed by various informational and 
action-space constraints that policymakers in 
different countries face in implementing social 
policies and programmes. 

Nevertheless, a word of caution is warranted 
regarding the results’ accuracy. The quantitative 
results presented in this study should be viewed 
as illustrative (and indeed stochastic), rather 
than authoritative and precise. This is due to the 
way that policy interventions were assumed to 
operate in the considered models, and due to 
methodological choices in estimation. The 
following paragraphs describe several possible 
avenues for robustness testing, and bids at 
efficiency improvement of the presented 
models. 

Firstly, the clustering approach used to group 
sub-families of households uses an algorithm 
adapted to deal with data features of different 
typology. Exploring other clustering methods 
could be beneficial, such as deep learning and 

mixture models that are more adapted to 
heterogeneous data (e.g., categorical, numeric, 
textual, etc.). Relatedly, in the proposed 
approach, all the features (independent 
variables) were considered with the same 
weight (echoing MPI within dimension equal 
weight rational) before being included in the 
clustering algorithm. Another approach would 
be to add a pre-clustering data treatment step, 
the result of which would be a non-equal 
weighted vector attribution (e.g., based on 
random forest approach) and then use these 
weights to control clustering results. 

Secondly, the efficiency rate, related to the 
waste of resources due to moral hazard, can 
subjectively be applied by an expert user (e.g., 
the mentioned 90 per cent). This parameter 
could also be estimated based on statistical 
approaches, assuming availability of relevant 
data. In addition, a dynamic efficiency rate may 
also be considered. Thus, it could be assigned 
based on geographic population subgrouping, 
or income-proxy population subgroups, etc. 

Lastly, three, instead of being reactive and 
search how to optimize a deprivation matrix in 
order to reach a certain subjectively assigned 
MPI target, one may use historical MPI related 
data, and use machine learning and statistical 
learning models to set preferred future MPI 
targets. 
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Annex 1. Household-level model: the objective 
function and constraints in 
logical form 

Let 𝐽𝐽 = 𝑈𝑈 ∪ 𝑉𝑉 where 𝑈𝑈 represents index of individual indicators and 𝑉𝑉 index for public indicators; 𝐼𝐼 
set of HH index; 𝐷𝐷 set of region index. 

Objective function: 

𝑏𝑏𝑖𝑖𝑏𝑏 ��𝐸𝐸𝑖𝑖  
𝑖𝑖∈𝑈𝑈

+ ��𝐸𝐸𝑖𝑖𝑗𝑗
𝑗𝑗∈𝐷𝐷

 
𝑖𝑖∈𝑉𝑉

�  , 

where,  
∀𝑗𝑗 ∈ 𝑈𝑈,𝐸𝐸𝑖𝑖 = 𝐸𝐸𝐸𝐸𝐹𝐹𝑖𝑖 ∙�𝐻𝐻𝐻𝐻𝑖𝑖 ⋅ (𝑀𝑀𝑖𝑖𝑖𝑖 − 𝑁𝑁𝑖𝑖𝑖𝑖)

𝑖𝑖∈𝐼𝐼

, 

and, 

∀𝑗𝑗 ∈ 𝑉𝑉,∀𝑑𝑑 ∈ 𝐷𝐷,𝐸𝐸𝑖𝑖𝑗𝑗 = 𝐸𝐸𝐸𝐸𝐹𝐹𝑖𝑖𝑗𝑗 ∙ � 𝐻𝐻𝐻𝐻𝑖𝑖 ⋅ (𝑀𝑀𝑖𝑖𝑖𝑖 − 𝑁𝑁𝑖𝑖𝑖𝑖)
𝑖𝑖∈𝐼𝐼[𝑗𝑗]

, 

With 𝐼𝐼[𝑑𝑑] index of HH in region 𝑑𝑑. Note that here we are making the assumption that ∀𝑗𝑗 ∈ 𝑉𝑉,∀𝑑𝑑 ∈
𝐷𝐷,𝐸𝐸𝐸𝐸𝐹𝐹𝑖𝑖𝑗𝑗 = 𝐸𝐸𝐸𝐸𝐹𝐹𝑖𝑖 . 

Constraints: 

Passing from deprived to non-deprived exclusively: 

∀𝑖𝑖 ∈ 𝐼𝐼,∀𝑗𝑗 ∈ 𝐽𝐽,𝑁𝑁𝑖𝑖𝑖𝑖 ≤ 𝑀𝑀𝑖𝑖𝑖𝑖  

Households can thus transition from being deprived to being non-deprived, but not vice versa. 

The first contribution constraint is: 

∀𝑖𝑖 ∈ 𝐼𝐼,�𝑁𝑁𝑖𝑖𝑖𝑖 ∙ 𝑤𝑤𝑖𝑖  
𝐽𝐽

≥ 𝑘𝑘 ⇒ 𝐶𝐶𝑖𝑖 = �𝑁𝑁𝑖𝑖𝑖𝑖 ∙ 𝑤𝑤𝑖𝑖  
𝐽𝐽

∙ 𝐻𝐻𝑆𝑆𝑖𝑖 ∙ 𝐻𝐻𝐻𝐻𝑖𝑖 
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The linearizing constraint 2 is: 

∀𝑖𝑖 ∈ 𝐼𝐼,𝐶𝐶𝑖𝑖 + 𝑏𝑏𝑖𝑖𝑏𝑏𝑀𝑀 ∙ 𝑏𝑏1𝑖𝑖 ≥ �𝑁𝑁𝑖𝑖𝑖𝑖 ∙ 𝑤𝑤𝑖𝑖  
𝐽𝐽

∙ 𝐻𝐻𝑆𝑆𝑖𝑖 ∙ 𝐻𝐻𝐻𝐻𝑖𝑖 

∀𝑖𝑖 ∈ 𝐼𝐼,𝐶𝐶𝑖𝑖 − 𝑏𝑏𝑖𝑖𝑏𝑏𝑀𝑀 ∙ 𝑏𝑏1𝑖𝑖 ≤ �𝑁𝑁𝑖𝑖𝑖𝑖 ∙ 𝑤𝑤𝑖𝑖  
𝐽𝐽

∙ 𝐻𝐻𝑆𝑆𝑖𝑖 ∙ 𝐻𝐻𝐻𝐻𝑖𝑖 

∀𝑖𝑖 ∈ 𝐼𝐼,�𝑁𝑁𝑖𝑖𝑖𝑖 ∙ 𝑤𝑤𝑖𝑖
𝐽𝐽

− (1 − 𝑏𝑏1𝑖𝑖) ∙ 𝑏𝑏𝑖𝑖𝑏𝑏𝑀𝑀 < 𝑘𝑘 

where, 𝑏𝑏1𝑖𝑖 is a binary decision variable used to linearize logical constraint and 𝑏𝑏𝑖𝑖𝑏𝑏𝑀𝑀 a constant great 
enough to insure the relaxation of the corresponding constraints. 

The second contribution constraint is: 

∀𝑖𝑖 ∈ 𝐼𝐼,�𝑁𝑁𝑖𝑖𝑖𝑖 ∙ 𝑤𝑤𝑖𝑖  
𝐽𝐽

< 𝑘𝑘 ⇒ 𝐶𝐶𝑖𝑖 = 0 

and the linearizing constraint 3 is: 

∀𝑖𝑖 ∈ 𝐼𝐼,𝐶𝐶𝑖𝑖 − 𝑏𝑏𝑖𝑖𝑏𝑏𝑀𝑀 ∙ 𝑏𝑏2𝑖𝑖 ≤ 0 

∀𝑖𝑖 ∈ 𝐼𝐼,�𝑁𝑁𝑖𝑖𝑖𝑖 ∙ 𝑤𝑤𝑖𝑖  
𝐽𝐽

+ 𝑏𝑏𝑖𝑖𝑏𝑏𝑀𝑀 ∙ (1 − 𝑏𝑏2𝑖𝑖) ≥ 𝑘𝑘 

where 𝑏𝑏2𝑖𝑖 is a binary decision variable used to linearize logical constraint verifying, 𝑏𝑏2𝑖𝑖 = 1 − 𝑏𝑏1𝑖𝑖. 

Lower and upper bound constraints are: 
∀𝑗𝑗 ∈ 𝑈𝑈,𝐸𝐸𝑖𝑖 ≥ 𝑙𝑙𝑖𝑖  𝑅𝑅𝑏𝑏𝑑𝑑 𝐸𝐸𝑖𝑖 ≤ 𝑢𝑢𝑖𝑖 , 

∀𝑗𝑗 ∈ 𝑉𝑉,∀𝑑𝑑 ∈ 𝐷𝐷,𝐸𝐸𝑖𝑖𝑗𝑗 ≥ 𝑙𝑙𝑖𝑖𝑗𝑗  𝑅𝑅𝑏𝑏𝑑𝑑 𝐸𝐸𝑖𝑖𝑗𝑗 ≤ 𝑢𝑢𝑖𝑖𝑗𝑗  

Here one can also make the assumption that ∀𝑗𝑗 ∈ 𝑉𝑉,∀𝑑𝑑 ∈ 𝐷𝐷, 𝑙𝑙𝑖𝑖𝑗𝑗 = 𝑙𝑙𝑖𝑖 𝑅𝑅𝑏𝑏𝑑𝑑 𝑢𝑢𝑖𝑖𝑗𝑗 = 𝑢𝑢𝑖𝑖 . 

The model reaches the targeted MPI: 
∑ 𝐶𝐶𝑖𝑖 𝐼𝐼

∑ 𝐻𝐻𝑆𝑆𝑖𝑖∙𝐻𝐻𝑊𝑊𝑖𝑖 𝐼𝐼
≤ 𝑀𝑀𝑀𝑀𝐼𝐼𝑠𝑠 ∙ (1 −𝑀𝑀𝑀𝑀𝐼𝐼𝑟𝑟) 
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A probabilistic dimension is added to determine the flip in individual indicators (first constraint): 

∀𝑖𝑖 ∈ 𝐼𝐼,∀𝑗𝑗 ∈ 𝑈𝑈, 𝑖𝑖𝑖𝑖 𝑅𝑅𝑖𝑖𝑖𝑖 ≤

𝐸𝐸𝑖𝑖
𝐸𝐸𝐸𝐸𝐹𝐹𝑖𝑖
∑ 𝑀𝑀𝑖𝑖𝑖𝑖𝐼𝐼

⇒ 𝑁𝑁𝑖𝑖𝑖𝑖 = 0 

Linearizing constraint 6 is: 

∀𝑖𝑖 ∈ 𝐼𝐼,∀𝑗𝑗 ∈ U,𝑁𝑁𝑖𝑖𝑖𝑖 − 𝑏𝑏𝑖𝑖𝑏𝑏𝑀𝑀 ∙ 𝑏𝑏3𝑖𝑖𝑖𝑖 ≤ 0 

∀𝑖𝑖 ∈ 𝐼𝐼,∀𝑗𝑗 ∈ U,𝑅𝑅𝑖𝑖𝑖𝑖 + 𝑏𝑏𝑖𝑖𝑏𝑏𝑀𝑀 ∙ �1 − 𝑏𝑏3𝑖𝑖𝑖𝑖� >

𝐸𝐸𝑖𝑖
𝐸𝐸𝐸𝐸𝐹𝐹𝑖𝑖
∑ 𝑀𝑀𝑖𝑖𝑖𝑖𝐼𝐼

 

where, 𝑏𝑏3𝑖𝑖𝑖𝑖 is a binary decision variable used to linearize the logical constraint. 

A probabilistic dimension is added to determine the flip in individual indicators (second constraint): 

∀𝑖𝑖 ∈ 𝐼𝐼,∀𝑗𝑗 ∈ 𝑈𝑈, if 𝑅𝑅𝑖𝑖𝑖𝑖 >

𝐸𝐸𝑖𝑖
𝐸𝐸𝐸𝐸𝐹𝐹𝑖𝑖
∑ 𝑀𝑀𝑖𝑖𝑖𝑖𝐼𝐼

⇒ 𝑁𝑁𝑖𝑖𝑖𝑖 = 𝑀𝑀𝑖𝑖𝑖𝑖 

The linearizing constraint 7 is: 

∀𝑖𝑖 ∈ 𝐼𝐼,∀𝑗𝑗 ∈ 𝑈𝑈,𝑁𝑁𝑖𝑖𝑖𝑖 + 𝑏𝑏𝑖𝑖𝑏𝑏𝑀𝑀 ∙ 𝑏𝑏4𝑖𝑖𝑖𝑖 ≥ 𝑀𝑀𝑖𝑖𝑖𝑖  

∀𝑖𝑖 ∈ 𝐼𝐼,∀𝑗𝑗 ∈ 𝑈𝑈,𝑁𝑁𝑖𝑖𝑖𝑖 − 𝑏𝑏𝑖𝑖𝑏𝑏𝑀𝑀 ∙ 𝑏𝑏4𝑖𝑖𝑖𝑖 ≤ 𝑀𝑀𝑖𝑖𝑖𝑖  

∀𝑖𝑖 ∈ 𝐼𝐼,∀𝑗𝑗 ∈ 𝑈𝑈,𝑅𝑅𝑖𝑖𝑖𝑖 − 𝑏𝑏𝑖𝑖𝑏𝑏𝑀𝑀 ∙ �1 − 𝑏𝑏4𝑖𝑖𝑖𝑖� ≤

𝐸𝐸𝑖𝑖
𝐸𝐸𝐸𝐸𝐹𝐹𝑖𝑖
∑ 𝑀𝑀𝑖𝑖𝑖𝑖𝐼𝐼

 

where 𝑏𝑏4𝑖𝑖𝑖𝑖 is a binary decision variable used to linearize logical constraint verifying, 𝑏𝑏4𝑖𝑖𝑖𝑖 = 1 − 𝑏𝑏3𝑖𝑖𝑖𝑖. 

A probabilistic dimension is added to determine the flip in public indicators (first constraint): 

∀𝑑𝑑 ∈ 𝐷𝐷,∀𝑖𝑖 ∈ 𝐼𝐼[𝑑𝑑],∀𝑗𝑗 ∈ V, if 𝑅𝑅𝑖𝑖𝑖𝑖 ≤

𝐸𝐸𝑖𝑖𝑗𝑗
𝐸𝐸𝐸𝐸𝐹𝐹𝑖𝑖𝑗𝑗
∑ 𝑀𝑀𝑖𝑖𝑖𝑖𝐼𝐼[𝑗𝑗]

⇒ 𝑁𝑁𝑖𝑖𝑖𝑖 = 0 

The linearizing constraint 6 is: 

∀𝑑𝑑 ∈ 𝐷𝐷,∀𝑖𝑖 ∈ 𝐼𝐼[𝑑𝑑],∀𝑗𝑗 ∈ V,𝑁𝑁𝑖𝑖𝑖𝑖 − 𝑏𝑏𝑖𝑖𝑏𝑏𝑀𝑀 ∙ 𝑏𝑏5𝑖𝑖𝑖𝑖 ≤ 0 
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∀𝑑𝑑 ∈ 𝐷𝐷,∀𝑖𝑖 ∈ 𝐼𝐼[𝑑𝑑],∀𝑗𝑗 ∈ V,𝑅𝑅𝑖𝑖𝑖𝑖 + 𝑏𝑏𝑖𝑖𝑏𝑏𝑀𝑀 ∙ �1 − 𝑏𝑏5𝑖𝑖𝑖𝑖� >

𝐸𝐸𝑖𝑖𝑗𝑗
𝐸𝐸𝐸𝐸𝐹𝐹𝑖𝑖𝑗𝑗
∑ 𝑀𝑀𝑖𝑖𝑖𝑖𝐼𝐼[𝑗𝑗]

 

where 𝑏𝑏5𝑖𝑖𝑖𝑖 is a binary decision variable used to linearize a logical constraint. 

A probabilistic dimension is added to determine the flip in public indicators (second constraint): 

∀𝑑𝑑 ∈ 𝐷𝐷,∀𝑖𝑖 ∈ 𝐼𝐼[𝑑𝑑],∀𝑗𝑗 ∈ V, if 𝑅𝑅𝑖𝑖𝑖𝑖 >

𝐸𝐸𝑖𝑖𝑗𝑗
𝐸𝐸𝐸𝐸𝐹𝐹𝑖𝑖𝑗𝑗
∑ 𝑀𝑀𝑖𝑖𝑖𝑖𝐼𝐼[𝑗𝑗]

⇒ 𝑁𝑁𝑖𝑖𝑖𝑖 = 𝑀𝑀𝑖𝑖𝑖𝑖  

The linearizing constraint 9 is: 

∀𝑑𝑑 ∈ 𝐷𝐷,∀𝑖𝑖 ∈ 𝐼𝐼[𝑑𝑑],∀𝑗𝑗 ∈ V,𝑁𝑁𝑖𝑖𝑖𝑖 + 𝑏𝑏𝑖𝑖𝑏𝑏𝑀𝑀 ∙ 𝑏𝑏6𝑖𝑖𝑖𝑖 ≥ 𝑀𝑀𝑖𝑖𝑖𝑖 

∀𝑑𝑑 ∈ 𝐷𝐷,∀𝑖𝑖 ∈ 𝐼𝐼[𝑑𝑑],∀𝑗𝑗 ∈ V,𝑁𝑁𝑖𝑖𝑖𝑖 − 𝑏𝑏𝑖𝑖𝑏𝑏𝑀𝑀 ∙ 𝑏𝑏6𝑖𝑖𝑖𝑖 ≤ 𝑀𝑀𝑖𝑖𝑖𝑖 

∀𝑑𝑑 ∈ 𝐷𝐷,∀𝑖𝑖 ∈ 𝐼𝐼[𝑑𝑑],∀𝑗𝑗 ∈ V,𝑅𝑅𝑖𝑖𝑖𝑖 − 𝑏𝑏𝑖𝑖𝑏𝑏𝑀𝑀 ∙ �1 − 𝑏𝑏6𝑖𝑖𝑖𝑖� ≤

𝐸𝐸𝑖𝑖𝑗𝑗
𝐸𝐸𝐸𝐸𝐹𝐹𝑖𝑖𝑗𝑗
∑ 𝑀𝑀𝑖𝑖𝑖𝑖𝐼𝐼[𝑗𝑗]

 

where 𝑏𝑏6𝑖𝑖𝑖𝑖 is a binary decision variable used to linearize a logical constraint verifying 𝑏𝑏6𝑖𝑖𝑖𝑖 = 1 − 𝑏𝑏5𝑖𝑖𝑖𝑖. 
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Annex 2. Population-cell level model: 
the objective function and 
constraints in logical form 

Let 𝐽𝐽 = 𝑈𝑈 ∪ 𝑉𝑉 where 𝑈𝑈 represents an index of individual indicators and 𝑉𝑉 represents an index for 
public indicators; 𝐼𝐼 the set of households; 𝐷𝐷 the set of population cells; and 𝑇𝑇 the set of household 
consumption pattern types. 

The objective function is 

𝑏𝑏𝑖𝑖𝑏𝑏 ���𝐸𝐸𝑖𝑖𝑡𝑡
𝑡𝑡∈𝑇𝑇

 
𝑖𝑖∈𝑈𝑈

+ ��𝐸𝐸𝑖𝑖𝑗𝑗
𝑗𝑗∈𝐷𝐷

 
𝑖𝑖∈𝑉𝑉

�  , 

where  
∀𝑗𝑗 ∈ 𝑈𝑈,∀𝑅𝑅 ∈ 𝑇𝑇,𝐸𝐸𝑖𝑖𝑡𝑡 = 𝐸𝐸𝐸𝐸𝐹𝐹𝑖𝑖𝑡𝑡 ∙ � 𝐻𝐻𝐻𝐻𝑖𝑖 ⋅ (𝑀𝑀𝑖𝑖𝑖𝑖 − 𝑁𝑁𝑖𝑖𝑖𝑖)

𝑖𝑖∈𝐼𝐼[𝑡𝑡]

, 

and 

∀𝑗𝑗 ∈ 𝑉𝑉,∀𝑑𝑑 ∈ 𝐷𝐷,𝐸𝐸𝑖𝑖𝑗𝑗 = 𝐸𝐸𝐸𝐸𝐹𝐹𝑖𝑖𝑗𝑗 ∙ � 𝐻𝐻𝐻𝐻𝑖𝑖 ⋅ (𝑀𝑀𝑖𝑖𝑖𝑖 − 𝑁𝑁𝑖𝑖𝑖𝑖)
𝑖𝑖∈𝐼𝐼[𝑗𝑗]

. 

𝐼𝐼[𝑑𝑑] is the index of households in the region 𝑑𝑑, and 𝐼𝐼[𝑅𝑅] the index of households of the type 𝑅𝑅. We are 
making the assumptions that ∀𝑗𝑗 ∈ 𝑉𝑉,∀𝑑𝑑 ∈ 𝐷𝐷,𝐸𝐸𝐸𝐸𝐹𝐹𝑖𝑖𝑗𝑗 = 𝐸𝐸𝐸𝐸𝐹𝐹𝑖𝑖 and ∀𝑗𝑗 ∈ 𝑈𝑈,∀𝑅𝑅 ∈ 𝑇𝑇,𝐸𝐸𝐸𝐸𝐹𝐹𝑖𝑖𝑡𝑡 = 𝐸𝐸𝐸𝐸𝐹𝐹𝑖𝑖.  

Constraints: 

Passing from deprived to non-deprived exclusively: 

∀𝑖𝑖 ∈ 𝐼𝐼,∀𝑗𝑗 ∈ 𝐽𝐽,𝑁𝑁𝑖𝑖𝑖𝑖 ≤ 𝑀𝑀𝑖𝑖𝑖𝑖  

First contribution constraint: 

∀𝑖𝑖 ∈ 𝐼𝐼,�𝑁𝑁𝑖𝑖𝑖𝑖 ∙ 𝑤𝑤𝑖𝑖  
𝐽𝐽

≥ 𝑘𝑘 ⇒ 𝐶𝐶𝑖𝑖 = �𝑁𝑁𝑖𝑖𝑖𝑖 ∙ 𝑤𝑤𝑖𝑖  
𝐽𝐽

∙ 𝐻𝐻𝑆𝑆𝑖𝑖 ∙ 𝐻𝐻𝐻𝐻𝑖𝑖 
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Linearizing constraint 2: 

∀𝑖𝑖 ∈ 𝐼𝐼,𝐶𝐶𝑖𝑖 + 𝑏𝑏𝑖𝑖𝑏𝑏𝑀𝑀 ∙ 𝑏𝑏1𝑖𝑖 ≥ �𝑁𝑁𝑖𝑖𝑖𝑖 ∙ 𝑤𝑤𝑖𝑖  
𝐽𝐽

∙ 𝐻𝐻𝑆𝑆𝑖𝑖 ∙ 𝐻𝐻𝐻𝐻𝑖𝑖 

∀𝑖𝑖 ∈ 𝐼𝐼,𝐶𝐶𝑖𝑖 − 𝑏𝑏𝑖𝑖𝑏𝑏𝑀𝑀 ∙ 𝑏𝑏1𝑖𝑖 ≤ �𝑁𝑁𝑖𝑖𝑖𝑖 ∙ 𝑤𝑤𝑖𝑖  
𝐽𝐽

∙ 𝐻𝐻𝑆𝑆𝑖𝑖 ∙ 𝐻𝐻𝐻𝐻𝑖𝑖 

∀𝑖𝑖 ∈ 𝐼𝐼,�𝑁𝑁𝑖𝑖𝑖𝑖 ∙ 𝑤𝑤𝑖𝑖
𝐽𝐽

− (1 − 𝑏𝑏1𝑖𝑖) ∙ 𝑏𝑏𝑖𝑖𝑏𝑏𝑀𝑀 < 𝑘𝑘 

where, 𝑏𝑏1𝑖𝑖 is a binary decision variable used to linearize logical constraint and 𝑏𝑏𝑖𝑖𝑏𝑏𝑀𝑀 a constant big 
enough to insure the relaxation of the corresponding constraints. 

Second contribution constraint: 

∀𝑖𝑖 ∈ 𝐼𝐼,�𝑁𝑁𝑖𝑖𝑖𝑖 ∙ 𝑤𝑤𝑖𝑖  
𝐽𝐽

< 𝑘𝑘 ⇒ 𝐶𝐶𝑖𝑖 = 0 

Linearizing constraint 3: 

∀𝑖𝑖 ∈ 𝐼𝐼,𝐶𝐶𝑖𝑖 − 𝑏𝑏𝑖𝑖𝑏𝑏𝑀𝑀 ∙ 𝑏𝑏2𝑖𝑖 ≤ 0 

∀𝑖𝑖 ∈ 𝐼𝐼,�𝑁𝑁𝑖𝑖𝑖𝑖 ∙ 𝑤𝑤𝑖𝑖  
𝐽𝐽

+ 𝑏𝑏𝑖𝑖𝑏𝑏𝑀𝑀 ∙ (1 − 𝑏𝑏2𝑖𝑖) ≥ 𝑘𝑘 

where, 𝑏𝑏2𝑖𝑖 is a binary decision variable used to linearize logical constraint verifying, 𝑏𝑏2𝑖𝑖 = 1 − 𝑏𝑏1𝑖𝑖. 

Lower and upper bound constraints: 
∀𝑗𝑗 ∈ U,∀t ∈ T,𝐸𝐸𝑖𝑖𝑡𝑡 ≥ 𝑙𝑙𝑖𝑖𝑡𝑡  𝑅𝑅𝑏𝑏𝑑𝑑 𝐸𝐸𝑖𝑖𝑡𝑡 ≤ 𝑢𝑢𝑖𝑖𝑡𝑡 , 

∀𝑗𝑗 ∈ 𝑉𝑉,∀𝑑𝑑 ∈ 𝐷𝐷,𝐸𝐸𝑖𝑖𝑗𝑗 ≥ 𝑙𝑙𝑖𝑖𝑗𝑗  𝑅𝑅𝑏𝑏𝑑𝑑 𝐸𝐸𝑖𝑖𝑗𝑗 ≤ 𝑢𝑢𝑖𝑖𝑗𝑗  

Note that here also one can make the assumption that ∀𝑗𝑗 ∈ 𝑉𝑉,∀𝑑𝑑 ∈ 𝐷𝐷, 𝑙𝑙𝑖𝑖𝑗𝑗 = 𝑙𝑙𝑖𝑖  𝑅𝑅𝑏𝑏𝑑𝑑 𝑢𝑢𝑖𝑖𝑗𝑗 = 𝑢𝑢𝑖𝑖; In addition, 
∀𝑗𝑗 ∈ U,∀t ∈ T, 𝑙𝑙𝑖𝑖𝑡𝑡 = 𝑙𝑙𝑖𝑖  𝑅𝑅𝑏𝑏𝑑𝑑 𝑢𝑢𝑖𝑖𝑡𝑡 = 𝑢𝑢𝑖𝑖. 
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The model reaches the targeted MPI: 
∑ 𝐶𝐶𝑖𝑖  𝐼𝐼

∑ 𝐻𝐻𝑆𝑆𝑖𝑖 ∙ 𝐻𝐻𝐻𝐻𝑖𝑖  𝐼𝐼
≤ 𝑀𝑀𝑀𝑀𝐼𝐼𝑠𝑠 ∙ (1 −𝑀𝑀𝑀𝑀𝐼𝐼𝑟𝑟) 

Adding probabilistic dimension to decide about the flip in individual indicators (first constraint): 

∀t ∈ T,∀𝑖𝑖 ∈ 𝐼𝐼[𝑅𝑅],∀𝑗𝑗 ∈ U, if 𝑅𝑅𝑖𝑖𝑖𝑖 ≤

𝐸𝐸𝑖𝑖𝑡𝑡
𝐸𝐸𝐸𝐸𝐹𝐹𝑖𝑖𝑡𝑡
∑ 𝑀𝑀𝑖𝑖𝑖𝑖𝐼𝐼[𝑡𝑡]

⇒ 𝑁𝑁𝑖𝑖𝑖𝑖 = 0 

Linearizing constraint 6: 

∀t ∈ T,∀𝑖𝑖 ∈ 𝐼𝐼[𝑅𝑅],∀𝑗𝑗 ∈ U,𝑁𝑁𝑖𝑖𝑖𝑖 − 𝑏𝑏𝑖𝑖𝑏𝑏𝑀𝑀 ∙ 𝑏𝑏3𝑖𝑖𝑖𝑖 ≤ 0 

∀t ∈ T,∀𝑖𝑖 ∈ 𝐼𝐼[𝑅𝑅],∀𝑗𝑗 ∈ U,𝑅𝑅𝑖𝑖𝑖𝑖 + 𝑏𝑏𝑖𝑖𝑏𝑏𝑀𝑀 ∙ �1 − 𝑏𝑏3𝑖𝑖𝑖𝑖� >

𝐸𝐸𝑖𝑖𝑡𝑡
𝐸𝐸𝐸𝐸𝐹𝐹𝑖𝑖𝑡𝑡
∑ 𝑀𝑀𝑖𝑖𝑖𝑖𝐼𝐼[𝑡𝑡]

 

where, 𝑏𝑏3𝑖𝑖𝑖𝑖 is a binary decision variable used to linearize a logical constraint. 

Adding probabilistic dimension to decide about the flip in individual indicators (second constraint): 

∀t ∈ T,∀𝑖𝑖 ∈ 𝐼𝐼[𝑅𝑅],∀𝑗𝑗 ∈ U, if 𝑅𝑅𝑖𝑖𝑖𝑖 >

𝐸𝐸𝑖𝑖𝑡𝑡
𝐸𝐸𝐸𝐸𝐹𝐹𝑖𝑖𝑡𝑡
∑ 𝑀𝑀𝑖𝑖𝑖𝑖𝐼𝐼[𝑡𝑡]

⇒ 𝑁𝑁𝑖𝑖𝑖𝑖 = 𝑀𝑀𝑖𝑖𝑖𝑖  

Linearizing constraint 7: 

∀t ∈ T,∀𝑖𝑖 ∈ 𝐼𝐼[𝑅𝑅],∀𝑗𝑗 ∈ U,𝑁𝑁𝑖𝑖𝑖𝑖 + 𝑏𝑏𝑖𝑖𝑏𝑏𝑀𝑀 ∙ 𝑏𝑏4𝑖𝑖𝑖𝑖 ≥ 𝑀𝑀𝑖𝑖𝑖𝑖  

∀t ∈ T,∀𝑖𝑖 ∈ 𝐼𝐼[𝑅𝑅],∀𝑗𝑗 ∈ U,𝑁𝑁𝑖𝑖𝑖𝑖 − 𝑏𝑏𝑖𝑖𝑏𝑏𝑀𝑀 ∙ 𝑏𝑏4𝑖𝑖𝑖𝑖 ≤ 𝑀𝑀𝑖𝑖𝑖𝑖  

∀t ∈ T,∀𝑖𝑖 ∈ 𝐼𝐼[𝑅𝑅],∀𝑗𝑗 ∈ U,𝑅𝑅𝑖𝑖𝑖𝑖 − 𝑏𝑏𝑖𝑖𝑏𝑏𝑀𝑀 ∙ �1 − 𝑏𝑏4𝑖𝑖𝑖𝑖� ≤

𝐸𝐸𝑖𝑖𝑡𝑡
𝐸𝐸𝐸𝐸𝐹𝐹𝑖𝑖𝑡𝑡
∑ 𝑀𝑀𝑖𝑖𝑖𝑖𝐼𝐼[𝑡𝑡]

 

where 𝑏𝑏4𝑖𝑖𝑖𝑖 is a binary decision variable used to linearize logical constraint verifying 𝑏𝑏4𝑖𝑖𝑖𝑖 = 1 − 𝑏𝑏3𝑖𝑖𝑖𝑖. 

Adding probabilistic dimension to decide about the flip in public indicators (first constraint): 

∀𝑑𝑑 ∈ 𝐷𝐷,∀𝑖𝑖 ∈ 𝐼𝐼[𝑑𝑑],∀𝑗𝑗 ∈ V, if 𝑅𝑅𝑖𝑖𝑖𝑖 ≤

𝐸𝐸𝑖𝑖𝑗𝑗
𝐸𝐸𝐸𝐸𝐹𝐹𝑖𝑖𝑗𝑗
∑ 𝑀𝑀𝑖𝑖𝑖𝑖𝐼𝐼[𝑗𝑗]

⇒ 𝑁𝑁𝑖𝑖𝑖𝑖 = 0 
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The linearizing constraint 8 is: 

∀𝑑𝑑 ∈ 𝐷𝐷,∀𝑖𝑖 ∈ 𝐼𝐼[𝑑𝑑],∀𝑗𝑗 ∈ V,𝑁𝑁𝑖𝑖𝑖𝑖 − 𝑏𝑏𝑖𝑖𝑏𝑏𝑀𝑀 ∙ 𝑏𝑏5𝑖𝑖𝑖𝑖 ≤ 0 

∀𝑑𝑑 ∈ 𝐷𝐷,∀𝑖𝑖 ∈ 𝐼𝐼[𝑑𝑑],∀𝑗𝑗 ∈ V,𝑅𝑅𝑖𝑖𝑖𝑖 + 𝑏𝑏𝑖𝑖𝑏𝑏𝑀𝑀 ∙ �1 − 𝑏𝑏5𝑖𝑖𝑖𝑖� >

𝐸𝐸𝑖𝑖𝑗𝑗
𝐸𝐸𝐸𝐸𝐹𝐹𝑖𝑖𝑗𝑗
∑ 𝑀𝑀𝑖𝑖𝑖𝑖𝐼𝐼[𝑗𝑗]

 

where, 𝑏𝑏5𝑖𝑖𝑖𝑖 is a binary decision variable used to linearize logical constraint 

Adding probabilistic dimension to decide about the flip in public indicators (second constraint): 

∀𝑑𝑑 ∈ 𝐷𝐷,∀𝑖𝑖 ∈ 𝐼𝐼[𝑑𝑑],∀𝑗𝑗 ∈ V, if 𝑅𝑅𝑖𝑖𝑖𝑖 >

𝐸𝐸𝑖𝑖𝑗𝑗
𝐸𝐸𝐸𝐸𝐹𝐹𝑖𝑖𝑗𝑗
∑ 𝑀𝑀𝑖𝑖𝑖𝑖𝐼𝐼[𝑗𝑗]

⇒ 𝑁𝑁𝑖𝑖𝑖𝑖 = 𝑀𝑀𝑖𝑖𝑖𝑖  

The linearizing constraint 9 is: 

∀𝑑𝑑 ∈ 𝐷𝐷,∀𝑖𝑖 ∈ 𝐼𝐼[𝑑𝑑],∀𝑗𝑗 ∈ V,𝑁𝑁𝑖𝑖𝑖𝑖 + 𝑏𝑏𝑖𝑖𝑏𝑏𝑀𝑀 ∙ 𝑏𝑏6𝑖𝑖𝑖𝑖 ≥ 𝑀𝑀𝑖𝑖𝑖𝑖 

∀𝑑𝑑 ∈ 𝐷𝐷,∀𝑖𝑖 ∈ 𝐼𝐼[𝑑𝑑],∀𝑗𝑗 ∈ V,𝑁𝑁𝑖𝑖𝑖𝑖 − 𝑏𝑏𝑖𝑖𝑏𝑏𝑀𝑀 ∙ 𝑏𝑏6𝑖𝑖𝑖𝑖 ≤ 𝑀𝑀𝑖𝑖𝑖𝑖 

∀𝑑𝑑 ∈ 𝐷𝐷,∀𝑖𝑖 ∈ 𝐼𝐼[𝑑𝑑],∀𝑗𝑗 ∈ V,𝑅𝑅𝑖𝑖𝑖𝑖 − 𝑏𝑏𝑖𝑖𝑏𝑏𝑀𝑀 ∙ �1 − 𝑏𝑏6𝑖𝑖𝑖𝑖� ≤

𝐸𝐸𝑖𝑖𝑗𝑗
𝐸𝐸𝐸𝐸𝐹𝐹𝑖𝑖𝑗𝑗
∑ 𝑀𝑀𝑖𝑖𝑖𝑖𝐼𝐼[𝑗𝑗]

 

where 𝑏𝑏6𝑖𝑖𝑖𝑖 is a binary decision variable used to linearize logical constraint verifying 𝑏𝑏6𝑖𝑖𝑖𝑖 = 1 − 𝑏𝑏5𝑖𝑖𝑖𝑖. 

In the case of cash transfers aimed at alleviating private good deprivations, we define the share of 
the cash transfer (𝛼𝛼𝑖𝑖𝑡𝑡  ∀𝑗𝑗 ∈ 𝑈𝑈,∀𝑅𝑅 ∈ 𝑇𝑇) expected to be used by the household for switching its 
deprivations to a non-deprived status. We redefine the decision variables a follows: 

∀𝑗𝑗 ∈ 𝑈𝑈,∀𝑅𝑅 ∈ 𝑇𝑇,𝐸𝐸𝑖𝑖𝑡𝑡∗ = �2 − 𝛼𝛼𝑖𝑖𝑡𝑡�𝐸𝐸𝑖𝑖𝑡𝑡 = �2 − 𝛼𝛼𝑖𝑖𝑡𝑡� ∙ 𝐸𝐸𝐸𝐸𝐹𝐹𝑖𝑖𝑡𝑡 ∙ � 𝐻𝐻𝐻𝐻𝑖𝑖 ⋅ (𝑀𝑀𝑖𝑖𝑖𝑖 − 𝑁𝑁𝑖𝑖𝑖𝑖)
𝑖𝑖∈𝐼𝐼[𝑡𝑡]

 

By changing 𝐸𝐸𝑖𝑖𝑡𝑡  into 𝐸𝐸𝑖𝑖𝑡𝑡∗ , we get the following constrained objective function 

𝑏𝑏𝑖𝑖𝑏𝑏 ���𝐸𝐸𝑖𝑖𝑡𝑡∗

𝑡𝑡∈𝑇𝑇

 
𝑖𝑖∈𝑈𝑈

+ ��𝐸𝐸𝑖𝑖𝑗𝑗
𝑗𝑗∈𝐷𝐷

 
𝑖𝑖∈𝑉𝑉

�. 

Lastly, using the full exposition of the two existing optimization models above, and linearizing the 
non-linear constraints, the corresponding Integer Linear Program (ILP) for both models can be 
expressed. The optimization problem for the household-level model is 
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𝑏𝑏𝑖𝑖𝑏𝑏 ��𝐸𝐸𝑖𝑖  
𝑖𝑖∈𝑈𝑈

+ ��𝐸𝐸𝑖𝑖𝑗𝑗
𝑗𝑗∈𝐷𝐷

 
𝑖𝑖∈𝑉𝑉

�,  

Similarly, the optimization problem for the population-cell level model is 

𝑏𝑏𝑖𝑖𝑏𝑏 ���𝐸𝐸𝑖𝑖𝑡𝑡
𝑡𝑡∈𝑇𝑇

 
𝑖𝑖∈𝑈𝑈

+ ��𝐸𝐸𝑖𝑖𝑗𝑗
𝑗𝑗∈𝐷𝐷

 
𝑖𝑖∈𝑉𝑉

�,  

These optimization models are linear as the objective functions and constraints are linear with 
respect to the decision variables. The models are ILP models because some decision variables are 
integers (namely 𝑁𝑁𝑖𝑖𝑖𝑖 are binary). 
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Annex 3. National-level model: the objective 
function and constraints in logical 
form 

Let 𝐽𝐽 = 𝑈𝑈 ∪ 𝑉𝑉 where 𝑈𝑈 represents index of individual indicators and 𝑉𝑉 index for public indicators; 𝐼𝐼 
set of HH index; 𝐷𝐷 set of region index. 

Objective function: 

𝑏𝑏𝑖𝑖𝑏𝑏 ��𝐸𝐸𝑖𝑖  
𝑖𝑖∈𝑈𝑈

+ ��𝐸𝐸𝑖𝑖𝑗𝑗
𝑗𝑗∈𝐷𝐷

 
𝑖𝑖∈𝑉𝑉

�  , 

where, 
∀𝑗𝑗 ∈ 𝑈𝑈,𝐸𝐸𝑖𝑖 = 𝐸𝐸𝐸𝐸𝐹𝐹𝑖𝑖 ∙�𝐻𝐻𝐻𝐻𝑖𝑖 ⋅ (𝑀𝑀𝑖𝑖𝑖𝑖 − 𝑁𝑁𝑖𝑖𝑖𝑖)

𝑖𝑖∈𝐼𝐼

, 

and, 

∀𝑗𝑗 ∈ 𝑉𝑉,∀𝑑𝑑 ∈ 𝐷𝐷,𝐸𝐸𝑖𝑖𝑗𝑗 = 𝐸𝐸𝐸𝐸𝐹𝐹𝑖𝑖𝑗𝑗 ∙ � 𝐻𝐻𝐻𝐻𝑖𝑖 ⋅ (𝑀𝑀𝑖𝑖𝑖𝑖 − 𝑁𝑁𝑖𝑖𝑖𝑖)
𝑖𝑖∈𝐼𝐼[𝑗𝑗]

, 

With 𝐼𝐼[𝑑𝑑] index of HH in region 𝑑𝑑. Note that here we are making the assumption that ∀𝑗𝑗 ∈ 𝑉𝑉,∀𝑑𝑑 ∈
𝐷𝐷,𝐸𝐸𝐸𝐸𝐹𝐹𝑖𝑖𝑗𝑗 = 𝐸𝐸𝐸𝐸𝐹𝐹𝑖𝑖 . 

Constraints: 

Passing from deprived to non-deprived exclusively: 

∀𝑖𝑖 ∈ 𝐼𝐼,∀𝑗𝑗 ∈ 𝐽𝐽,𝑁𝑁𝑖𝑖𝑖𝑖 ≤ 𝑀𝑀𝑖𝑖𝑖𝑖  

Households can thus transition from being deprived to being non-deprived, but not vice versa. 

The first contribution constraint is: 

∀𝑖𝑖 ∈ 𝐼𝐼,�𝑁𝑁𝑖𝑖𝑖𝑖 ∙ 𝑤𝑤𝑖𝑖  
𝐽𝐽

≥ 𝑘𝑘 ⇒ 𝐶𝐶𝑖𝑖 = �𝑁𝑁𝑖𝑖𝑖𝑖 ∙ 𝑤𝑤𝑖𝑖  
𝐽𝐽

∙ 𝐻𝐻𝑆𝑆𝑖𝑖 ∙ 𝐻𝐻𝐻𝐻𝑖𝑖 
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The linearizing constraint 2 is: 

∀𝑖𝑖 ∈ 𝐼𝐼,𝐶𝐶𝑖𝑖 + 𝑏𝑏𝑖𝑖𝑏𝑏𝑀𝑀 ∙ 𝑏𝑏1𝑖𝑖 ≥ �𝑁𝑁𝑖𝑖𝑖𝑖 ∙ 𝑤𝑤𝑖𝑖  
𝐽𝐽

∙ 𝐻𝐻𝑆𝑆𝑖𝑖 ∙ 𝐻𝐻𝐻𝐻𝑖𝑖 

∀𝑖𝑖 ∈ 𝐼𝐼,𝐶𝐶𝑖𝑖 − 𝑏𝑏𝑖𝑖𝑏𝑏𝑀𝑀 ∙ 𝑏𝑏1𝑖𝑖 ≤ �𝑁𝑁𝑖𝑖𝑖𝑖 ∙ 𝑤𝑤𝑖𝑖  
𝐽𝐽

∙ 𝐻𝐻𝑆𝑆𝑖𝑖 ∙ 𝐻𝐻𝐻𝐻𝑖𝑖 

∀𝑖𝑖 ∈ 𝐼𝐼,�𝑁𝑁𝑖𝑖𝑖𝑖 ∙ 𝑤𝑤𝑖𝑖
𝐽𝐽

− (1 − 𝑏𝑏1𝑖𝑖) ∙ 𝑏𝑏𝑖𝑖𝑏𝑏𝑀𝑀 < 𝑘𝑘 

where, 𝑏𝑏1𝑖𝑖 is a binary decision variable used to linearize logical constraint and 𝑏𝑏𝑖𝑖𝑏𝑏𝑀𝑀 a constant great 
enough to insure the relaxation of the corresponding constraints. 

The second contribution constraint is: 

∀𝑖𝑖 ∈ 𝐼𝐼,�𝑁𝑁𝑖𝑖𝑖𝑖 ∙ 𝑤𝑤𝑖𝑖  
𝐽𝐽

< 𝑘𝑘 ⇒ 𝐶𝐶𝑖𝑖 = 0 

And the linearizing constraint 3 is: 

∀𝑖𝑖 ∈ 𝐼𝐼,𝐶𝐶𝑖𝑖 − 𝑏𝑏𝑖𝑖𝑏𝑏𝑀𝑀 ∙ 𝑏𝑏2𝑖𝑖 ≤ 0 

∀𝑖𝑖 ∈ 𝐼𝐼,�𝑁𝑁𝑖𝑖𝑖𝑖 ∙ 𝑤𝑤𝑖𝑖  
𝐽𝐽

+ 𝑏𝑏𝑖𝑖𝑏𝑏𝑀𝑀 ∙ (1 − 𝑏𝑏2𝑖𝑖) ≥ 𝑘𝑘 

where 𝑏𝑏2𝑖𝑖 is a binary decision variable used to linearize logical constraint verifying, 𝑏𝑏2𝑖𝑖 = 1 − 𝑏𝑏1𝑖𝑖. 

Lower and upper bound constraints are: 
∀𝑗𝑗 ∈ U,𝐸𝐸𝑖𝑖 ≥ 𝑙𝑙𝑖𝑖  𝑅𝑅𝑏𝑏𝑑𝑑 𝐸𝐸𝑖𝑖 ≤ 𝑢𝑢𝑖𝑖 , 

∀𝑗𝑗 ∈ 𝑉𝑉,∀𝑑𝑑 ∈ 𝐷𝐷,𝐸𝐸𝑖𝑖𝑗𝑗 ≥ 𝑙𝑙𝑖𝑖𝑗𝑗  𝑅𝑅𝑏𝑏𝑑𝑑 𝐸𝐸𝑖𝑖𝑗𝑗 ≤ 𝑢𝑢𝑖𝑖𝑗𝑗  

Here one can also make the assumption that ∀𝑗𝑗 ∈ 𝑉𝑉,∀𝑑𝑑 ∈ 𝐷𝐷, 𝑙𝑙𝑖𝑖𝑗𝑗 = 𝑙𝑙𝑖𝑖 𝑅𝑅𝑏𝑏𝑑𝑑 𝑢𝑢𝑖𝑖𝑗𝑗 = 𝑢𝑢𝑖𝑖 . 

The model reaches the targeted MPI:  ∑ 𝐶𝐶𝑖𝑖 𝐼𝐼
∑ 𝐻𝐻𝑆𝑆𝑖𝑖∙𝐻𝐻𝑊𝑊𝑖𝑖 𝐼𝐼

≤ 𝑀𝑀𝑀𝑀𝐼𝐼𝑠𝑠 ∙ (1 −𝑀𝑀𝑀𝑀𝐼𝐼𝑟𝑟) 
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A probabilistic dimension is added to determine the flip in public indicators (first constraint): 

∀𝑑𝑑 ∈ 𝐷𝐷,∀𝑖𝑖 ∈ 𝐼𝐼[𝑑𝑑],∀𝑗𝑗 ∈ V, if 𝑅𝑅𝑖𝑖𝑖𝑖 ≤

𝐸𝐸𝑖𝑖𝑗𝑗
𝐸𝐸𝐸𝐸𝐹𝐹𝑖𝑖𝑗𝑗
∑ 𝑀𝑀𝑖𝑖𝑖𝑖𝐼𝐼[𝑗𝑗]

⇒ 𝑁𝑁𝑖𝑖𝑖𝑖 = 0 

The linearizing constraint 6 is: 

∀𝑑𝑑 ∈ 𝐷𝐷,∀𝑖𝑖 ∈ 𝐼𝐼[𝑑𝑑],∀𝑗𝑗 ∈ V,𝑁𝑁𝑖𝑖𝑖𝑖 − 𝑏𝑏𝑖𝑖𝑏𝑏𝑀𝑀 ∙ 𝑏𝑏3𝑖𝑖𝑖𝑖 ≤ 0 

∀𝑑𝑑 ∈ 𝐷𝐷,∀𝑖𝑖 ∈ 𝐼𝐼[𝑑𝑑],∀𝑗𝑗 ∈ V,𝑅𝑅𝑖𝑖𝑖𝑖 + 𝑏𝑏𝑖𝑖𝑏𝑏𝑀𝑀 ∙ �1 − 𝑏𝑏3𝑖𝑖𝑖𝑖� >

𝐸𝐸𝑖𝑖𝑗𝑗
𝐸𝐸𝐸𝐸𝐹𝐹𝑖𝑖𝑗𝑗
∑ 𝑀𝑀𝑖𝑖𝑖𝑖𝐼𝐼[𝑗𝑗]

 

where 𝑏𝑏3𝑖𝑖𝑖𝑖 is a binary decision variable used to linearize a logical constraint. 

A probabilistic dimension is added to determine the flip in public indicators (second constraint): 

∀𝑑𝑑 ∈ 𝐷𝐷,∀𝑖𝑖 ∈ 𝐼𝐼[𝑑𝑑],∀𝑗𝑗 ∈ V, if 𝑅𝑅𝑖𝑖𝑖𝑖 >

𝐸𝐸𝑖𝑖𝑗𝑗
𝐸𝐸𝐸𝐸𝐹𝐹𝑖𝑖𝑗𝑗
∑ 𝑀𝑀𝑖𝑖𝑖𝑖𝐼𝐼[𝑗𝑗]

⇒ 𝑁𝑁𝑖𝑖𝑖𝑖 = 𝑀𝑀𝑖𝑖𝑖𝑖  

The linearizing constraint 9 is: 

∀𝑑𝑑 ∈ 𝐷𝐷,∀𝑖𝑖 ∈ 𝐼𝐼[𝑑𝑑],∀𝑗𝑗 ∈ V,𝑁𝑁𝑖𝑖𝑖𝑖 + 𝑏𝑏𝑖𝑖𝑏𝑏𝑀𝑀 ∙ 𝑏𝑏4𝑖𝑖𝑖𝑖 ≥ 𝑀𝑀𝑖𝑖𝑖𝑖 

∀𝑑𝑑 ∈ 𝐷𝐷,∀𝑖𝑖 ∈ 𝐼𝐼[𝑑𝑑],∀𝑗𝑗 ∈ V,𝑁𝑁𝑖𝑖𝑖𝑖 − 𝑏𝑏𝑖𝑖𝑏𝑏𝑀𝑀 ∙ 𝑏𝑏4𝑖𝑖𝑖𝑖 ≤ 𝑀𝑀𝑖𝑖𝑖𝑖 

∀𝑑𝑑 ∈ 𝐷𝐷,∀𝑖𝑖 ∈ 𝐼𝐼[𝑑𝑑],∀𝑗𝑗 ∈ V,𝑅𝑅𝑖𝑖𝑖𝑖 − 𝑏𝑏𝑖𝑖𝑏𝑏𝑀𝑀 ∙ �1 − 𝑏𝑏4𝑖𝑖𝑖𝑖� ≤

𝐸𝐸𝑖𝑖𝑗𝑗
𝐸𝐸𝐸𝐸𝐹𝐹𝑖𝑖𝑗𝑗
∑ 𝑀𝑀𝑖𝑖𝑖𝑖𝐼𝐼[𝑗𝑗]

 

where 𝑏𝑏4𝑖𝑖𝑖𝑖 is a binary decision variable used to linearize a logical constraint verifying 𝑏𝑏4𝑖𝑖𝑖𝑖 = 1 − 𝑏𝑏3𝑖𝑖𝑖𝑖. 
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Annex 4. Clustering households by their 
consumption patterns 

The clustering technique starts by identifying the number of clusters to partition the data into, 
where multiple metrics are available to help select a desirable number. One option involves 
performing a silhouette analysis utilizing an internal validation metric, which highlights how similar 
an observation is to its own cluster compared to its closest neighbouring clusters. The metric can 
range from -1 to 1, with higher values being preferred as splitting data into subgroups more 
efficiently. The silhouette analysis of our data shows that the data can be efficiently grouped into 3 
or more clusters. As the number of clusters increases, the silhouette width also increases – the 
clustered observations in any subgroup are distant from observations in another subgroup. 
However, the higher the number of clusters, the lower the number of observations in each cluster, 
which, depending on the use of the clustered data, lead to biased or overfitted results for each 
subgroup. This is the case of using the data for regression purposes. The silhouette method can be 
interpreted as a post-estimation technique, but, just as with any machine learning method, the 
count of clusters serves as a hyper-parameter to be tuned in an iterative way. Another drawback of 
choosing a high number of clusters is that the different statistics computed on different clusters are 
no longer significant and stable. One then has more difficulty characterizing each cluster. 

Because of the variety of variables used for clustering consumption patterns, including continuous 
and categorical variables, Gower distance (rather than Euclidean distance) is employed for 
computing the distances between two or more observations. Gower distance is a metric measuring 
dissimilarity between two observations defined by categorical and continuous variables (that is, 
mixed-type data). For continuous variables, Gower distance would be simply the absolute value of 
the difference normalized by the range of the variables. For binary variables, the distance between 
observations is 0 or 1. The total distance between two observations is the average of the distances 
of all variables defining the pair of observations. 

On selecting the distance criteria and the number of clusters k, the algorithm assigns every 
observation to a cluster represented by its centroid – in our case medoids. This medoid – itself a real 
observation in its cluster – minimizes the dissimilarity of observations to other points in the cluster. 
Conventional clustering methods rely on the k-means approach, whereby the centroid is placed at 
the mean of cluster observations. Since our data contain extreme values, and contain both 
continuous and categorical variables, a k-medoids approach is implemented instead, based on the 
cluster’s median. The procedure is: select randomly candidates for medoids in each cluster and 
assign all observations to their closest medoid using Gower distance. Across all candidate medoids, 
identify the observation that yields the lowest average distance to other cluster observations, and 
classify it as the medoid. 
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Each cluster is investigated separately by performing descriptive analysis over both continuous and 
categorical variables:  

The results of the PAM clustering technique are sensitive to the choice over the number of clusters, 
the distance computation method (Gower or Euclidean), and the centroid concept (k-means or 
medoids). Having a vast number of observations certainly lowers the sensitivity of the results to the 
change of such hyper-parameters. 

Table A4.1 Variables and sets 

Input variables Description 

Raw input variables 

𝐼𝐼 Set of households 

𝐽𝐽 Set of indicators 

𝑘𝑘 Poverty threshold in MPI framework 

∀𝑗𝑗 ∈ 𝐽𝐽,𝑤𝑤𝑖𝑖  Weights of the various indicators. The sum of all weights is 1.  

∀𝑗𝑗 ∈ 𝐽𝐽, 𝑙𝑙𝑖𝑖  Lower bound on the effort spent per indicator 

∀𝑗𝑗 ∈ 𝐽𝐽,𝑢𝑢𝑖𝑖  Upper bound on the effort spent per indicator 

∀𝑗𝑗 ∈ 𝐽𝐽,𝐸𝐸𝐸𝐸𝐹𝐹𝑖𝑖 Effort required to induce a flip per indicator 

∀𝑖𝑖 ∈ 𝐼𝐼,∀𝑗𝑗 ∈ 𝐽𝐽,𝑀𝑀𝑖𝑖𝑖𝑖  Binary deprivation per household and indicator 

∀𝑖𝑖 ∈ 𝐼𝐼,∀𝑗𝑗 ∈ 𝐽𝐽,𝑅𝑅𝑖𝑖𝑖𝑖  A random number between 0 and 1 used to decide whether the corresponding 
entry in the deprivation matrix will be flipped as a result of the effort exercised. 

∀𝑖𝑖 ∈ 𝐼𝐼,𝐻𝐻𝑆𝑆𝑖𝑖  Household size per household 

∀𝑖𝑖 ∈ 𝐼𝐼,𝐻𝐻𝐻𝐻𝑖𝑖20 Statistical weight of household 

𝑀𝑀𝑀𝑀𝐼𝐼𝑠𝑠 Starting MPI (pre-optimization) 

𝑀𝑀𝑀𝑀𝐼𝐼𝑟𝑟  Reduction required in MPI 

Derived input variables 

∀𝑖𝑖 ∈ 𝐼𝐼,∀𝑗𝑗 ∈ 𝐽𝐽,𝑀𝑀𝑤𝑤𝑖𝑖𝑖𝑖  Weighted deprivation per household and indicator 

∀𝑖𝑖 ∈ 𝐼𝐼,𝑀𝑀𝑖𝑖  Binary input variable indicating if the household is originally poor (1) or not (0) 

External decision variables 

∀𝑖𝑖 ∈ 𝐼𝐼,∀𝑗𝑗 ∈ 𝐽𝐽,𝑁𝑁𝑖𝑖𝑖𝑖  Binary decision variable member of the post-optimization deprivation matrix 𝑁𝑁 

∀𝑗𝑗 ∈ 𝐽𝐽,𝐸𝐸𝑖𝑖  Effort in the corresponding indicator 𝑗𝑗, computed based on 𝑵𝑵𝒊𝒊𝒊𝒊 

 
20 In what follows, all household statistical weights are assumed equal to one, and that the input deprivation matrix 𝑀𝑀 is complete 

and represents the whole population. 
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Input variables Description 

Internal decision variables 

∀𝑖𝑖 ∈ 𝐼𝐼, 𝑏𝑏𝑖𝑖  Binary decision variables used to linearize nonlinear constraints 

∀𝑖𝑖 ∈ 𝐼𝐼,𝐶𝐶𝑖𝑖  
Contribution of the household to the post optimization MPI. 𝐶𝐶𝑖𝑖  is a continuous 
variable with a minimum of zero. 

Additional variables 

𝑇𝑇 Set of type of households 

∀𝑖𝑖 ∈ 𝐼𝐼, 𝑅𝑅𝑖𝑖 Type of household 

𝐼𝐼[𝑅𝑅] Set of households belonging to the type of household 𝑅𝑅 (Computed input from 
the clustering technique) 

∀𝑗𝑗 ∈ V,∀𝑑𝑑 ∈ 𝐷𝐷,𝐸𝐸𝑖𝑖𝑗𝑗  Resources in corresponding indicator 𝑗𝑗 and population cell 𝑑𝑑 

∀𝑗𝑗 ∈ U,∀t ∈ T,𝐸𝐸𝑖𝑖𝑡𝑡  Resources in corresponding indicator 𝑗𝑗 and household type 𝑅𝑅 

Table A4.2 A Candidate MPI framework considered for Egypt: dimensions, indicators, weights and cut-offs 

Dimension Indicator Weight Deprivation cut-off 

Education 

Years of 
schooling 

1/14=7.14% 
A household is deprived if no household members 
have completed 12 years of schooling in the 18+ 
years 

School 
attendance 

1/14=7.14% 
A household is deprived if any household member 
aged 6-17 is not attending school and has not 
completed secondary education 

Health 

Child mortality 1/21=4.76% 
A household is deprived if any child in the household 
died before the age of 5 (0-59 months) 

Access to 
health-care 
services 

1/21=4.76% 
A household is deprived if any household member 
has a chronic disease, disability, illness or injury and 
does not have access to medical services 

Health 
insurance 

1/21=4.76% A household is deprived if no household member has 
a health insurance coverage 

Housing 
Livelihood 
assets 

1/28=3.57% 

A household is deprived if the household does not 
own a car and is deprived in at least 5 of the 
following assets: refrigerator, deep freezer, oven, 
stove, washing machine, semi-automatic washing 
machine, automatic washing machine, dishwasher, 
water heater, vacuum cleaner, air conditioner, 
electric fan, heater, electric iron, VCR, digital 
camera, personal computer, water filler, blender, 
kitchen machine 
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Dimension Indicator Weight Deprivation cut-off 

Communication 
assets 1/28=3.57% 

A household is deprived if it has none of the 
following FIVE communication assets: landline, 
smart phone, coloured TV, computer, tablet 

Overcrowding 1/28=3.57% 
A household deprived if there are 3 or more people, 
aged 5+, per sleeping room 

Type of dwelling 1/28=3.57% 

A household is deprived if the housing situation fits 
at least one of the following conditions: (i) home is a 
place other than stand-alone house or apartment; (ii) 
it has a non-permanent floor or (iii) it has non-
permanent roof 

Services 

Electricity 1/35=2.86% 
HH is deprived if the household is not connected to 
the public network or is connected but the service is 
interrupted more than once a week 

Garbage 
disposal 1/35=2.86% 

A household is deprived if the household disposes of 
its garbage through one of the following methods: on 
the street, feeding animals, burning it, throwing it 
into an abandoned place, or the household has 
access to proper garbage collection systems, but 
garbage is collected less than twice a week 

Water 1/35=2.86% 

A household deprived if the household does not 
have access to safe drinking water, according to 
MDG guidelines, or it has access, but the service is 
interrupted more than once a week 

Improved 
sanitation and 
overflow 

1/35=2.86% 

A household is deprived if it does not have a public 
or private network sanitation method or has a 
network but experiences frequent sanitary sewer 
overflows (more than once a month) 

Internet access 1/35=2.86% A household is deprived if it has no access to 
internet cable, wire nor 3G router 

Employment 

Unemployment 1/14=7.14% 
A household is deprived if any household member 
aged 15 to 64 part of the labour force is not working 
and is actively looking for a job 

Decent work 
and social 
insurance 

1/14=7.14% 
A household is deprived if working household 
member aged 15 to 64 is: working with no contract or 
is working and not participating in social insurance 

Social 
protection 

Social 
assistance 

1/14=7.14% 
A household is deprived if it falls below the poverty 
line, is eligible for a social assistance program, but 
does not receive any kind of social transfers 
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Dimension Indicator Weight Deprivation cut-off 
(Eligibility criteria: TK: poor and has children <18, 
Karama: poor and has elderly or disabled. Transfers 
include Takaful, Karama, or Ration card) 

Social 
protection 

1/14=7.14% 

A household is deprived if less than 1/2 of family 
members 18+ have a source of income: including 
labour income, assets or real estates, or social 
transfers 

Food security 

Child stunting 
and wasting 

1/21=4.76% 

A household is deprived if any child aged (0-59 
months) is stunted (height for age <-2 SD) OR if any 
child aged (0-59 months) is wasted (weight-for-age 
<-2 SD) 

Animal source 
food (ASF) 
intake 

1/21=4.76% 

A household is deprived if it has any child 6-59 
months not having received in the past week animal 
source food: (a) eggs (b) meat, poultry, fish or (c) 
dairy products 

Household food 
security 1/21=4.76% 

A household is deprived if, the household suffers 
from a food security problem for at least 12 months 
till more than 24 months 

Note: Orange boxes denote “active indicators” to be improved through public policy. 

Table A4.3 Candidate MPI framework considered for Egypt: 2018 uncensored deprivations and contributions to 
MPI, by indicator 

Indicators Uncensored headcount ratio 
Normalized contribution to MPI 

(percentage) 

Years of schooling 34.6 11.1 

School attendance 6.0 3.5 

Child mortality 2.7 0.5 

Access to health-care services 8.7 1.7 

Health insurance 21.3 2.0 

Type of dwelling 26.7 5.8 

Overcrowding 2.3 0.9 

Livelihood assets and car 10.0 1.4 

Communication assets 2.9 0.5 

Improved sanitation and overflow 48.8 5.8 

Water 17.3 2.2 
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Indicators Uncensored headcount ratio 
Normalized contribution to MPI 

(percentage) 

Garbage disposal 45.4 9.6 

Electricity 9.8 2.6 

Household food security 26.0 5.8 

Child stunting and wasting 3.7 1.1 

Animal source food (ASF) intake 3.8 1.1 

Hh_informal_ins2 57.7 11.0 

Unemployment 5.0 1.5 

Social protection 7.1 1.7 

Social assistance 21.5 11.0 

Internet access 76.9 19.1 

Table A4.4 Indicator deprivations across household-type clusters 

Indicators Cluster I Cluster II Cluster III Cluster IV Cluster V Cluster VI 

Years of schooling 19% 53% 29% 72% 49% 36% 

School attendance 4% 4% 8% 6% 19% 9% 

Child mortality* 1.7% 1.2% 2.0% 2.0% 5.9% 4.6% 

Access to healthcare services* 6.7% 6.1% 9.6% 7.3% 13.4% 7.4% 

Health insurance* 0.0% 100.0% 6.3% 98.0% 10.5% 0.3% 

Type of dwelling* 0.1% 1.0% 0.9% 98.3% 95.6% 87.9% 

Overcrowding* 0.4% 0.1% 1.3% 0.8% 7.2% 3.3% 

Livelihood assets and car* 2.1% 10.6% 4.9% 33.1% 20.7% 11.1% 

Communication assets* 0.8% 4.1% 1.3% 12.8% 7.7% 3.5% 

Improved sanitation and 
Overflow 43% 42% 45% 75% 82% 72% 

Water 16% 13% 19% 23% 33% 25% 

Garbage disposal 32% 38% 46% 71% 72% 65% 

Electricity 7% 7% 8% 13% 15% 12% 

Household food security* 1.7% 16.5% 94.1% 22.8% 97.0% 1.0% 

Child stunting and wasting* 4.5% 1.1% 7.7% 1.5% 11.9% 6.6% 
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Indicators Cluster I Cluster II Cluster III Cluster IV Cluster V Cluster VI 

Animal source food (ASF) 
intake* 

3.0% 0.2% 6.4% 1.2% 11.7% 4.9% 

hh_informal_ins2 52% 51% 63% 51% 78% 69% 

Unemployment 6% 6% 6% 2% 3% 3% 

Social protection 10% 7% 10% 6% 6% 10% 

Social assistance 15% 7% 27% 12% 37% 33% 

Internet access 63% 83% 74% 93% 90% 84% 

Average income per cluster per 
capita [survey period] 3,214 5,625 1,847 4,115 1,458 1,657 

* Private good indicators. 

Table A4.5 Indicator ranking within each cluster 

Indicators 
National 

Level Cluster I Cluster II Cluster III Cluster IV Cluster V Cluster VI 

Years of schooling 5 5 3 6 5 7 6 

School attendance 15 13 15 11 15 11 12 

Child mortality* 20 17 17 18 17 20 16 

Access to health-care 
services* 

14 10 13 10 14 13 13 

Health insurance* 8 21 1 15 2 16 21 

Type of dwelling* 6 20 19 21 1 2 1 

Overcrowding* 21 19 21 19 21 18 18 

Livelihood assets and 
car* 

13 15 9 17 8 10 10 

Communication assets* 19 18 16 19 12 17 17 

Improved sanitation and 
overflow 

3 3 5 5 4 4 3 

Water 10 6 8 8 9 9 8 

Garbage disposal 4 4 6 4 6 6 5 

Electricity 12 9 10 12 11 12 9 

Household food 
security* 

7 16 7 1 10 1 20 
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Indicators 
National 

Level Cluster I Cluster II Cluster III Cluster IV Cluster V Cluster VI 

Child stunting and 
wasting* 

16 12 18 13 19 14 14 

Animal source food 
(ASF) intake* 

18 14 20 14 20 15 15 

Hh_informal_ins2 2 2 4 3 7 5 4 

Unemployment 17 11 14 16 18 21 19 

Social protection 11 8 11 9 16 19 11 

Social assistance 9 7 12 7 13 8 7 

Internet access 1 1 2 2 3 3 2 

* Private good indicators. 

Table A4.6 Indicator ranking for region 1 

Indicators Cluster I Cluster II Cluster III Cluster IV Cluster V Cluster VI National 

Years of schooling 1 1 7 19 11 21 1 

School attendance 6 2 12 13 7 19 9 

Child mortality* 19 13 13 10 12 15 21 

Access to health-care 
services* 

2 1 3 20 8 21 5 

Health insurance* 1 1 21 19 7 2 1 

Type of dwelling* 1 1 2 19 12 22 18 

Overcrowding* 1 1 1 1 2 3 1 

Livelihood assets and 
car* 

3 5 12 15 6 24 12 

Communication 
assets* 

6 3 12 16 7 17 14 

Improved sanitation 
and overflow 17 13 12 19 17 21 19 

Water 17 4 11 18 19 17 17 

Garbage disposal 16 6 15 19 14 24 20 

Electricity 4 13 17 20 20 23 18 

Household food 
security* 

1 1 4 10 12 2 2 
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Indicators Cluster I Cluster II Cluster III Cluster IV Cluster V Cluster VI National 

Child stunting and 
wasting* 

10 1 3 2 10 18 6 

Animal source food 
(ASF) intake* 

2 4 7 3 11 19 7 

hh_informal_ins2 1 1 4 16 11 18 1 

Unemployment 2 1 4 13 12 14 1 

Social protection 1 1 3 8 16 24 1 

Social assistance 1 1 4 8 9 14 2 

Internet access 1 1 6 17 12 22 1 

All income 1 1 6 22 22 19 1 

* Private good indicators. 

Figure A4.1 Clustering results for all private-good indicators 
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Figure A4.2 Clustering results for all private and public good indicators 

 

0%

10%

20%

30%

40%

50%

60%

70%

80%

90%

100%

All indicators uncensored deprivation rates disaggregated by clusters

Cluster I Cluster II Cluster III Cluster IV Cluster V Cluster VI



49 

Figure A4.3 Radar plot 
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Figure A4.4 Silhouette graph 
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The multidimensional poverty index (MPI) has been recognized by many thought leaders and 
policy makers as a useful tool for determining the spread of poverty across the 
multidimensional space, and proposing specific channels and targets for poverty alleviation. 
To this date, however, no instruments have been promulgated to guide national planners in 
how to realistically and efficiently use available resources to reduce multidimensional poverty. 

This technical report describes advanced scenarios for a recently developed MPI-optimization 
module of ESCWA's online MPI Assist Tool (MAT). The emphasis is on policy-relevant 
interventions, including in-kind and cash transfers, and the appropriate targeting of deprived 
households, and tailoring of the assistance to households' needs. The introduction of in-kind 
support tackling public-good deprivations at the level of population subgroups, and cash-like 
support tackling private-good deprivations in specific households, both subject to a user-
controllable degree of inefficiency and moral hazard, is the major contribution of this report. 

The report concludes that ambitious multidimensional poverty reduction targets can be 
feasibly reached if policy-makers are empowered to mobilize adequate resources, and target 
the most needy parts of the population in an efficient manner. This may encompass tailoring 
the kind of assistance to the specific substantive needs of the population, conditioning the 
assistance on appropriate deprivation-reducing household response, and targeting precisely 
the most-needy pockets of the population. The bottom line is that efficient public intervention 
should avoid wasteful spillovers on non-critical dimensions of wellbeing, and non-deprived or 
non-poor population groups. Among the scenarios considered in this study, public 
interventions that allowed tailoring of in-kind assistance to the population’s specific needs and 
achieved smart targeting at the level of households or well-identified clusters of similarly 
situated households, attained the highest levels of efficiency. 
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