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Abstract 
Calls for integrated multi-sectoral policy approaches recognize that dimensions of development are 
interlinked and often multidimensional measures. Yet this may generate a proliferation of 
multidimensional metrics focused on different vulnerable groups, and create competition between 
advocacy groups, diluting their collective impact. It also may overlooks the cognitive and time constraints 
that limit policymakers’ attention and form an important bottleneck to effective institutional responses. 
This paper therefore recommends developing linked and synergistic measures for vulnerable groups that 
maximize common ground, while offering population-specific insights. We illustrate our general proposal 
by building an individual linked Child Multidimensional Poverty Index (MPI) that uses the already-
identified deprivations of each child according to Nepal’s National MPI, and appends to this two age-
specific indicators using parameters cohere with the National MPI. The results illuminate wider facets of 
child poverty (by gender, age and indicator among others) and identifies as poor all children formerly 
identified as poor plus additional children. The linked National and Child MPIs have consistent policy 
messages on shared indicators, while the Child MPI provides additional group- and child-specific insight. 
This general strategy could be applied to many groups and might consolidate rather than partition the vital 
attention of both policymakers and advocacy groups. 
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I. Introduction 

Platforms such as the Sustainable Development Goals (SDGs) recognize that development is 

multidimensional and that its components are interlinked Roelen (2017, Shigute et al. 2019, Merritt et al. 

2022). Hence prospectively analysts advise integrated multi-sectoral approaches to advance multiple goals 

efficiently and synergistically (UN, 2016). Relatedly, they urge measurement experts to consider the policy 

relevance of metrics (Atkinson 2019, Cameron et al., 2021, Santos and Villatoro 2019). However, they 

simultaneously overlook the cognitive and time constraints that limit policymakers’ attention and are an 

important bottleneck to effective institutional responses. Hansson, Arfvidsson, and Simon (2019) 

observed that the 230 SDG indicators were established ‘with a double function of being a report card and 

a management tool’ but argue that the latter was underdeveloped and clearly not prioritized. James et al. 

(2020) found that the emphasis on metrics has neglected ‘cognitive limitations and biases in people’s 

identification, perception, understanding and use of information.’ Hansen and Haas (2001)’s classic 

observation in a different context remains apt for the SDGs: ‘The relatively recent explosion of 

information makes attention, rather than information, the scarce resource in organisations’ (see also 

Cairney and Kwiatkowski, 2017). 

The sheer abundance of indicators runs counter to assessments at the mid-point of the Millennium 

Development Goals (MDGs) about the technical and policy value of even a limited number of indicators. 

For example, Murray (2007: 871) called for further prioritization of MDG health indicators: ‘National and 

worldwide efforts to improve health statistics should focus on a smaller set of priority indicators rather 

than the thousands that are currently recommended.’ Boerma and Abou-Zahr (2007: 872) argued ‘there is 

a need to strengthen and simplify measurement strategies and methods, and to refrain from contributing 

to the proliferation of indicators …’ Having copious indicators creates fertile ground for issue-based 

advocates, the accuracy of whose ostensibly evidence-based arguments can be difficult for policy actors to 

assess (Walker, Bryce, and Black, 2007; Mayne et al., 2018). 

One approach to managing a wider information base while recognizing interlinkages across indicators and 

informing integrated policies, has been to use multidimensional metrics. For example, the 2014 United 

Nations (UN) Secretary-General’s report argued that poverty measures should reflect the 

multidimensional nature of poverty (UN Secretary-General, 2014). The 2014 UN General Assembly also 

recognized the need to develop complementary measurements that better reflect the multidimensionality 

of poverty and wellbeing (UN, 2014; Atkinson, 2017, Roelen 2017), while the 2015 Addis Ababa Accord 

called on the UN and international financial institutions to develop multidimensional measures (UN, 

2015). 
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A clear example of such measures are multidimensional poverty indices (MPIs), that are reported against 

Target 1.2 as SDG indicator 1.2.2, and usually draw together 10 to 15 indicators, most of which are 

themselves either SDG indicators or closely related to them. MPIs define poverty based on deprivations 

that are directly interlinked: a poor person experiences a multiple of deprivations simultaneously. An 

additive structure means that MPIs can be broken down by each component indicator, disaggregated by 

different subgroups (if the data permit) and guide interventions to prioritize multidimensionally poor 

people (Alkire and Foster, 2011; Alkire et al., 2015; Atkinson, 2017). 

Yet even in this case, a justified ambition to ‘leave no one behind’ has led in practice to additional 

multidimensional metrics focused on differently vulnerable groups. For example, studies have developed 

multidimensional poverty indices for children, elderly people, persons living with disabilities, youth, 

workers, care workers, women, and indigenous groups.1 Bernards (2023) argues that multidimensional 

poverty metrics needs to be linked integrally to the relational mechanisms that generate poverty. 

Yet the familiar problem re-emerges: a proliferation of rigorous and precise yet disjointed 

multidimensional metrics may not lead to better planning nor to better outcomes for the poorest people. 

It may instead create competition across advocates for diversely vulnerable populations (be these NGOs, 

government offices, social movements, academics, or international agencies), potentially diluting their 

collective impact. As Mayne et al. (2018: 3) observed, ‘researchers often make the mistake of trying to 

increase the supply of high-quality research evidence in a highly crowded environment.’ 

Previous generations of literature on health and policy statistics recommended common indicator 

frameworks and other coordination procedures that support data quality and parsimony (Murray, 2007). 

For multidimensional metrics, this paper recommends developing linked and synergistic measures that 

maximize common ground, while still offering population-specific insights. It provides an example using 

data from Nepal, in which we build an individual Child MPI linked to the National MPI. The Child MPI 

identifies as poor each child who was already identified as poor in the National MPI. It further extends 

the indicators assessed, to include individual age-specific deprivations across the life-cycle of childhood. 

Results find that additional children are now identified as poor, and elaborate subnational and dimensional 

details. The Child MPI provides additional useful insights for policy makers into age-specific indicators 

throughout childhood. Yet the National and linked Child MPIs have congruent rather than competing 

policy messages on shared indicators, hence consolidate policy messaging. Similar linked measures can be 

 

1 For example, see Amarante and Colacce (2022) on older people; Mitra, Posarac, and Vick (2013) on disabilities; Bessell (2015) 
on gender; Roelen and Notten (2013) on children; and also Dirksen and Alkire (2021) and the references therein. 
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constructed to deepen understanding of other vulnerable groups, or to probe additional dimensions such 

as the environment, conflict or empowerment or even monetary poverty (Evans et al. 2023). 

The rest of the paper is organized as follows. The next section provides a brief background on the recent 

growth and adoption of multidimensional poverty measures, including national and child-specific ones. 

Section 3 proposes a general methodology, whereby national and group-based (for example, Child) MPIs 

can be linked meaningfully to support deeper analyses. Section 4 demonstrates the value-added by 

comparing estimates from both a National and Child MPI in Nepal. The last section concludes. 

II. Background 

The proliferation of metrics is often due to a salutary concern that certain disadvantages be advanced 

consciously. This paper illustrates a synergistic approach, by using the example of linked child and 

household poverty measures as the logic is common to many concerns that drive the proliferation of 

metrics. 

Worldwide, children tend to be over-represented among poor people (Alkire et al., 2017; Newhouse, 

Becerra, and Evans, 2017) and the experience of spells of poverty during childhood can have negative 

lasting effects on their lives (Brooks-Gunn and Duncan, 1997; Duncan, Ziol-Guest, and Kalil, 2010). Yet 

ensuring children’s wellbeing requires specific investments (UNICEF, 1989), so measures of household 

poverty might not provide sufficient information to guide child-specific policies. The 2030 Agenda put a 

spotlight on these issues, and child advocacy groups rightly mobilize around them. But how should child 

poverty be measured? 

Many countries already use an official national Multidimensional Poverty Index (MPI) based on 

household-level identification to complement their monetary poverty measure. The MPIs use a dual-cutoff 

counting approach to identify poor people, then measure multidimensional poverty using a straightforward 

expansion of the Foster–Greer–Thorbecke measures (Foster, Greer, and Thorbecke, 1984) to 

multidimensional situations (Alkire and Foster, 2011). The measurement methodology is flexible as regards 

the structure of the index (e.g. unit of identification, dimensions, indicators, cutoffs and weights), so has 

been tailored to various contexts. 

National MPIs are used extensively in management and policy design (UNDP and OPHI, 2019a, 2019b, 

and the references therein; UNDP, 2021). First, MPIs are used for budget allocation, to ensure that the 

level of allocation reflects the extent of different deprivations included in the MPI, as well as the cost 

savings from integrated policies. MPIs are also used to target the poorest areas for specialized 
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interventions. MPIs that proxy the national MPI are also developed based on registry data to target 

beneficiary households with bespoke packages of services. 

Because National MPIs cover multiple dimensions and SDG indicators, they are used for policy planning 

and coordination via policy roundtables at the most senior level in countries. A clearly documented 

example is Colombia, where the MPI indicators have been used (often with the assistance of management 

consultancies) to create management structures for accelerating change (Santos, 2023). Viewed as a 

performance indicator (Atkinson 2019), the MPI has created a positive kind of competition between states 

or provinces for example in Mexico or India to improve the fastest, motivated by both ethical and electoral 

gain. 

This relates to child poverty in that National MPIs typically define poverty status at the household level 

and usually include child-specific indicators (e.g., a household is deprived in school attendance if any 

school-aged child is not attending school), as well as others capturing household features that affect 

children (e.g., safe water). National MPIs are disaggregated by children and this, often striking, information 

is reported in the SDG global database for Indicator 1.2.2. Also, the global MPI covering over 100 

countries finds that half of the 1.1 billion poor people in the world are children: one in three children are 

poor, compared to one in seven adults (UNDP and OPHI, 2023). In no country are children less poor 

than adults, according to their National MPI. 

Most countries have longstanding poverty reduction policies as well as bespoke child policies. In an effort 

to further strengthen, integrate and align these with wider multidimensional poverty strategies, countries 

including Sri Lank and Nigeria have developed official national Child MPIs, often using indicators that 

reflect certain child rights (Evans and Abdurazakov, 2018). These aimed to provide deeper insights on 

children, because MPIs defined at the household level: (1) usually cover only a few child-specific 

deprivations; (2) previously have not illuminated intra-household or gendered patterns;2 and (3) may 

include indicators that do not affect children. The objective was to introduce a stand-alone child-specific 

multidimensional poverty measure at the individual child level, and use this for policy advocacy, also for 

the same policy exercises of budgeting, targeting, policy planning and coordination, management, and 

competition that the National MPI informs. 

In some countries that have a National MPI, child measures use the same method as the National MPI 

but apply it to different indicators. Disjoint Child MPIs were introduced in Panama and Thailand (MIDES 

2019; OPHI and NESDC, 2019). In these cases, the measurement methodology is the same as the National 

 

2 Alkire and Ul Haq (2018) offer a methodology to design linked analyses of gendered and intra-household patterns for 
individual indicators like school attendance, nutrition, employment, or completed years of schooling. 
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MPI, but all dimensions, weights and indicators of the Child MPI are different. This creates cognitive 

challenges for using both child and national MPIs, which is the central concern of this paper. 

Related child poverty measures use the Multiple Overlapping Deprivation Analysis (MODA) approach, 

an adaptation of the Alkire-Foster or MPI method (De Neubourg et al., 2012) focused on advocating child 

rights. Ordinarily one child measure is created for children under 5 years of age, and a separate and 

independent measure for children aged 5–17. MODA collapses indicators into dimensional sub-indices, 

which creates a very high poverty headline for advocacy, but creates challenges for monitoring and policy.3 

In the case of MODA, the dimensions, indicators and structure of two, rather than one, Child MPIs must 

be explained, in addition to the National MPI – creating an additional cognitive load. 

Thus, in countries where an official National MPI can guide policy, the adoption of one or two 

independently defined child measures creates challenges. First, how can policy actors confidently manage 

using two or more disjoint sets of dimensions and indicators, given a binding constraint of ‘attention’? 

This challenge is amplified if measures use different methodologies, which requires policy actors to master 

both, and often elicits the question: ‘Why use different methodologies?’ Even with just two measures: a) 

some actors may only have the possibility to understand and use one measure, so the other is side-lined; 

b) policy actors may not all emphasize the same measure, leading to inconsistencies; c) advocates of child-

specific policies based on a Child MPI may compete with national poverty policies (or those for the elderly 

or indigenous people, or persons living with a disability etc) based on the official National MPI, creating 

transaction costs and diluting collective gains. This could happen even when there should be significant 

common priorities (such as education, water and sanitation, housing, safety, and decent work). These 

familiar issues have many constructive administrative responses. 

As metrics are increasingly being used as management tools and performance indicators, we propose that 

those commissioning and creating multidimensional metrics to guide policy, in a context where the binding 

constraint for policy action is the limited attention of policy actors, should deliberately construct 

consolidated and consistent measures which align the objectives and information systems of linked 

 

3 Some features of the MODA approach might hinder the usefulness of these measures to inform policy making. Two 
requirements that might be particularly problematic are: inflexible requirements for equal weights across indicators, and the 
aggregation of indicators into a dimensional indicator; that is, an individual is identified as deprived in a dimensional indicator 
if they are deprived in at least one of the indicators within that dimension. The disadvantage of the dimensional subindex 
approach is that, when looking at each dimensional contribution to poverty, policy actors therefore cannot infer which of the 
indicators combined in a given dimensional subindex is driving the level of deprivation in that dimension, making it difficult 
to design an appropriate policy response. The strict requirement of equal weights can lead to situations where two 
deprivations with arguably disparate levels of impact on children’s wellbeing are ascribed equal weights simply because they 
are verbally linked to different rights. For example, in MODA, household ownership of an information device is as important 
as both school attendance and highest household education attainment together, which seems surprising. MODA also 
generates multiple child measures for different age cohorts, which can be hard to compare.  For a detailed comparison of the 
measurement properties of categorical-counting indices and Alkire-Foster measures, see Evans and Abdurazakov (2018). 



Alkire, Vaz and Oldiges 
  Strengthening the Policy Impact 

OPHI Working Paper 145 www.ophi.org.uk 6 

measures to the greatest degree possible. The following sections illustrate such a methodology applied to 

child poverty. 

III. Method 

3.1 Proposal: Linked Multidimensional Measures 

We provide a general methodology that embodies our proposal technically and empirically. For ease of 

exposition we explain it with reference to a linked household and child multidimensional poverty indices 

in Nepal. The linked Child MPI extends the National MPI to include child-specific deprivations while 

maintaining policy consistency. However alternative population subgroups could be addressed instead of 

children. In addition, a similar strategy can be and has been used to extend a national measure to 

incorporate additional indicators – for example of environmental vulnerabilities (Alkire et al. 2024, OPHI 

and UNDP 2023). 

A linked Child MPI, defined at the individual child level, includes the same dimensions and indicators as 

the National MPI. It adds one or more child dimensions with age-specific indicators that track children’s 

individual deprivations across the lifecycle of childhood. Any similar household-level indicators from the 

National MPI can be interpreted as reflecting children’s deprivations associated with their household, 

while the individual-level indicators in the child dimensions can be seen as capturing the child’s own 

situation. The weights and cutoffs are likewise linked, such that all children who are identified as poor by 

the national measure are poor according to the Child MPI. Additional children may also be, and often are, 

identified poor according to the Child MPI because the sum of their national MPI plus additional Child 

deprivations is equal to or greater than the poverty cutoff. 

A linked Child MPI allows us to identify poor children living in non-MPI-poor households, as well as 

additional child deprivations carried by individual children living in MPI-poor households. This measure 

can be disaggregated to show how deprivations vary according to age and gender, and analysed to ascertain 

whether all children are poor within a household or just a subset. In addition, it is easy to communicate, 

as it uses the same structure as the National MPI, plus just a small number of child indicators. 

3.2 A National Multidimensional Poverty Index (Household) 

The Alkire-Foster (AF) method is a general framework for multidimensional poverty measurement (Alkire 

and Foster, 2011). A prominent application of this method is the global MPI computed by OPHI and 

UNDP for more than 100 countries (Alkire and Santos, 2014; Alkire, Kanagaratnam, and Suppa, 2022). 

The AF method consists of an identification and an aggregation step. Identification is based on dual 

cutoffs. First, deprivation cutoffs for each indicator (z) are used to define whether a person is deprived in 
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that indicator or not. Second, the poverty cutoff (k) is used to determine whether a person is identified as 

multidimensionally poor, based on the sum of their weighted deprivations. Once poor people are 

identified, the AF method aggregates information on poor people’s deprivations into meaningful indices. 

The most commonly used are the multidimensional poverty headcount ratio (H), the intensity of poverty 

(A), and the adjusted multidimensional headcount ratio (M0), or MPI. National measures can be 

disaggregated by any population sub-group for which the data are representative. Thus often they would 

be disaggregated by age cohort (including children), as well as rural and urban areas, subnational regions, 

gender of the household head, and other categories such as disability status or race and ethnicity. 

As National MPIs tend to include indicators focused on children (e.g. child nutrition and school 

attendance), these indicators can also be unpacked for individual children within the National MPI 

framework. Alkire, Ul Haq, and Alim (2019) demonstrate this for South Asia. They show what proportion 

of children individually are deprived; what proportion of deprived children are poor; parse these figures 

by gender; show what proportion of children live in households with intrahousehold inequality (at least 

one child is deprived and another child is non-deprived in the same indicator); and explore how the 

indicator composition of poverty varies for poor children who are themselves deprived or non-deprived 

in a child indicator. 

3.3 A Linked Multidimensional Poverty Index: ‘The Drawer Approach’ 

The National MPI and linked Child MPI are both built from the same dataset. The Child MPI first 

replicates the deprivations for the indicators of the National MPI. Each child receives the same weighted 

deprivation profile as its household does in the National MPI. The Child MPI then adds new age-specific 

individual indicators. Each indicator must be exhaustive, in that every child (within the age limit defined 

for this measure; usually 0–17 years) must be eligible for one defined deprivation across the age period 

covered. 

Child development requires different capabilities at different ages. For example, for education, early 

learning material or parental care are crucial investments for infants and young children, and are replaced 

with preschool and then school attendance for older children, as well as not being required to undertake 

child labour, or to marry and bear children as a child. Therefore, while trying to capture the same capability 

of, say, having a healthy life or enjoying education, it is natural to draw on different indicators to capture 

pertinent deprivations of children across their lifecycle. The choice of indicators is also often constrained 

by the data, but survey modifications may subsequently expand the data environment.4 Assuming that the 

 

4 Particularly important child-level indicators might replicate indicators that are already included in the National MPI for 
children of relevant ages. The inclusion of such indicators both at household and individual levels allows the measure to 
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National MPI and the Child MPI aim to inform policy making jointly, the information provided by the 

Child MPI should expand the information obtained from the age decomposition of the National MPI. 

The indicator weights and poverty cutoff for the linked Child MPI are set such that all children who live 

in poor households according to the National MPI are still identified as poor in the Child MPI, regardless 

of whether they also experience child-specific deprivations. In particular, the Child MPI proportionally re-

weights the indicators of the National MPI to sum to the proportion of dimensions it now has. For 

example, if the original National MPI has three dimensions weighted at one-third, and the Child MPI adds 

one additional dimension, all dimensions would be weighted by one-fourth. The weight of the original 

indicators would then be proportionally the same but now sum to 3/4. More generally, if dimensions are 

equally weighted, the weight on each Child MPI dimension would correspond to their original weight in 

the National MPI (wj) multiplied by the ratio of the original number of (equally weighted) dimensions and 

the expanded number of dimensions in the Child MPI. 

A parallel adjustment applies to the poverty cutoff, which must likewise be proportional to the original 

poverty cutoff. For example, if in the three-dimensional National MPI the poverty cutoff was one-third, 

in the four-dimensional Child MPI it would be one-fourth. This creates an important link, in that every 

child without exception that is identified as poor by the National MPI is poor by the Child MPI. 

Furthermore, the common indicators of the National MPI remain convergent areas of policy concern for 

the Child MPI. The Child MPI adds an in-depth analysis to a restricted population (children) by extending 

to indicators relevant to this population. Similar linked measures can be created for other population 

groups (elderly people, youth, mothers, Indigenous peoples, etc.). 

3.4 Illustration: A National MPI and a Linked Child MPI for Nepal 

We use data from the Nepal Multiple Indicator Cluster Survey (MICS) 2014 to extend the original National 

MPI for Nepal (Government of Nepal, 2018), to a linked Child MPI.5 The National MPI consists of three 

dimensions – health, education and living standards – and 10 indicators.

 

distinguish different deprivation profiles. Suppose a Child MPI includes a household-level indicator of school attendance, 
which considers all members to be deprived if at least one school-age child is not attending school, and a child indicator, 
which considers a school-age child deprived if she/he is not attending school. The inclusion of the two indicators 
distinguishes two kinds of deprivation: (1) the risk of living in a household where school attendance is not guaranteed for 
every child; and (2) the child’s personal experience of not attending school. 

5 This example illustrates a rigorous methodology but, importantly, does not claim to offer apt indicators for each child age 
cohort. Deprivations vary greatly across age cohorts in part due to a lack of data – which is particularly acute for children 
aged 14–17. For meaningful comparisons, the different indicator definitions across age cohorts should reflect a rough 
‘comparability’ in the seriousness of deprivations for each cohort. This is not possible in the current dataset, but could be  if 
indicators were set following discussions between measurement and child experts. 
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Table 1. Dimensions, Indicators, and Weights 

Dimension Indicator Age-specific indicator/deprivation cutoff Age group 

Indicator weight 

Child MPI 
National 

MPI 

Individual child 

indicators 

Child development 

Nutrition: if z-score of weight-for-age is below minus two standard 

deviations from the median of the reference population. 
Age: 0–4 years 

1/8 

 

School attendance: if not attending school. Age: 5–13 years 
 

Schooling or working:  

if not attending school and is working and (has less than 8 years 

of schooling or is working under dangerous conditions). 

Age: 14–17 years 
 

Childhood conditions  

Early childhood conditions: 

0-5m: if not exclusively breastfed; 

6-23m: if has no vaccination card or has never been vaccinated;  

24-35m: if has no toys or was left alone or at the care of another 

child for more than 1 hour in the last week;  

36-59m: if an adult member of the household did not engage with 

the child in four or more activities during the last week. 

Age: 0–4 years 

1/8 0 

Child labour:  

5-11y: if spent at least 1 hour performing economic activities 

during previous week;  

12-13y: if spent at least 14 hours performing economic activities 

during previous week. 

Age: 5–13 years 

Child labour:  

14y: if spent at least 14 hours performing economic activities 

during previous week;  

15-17y: if spent at least 43 hours performing economic activities 

during previous week. 

Age: 14-17 years 

Years of schooling No household member has completed five years of schooling.   1/8 1/6 
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Household 

education 
Child school attendance Any school-aged child is not attending school up to class 8+. 

 
1/8 1/6 

Household 

health 

Child mortality Any child in the family has died. 
 

1/8 1/6 

Nutrition 
Any adult or child for whom there is nutritional information is 

malnourished. 

 
1/8 1/6 

Living 

standards 

Electricity The household has no electricity. 
 

1/24 1/18 

Improved sanitation 

The household’s sanitation facility is not improved (according to 

MDG guidelines), or it is improved but shared with other 

households. 

 
1/24 1/18 

Improved drinking water 

The household does not have access to improved drinking water 

(according to MDG guidelines) or safe drinking water is more than 

a 30-minute roundtrip walk from home.  

 
1/24 1/18 

Housing 

The household has a dirt, sand, dung, or other (unspecified) type 

of floor or has roof made of thatch/palm leaf, sod, rustic mat, wood 

planks, or other. 

 
1/24 1/18 

Cooking fuel The household cooks with dung, wood or charcoal. 
 

1/24 1/18 

Assets ownership 
The household does not own more than one radio, TV, telephone, 

bike, motorbike or refrigerator and does not own a car or truck. 

 
1/24 1/18 

Note: Weights in the individual child dimension sum to 1/4 within each age group. 
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The three dimensions are equally weighted, and the indicators within each dimension are also equally 

weighted. The poverty cutoff (k) is one third (1/3). Table 1 presents all the indicator definitions, with 

indicator weights for the National MPI. 

As Table 1 shows, the linked Child MPI builds on the National MPI by adding a dimension of ‘individual 

child’ that includes two age-specific child indicators: child development and childhood conditions. The 

age groups covered to proxy the lifecycle of childhood are 0–4 years, 5–13 years, and 14–17 years. For 

children under 5 years of age, recognizing the fundamental role that nurturing care plays in early childhood 

development (Black et al., 2017), child poverty is assessed based on nutrition (weight-for-age) (child 

development) and early childhood conditions (childhood conditions).6 

For children aged 5–13, the age-specific indicators are school attendance and child labour, while for 

children aged 14–17, the indicators are schooling or working and child labour. All cutoffs and age-specific 

definitions are reported in Table 1. 

Table 2. Comparing the National MPI and Child MPI values for Children 0–17 

 MPI Incidence (H) Intensity (A) 

National MPI for children 0–17 (k = 1/3) 0.154 33.8% 45.5% 

Child MPI (k = 1/4) 0.159 40.9% 38.9% 

Note: Authors’ calculations based on MICS 2014 for children aged 0–17. 

Table 2 reports key results of the National and linked Child MPI for Nepal’s child population. These 

include the MPI-score (MPI), the incidence or headcount ratio of poor children (H), and the average 

intensity of multidimensional poverty (A). According to the National MPI, 33.8 percent of all children are 

poor. However, given its extended set of deprivations (including child-specific deprivations), the Child 

MPI identifies over 7 percent more children as poor than the National MPI, or 40.9 percent7 of all children. 

These additional poor children do not live in MPI-poor households according to the National MPI.8 

 

6 The early childhood conditions indicator has different definitions depending on the precise age of the child. For children 
under 6 months, it corresponds to exclusive breastfeeding; for children 6 to 23 months old, it corresponds to immunization; 
for children 24 to 35 months, it considers the availability of toys and adequate care; and for children 3 to 4 years old, it 
considers time spent with adults in activities such as reading books, looking at picture books, telling stories, singing songs, 
and taking children outside the home. 

7 Tables A1 and A2 in the Appendix present results with confidence intervals nationally, by area and province. 

8 If we convert the intensity of the National MPI into a number comparable to that of the Child MPI (by effectively giving 
zero weight to the child indicators), the intensity for the National MPI 34.1 percent compared to 38.9 percent for the Child 
MPI. 
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Disaggregating the Child MPI by gender, we find that while the point estimates of poverty are slightly 

higher for girls than boys, the differences are not significantly different (Figure 1). 

Figure 1. Gender Disaggregation of Child-MPI and Incidence with 95 Percent Confidence Intervals 

1A: Gender Disaggregation of Child-MPI 

 

1B: Gender Disaggregation of Incidence 

 

Note: Authors’ calculations based on MICS 2014 for children aged 0–17 
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Table 3. Percentage of Children 0–17 Deprived in Individual Child Indicators by their Poverty Status According 
to the Child MPI and National MPI 

 
Poor by Child and 

National MPI 

Poor by Child MPI 

but not National 

MPI 

Nonpoor by Child 

and National MPI 

Deprived only in child indicator 1 7.6 2.5 0.7 

Deprived only in child indicator 2 3.9 3.7 2.8 

Deprived in both child indicators 3.1 1.0 0.0 

Deprived in none of the child indicators 19.1 0.0 55.6 

Percentage of children (sum to 100.1% 
due to rounding) 

33.8 7.2 59.1 

Note: Authors’ calculations based on MICS 2014 for children aged 0–17. 

Table 3 looks beyond the headline of 7.2 percent of children who are ‘newly poor’ according to the Child 

MPI, and investigates how the additional child indicators affect those who are non-poor and those who 

were already poor according to the National MPI. Fully 19.1 percent of children are poor by the National 

MPI, but are not deprived in either of the child indicators, while in total, 14.6 percent of children are poor 

by the National MPI and also experience at least one child-specific deprivation. In contrast, only 3.5 

percent of all children are deprived in one of the child indicators but are not poor. Hence the child 

indicators do deepen our understanding of children’s individual experience of poverty. 

3.5 Analysis by Province 

One of the reasons why every MPI based on the AF method can be used both for policy design and as a 

performance management tool is that it can be broken down by each of its indicators. This feature makes 

National MPIs useful for planning and budget allocation, while planning exercises can also be guided at 

both provincial and national levels. How then does a linked Child MPI function to consolidate attention 

to policy priorities that are shared with the National MPI, and to highlight additional child considerations 

to actors whose programming focuses on children? 

Looking at the National and Child MPIs disaggregated by Province, Table 4 shows both convergent and 

divergent findings across the seven provinces, ranked from poorest to least poor. The provincial ranking 

is the same by both the National and Child MPIs, with Karnali being the poorest, followed by Madhes. 

However, in Karnali, the Child MPI incidence of 63.7 percent is 9.7 percentage points higher than the 

National MPI of 54.4 percent, whereas in Madhes the incidence is only 5.7 percentage points higher. So 

child poverty is a particular priority in Karnali, as it also is in the large province of Lumbini where the 

incidence is 8.6 percentage points higher than the National MPI. Using this information together with the 

population shares can provide general guidance for budgeting. But to move towards policy design it is 

necessary to ask what needs to be done. 
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Table 4. Headcount Ratios by Province According to National MPI and Child MPI 

 Incidence for children (%) 
Population share (%) 

 National MPI Child MPI 

 National 33.8 40.9 100 

 Karnali 54.4 63.7 7.2 

 Madhes 52.6 58.3 22.8 

 Sudurpashchim 37.4 44.5 10.8 

 Lumbini 33.5 42.1 18.7 

 Province 1 24.2 32.3 15.7 

 Gandaki 16.2 24.3 8.8 

 Bagmati 14.5 19.7 16 

Notes: Authors’ calculations based on MICS 2014 for child population only. 

To show the deprivations that need to be reduced in order to reduce the MPI, Figure 2 presents the 

weighted contribution of each indicator to the National MPI and Child MPI.  

Figure 2. Indicator Contributions (Absolute and Percentage) to National MPI and Child MPI 
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The top panels show the absolute contributions, which add up to the National MPI and Child MPI values, 

respectively. Note that if any deprivation of any poor person goes down, the MPI value decreases.  

Stark differences are visible across provinces. The two highest bars are Karnali and Madhes, and the 

absolute contribution of child indicators is highest in both these provinces. As we saw, the headcount ratio 

of Karnali changed most, but the intensity of Madhes changed the most of all the provinces, so the change 

in their MPIs is quite similar. However, the deep purple-coloured child development indicator covering 

mainly nutrition and school attendance deprivations contributes more to poverty in Madhes, while the 

light purple indicator of early cognitive development and child labour contributes more in Karnali. The 

contributions of the National MPI also differ considerably across both provinces, with the green living 

standard indicators particularly acute in Karnali and the educational deprivations being far more evident 

in Madhes. We observe that the Child MPI and National MPI give convergent and complementary policy 

guidance on priorities. 

In the lower panel of Figure 2, stark differences are visible across provinces in the percentage contributions 

of each indicator to the MPI – which all add up to 100 percent. If the composition of poverty was the 

same, then each stripe would be the same height in all the provinces, but most indicators vary a great deal, 

except cooking fuel and housing, which are consistently high across the provinces. But the darkest green 

stripe, which denotes deprivation in electricity, contributes more to the MPI in Karnali than in any other 

province, while the second stripe from the bottom – child undernutrition – contributes most in Gandaki 

province. 

In the Child MPI, the purple child-specific indicators contribute roughly 25 percent to the MPI at the 

national level – which is close to the dimensional weight of the child dimension. Interestingly, the 

individual child dimension contributes relatively more to the MPI in Bagmati province and in Province 1 

– which are among the least-poor provinces. 

The table of incidence, population shares, and absolute contributions are useful to assess the number of 

people who are poor and the share of deprivations they experience – which should inform budgeting. 

Building on this, percentage contributions show how indicator priorities among children vary across 

provinces, which should inform the design of integrated policies. 

IV. Conclusion 

This paper has focused on the issue of how to construct linked measurement tools that can be used for 

policy and can function as management tools as well as report cards. It recognizes that metrics are not all 

that matter in empowering middle management to use evidence in policy design (Ou et al., 2014). The 
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paper profiled a bottleneck that is widely recognized in the administration literature but not necessarily 

among those who design metrics: the cognitive and time constraints of administrators who are expected 

to use the evidence that measures provide for policy design, management and reporting. It took as a central 

case the proliferation of metrics related to poverty. This proliferation risks setting different advocacy 

groups up in competition with each other, rather than deploying them in a congruent multi-pronged attack 

on poverty. 

To mitigate this risk, we proposed that those designing poverty measures for different vulnerable 

populations coordinate their work by using a central common statistic – such as an official national 

multidimensional poverty measure – and extend it consistently to their populations of interest. 

We illustrated this approach using the National MPI for Nepal, and a linked Child MPI which adds a new 

dimension of individual child indicators to the National MPI and jointly analyses these for children. Our 

approach profiled how 7.2 percent of poor children according to the Child MPI live in non-poor 

households, and showed which provinces have the highest levels of child deprivations. Yet we also showed 

how the child and National MPI do not compete, but rather offer congruent messaging on core priorities. 

Finally, because the methodology and most of the indicators are shared, the cognitive load required to 

understand the relevant value-added of the Child MPI is far lower than it would be for a completely disjoint 

measure of child poverty. 

This paper raises several further research questions related to the ways that multidimensional poverty 

metrics can best transition into management tools that are also pro-poor (leaving no one behind); how 

they can use evidence while empowering poor actors; and how to provide positive incentives as poverty 

declines to sustain momentum. It also shows the need to consider data availability, as core MPI questions 

might need to be introduced into data sources covering other vulnerable populations. It is hoped that 

future research will probe both areas. 

In a very different context, Hansen and Haas (2001) uncovered ‘a paradox of information supply.’ They 

found that the less information a supplier offered, the more it might be used. Furthermore, such a supplier 

might get a reputation ‘for quality and focus.’ Yet an overly narrow supplier might overlook very important 

information – including, in the case of poverty statistics, compounding characteristics such as age, 

disability status, minority status, and migration. So a new balance is required. Those seeking to offer 

information-rich metrics that cover all too often overlooked groups might do well to explore linked 

methodologies that heighten focus without losing important information. 
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Appendix 

Figures 

Figure A1. Headcount Ratios for the National MPI and Child MPI by Province 

 

Notes: Authors’ calculations with MICS 2014 data for child population only. 
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Tables 

Table A1. Nepal National MPI for Children 0–17 years, Disaggregations 

  MPI   H   A   

 Value 
Lower 
bound 

Upper 
bound 

Value 
Lower 
bound 

Upper 
bound 

Value 
Lower 
bound 

Upper 
bound 

Pop. 
share 

National 0.154 0.140 0.168 33.8 31.0 36.6 45.5 44.5 46.4 100.0 

Provinces           

Province 1 0.108 0.082 0.141 24.2 18.7 30.7 44.5 42.2 46.8 15.7 

Madhes province 0.245 0.207 0.287 52.6 45.4 59.7 46.6 44.4 48.7 22.8 

Bagmati province 0.063 0.043 0.093 14.5 10.2 20.2 43.7 40.5 46.9 16.0 

Gandaki province 0.072 0.046 0.112 16.2 10.5 24.1 44.6 41.7 47.5 8.8 

Lumbini province 0.152 0.126 0.183 33.5 28.2 39.4 45.4 43.6 47.1 18.7 

Karnali province 0.248 0.216 0.283 54.4 47.6 61.1 45.6 44.0 47.1 7.2 

Sudurpashchim province 0.167 0.146 0.190 37.4 33.4 41.5 44.7 43.3 46.1 10.8 

Note: Authors’ calculations based on MICS 2014 for child population only. 
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Table A2. Nepal Child MPI, Disaggregation 

  MPI   H   A   

 Value 
Lower 
bound 

Upper 
bound 

Value 
Lower 
bound 

Upper 
bound 

Value 
Lower 
bound 

Upper 
bound 

Pop. 
share 

National 0.159 0.147 0.172 40.9 38.2 43.7 38.9 38.1 39.7 100.0 

Provinces           

Province 1 0.120 0.097 0.147 32.3 27.1 38.1 37.2 35.0 39.4 15.7 

Madhes province 0.239 0.205 0.278 58.3 50.9 65.3 41.0 39.2 42.9 22.8 

Bagmati province 0.071 0.052 0.096 19.7 15.2 25.2 36.0 33.4 38.8 16.0 

Gandaki province 0.090 0.065 0.125 24.3 17.8 32.2 37.2 35.2 39.2 8.8 

Lumbini province 0.163 0.140 0.190 42.1 36.9 47.6 38.8 37.2 40.3 18.7 

Karnali province 0.248 0.221 0.278 63.7 57.3 69.6 39.0 37.6 40.5 7.2 

Sudurpashchim province 0.168 0.151 0.187 44.5 40.7 48.3 37.8 36.6 39.0 10.8 

Note: Authors’ calculations based on MICS 2014 for child population only. 
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Table A3. Nepal National MPI, Censored Headcount Ratios 

 
Child 

Mortality 
Nutrition 

School 

Atten-

dance 

Years of 

Schooling 
Elec-tricity Water Sanitation Housing 

Cooking 

Fuel 
Assets 

 Est SE Est SE Est SE Est SE Est SE Est SE Est SE Est SE Est SE Est SE 

National  11.6 0.6 15.2 0.9 10.3 0.9 15.3 1.0 12.1 0.9 6.0 0.5 22.1 1.4 32.0 1.3 33.2 1.4 14.1 0.7 

Provinces                     

Province 1 8.4 1.4 9.6 1.6 6.3 1.5 12.4 2.0 7.0 1.3 2.6 0.6 18.2 3.1 23.4 2.8 23.5 2.8 9.0 1.3 

Madhes province 10.8 1.4 24.8 2.7 23.4 2.8 28.9 3.2 15.8 3.0 1.6 0.6 47.4 3.8 49.0 3.3 52.2 3.7 11.4 1.6 

Bagmati province 5.2 1.3 5.8 1.3 1.7 0.8 7.2 1.3 4.5 1.7 4.6 1.4 8.0 1.7 13.6 2.6 13.7 2.6 9.8 1.7 

Gandaki province 5.9 1.7 9.7 1.8 2.1 1.1 6.5 2.0 6.2 2.5 3.5 1.6 4.9 1.2 15.7 3.5 15.5 3.5 11.6 3.5 

Lumbini province 15.3 1.8 14.9 1.8 9.3 1.7 13.7 1.7 12.3 1.5 4.8 1.2 21.7 3.0 30.9 2.6 32.7 2.9 11.7 1.7 

Karnali province 23.6 2.4 23.5 3.5 9.1 1.4 17.4 1.6 34.1 4.2 27.5 3.6 14.8 3.2 54.2 3.5 54.2 3.5 41.0 3.6 

Sudurpashchim province 17.3 1.4 16.1 1.4 10.2 1.4 10.9 1.2 13.3 1.7 12.3 1.7 14.9 2.1 36.6 2.1 37.3 2.1 22.4 2.0 

Note: Authors’ calculations based on MICS 2014 for child population only. “SE” refers to standard error. “Est” refers to estimate. 
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Table A4. Nepal National MPI, Uncensored Headcount Ratios 

 
Child 

Mortality 
Nutrition 

School 

Atten-

dance 

Years of 

Schooling 
Elec-tricity Water Sanitation Housing 

Cooking 

Fuel 
Assets 

 Est SE Est SE Est SE Est SE Est SE Est SE Est SE Est SE Est SE Est SE 

National  15.8 0.7 19.2 0.9 11.1 0.9 17.1 1.0 18.5 1.2 12.2 0.9 43.0 1.5 71.9 1.4 79.4 1.2 23.7 0.9 

Provinces                     

Province 1 12.0 1.7 12.4 1.6 7.0 1.5 14.7 2.0 13.4 2.1 9.3 1.8 41.9 4.0 71.2 3.6 79.6 3.2 20.6 2.0 

Madhes province 12.1 1.4 29.0 2.7 24.8 2.8 30.0 3.2 19.3 3.4 2.0 0.7 73.9 3.4 77.8 3.1 89.5 2.4 14.7 1.8 

Bagmati province 9.6 1.2 9.7 1.3 2.2 0.8 11.0 1.3 7.4 2.6 16.7 3.2 34.9 2.7 46.8 4.4 49.0 4.7 19.1 2.5 

Gandaki province 10.6 2.1 13.1 1.8 2.3 1.1 9.1 2.0 13.5 4.6 9.8 2.8 26.0 3.1 61.5 5.2 68.1 5.0 26.6 4.6 

Lumbini province 23.0 1.8 21.2 2.2 9.9 1.7 15.3 1.6 18.8 2.0 8.6 2.0 37.4 3.7 73.0 2.6 84.0 2.2 18.4 2.1 

Karnali province 25.6 2.4 25.4 3.6 9.4 1.4 17.6 1.6 54.4 6.0 44.2 5.0 19.0 3.8 96.1 1.2 97.7 0.7 61.1 3.6 

Sudurpashchim province 23.3 1.5 19.6 1.5 11.8 1.5 12.2 1.2 20.1 2.0 18.3 2.1 30.7 3.1 87.9 1.5 92.1 1.3 35.9 2.1 

Note: Authors’ calculations based on MICS 2014 for child population only. “SE” refers to standard error. “Est” refers to estimate 
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Table A5. Nepal Child MPI, Censored Headcount Ratios 

 
Child 

Mortality 
Nutrition 

School 

Atten-

dance 

Years of 

School-

ing 

Elec-

tricity 
Water 

Sani-

tation 
Housing 

Cooking 

Fuel 
Assets 

Child 

Devel-

opment 

Child 

Condi-

tions 

 Est SE Est SE Est SE Est SE Est SE Est SE Est SE Est SE Est SE Est SE Est SE Est SE 

National  12.1 0.6 17.1 0.9 10.7 0.9 15.6 1.0 13.4 1.0 7.0 0.6 24.7 1.4 37.6 1.3 39.5 1.4 15.9 0.8 11.7 0.4 14.1 0.7 

Provinces                         

Province 1 8.8 1.4 11.3 1.5 6.6 1.5 13.0 2.0 8.2 1.4 3.7 0.8 21.2 3.1 30.1 2.7 31.0 2.7 11.3 1.4 10.6 0.8 10.6 1.2 

Madhes 

province 

11.0 1.4 26.6 2.6 24.1 2.8 29.2 3.2 16.2 3.0 1.7 0.6 50.8 3.9 52.8 3.5 57.2 3.8 11.8 1.6 12.5 1.0 24.4 2.0 

Bagmati 

province 

5.6 1.2 7.7 1.2 2.0 0.8 7.7 1.3 4.8 1.8 5.6 1.5 10.1 1.8 16.7 2.7 16.9 2.7 11.0 1.8 5.7 1.0 6.4 0.7 

Gandaki 

province 

6.6 1.8 12.1 1.8 2.2 1.1 6.9 2.0 8.4 3.0 4.4 1.8 6.6 1.2 22.1 3.8 22.2 3.8 15.0 3.8 9.8 1.4 8.4 1.1 

Lumbini 

province 

16.5 1.8 17.7 1.9 9.6 1.7 14.1 1.7 13.7 1.5 5.4 1.3 24.8 3.2 37.5 2.6 40.5 2.9 13.3 1.8 13.2 0.9 14.6 1.2 

Karnali province 24.0 2.4 24.5 3.5 9.3 1.4 17.4 1.6 39.4 4.8 31.7 3.9 15.6 3.4 63.1 3.2 63.4 3.1 45.5 3.5 22.6 1.2 14.7 1.2 

Sudurpashchim 

province 

18.0 1.4 17.7 1.4 10.9 1.5 11.1 1.2 14.2 1.7 13.2 1.8 17.0 2.2 43.0 2.0 44.0 2.0 24.5 2.0 12.5 0.7 12.3 0.8 

Note: Authors’ calculations based on MICS 2014 for child population only. “SE” refers to standard error. “Est” refers to estimate. 
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Table A6. Nepal Child MPI, Uncensored Headcount Ratios 

 
Child 

Mortality 
Nutrition 

School 

Atten-

dance 

Years of 

School-ing 
Elec-tricity Water Sani-tation Housing 

Cooking 

Fuel 
Assets 

Child 

Devel-

opment 

Child 

Condi-

tions 

 Est SE Est SE Est SE Est SE Est SE Est SE Est SE Est SE Est SE Est SE Est SE Est SE 

National  15.8 0.7 19.2 0.9 11.1 0.9 17.1 1.0 18.5 1.2 12.2 0.9 43.0 1.5 71.9 1.4 79.4 1.2 23.7 0.9 14.5 0.4 14.8 0.6 

Provinces                         

Province 1 12.0 1.7 12.4 1.6 7.0 1.5 14.7 2.0 13.4 2.1 9.3 1.8 41.9 4.0 71.2 3.6 79.6 3.2 20.6 2.0 14.6 0.9 11.4 1.3 

Madhes 

province 

12.1 1.4 29.0 2.7 24.8 2.8 30.0 3.2 19.3 3.4 2.0 0.7 73.9 3.4 77.8 3.1 89.5 2.4 14.7 1.8 13.8 1.0 24.9 1.9 

Bagmati 

province 

9.6 1.2 9.7 1.3 2.2 0.8 11.0 1.3 7.4 2.6 16.7 3.2 34.9 2.7 46.8 4.4 49.0 4.7 19.1 2.5 8.3 1.0 8.1 0.8 

Gandaki 

province 

10.6 2.1 13.1 1.8 2.3 1.1 9.1 2.0 13.5 4.6 9.8 2.8 26.0 3.1 61.5 5.2 68.1 5.0 26.6 4.6 13.9 1.2 8.5 1.1 

Lumbini 

province 

23.0 1.8 21.2 2.2 9.9 1.7 15.3 1.6 18.8 2.0 8.6 2.0 37.4 3.7 73.0 2.6 84.0 2.2 18.4 2.1 16.7 0.9 15.5 1.2 

Karnali 

province 

25.6 2.4 25.4 3.6 9.4 1.4 17.6 1.6 54.4 6.0 44.2 5.0 19.0 3.8 96.1 1.2 97.7 0.7 61.1 3.6 24.3 1.0 14.7 1.2 

Sudurpashchim 

province 

23.3 1.5 19.6 1.5 11.8 1.5 12.2 1.2 20.1 2.0 18.3 2.1 30.7 3.1 87.9 1.5 92.1 1.3 35.9 2.1 15.1 0.7 12.6 0.8 

Note: Authors’ calculations based on MICS 2014 for child population only. “SE” refers to standard error. “Est” refers to estimate. 
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	III. Method
	3.1 Proposal: Linked Multidimensional Measures
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	IV. Conclusion
	This paper has focused on the issue of how to construct linked measurement tools that can be used for policy and can function as management tools as well as report cards. It recognizes that metrics are not all that matter in empowering middle manageme...
	To mitigate this risk, we proposed that those designing poverty measures for different vulnerable populations coordinate their work by using a central common statistic – such as an official national multidimensional poverty measure – and extend it con...
	We illustrated this approach using the National MPI for Nepal, and a linked Child MPI which adds a new dimension of individual child indicators to the National MPI and jointly analyses these for children. Our approach profiled how 7.2 percent of poor ...
	This paper raises several further research questions related to the ways that multidimensional poverty metrics can best transition into management tools that are also pro-poor (leaving no one behind); how they can use evidence while empowering poor ac...
	In a very different context, Hansen and Haas (2001) uncovered ‘a paradox of information supply.’ They found that the less information a supplier offered, the more it might be used. Furthermore, such a supplier might get a reputation ‘for quality and f...

	References
	Alkire, S., and J. Foster. 2011 ‘Counting and multidimensional poverty measurement.’ Journal of Public Economics, 95(7): 476–487.
	Alkire, S., and M.E. Santos. 2014 ‘Measuring acute poverty in the developing world: robustness and scope of the Multidimensional Poverty Index.’ World Development, 59: 251–274.
	Alkire, S., Andrianandrasana, H., Fortacz, A., and Vollmer, F. (2024 mimeo). Analysing trends in multidimensional poverty in Madagascar through geospatially merged environmental and poverty datasets: A cautionary tale.
	Alkire, S., Foster, J., Seth, S., Santos, M. E., Roche, J. M., and P. Ballon. 2015 Multidimensional Poverty Measurement and Analysis. New York: Oxford University Press.
	Alkire, S., Jindra, C., Robles, G., and A. Vaz. 2017 ‘Children’s multidimensional poverty: disaggregating the global MPI.’ Oxford: Oxford Poverty and Human Development Initiative (OPHI).
	Alkire, S., Kanagaratnam, U., and N. Suppa. 2023 ‘The global Multidimensional Poverty Index (MPI) 2023 country results and methodological note.’ OPHI MPI Methodological Note 54. Oxford: Oxford Poverty and Human Development Initiative (OPHI).
	Alkire, S. and Ul Haq, R. (2023). ‘Analyzing individual deprivations alongside household poverty: Possibilities for gendered, intrahousehold and multidimensional analyses’, OPHI Research in Progress No. 65a, Oxford Poverty and Human Development Initia...
	Alkire, S., Ul Haq, R., and A. Alim. 2019 ‘The state of multidimensional child poverty in South Asia: a contextual and gendered view.’ Oxford: Oxford Poverty and Human Development Initiative (OPHI).
	Amarante, V., and M. Colacce. 2022 ‘Multidimensional poverty among older people in five Latin American countries.’ Social Indicators Research, 159(3): 945–965.
	Atkinson, A. 2017 ‘Monitoring Global Poverty: Report of the Commission on Global Poverty.’ Washington DC: World Bank.
	Bernards, N. 2023 ‘From Multidple Deprivations to Exploitation: Politicizing the multidimensional Poverty index’ Development as Change 54 (5) 1374-1395.
	Bessell, S. 2015 ‘The individual deprivation measure: measuring poverty as if gender and inequality matter.’ Gender and Development, 23(2): 223–240.
	Black, M. M., Walker, S. P., Fernald, L. C., Andersen, C. T., DiGirolamo, A. M., Lu, C., McCoy, D. C., et al. 2017 ‘Early childhood development coming of age: science through the life course.’ The Lancet, 389(10064): 77–90.
	Boerma, T., and C. Abou-Zahr 2007 ‘Health statistics are no longer boring!’ The Lancet, 369(9563): 718–719.
	Brooks-Gunn, J., and G. J. Duncan. 1997 ‘The effects of poverty on children.’ The Future of Children 7(2): 55–71.
	Cairney, P., and R. Kwiatkowski. 2017 ‘How to communicate effectively with policymakers: combine insights from psychology and policy studies.’ Palgrave Communications, 3(1): 1–8.
	Cameron, G. J., Dang, H.-A. H., Dinc, M., Foster, J., and M. M. Lokshin. 2021 ‘Measuring the statistical capacity of nations.’ Oxford Bulletin of Economics and Statistics, 83(4): 870–896.
	De Neubourg, C., Chai, J., de Milliano, M., Plavgo, I., and Z. Wei. 2012 ‘Step-by-step guidelines to the multiple overlapping deprivation analysis (MODA).’ Innocenti Technical Report WP-2012-10. Florence: UNICEF Office of Research-Innocenti.
	Dirksen, J., and S. Alkire. 2021 ‘Children and multidimensional poverty: four measurement strategies.’ Sustainability, 13(16): 9108.
	Duncan, G. J., Ziol-Guest, K. M., and A. Kalil. 2010 ‘Early-childhood poverty and adult attainment, behavior, and health.’ Child Development, 81(1): 306–325.
	Evans, M. C., and A. Abdurazakov. 2018 ‘The measurement properties of multidimensional poverty indices for children: lessons and ways forward.’ OPHI Working Papers 115. Oxford: Oxford Poverty and Human Development Initiative (OPHI).
	Evans, M., Nogales, R., and Robson, M. (2023). Monetary and Multidimensional Poverty: Correlation, Mismatches, and a Combined Approach. The Journal of Development Studies, 60(1), 147–170.
	Foster, J., Greer, J., and E. Thorbecke. 1984 ‘A class of decomposable poverty measures.’ Econometrica, 52(3): 761–766.
	Gilens, M. 2001 ‘Political ignorance and collective policy preferences.’ American Political Science Review, 95(2): 379–396.
	Government of Nepal 2018. ‘Nepal’s Multidimensional Poverty Index: analysis towards Action.’ Kathmandu: National Planning Commission. Accessed 5 January 2023, at https://www.npc.gov.np/images/category/Nepal_MPI.pdf.
	Hansen, M. T., and M.R. Haas. 2001 ‘Competing for attention in knowledge markets: electronic document dissemination in a management consulting company.’ Administrative Science Quarterly, 46(1): 1–28.
	Hansson, S., Arfvidsson, H., and D. Simon. 2019 ‘Governance for sustainable urban development: the double function of SDG indicators.’ Area Development and Policy, 4(3): 217–235.
	James, O., Olsen, A. L., Moynihan, D. P., and G. G. Van Ryzin. 2020 Behavioral Public Performance: How People make Sense of Government Metrics. Cambridge: Cambridge University Press.
	Mayne, R., Green, D., Guijt, I., Walsh, M., English, R., and P. Cairney. 2018 ‘Using evidence to influence policy: Oxfam’s experience.’ Palgrave Communications, 4(1): 1–10.
	Merritt, W. S., Hamilton, S. H., Bagchi, N. S., Baral, N., Carter, L., Chakraborty, A., … Williams, L. J. (2022). Reflecting on an Integrated Approach to Understanding Pathways for Socially Inclusive Agricultural Intensification. The Journal of Develo...
	MIDES. 2019 ‘Indice de Pobreza Multidimensional de Ninõs, Ninãs y Adolescentes Panama 2018.’ Accessed 5 January 2023, at https://www.gabinetesocial.gob.pa/ wp-content/uploads/2021/09/IPM-NNA.-Panama-2018-web.pdf.
	Mitra, S., Posarac, A., and B. Vick. 2013 ‘Disability and poverty in developing countries: A multidimensional study.’ World Development, 41: 1–18.
	Murray, C. J. 2007 ‘Towards good practice for health statistics: lessons from the millennium development goal health indicators.’ The Lancet, 369(9564): 862–873.
	National Statistics Bureau, Bhutan. 2016 ‘Child poverty in Bhutan: insights from Multidimensional Child Poverty Index (C-MPI) and qualitative interviews with poor children.’ Thimphu: Bhutan National Statistics Bureau.
	Newhouse, D., Becerra, P. S., and M. Evans. 2017 ‘New global estimates of child poverty and their sensitivity to alternative equivalence scales.’ Economics Letters, 157: 125–128.
	OPHI and UNDP (2023). Understanding Multidimensional Vulnerabilities: Impact on People of Sri Lanka. UNDP Colombo.
	OPHI, and NESDC, Govt of Thailand. 2019 ‘Child multidimensional poverty in Thailand.’ Accessed 5 January 2023, at https://www.unicef.org/thailand/media/3171/file/Child%20Multidimensional%20Poverty%20in%20Thailand.pdf.
	Ou, A. Y., Tsui, A. S., Kinicki, A. J., Waldman, D. A., Xiao, Z., and L. J. Song. 2014 ‘Humble chief executive officers’ connections to top management team integration and middle managers responses.’ Administrative Science Quarterly, 59(1): 34–72.
	Roelen, K. 2017 ‘Monetary and Multidimensional Child Poverty; A contradiction in terms?’ Development and Change 48(3) 502-533.
	Roelen, K., and G. Notten. 2013 ‘The breadth of child poverty in Europe: an investigation into overlap of deprivations.’ Poverty and Public Policy, 5(4): 319–335.
	Santos, J. M. 2023. The Battle Against Poverty: Colombia: A Case of Leadership. Oxford: Oxford University Press.
	Santos, M. E., and Villatoro, P. (2019). The Importance of Reliability in the Multidimensional Poverty Index for Latin America (MPI-LA). The Journal of Development Studies, 56(9), 1784–1789.
	Santos, M. E., Dabus, C., and Delbianco, F. (2017). Growth and Poverty Revisited from a Multidimensional Perspective. The Journal of Development Studies, 55(2), 260–277.
	Shigute, Z., Strupat, C., Burchi, F., Alemu, G., and Bedi, A. S. (2019). Linking Social Protection Schemes: The Joint Effects of a Public Works and a Health Insurance Programme in Ethiopia. The Journal of Development Studies, 56(2), 431–448.
	UN Secretary-General. 2014 ‘The road to dignity by 2030: ending poverty, transforming all lives and protecting the planet: synthesis report of the Secretary-General on the post-2015 sustainable development agenda.’ New York: United Nations.
	UNDP, and OPHI. 2019a ‘Global Multidimensional Poverty Index 2019 – illuminating inequalities.’ New York and Oxford: United Nations Development Programme and Oxford Poverty and Human Development Initiative.
	UNDP, and OPHI. 2019b ‘How to build a national Multidimensional Poverty Index (MPI): Using the MPI to inform the SDGs.’ New York: United Nations Development Programme.
	UNDP, and OPHI. 2022 ‘2022 Global Multidimensional Poverty Index (MPI).’ New York: United Nations Development Programme.
	UNDP. 2021 ‘Annual report 2021.’ New York: United Nations Development Programme.
	UNICEF. 1989 ‘The United Nations Convention on the Rights of the Child.’ Accessed 5 January 2023, at https://www.unicef.org.uk/wp-content/uploads/2016/08/unicef-convention-rights-child-uncrc.pdf.
	United Nations. 2015. Addis Ababa action agenda of the third international conference on financing for development (Resolution 69/313). United Nations General Assembly. UN Doc. A/RES/69/313.
	United Nations. 2016 Transforming our world: the 2030 agenda for sustainable development. New York: United Nations.
	Walker, N., Bryce, J., and R. E. Black. 2007 ‘Interpreting health statistics for policymaking: the story behind the headlines.’ The Lancet, 369(9565): 956–963.
	You, J., Kontoleon, A., and Wang, S. (2017). Identifying a Sustained Pathway to Multidimensional Poverty Reduction: Evidence from Two Chinese Provinces. The Journal of Development Studies, 55(1), 137–158.

	Appendix


	Figures


