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Executive summary 

Background and objective 

This paper addresses the urgent need for robust, fine-grained poverty estimates in the Tigray 

Region of Ethiopia, an area severely impacted by conflict. The region has witnessed 

profound disruptions to livelihoods, essential services, and infrastructure, exacerbating 

multidimensional poverty. Traditional poverty measurement approaches often fail to capture 

the full scope of deprivation, especially in conflict-affected and data-scarce settings. This 

study integrates multiple data sources to generate precise poverty estimates at the woreda1 

level, focusing on the spatiotemporal dimensions of poverty before, during, and after 

conflict.  

Methodology 

The study integrates three primary approaches: remote sensing, small area estimation 

(SAE), and hierarchical Bayesian modelling (HBM), to generate high-resolution, spatially 

explicit poverty estimates at the woreda level. Satellite-derived data, including Normalised 

Difference Vegetation Index (NDVI), night-time light (NTL), and land surface temperature 

(LST), are used to capture environmental and infrastructural correlates of poverty, while the 

SAE approach (empirical best prediction (EBP)) combines survey data with auxiliary data to 

improve the precision of estimates. The HBM model incorporates the hierarchical structure 

of the data to enhance reliability and account for spatial dependencies.  

Key results 

The key results are as follows 

(a) High levels of multidimensional poverty in Tigray: 

• Tahtay Adiyabo (Tigray Multidimensional Poverty Index, T-MPI = 82.1%), Adet (T-MPI = 

81.1%), and Saharti (T-MPI = 80.5%) are among the highest poverty burden areas, with 

near-universal deprivation (H2 ≈ 100%) and high intensity (A3 = 74.8%–82.1%). 

• Conversely, Mekelle (T-MPI = 0.532) and Mekoni Town (T-MPI = 0.530) exhibit the lowest 

MPI scores, reflecting better infrastructure, functioning markets, and economic 

opportunities. 

(b) Spatiotemporal variability: 

• Poverty intensity remains severe in the southern and western rural belts of Tigray, with 

significant fluctuation in urban areas due to disruptions caused by conflict. For example, 

 

1 Woreda: A woreda is basically a district. It is the level of local government below a zone and above a kebele. 
2 H: denotes the headcount ratio (the proportion of individuals who are multidimensionally poor) 
3 A: represents the intensity of poverty, defined as the average share of weighted deprivations experienced 

among the poor; the Multidimensional Poverty Index (MPI) is calculated as MPI=H×A. 
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Mekelle and Mekoni Town show higher T-MPI values post-conflict, indicating urban 

vulnerability despite better access to services. 

• The conflict's impact on poverty is evident in the increased poverty levels in urban areas, 

where livelihoods, services, and markets were disrupted, while rural areas faced 

compounded effects from the loss of agricultural productivity. 

(c) Comparison of direct estimates and SAE-EBP: 

• Direct estimates from household surveys showed higher variability in MPI values 

compared to SAE-EBP. The EBP model smoothed extreme values, providing more stable 

and reliable estimates. 

• For instance, Mekelle’s direct MPI estimate was 0.44, but the EBP estimate corrected 

this upward to 0.52, showing the model’s ability to shrink extreme values and improve 

precision in areas with small sample sizes. 

• Gulomekeda, with a direct estimate T-MPI of 0.53, was adjusted downward to 0.47 using 

the SAE-EBP, reflecting a more accurate representation in sparsely populated areas. 

(d) Precision and uncertainty: 

• The coefficients of variation (CV_TMPI) for most woredas were below 18%, indicating 

reliable poverty estimates that are suitable for policy use. However, the relative standard 

errors (RSEs) for urban centres like Mekelle (RSE = 20.8%) highlight uncertainty due to 

smaller sample sizes. 

• 95% confidence intervals for MPI estimates varied significantly across districts, 

reflecting the model’s ability to capture uncertainty in data-scarce areas, such as 

Endabaguna Town, where the confidence interval ranged from 49.5% to 56.5%. 

(e) Geospatial disparities: 

• Geospatial analysis reveals a clear urban–rural divide in poverty levels, with rural 

woredas exhibiting extreme poverty, while urban centres show relative resilience but still 

face significant vulnerabilities. 

• Satellite-derived indicators, such as NTL and NDVI, helped quantify the spatial 

heterogeneity of poverty, revealing high levels of deprivation in woredas with low light 

intensity (indicating poor infrastructure and economic activity). 

Policy implications 

• Targeted poverty interventions: Interventions should prioritise rural, high-T-MPI woredas 

for immediate assistance, with a focus on agriculture recovery, infrastructure 

rehabilitation, and livelihood support. Urban centres should receive targeted 

interventions for housing, employment formalisation, and informal settlement 

improvement. 
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• Data-driven resource allocation: Use of EBP/HBM outputs, including the T-MPI 

Dashboard, should guide resource allocation, focusing on areas with high poverty needs 

and stable estimates to avoid discrepancies and ensure efficient use of resources. 

• Monitoring and evaluation: Regular monitoring using the T-MPI Dashboard, which tracks 

changes in H, A, and T-MPI values, will help ensure that poverty reduction efforts are 

effectively targeted and adjusted based on real-time data. 

Recommendations 

• Geographic prioritisation: Focus initial interventions on high-T-MPI woredas, using 

uncertainty metrics like RSE, credible intervals, and P(μh > 0.5) to refine target areas. 

• Programmatic focus: Address income and employment recovery through cash-for-work 

programmes and micro-enterprise grants, while focusing on education and health 

through targeted school rehabilitation and mobile health clinics. 

• Gender and vulnerability: Integrate gender-responsive interventions, particularly focusing 

on women’s livelihoods and gender-based violence (GBV) safeguards. 

Conclusion 

The integrated approach used in this study, which integrates multiple data sources to 

generate precise poverty estimates, has provided a comprehensive, fine-grained picture of 

multidimensional poverty in Tigray, especially in conflict-affected areas. The SAE-EBP 

framework enhances the reliability and spatial resolution of poverty estimates, facilitating 

data-driven policymaking and improving the effectiveness of poverty interventions in a 

highly dynamic, conflict-ridden context. These findings underscore the need for 

geographically targeted, multidimensional interventions to address the underlying causes of 

poverty and foster sustainable recovery in Tigray. 



TARGETED POVERTY ALLEVIATION IN TIGRAY, ETHIOPIA 

© Data & Evidence to End Extreme Poverty  v 

Table of contents 

Acknowledgements ......................................................................................................................... i 

Executive summary ........................................................................................................................ ii 

Table of contents ............................................................................................................................ v 

List of tables and figures ............................................................................................................. vii 

List of abbreviations ...................................................................................................................... ix 

1 Introduction ......................................................................................................................... 1 

1.1 Background and context: poverty as a multidimensional phenomenon ............ 1 

1.2 Multidimensional poverty and conflict ................................................................. 1 

1.3 Multidimensional poverty in the global and Ethiopian context ........................... 2 

1.4 Multidimensional poverty in the Tigray context ................................................... 3 

1.5 Analytical approach: integrating MPI with SAE and Bayesian models .............. 4 

1.6 Research gap and study’s contribution ................................................................ 5 

1.7 Purpose and objectives of the study .................................................................... 5 

1.8 Scope and organisation of the study .................................................................... 6 

2 Conceptual and analytical framework relating to methods for measuring 
multidimensional poverty in Tigray ................................................................................... 7 

2.1 Poverty measurement in Ethiopia ......................................................................... 7 

2.2 MPI framework: AF index methodology ............................................................... 7 

2.3 Expanded MPI for conflict-affected Tigray .......................................................... 8 

2.4 Computation of the T-MPI ..................................................................................... 7 

3 Methodological framework ............................................................................................. 10 

3.1 Study design and scope ...................................................................................... 10 

3.2 Data sources and sampling ................................................................................. 10 

3.3 Statistical methods and analyses ....................................................................... 16 

4 Empirical results ............................................................................................................... 31 

4.1 Introduction .......................................................................................................... 31 

4.2 Data coverage and study population .................................................................. 31 

4.3 Disaggregated analysis of multidimensional poverty in post-conflict Tigray . 32 

4.4 Headcount (H), intensity (A), and T-MPI ............................................................. 39 

4.5 Temporal and geographic distribution of poverty ............................................. 40 

4.6 SAE-EBP results and uncertainty ........................................................................ 45 

4.7 HBM results and spatial inference ...................................................................... 51 

5 Conclusion and key insights ............................................................................................ 59 

5.1 Magnitude and structure of poverty ................................................................... 59 

5.2 Key drivers of poverty .......................................................................................... 59 

5.3 Geographic and demographic disparities .......................................................... 60 

5.4 Spatial distribution of poverty ............................................................................. 60 

5.5 Role of remote sensing and geospatial data ..................................................... 60 

6 Policy implications and recommendations for post-conflict recovery ......................... 62 



TARGETED POVERTY ALLEVIATION IN TIGRAY, ETHIOPIA 

© Data & Evidence to End Extreme Poverty  vi 

6.1 Policy implications ............................................................................................... 62 

6.2 Recommendations ............................................................................................... 63 

References .................................................................................................................................... 67 

Annex A Summary of data sources by period and coverage of the five MPI dimensions in 
Tigray (2019–2025) .................................................................................................. 75 

Annex B Secondary data collection checklist for poverty alleviation study in conflict-
affected Tigray Region ............................................................................................. 78 

Annex C Robustness Analysis of the Poverty Cut-off ........................................................... 82 

Annex D Project contributors (team members) ..................................................................... 84 

 



TARGETED POVERTY ALLEVIATION IN TIGRAY, ETHIOPIA 

© Data & Evidence to End Extreme Poverty  vii 

List of tables and figures 

Table 1: Global MPI – dimensions, indicators, deprivation cut-offs, and weights .......... 4 

Table 2:  Geospatial indicators and satellite data sources for multidimensional poverty 
dimensions in Tigray ............................................................................................ 14 

Table 3: MPI results by place of residence ....................................................................... 32 

Table 4: MPI results by sex of the household head ......................................................... 33 

Table 5: Dimensional and indicator-level contributions to overall MPI .......................... 34 

Table 6: Deprivation rates by indicator (overall) .............................................................. 35 

Table 7: Deprivation rates (%) by indicator and place of residence................................ 36 

Table 8: Deprivation rates (%) by indicator and sex ......................................................... 37 

Table 9: Overall headcount ratio (H), intensity (A), and total T-MPI with 95% CI ........... 39 

Table 10: Top/bottom six woredas by T-MPI (direct), with RSEs ..................................... 41 

Table 11: Fixed-effect coefficients of the EBP mixed-effects model ............................... 46 

Table 12: EBP MPI estimates with uncertainty .................................................................. 47 

Table 13: Comparison between direct (survey) MPI estimates and EBP MPI estimates48 

Table 14: Global Moran’s I for T-MPI (EBP): observed statistic, expected value, Z-score, 
and permutation p-value ...................................................................................... 49 

Table 15: Posterior summaries of the latent mean (μ ̂) by woreda-INLA BYM2 model ... 52 

Table 16: Posterior summaries of fixed-effect parameter estimates (β) from the INLA-
based HBM: determinants of household deprivation in the post-conflict 
context .................................................................................................................. 54 

 

Figure 1:  Downloaded satellite data and data sources ..................................................... 13 

Figure 2: Bar plot of top 10 deprivations with 95% confidence intervals ........................ 39 

Figure 3: Lorenz curve of total deprivations; shaded area indicates inequality (Gini ≈ 
0.136) .................................................................................................................... 40 

Figure 4: Choropleth maps of (a) headcount ratio (H), (b) intensity among poor (A), and 
(c) total T-MPI (T-MPI = H × A), derived from direct design-based estimates.41 

Figure 5: Spatial variation of AF-MPI by woreda, 2019–2023 .......................................... 43 

Figure 6: Changes in NTL intensity from VIIRS data across Tigray during pre-war, war, 
and post-war periods, with distribution histogram (0–0.790). ......................... 44 

Figure 7: Monthly AF-MPI (H × A) trend, 2019–2023 ........................................................ 45 

Figure 8: Choropleth maps of (a) headcount ratio (H); (b) intensity among poor (A); (c) 
total MPI (T-MPI = H × A), derived from direct design-based estimates; and (d) 
LISA cluster map for T-MPI (EBP) – Tigray ........................................................ 50 

Figure 9: Posterior predictive checks: density/ECDF overlays and residual diagnostics
 ............................................................................................................................... 55 

Figure 10: Caterpillar plot of posterior means (μh) and 95% credible intervals (95% CrI) of 
district-level MPI estimates (INLA BYM2 model) .............................................. 57 



TARGETED POVERTY ALLEVIATION IN TIGRAY, ETHIOPIA 

© Data & Evidence to End Extreme Poverty  viii 

Figure 11: Spatial distribution of posterior mean (μ ̂ₕ) and exceedance probability P(μ̂ₕ > 
0.5) across woredas of Tigray Region (INLA BYM2 model) ............................. 57 

 



TARGETED POVERTY ALLEVIATION IN TIGRAY, ETHIOPIA 

© Data & Evidence to End Extreme Poverty  ix 

List of abbreviations 

AF Alkire–Foster 

CAR Conditional autoregressive 

CHS College of Health Sciences 

CI Confidence interval 

CrI Credible interval 

CV Coefficients of variation 

DEEP Data & Evidence to End Extreme Poverty 

EBP Empirical best prediction 

GBV Gender-based violence 

HBM Hierarchical Bayesian modelling/model 

IDPs Internally displaced people 

INLA Integrated Nested Laplace Approximation 

LISA Local Indicators of Spatial Association 

LST Land surface temperature 

MCMC Markov Chain Monte Carlo 

MPI Multidimensional Poverty Index 

MSE Mean squared error 

NDVI Normalised Difference Vegetation Index 

NGO Non-government organisation 

NTL Night-time light 

OPHI Oxford Poverty and Human Development Initiative 

RSE Relative standard error 

SAE Small area estimation 

SD Standard deviation 

T-MPI Tigray Multidimensional Poverty Index 

UNDP United Nations Development Programme 



TARGETED POVERTY ALLEVIATION IN TIGRAY, ETHIOPIA 

© Data & Evidence to End Extreme Poverty  74 

1 Introduction 

1.1 Background and context: poverty as a multidimensional phenomenon 

Poverty is one of the most pervasive and complex challenges facing humanity today, affecting 

nearly every aspect of life, including economic, social, political, and environmental dimensions 

(Kvaratskhelia, 2019). Traditionally, poverty is defined as the lack of sufficient income or 

resources to meet basic needs; however, this narrow view fails to capture the broader realities 

of deprivation (Mengistu et al., 2025).  

Poverty is not just about lacking enough money: it is a complex problem with various 

dimensions. It encompasses factors beyond income, including limited access to essentials, 

such as food (Okyere and Lin, 2023), education (Acharya et al., 2023), and healthcare (Xu et al., 

2023), as well as conflict and vulnerability (Bank, 2020; OPHI and UNDP, 2024; UNDP, 2014). 

Furthermore, poverty is linked to alarming rates of malnutrition, child mortality, and other health-

related issues, highlighting its far-reaching impact on human development (Alkire et al., 2021; 

World Bank, 2018). Measuring poverty solely through income overlooks these interrelated 

challenges and the structural barriers that sustain deprivation. 

A multidimensional perspective views poverty as an interlinked web of deprivations that restrict 

individuals’ capabilities, opportunities, and dignity (Alkire et al., 2021; World Bank, 2018). This 

approach considers multiple aspects of well-being, such as education, health, housing, and 

empowerment(Halkos and Aslanidis, 2023; Jain et al., 2023; Li and Marquez, 2023; Wang et al., 

2023), and aligns with Amartya Sen’s capability framework, which emphasises what people are 

able to be and do. Adopting this holistic understanding enables policymakers to identify the root 

causes of poverty and design inclusive strategies that address its economic, social, and 

institutional dimensions simultaneously. 

1.2 Multidimensional poverty and conflict 

Beyond economic deprivation, conflict has emerged as a critical driver of multidimensional 

poverty (Fuseini et al., 2025; World Bank, 2020). Armed violence not only undermines livelihoods 

and income but also disrupts the very foundations of human development: education, health, 

and social stability. The 2024 Global Multidimensional Poverty Index (MPI), titled ‘Poverty Amid 

Conflict’ and jointly produced by the United Nations Development Programme (UNDP) and the 

Oxford Poverty and Human Development Initiative (OPHI), underscores the devastating link 

between conflict and multidimensional poverty. The report estimates that 1.1 billion people live 

in acute multidimensional poverty worldwide, with 40% residing in conflict-affected countries. 

Among them, about 455 million experience deprivation amid active violence, demonstrating 

https://plato.stanford.edu/entries/capability-approach/?utm_source=chatgpt.com
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how instability has reversed decades of progress in global poverty reduction (OPHI and UNDP, 

2024). 

Conflict deepens pre-existing inequalities and generates new, intersecting forms of deprivation, 

eroding access to food, healthcare, education, and safety. Regions trapped in cycles of violence 

often experience institutional collapse, displacement, and breakdowns in social protection 

systems (Muriuki et al., 2023). Consequently, poverty in conflict-affected settings becomes not 

only an economic condition but also a humanitarian and developmental crisis, demanding 

integrated responses that bridge peacebuilding, reconstruction, and social resilience measures 

(Norman and Mikhael, 2023; UN, 2023). 

1.3 Multidimensional poverty in the global and Ethiopian context 

Globally, poverty continues to be a critical challenge. According to the World Bank, an estimated 

700 million people, approximately 8.5% of the world’s population, live in extreme poverty, 

surviving on less than US$ 2.15 per day (World Bank, 2024). The COVID-19 pandemic 

exacerbated the situation, reversing years of progress in poverty reduction and pushing millions 

back into extreme poverty, particularly in low-income countries (Abay et al., 2023).  

Regional disparities remain striking. Sub-Saharan Africa continues to record the highest 

incidence of multidimensional poverty, where overlapping deprivations, such as limited 

healthcare, poor educational outcomes, inadequate infrastructure, and recurrent conflict, 

sustain chronic vulnerability (Selden, 2025). These persistent inequalities underscore the urgent 

need for holistic, context-specific, and data-driven interventions that can effectively confront 

poverty in all its diverse and interconnected forms. 

In many developing countries, including Ethiopia, poverty is deeply entrenched in structural 

inequalities and recurrent shocks that perpetuate vulnerability. The multidimensional approach 

to poverty acknowledges that deprivation in one aspect, such as education, health, or living 

standards, can reinforce deprivation in others. Therefore, addressing poverty effectively requires 

an integrated and comprehensive framework that considers the economic, social, 

environmental, and institutional determinants of well-being.  

Ethiopia exemplifies these global patterns, standing at the intersection of poverty, fragility, and 

conflict. According to the 2024 MPI report, an estimated 68.7% of Ethiopians were living in 

multidimensional poverty in 2019, with an additional 18% vulnerable to poverty (OPHI and 

UNDP, 2024). Out of the nation’s roughly 120 million people, about 86 million experience acute 

multidimensional poverty, the highest absolute number worldwide. Half of these 86 million are 

children, underscoring the intergenerational transmission of deprivation and the erosion of 

human capital in conflict-affected areas (Ethiopian Policy Institute, 2024; OPHI and UNDP, 

2024). 
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The MPI report emphasises that poverty in Ethiopia is not merely a matter of income but 

encompasses various deprivations in education, health, and living standards. Key indicators 

contributing to this high MPI include nutrition, child mortality, and access to basic services such 

as clean drinking water and sanitation. The report reveals that many Ethiopians struggle with 

multiple deprivations simultaneously, which exacerbates their overall poverty experience (OPHI 

and UNDP, 2024). 

Regional inequalities remain severe. With the exception of Tigray, Addis Ababa, and Dire Dawa, 

most regions report multidimensional poverty levels above the national average. Somali Region 

exhibits the highest rate (90%), followed by Afar (84.7%), Oromia (71.5%), and Amhara (69.3%) 

(Mengistu et al., 2025; OPHI & UNDP, 2024). Despite the progress made through national 

poverty reduction programmes, particularly in education and healthcare, disparities persist due to 

geographic isolation, climate shocks, and institutional capacity constraints. 

1.4 Multidimensional poverty in the Tigray context 

Situated in northern Ethiopia, Tigray Region had shown steady progress in poverty reduction 

before 2020, supported by investments in education, healthcare, and rural infrastructure. 

However, the combined effects of the COVID-19 pandemic, the armed conflict, and continuing 

environmental and socioeconomic shocks have reversed much of this progress.  

In particular, the 2020–2022 conflict in the region was one of the most devastating crises in 

Ethiopia’s recent history. It destroyed major infrastructure (including hospitals, schools, and 

water systems) (Berhane et al., 2025; World Bank and GoE, 2022), displaced millions of people 

and created widespread humanitarian need (Ajemu et al., 2024), and significantly eroded the 

institutional and social foundations necessary for community well-being and recovery (Gesesew 

et al., 2021; Gufue et al., 2024).  

These shocks have not only deepened existing poverty but also introduced new forms of 

deprivation, including food insecurity (Gebrihet and Gebresilassie, 2025; Muhyie et al., 2025; 

WHO, 2022), the collapse of health and education systems (Ayele, 2025; WHO, 2022), loss of 

income, and insecurity (EU, 2025; Wilson Center, 2023). Before the outbreak of the Tigray 

conflict, the region had recorded relatively moderate, but still significant, multidimensional 

poverty levels compared with other parts of Ethiopia. However, the conflict exponentially 

worsened existing vulnerabilities, dismantling livelihood systems and triggering new waves of 

deprivation (UNDP, 2022). Recent satellite-based welfare assessments and econometric 

analyses (Hailai Abera et al., 2025) indicate that by late 2021, up to 94% of Tigray’s population 

lived under extreme multidimensional poverty, an increase of more than 70% from pre-conflict 

estimates, driven by infrastructure collapse, agricultural disruption, and public service failure 

(Hailai Abera et al., 2025). 
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Research indicates that traditional/conventional/one-dimensional metrics (monetary measures) 

of poverty, mainly focused on income, consumption, or expenditure (Noumedem Temgoua et al., 

2020), are inadequate to capture such complex and diverse realities. In conflict-affected 

settings like Tigray, individuals and communities experience multiple, overlapping deprivations, 

including economic exclusion, asset loss, displacement, and institutional breakdowns (Alkire 

and Foster, 2011; de Milliano and Plavgo, 2017). As a result, reliance on unidimensional 

measures risks underestimating the depth and breadth of human deprivation (Bersisa and 

Heshmati, 2021; Chala Biyena and Beyene, 2019; Tantasa, 2020), underscoring the need for a 

multidimensional approach to fully understand and address the scale of poverty in post-conflict 

contexts. 

1.5 Analytical approach: integrating MPI with SAE and Bayesian models 

While the MPI framework provides a robust foundation for measuring deprivation, its 

application at fine geographic levels (e.g. woredas) is constrained by limited sample sizes and 

incomplete data, particularly in conflict-affected areas. Traditional surveys such as the 

Demographic and Health Survey and Household Consumption and Expenditure Survey are 

designed to yield statistically reliable estimates at regional or national scales, not at the local or 

district (woreda) level; and they often lack sufficient coverage to produce reliable estimates at 

local levels, leading to aggregated results that obscure substantial within-region disparities 

(USAID, 2024). Producing reliable estimates for smaller administrative units would require 

substantially larger sample sizes, which are often impractical and costly to implement (UNDP 

and OPHI, 2020)  

Moreover, in conflict-affected or data-scarce settings, incomplete data collection and 

population displacement further constrain representativeness and data quality (Ogbu and Guha-

Sapir, 2021). As a result, fine-scale poverty estimation based solely on traditional survey data 

may obscure substantial within-region disparities, masking local variations in deprivation 

(Molina et al., 2014b; Weziak-Bialowolska and Dijkstra, 2014). These challenges highlight the 

need for integrating alternative data sources and SAE and HBMs to enhance the spatial 

resolution of MPI analyses in such contexts (Molina et al., 2014a). SAE techniques enable 

reliable poverty estimation at the woreda level by combining survey data with auxiliary 

geospatial information (e.g. NDVI, land use, NTL, and accessibility). HBMs further enhance the 

analysis by accommodating the hierarchical structure of poverty data, where individuals are 

nested within households, households within tabias4, and tabias within woredas (Gelman and 

Hill, 2006). 

 

4 Tabia: The lowest administrative unit in Tigray, equivalent to a sub-district, comprising several villages (kushet) and 
serving as the primary level of local governance and community administration. 
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This integration allows for: 

• accurate estimation of poverty at disaggregated spatial levels; 

• quantification of uncertainty in small area estimates; 

• exploration of multilevel interactions among drivers of deprivation; and 

• contextualised understanding of spatial heterogeneity in post-conflict poverty dynamics. 

By adopting this integrated modelling framework, this study advances methodological rigour 

and provides policymakers with granular, evidence-based insights that are essential for 

targeting interventions and resource allocation for Tigray’s recovery and reconstruction. 

1.6 Research gap and study’s contribution 

Although previous studies (e.g. Bersisa and Heshmati, 2021; World Bank, 2022) have explored 

multidimensional poverty in Ethiopia, none have systematically addressed conflict-sensitive 

indicators or applied small area and Bayesian techniques in a post-war setting. Most existing 

analyses remain at regional or national scales, overlooking woreda-level heterogeneity and the 

structural complexity of data in conflict-affected contexts. 

This study contributes to filling this critical gap by: 

• extending the Alkire–Foster (AF) MPI framework to include dimensions specific to conflict 

and vulnerability; 

• applying SAE to generate high-resolution poverty maps for woredas in Tigray; 

• employing HBMs to account for data nesting and estimate uncertainty; and 

• integrating remote sensing data with survey-based indicators to improve spatial precision. 

Through this novel methodological integration, the study produces the first spatially explicit, 

statistically robust assessment of multidimensional poverty in post-conflict Tigray. Its findings 

will inform recovery planning, equitable resource distribution, and targeted policy interventions 

across local and regional governance levels. 

1.7 Purpose and objectives of the study 

1.7.1 Overall objective 

The study’s overall objective is to conduct an advanced multidimensional poverty analysis, 

integrating SAE, remote sensing, and HBMs to estimate household and woreda-level poverty 

and identify key drivers in the conflict-affected region of Tigray in Ethiopia. 
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1.7.2 Specific objectives 

The specific objectives are as follows: 

• Objective 1: Scrutinise the extent and severity of multidimensional poverty (measured by the 

MPI) across woredas in Tigray. 

• Objective 2: Analyse the spatiotemporal pattern of multidimensional poverty across 

woredas in Tigray before, during, and after the conflict (pre-war, during, and post-war). 

• Objective 3: Disaggregate poverty estimates across dimensions, indicators, and 

demographic variables 

• Objective 4: Explore the major poverty drivers in the region. 

• Objective 5: Provide actionable insights and policy recommendations for targeted poverty 

alleviation programmes and interventions for the region and beyond. 

1.8 Scope and organisation of the study 

This study focuses exclusively on the post-conflict Tigray Region of Ethiopia. It combines 

quantitative survey data with satellite-derived environmental indicators collected between 2019 

and 2024. The analysis covers household/woreda-level poverty estimation, spatial 

heterogeneity, and gendered disparities. 

The paper is structured as follows: 

• Section 2 sets out the conceptual and analytical framework relating to methods for 

measuring multidimensional poverty in Tigray. 

• Section 3 presents the study’s methodological framework. 

• Section 4 sets out the empirical findings on the spatial distribution, intensity, and drivers of 

multidimensional poverty. 

• Section 5 provides a conclusion and key insights. 

• Section 6 makes policy implications and recommendations for post-conflict recovery and 

equitable development. 
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2 Conceptual and analytical framework relating 
to methods for measuring multidimensional 
poverty in Tigray 

2.1 Poverty measurement in Ethiopia 

Historically, poverty measurement in Ethiopia has relied heavily on one-dimensional or 

conventional monetary approaches, such as the Foster–Greer–Thorbecke (FGT) index (Dagim 

et al., 2020) the basic needs approach (Chala Biyena and Beyene, 2019), and the food energy 

intake method (Tamirat and Sivakumar, 2020). While these models effectively capture income 

insufficiency, they fail to reflect the broader social and structural deprivations shaping 

household welfare, particularly in fragile and conflict-affected contexts (OPHI and UNDP, 2024).  

Traditional monetary approaches conceptualise poverty as a single-value shortfall in income or 

consumption, neglecting or overlooking non-income/consumption factors of deprivation, such 

as disruption to education, health deterioration, displacement, and social vulnerability. They 

risk underestimating poverty intensity and misrepresenting the complex realities of affected 

communities (Alkire et al., 2021; OPHI and UNDP, 2024). Recognising these limitations, 

Mekonnen and Heshmati (Bersisa and Heshmati, 2021) emphasised that unidimensional 

measures systematically underestimate deprivation where multiple deficits overlap. They 

advocate for the adoption of multidimensional poverty measures that integrate both monetary 

and non-monetary dimensions of well-being.  

2.2 MPI framework: AF index methodology 

The MPI represents a shift in poverty analysis, aligning Ethiopia with the Sustainable 

Development Goals (SDGs) and offering a powerful tool to address Ethiopia’s particular 

challenges by focusing on multidimensional deprivations. It enables policymakers to prioritise 

investments for resilience and sustainable development. Responding to methodological gaps, 

this study employs the AF-MPI framework (Alkire and Foster, 2011), which measures both the 

incidence (H – the proportion of people living in poverty) and intensity (A – the average proportion 

of deprivations experienced by the poor) of deprivations across several life domains. The global 

MPI comprises three core dimensions – education, health, and living standards – with 12 binary 

indicators, making it interpretable and calculable. 

The global MPI, introduced by OPHI and UNDP in 2010, applies the AF method through two sub-

indices: incidence (proportion of people in poverty) and intensity (average deprivations among 

the poor). The dual approach captures poverty's breadth and depth, enhancing its policy 

relevance. 
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2.3 Expanded MPI for conflict-affected Tigray 

2.3.1 Five-dimensional framework adaptation 

To better capture the complex realities of conflict-affected Tigray, this study expanded 

traditional three-dimensional MPI, proposed by Alkire and Foster (2011) – health, education, and 

standard of living – into a five-dimensional framework. The new MPI incorporates further 

dimensions and indicators to better capture the intertwined effects of deprivation and conflict, 

and to suit the practical reality of the region (Lyons et al., 2021). Each dimension carries equal 

weight (1/5 or 20%), ensuring that both socioeconomic and humanitarian aspects are reflected 

in the poverty measurement. Thus, a household or woreda is defined as multidimensionally 

poor if its weighted deprivation score Ci = 0.20, or 20%, consistent with global MPI standards 

(UNDP, 2023; Alkire and Foster, 2011; OPHI and UNDP, 2024).  

2.3.2 Dimension and indicator details 

To construct the Tigray MPI (T-MPI), we adapted the Alkire and Santos (2014) (Alkire et al., 

2020; Alkire and Santos, 2014) methodology to the complex post-conflict realities of Tigray 

Region. The index was designed to capture the multifaceted nature of deprivation arising from 

the intersection of conflict, displacement, livelihood loss, and structural service collapse. The 

process began by defining five core dimensions and their corresponding indicators and 

deprivation cut-offs (see 

Table 1). These dimensions are as follows:  

• Health and food security: This dimension captures the direct impact of health status and 

nutritional well-being on poverty. A woreda is considered deprived if a significant share of 

households experience food insecurity, such as limited food variety, skipped meals, or 

hunger due to lack of resources. The dimension also includes access to healthcare, where 

deprivation occurs if people report illness but face barriers to receiving medical treatment, 

such as limited facilities, shortage of medicines, or insecurity-related disruptions. These 

indicators reflect the compounded challenges to physical health and nutrition in post-

conflict Tigray, where livelihoods and public services remain fragile. This dimension 

integrates nutrition, child and maternal mortality, illness, chronic diseases, treatment 

access, dietary diversity, coping strategies, and medical services accessibility, 

corresponding to SDGs 2 (Zero Hunger) and 3 (Good Health and Well-Being).  

• Education: There is a well-established link between education and poverty – the more 

educated a person is, the lower their chances of experiencing poverty. Education remains a 

critical pathway out of poverty and vulnerability. This dimension uses four indicators: years 

of schooling (where deprivation exists if adults have not completed at least eight years of 

https://globalgoals.org/goals/2-zero-hunger/
https://globalgoals.org/goals/3-good-health-and-well-being/
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education); child school attendance (where a woreda is deprived if school-age children, 6–

13 years, are not enrolled in primary education); the highest level of education attained; and 

conflict-related school disruption, aligned with SDG 4 (Quality Education). These measures 

capture both current and intergenerational educational deprivations that limit human capital 

development and long-term recovery prospects across Tigray. 

• Conflict, safety, and vulnerability: This dimension, newly added to reflect war-time 

hardship, measures displacement, exposure to insecurity, access to humanitarian 

assistance, loss of livelihood, and GBV risk, which are key indicators of fragility in conflict-

affected populations. This dimension reflects the enduring consequences of conflict and 

insecurity for human well-being. A woreda is classified as deprived if households report 

displacement, asset destruction, or exposure to violence. Another indicator, perceived 

safety, captures the extent to which residents feel secure in their communities. Together, 

these indicators highlight the structural vulnerabilities and psychosocial effects of 

prolonged conflict, institutional breakdown, and loss of social protection mechanisms, all of 

which deepen poverty and hinder resilience. 

• Income and employment: This dimension captures economic stability through 

employment and income status, emphasising precarious work and unemployment, and links 

to SDG 8 (Decent Work and Economic Growth). Income and employment capture 

households’ economic inclusion and stability. A woreda is considered deprived if a 

substantial proportion of households report low or unstable income sources, or if 

unemployment and underemployment rates are high among working-age individuals. This 

dimension reflects the erosion of livelihoods, restricted market access, and limited recovery 

opportunities in conflict-affected zones, emphasising the economic barriers to sustainable 

well-being. 

• Standard of living: The standard of living dimension encompasses deprivations in basic 

amenities and living conditions. Key indicators include housing conditions, access to safe 

drinking water, sanitation and hygiene, electricity, cooking fuel, and ownership of basic 

information and communication assets, aligning with SDGs 6 (Clean Water and Sanitation), 

7 (Affordable and Clean Energy), and 11 (Sustainable Cities and Communities). A woreda is 

considered deprived if a large share of households live in non-durable housing, lack 

improved sanitation or clean water sources, or rely on solid fuels such as firewood or 

charcoal for cooking. These indicators collectively capture material deprivation and the 

broader quality-of-life disparities that persist across Tigray’s woredas. 

Collectively, these dimensions present a comprehensive framework that situates poverty in 

Tigray not merely as an economic condition but as a multidimensional crisis shaped by health, 

livelihood, infrastructure, and conflict-related vulnerabilities. In essence, this study provides a 

comprehensive, context-sensitive measurement of poverty that transcends monetary limits and 

https://sdgs.un.org/goals/goal4
https://sdgs.un.org/goals/goal8?utm_source=chatgpt.com
https://globalgoals.org/goals/6-clean-water-and-sanitation/
https://globalgoals.org/goals/7-affordable-and-clean-energy/
https://globalgoals.org/goals/11-sustainable-cities-and-communities/


TARGETED POVERTY ALLEVIATION IN TIGRAY, ETHIOPIA 

© Data & Evidence to End Extreme Poverty  3 

captures the multifaceted structure of deprivation among Tigray households. The resulting 

analytical framework enables a more accurate diagnosis of poverty in post-conflict settings and 

supports the design of targeted, evidence-based interventions for sustainable recovery and 

resilience building in the region. 
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Table 1: Global MPI – dimensions, indicators, deprivation cut-offs, and weights 

 

5 Children under five years (60 months and younger) are considered undernourished if their z-score of either height-
for-age (stunting) or weight-for-age (underweight) is below minus two standard deviations from the median of the 
reference population. Children 5–19 years (61–228 months) are identified as deprived if their age-specific body mass 
index cut-off is below minus two standard deviations. Adults aged 19 to 70 years (229–840 months) are considered 
undernourished if their body mass index is below 18.5 m/kg2. 
6 The child mortality indicator of the global MPI is based on birth history data provided by mothers aged 15–49. In 
most surveys, men have provided information on the occurrence of child mortality as well but this lacks the date of 
birth and death of the child. Hence, the indicator is constructed solely based on information from mothers. However, 
if the data from the mother are missing, and if the male in the household reported no child mortality, then we identify 
no occurrence of child mortality in the household. 
7 Household's weekly dietary diversity was not adequate such that the household consumed less than nine food 
groups during the last week (HWDD < 9 food groups). The index ranges from 0 to 12 (the total number of food 
groups). A score lower than 6 is considered as low diversity, 7–8 borderline and 9 or higher acceptable. 
8 This index measures five food-consumption-based coping strategies applied in the previous seven days. The index 
ranges from 0 (no use of coping strategies) to 56 (use of all coping strategies). 
9 If all individuals in the household are in an age group where they should have formally completed six or more years 
of schooling, but none have this achievement, then the household is deprived. However, if any individuals aged 10 
years and older reported six years or more of schooling, the household is not deprived. 

Dimension  
Weight 
structure 

Indicators 
Weighting 
structure 

SGD area 

Health 1/5 

Nutrition5 1/45 
SDG 2: Zero Hunger(OPHI, 
2018b) 

Child mortality6 1/45 
SDG 3: Health and Well-
being(OPHI, 2018b) 

Maternal health 1/45 
SDG 3: Health and Well-
being(OPHI, 2018b) 

Illness  1/45 
SDG 3: Health and Well-
being(OPHI, 2018b) 

Treatment 1/45 
SDG 3: Health and Well-
being(OPHI, 2018b) 

Chronic diseases 1/45 
SDG 3: Health and Well-
being(OPHI, 2018b) 

Dietary diversity7 1/45 SDG 2: Zero Hunger(OPHI, 
2018b) 

 Food copying strategy8 (consumption) 1/45 SDG 2: Zero Hunger(OPHI, 
2018b) 

Access to healthcare/ medical services 1/45 SDG 3: Health and Well-
being(OPHI, 2018b) 

Education 1/5 Years of schooling9 1/20 SDG 4:Quality Education 
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10 A household has access to clean drinking water if the water source is any of the following types: piped water, 
public tap, borehole or pump, protected well, protected spring or rainwater; and it is within a 30-minute walk (round 
trip). If a survey report uses other definitions of safe drinking water, we follow the country survey report. 
11 A household is considered to have access to improved sanitation if it has some type of flush toilet or latrine, or 
ventilated improved pit or composting toilet, provided that it is not shared. If a survey report uses other definitions of 
adequate sanitation, we follow the survey report. 

Child school attendance 1/20 
SDG 4:Quality 
Education(OPHI, 2018b) 

Highest education  1/20 SDG 4:Quality Education 

Conflict-related school disruption 1/20 
SDG 4:Quality 
Education(OPHI, 2018b) 

Conflict and 
vulnerability 

1/5 

Displacement status condition 1/25 
SDG 10: Reduced 
Inequalities 

Exposure to violence/insecurity 1/25 
SDG 16: Peace, Justice, 
and Strong Institutions 

Access to humanitarian assistance 1/25 
SDG 3: Good Health and 
Well-Being 

Loss of livelihood 1/25 
SDG 8: Decent Work & 
Economic Growth 

GBV risk 1/25 SDG 5: Gender Equality 

Income 
resources 

1/5 

Precarious work 1/10 
SDG 8:Quality 
Education(OPHI, 2018b) 

Unemployment (no income) 1/10 
SDG 8:Quality 
Education(OPHI, 2018b) 

Standard of 
living 

1/5 

Housing conditions 1/40 SDG 11: Sustainable Cities 
& Communities(OPHI, 
2018b) 

 

 

Safe/clean drinking water10 1/40 
SDG 6:Clean Water and 
Sanitation (OPHI, 2018b) 

Overcrowding 1/40 

SDG 11: Sustainable Cities 
and Communities 

Access to improved sanitation11 1/40 
SDG 6:Clean Water and 
Sanitation (OPHI, 2018b) 

Access to improved hygiene 1/40 
SDG 6:Clean Water and 
Sanitation (OPHI, 2018b) 

Availability of electricity 1/40 
SDG 7: Affordable and 
Clean Energy(OPHI, 
2018b) 
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Cooking fuel (energy for cooking) 1/40 
SDG 7: Affordable and 
Clean Energy(OPHI, 
2018b) 

  Information and asset ownership 1/40 
SDG 1: No Poverty(OPHI, 
2018b) 
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2.4 Computation of the T-MPI 

2.4.1 Units of identification and analysis 

In this study, the household is defined as the unit of identification, assuming equal sharing of 

deprivation among household members. Households are geographically nested within woredas, 

which serve as the domain of aggregation for small-area estimation and spatial analysis. The 

unit of analysis is the individual, with household deprivation status assigned to all members. 

This allows results to be interpreted as referring to individuals living in multidimensionally poor 

households at the woreda level. 

2.4.2 AF dual cut-off method (expanded) 

The AF method, developed by James Foster and Sabina Alkire (2011), offers a systematic and 

rigorous framework/approach for identifying and aggregating multidimensional poverty, making 

it particularly relevant for post-conflict settings such as Tigray, where deprivations extend 

beyond income to encompass education, health, food security, housing, and access to basic 

services. The AF dual cut-off identifies multidimensional poverty by combining two key 

thresholds: dimension-specific deprivation cut-offs and an overall poverty cut-off that 

aggregates deprivations across dimensions (Alkire et al., 2015; Alkire and Foster, 2011). 

a) Dimension-specific deprivation cut-offs: The first cut-off involves setting deprivation 

thresholds within each indicator or dimension. For example, a household might be 

considered deprived in education if no member has completed a minimum number of 

schooling years, or deprived in health if a household member suffers from a particular 

illness or lack of medical access. These indicators are typically transformed into binary 

variables, where 1 represents deprivation and 0 otherwise. This allows the method to 

capture specifically which aspects of well-being are lacking at the household level. 

b) Poverty cut-off across dimensions: The second cut-off aggregates these individual 

deprivations to identify whether a household or individual is multidimensionally poor. 

This poverty cut-off is a weighted threshold/deprivation score (denoted by: 𝐂𝐢) on the 

sum of weighted deprivations across all indicators. A household is identified as poor if its 

weighted deprivation score equals or exceeds this threshold, usually set at 33.3% (one-

third) of total possible deprivations, consistent with the global MPI methodology.  

2.4.3 Computation of the T-MPI 

Altogether, the T-MPI framework encompasses 28 indicators, derived from household-level 

survey data and satellite-based environmental and infrastructural proxies, including vegetation 

health (NDVI), NTL, land use and land cover patterns, and accessibility surfaces representing 
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travel time and physical access to essential services such as markets, schools, and health 

facilities.. These data sources enable the measurement of multidimensional deprivation even in 

data-scarce and conflict-affected settings, providing both spatial and temporal depth to the 

poverty analysis. The selection of these dimensions and indicators was guided by the regional 

development strategy and other key governmental documents. Additionally, extensive stakeholder 

engagement played a crucial role in shaping the measure, ensuring that it reflects the priorities and 

realities of those it intends to serve 

In the primary weighting scheme, each of the five dimensions was assigned an equal weight of 

1/5 (0.20) to ensure balanced representation across the health, education, livelihood, and 

security domains. Within each dimension, weights were distributed equally among the 

respective indicators according to their count. Specifically, the health and food security 

dimension (1/5) includes nine indicators, each weighted 1/45; education (1/5) contains four 

indicators, weighted 1/20 each; conflict, safety, and vulnerability (1/5) includes five indicators, 

weighted 1/25 each; income and employment (1/5) consists of two indicators, weighted 1/10 

each; and standard of living (1/5) comprises six indicators, each weighted 1/30. This approach 

ensures that all five dimensions contribute equally to the overall deprivation score, while internal 

weighting captures the relative importance of each indicator within its dimension. 

For robustness testing, a secondary equal-indicator weighting scheme was applied in which all 

indicators were given equal weights irrespective of their dimensional grouping. This sensitivity 

check helped verify the consistency of poverty classification across alternative weighting 

assumptions. 

For each household i, the weighted deprivation score 𝐶𝑖 was computed as the weighted sum of 

deprivations across all indicators, ranging from 0 (no deprivation) to 1 (complete deprivation): 

Ci = ∑ wi  ×  gij

n

j=1

 

where 𝑔𝑖𝑗 = 1 if the household is deprived in indicator j, and 0 otherwise, while 𝑤𝑖  represents the 

indicator weight. 

Following the global MPI convention, households or woreda units with a weighted deprivation 

score of Ci ≥ 0.33 were identified as multidimensionally poor. Given that the headcount ratio (H) 

captures the proportion of households that are multidimensionally poor (how many households 

are poor or ‘deprived’), while the intensity of poverty (A) reflects the average proportion of 

deprivations among these households, the T-MPI was derived as follows: 

T − MPI = H × A 

To explore the spatial (within-region variations) and demographic variability of deprivation, the 

T-MPI estimates were disaggregated by district (woreda) and by the gender of the household 
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head. This disaggregation provides critical insights into geographic and social inequalities, 

highlighting how patterns of multidimensional poverty differ across rural, semi-urban, and urban 

settings and between male- and female-headed households in post-conflict Tigray. This level of 

detail also allows for a deeper understanding of the impact of poverty across different 

populations and locations, enabling more targeted and effective policy interventions. 

2.4.4 Poverty cut-off 

In Tigray, Ethiopia, a person (or household) is classified as multidimensionally poor if they 

experience deprivations in more than one-third of the weighted indicators across the selected 

dimensions of the MPI. In operational terms, when the weighted deprivation score exceeds 

33.3% (i.e. one-third) of the total indicators, the individual is considered to be living in 

multidimensional poverty. This threshold follows the global MPI methodology proposed by 

Alkire and Santos (2014) and is consistently applied in national and sub-national poverty 

assessments in Ethiopia (OPHI and UNDP, 2023). The chosen poverty cut-off was further 

validated through rank robustness tests (see  Annex C), ensuring the consistency and reliability 

of the classification across alternative thresholds. Even if the MPI framework in this study 

includes five dimensions and 28 indicators, the poverty cut-off for the weighted deprivation 

score remains 0.333 (or 33.3%). This value does not depend on the number of dimensions or 

indicators, as long as the total indicator weights sum to one. What changes is how the weights 

are distributed across the 28 indicators (e.g. equal weighting within each dimension or 

customised weighting based on relevance). The adoption of this cut-off facilitates comparability 

across regions and over time, ensuring coherence with both national and global poverty 

measurement frameworks. Furthermore, the selected threshold was validated through rank 

robustness tests (see Annex C), confirming the stability and reliability of poverty classifications 

across alternative cut-off values. 
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3 Methodological framework 

3.1 Study design and scope 

This retrospective cross-sectional analytical study adopts a mixed-methods approach to 

provide a holistic understanding of multidimensional poverty across 15 conflict-affected 

districts (woredas) of Tigray Region, northern Ethiopia. The research integrates secondary 

quantitative datasets, including household surveys, surveillance records, and socioeconomic 

assessments, compiled from government agencies, humanitarian organisations, and non-

government organisations (NGOs) operating in Tigray and across Ethiopia. These datasets 

encompass diverse indicators related to health, education, displacement, GBV, nutrition, 

livelihoods, and conflict and vulnerability, allowing for comprehensive quantitative analysis. The 

analysis applies the AF methodology (Alkire et al., 2021), with modifications tailored to the 

conflict-affected context. 

Complementing these quantitative sources, the study incorporates qualitative data collected 

through key informant interviews and focus group discussions with local administrators, social-

affairs officers, and representatives of displaced households. The qualitative component 

contextualises the statistical findings, uncovers the underlying causes of deprivation, and 

captures the lived experiences of conflict-affected populations, elements that are often 

overlooked in numerical secondary data. By integrating both quantitative and qualitative strands 

the study ensures methodological triangulation, enhancing both the robustness and interpretive 

depth of the T-MPI results. 

3.2 Data sources and sampling 

Reliable and harmonised data on multidimensional poverty in Tigray Region remain scarce, 

particularly due to the disruptions of the 2020–2022 conflict. To ensure comprehensive 

coverage across the five dimensions of the T-MPI (health, education, conflict and vulnerability, 

income resources, and standard of living) this study employed an integrated, mixed-source data 

approach combining secondary quantitative and primary qualitative evidence. 

3.2.1 Overview of data integration and temporal framing 

A systematic mapping of potential stakeholders (largely within the region), as well as inventory, 

screening, and review of their existing micro- and meso-level datasets, was undertaken to 

identify reliable, representative, and thematically aligned data sources. These were then 

grouped across three temporal phases – pre-war (2019), war-time (2020–2022), and post-war 

(2023–2025) – to capture temporal variations in deprivation and recovery dynamics/patterns. 

This longitudinal framing allows for comparison of shifts in household well-being, resilience, 
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and vulnerability over time. Both primary and secondary data were harmonised based on 

indicator relevance and the need for methodological rigour and geographic representativeness. 

Datasets lacking sufficient alignment with the five T-MPI dimensions/indicators, or those with 

incomplete spatial coverage, were excluded. 

3.2.2 Secondary quantitative data 

A core pillar of the T-MPI database is formed by the integration of large-scale household, health 

and nutrition, conflict and vulnerability (damage assessments), and socioeconomic surveys 

implemented by regional institutions, principally the Tigray Institute of Policy Studies, Tigray 

Health Research Institute the College of Health Sciences (CHS) at Mekelle and Adigrat University, 

and collaborating partner agencies (such as NGOs). These surveys provide disaggregated data 

on nutrition, morbidity, educational attainment, displacement, livelihood stability, household 

income, and living conditions. The datasets that met minimum quality standards, in terms of 

sample representativeness, indicator consistency, and methodological quality, were retained for 

analysis while those that lacked variables corresponding to the five T-MPI dimensions were 

excluded. 

Pre-war (2019) 

• Ethiopian Mini Demographic and Health Survey (2019) – a national sample with regional 

disaggregation for Tigray. 

• Tigray Socioeconomic Survey (2019) – baseline on income, employment, and living 

standards. 

During war (2020–2022) 

• Nutrition Survey of Tigray Health Research Institute (2021–2022) – child and maternal 

nutrition, food security, and health access. 

• Community-Based Health Insurance (CBHI) Surveys (2020–2022) – household health 

financing and vulnerability. 

• Adolescent and Youth Educational Level Surveys (2021–2022) – schooling continuity amid 

conflict. 

• Gender-Based Violence in War-Affected Tigray Survey (2021) – exposure to conflict and 

protection risks. 

Post-war (2023–2025) 

• Integrated Health Survey on Maternal and Child Health Service Utilization and COVID-19 

Vaccine Update (2025) – access to essential services. 
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• Health Promotion and Disease Prevention (HPDP) Survey (2024) – community health and 

behavioural indicators. 

• Tigray Socioeconomic Survey (2024) – post-war livelihoods and income recovery. 

• Community-Based Health Insurance Follow-up Survey (2024–2025) – resilience and 

protection mechanisms. 

All retained surveys employed multistage or stratified three-stage cluster sampling, ensuring 

representativeness across rural and urban woredas. Collectively, they cover indicators for 

morbidity, nutrition, education attainment, conflict exposure, livelihood stability, household 

income sources, housing quality, sanitation, and access to basic services, forming the 

quantitative foundation of the T-MPI. In this study, auxiliary information for the unit-level 

modelling stage was derived from pooled household survey datasets, rather than census 

microdata, which were not accessible at the required level. The pooled dataset combines 

harmonised household survey indicators with woreda-level geospatial and administrative 

covariates. Survey sampling weights were retained throughout the modelling process to 

preserve representativeness and mitigate potential bias. This approach enables unit-level 

modelling in a data-constrained and conflict-affected setting while maintaining consistency with 

available information sources 

Multiple household survey datasets were pooled to improve coverage and statistical power at 

the woreda level. Prior to modelling, all surveys were harmonised to ensure consistency in 

variable definitions, indicator thresholds, and MPI construction. Survey sampling weights were 

re-scaled to maintain representativeness after pooling. To account for potential differences 

across survey sources, survey year and survey-source indicators were included as control 

variables in the modelling stage. These steps reduce measurement inconsistencies and 

mitigate bias arising from pooling multiple surveys in a conflict-affected and data-constrained 

environment. 

3.2.3 Auxiliary and geospatial data 

To enhance the analysis of multidimensional poverty in Tigray, several key auxiliary and 

geospatial variables were integrated into the SAE and hierarchical Bayesian analysis models. 

These variables, sourced from institutional and humanitarian datasets, helped better 

understand poverty distribution and its spatial dependencies. The primary variables included the 

following: 

• Displacement status: Displacement due to conflict increases vulnerability. VIIRS and NDVI 

data helped to assess poverty in displaced populations, which are more likely to suffer from 

service disruption and unstable living conditions. 
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• Age of household heads: Age was included as a factor affecting poverty: younger heads of 

households often experience higher deprivation. 

• Place of residence: Residence type (urban vs. rural) significantly influences poverty levels, 

with rural areas typically more deprived due to poorer infrastructure and services. 

• Sex of Household Heads: Female-headed households are more likely to experience higher 

deprivation, reflecting gender disparities in access to resources. 

Remote sensing and geospatial data: To complement household survey data and enhance the 

spatial disaggregation of MPI estimates, a suite of geospatial and remote sensing datasets 

(https://earthengine.google.com/) was integrated within the SAE framework. These 

complementary datasets, including satellite imagery, administrative boundaries, and population-

density rasters, helped capture the spatial heterogeneity of living conditions and fill data gaps at 

fine geographic scales. The integration of these layers enabled visualisation of localised 

deprivation and recovery patterns across zones and woredas, thereby providing actionable 

insights for geographically targeted interventions in conflict-affected areas (see Figure 1).  

Figure 1:  Downloaded satellite data and data sources 

  

A diverse range of satellite-derived indicators (see Figure 1 ) were employed to represent 

different poverty dimensions and their underlying environmental and infrastructural correlates. 

For instance, NDVI and LST from MODIS and Sentinel-2 served as proxies for agricultural 

productivity, food availability, and disease-prone environments within the health dimension. In 

the education dimension, measures of accessibility and proximity to schools derived from 

OpenStreetMap and WorldPop reflected spatial disparities in educational infrastructure and 

accessibility. 

The living standards dimension utilised NTL intensity from VIIRS and DMSP-OLS satellites to 

indicate household wealth, energy access, and infrastructural development. Under the conflict 

and vulnerability dimension, built-up area density, settlement damage, and displacement 

patterns were extracted from Sentinel-1 SAR, UNOSAT, and Copernicus Emergency Mapping 

Services to capture the extent of infrastructure destruction and post-conflict recovery. Finally, 

https://earthengine.google.com/
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the income and resources dimension incorporated land use/land cover and road density data 

from MODIS and the Copernicus Global Land Service, representing livelihood opportunities, 

resource accessibility, and connectivity. 

Through this integration of survey and satellite-based indicators, the SAE model gained 

improved predictive power and spatial precision, allowing for robust estimation of MPI scores 

even in the data-scarce and conflict-affected setting of Tigray. 

Table 2:  Geospatial indicators and satellite data sources for multidimensional poverty dimensions in 
Tigray 

Dimension Indicator 
Satellite data 
source 

Purpose / representation 

Health NDVI, LST MODIS / Sentinel-2 

Proxy for agricultural 
productivity, food availability, 
and disease-prone 
environments. 

Education 
Accessibility of and proximity to 
schools 

OpenStreetMap, 
WorldPop 

Reflects spatial inequality in 
educational infrastructure 
and accessibility. 

Living 
standards 

NTL intensity VIIRS / DMSP-OLS 
Indicates household wealth, 
energy access, and 
infrastructural development. 

Conflict and 
vulnerability 

Built-up area density, settlement 
damage, and displacement 
patterns 

Sentinel-1 SAR / 
UNOSAT / 
Copernicus 
Emergency 
Mapping Services 

Captures infrastructure 
destruction, displacement 
hotspots, and settlement 
recovery. 

Income and 
resources 

Land use/land cover, road density 
MODIS / 
Copernicus Global 
Land Service 

Represents livelihood 
opportunities, resource 
access, and connectivity. 

 

Temporal alignment of survey and geospatial data: To ensure internal consistency and avoid 

temporal mismatch, all geospatial covariates were temporally aligned with the household 

survey reference period. Satellite-derived indicators were extracted or aggregated for the same 

calendar year as the survey data used to compute direct MPI estimates. Where multi-temporal 

satellite products were used, annual means were calculated to match the survey year. 

For the analysis of poverty dynamics over time, remote sensing-based MPI surfaces were 

generated separately for each year (2019–2023), allowing temporal variation to be examined 

independently from the cross-sectional survey-based SAE analysis. These temporal analyses 

are therefore complementary and do not contaminate the model-based estimation with 

mismatched time frames. 

Processing and aggregation of satellite-derived data: Satellite data were pre-processed 

following standard remote sensing workflows prior to integration into the analysis. Raw raster 
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products were first cleaned to remove outliers and non-physical values, then spatially 

aggregated to the woreda level using zonal statistics. All covariates were standardised to 

ensure comparability and numerical stability in model estimation. NTL data were derived from 

VIIRS products and aggregated as mean radiance per woreda. Vegetation indicators were 

extracted from NDVI-based products and averaged over the growing season. These processed 

covariates were then merged with survey-based MPI estimates using consistent woreda 

boundaries. This transparent processing pipeline ensures replicability and allows geospatial 

variables to function as statistically valid auxiliary information in both SAE and Bayesian 

modelling frameworks. 

Role of remote sensing in the analytical framework: Remote sensing data serve a dual role in 

this study. First, they improve estimation efficiency by strengthening SAE and Bayesian models 

through providing auxiliary information. Second, they provide temporal continuity and spatial 

completeness, enabling the examination of poverty dynamics in periods and locations where 

household survey data are limited or unavailable. Together, through these roles these data 

support more robust inference and policy-relevant poverty mapping in conflict-affected and 

data-scarce settings. 

The Fay–Herriot model, an area-level Small Area Estimation (SAE) approach, was employed to 

improve the precision of woreda-level poverty estimates. The model combines direct survey-

based MPI estimates and their associated sampling variances with auxiliary covariates within a 

linear mixed modelling framework, allowing sampling error to be explicitly accounted for while 

borrowing strength across areas. This approach is particularly suitable in data-constrained and 

conflict-affected settings where sample sizes vary substantially across districts. 

To improve estimation precision and spatial relevance, satellite-derived indicators were 

incorporated as auxiliary covariates in both the area-level SAE and HBMs. NTL intensity, 

vegetation indices, and built-up area proxies were processed using standard remote sensing 

workflows and aggregated to the woreda level using zonal statistics. All covariates were 

temporally aligned with the survey reference year and standardised prior to modelling. These 

variables entered the Fay–Herriot model as fixed effects and were included at the area level 

within the Bayesian hierarchy, ensuring that geospatial information contributed directly to 

model-based poverty estimation, rather than being used solely for descriptive mapping. 

3.2.4 Primary qualitative data 

To complement, substantiate, and contextualise the quantitative evidence, qualitative data were 

collected through focus group discussions and key informant interviews with community 

leaders, local administrators, and sector experts. These engagements explored lived 

experiences of deprivation, vulnerability to conflict, livelihood disruption, and coping strategies 
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during and after the war. Insights from these discussions provide narrative depth to the 

quantitative indicators, ensuring that the multidimensional poverty findings reflect both 

numerical and experiential realities across the three temporal phases.  

3.3 Statistical methods and analyses 

3.3.1 Overview 

This section describes the analytical procedures used to estimate, disaggregate, and model 

multidimensional poverty across conflict-affected districts of Tigray. Statistical analyses 

integrated the AF-MPI framework with SAE and HBMs to achieve reliable, spatially detailed, and 

uncertainty-quantified poverty estimates. All analyses were conducted using Stata 18, R 4.3, 

and ArcGIS Pro 3.2. 

3.3.2 Data management: data cleaning, missing data handling, data preparation, and data 
processing  

All survey datasets were first harmonised into a unified structure consistent with the T-MPI 

indicator framework. For each of the 28 indicators, binary deprivation variables (gij) were 

generated based on the established deprivation cut-offs. The harmonisation process ensured 

consistency in variable definitions, coding, and measurement units across sources. Each 

dataset was rigorously screened for completeness, coverage, and internal consistency across 

the five MPI dimensions: health and food security, education, conflict and vulnerability, income 

resources, and standard of living. Sampling design information, including strata, clusters, and 

household weights, was preserved from the original surveys to maintain representativeness and 

valid inference at the woreda level. Design-consistent procedures were applied when combining 

datasets, and where necessary, sampling weights were normalised to ensure comparability 

across samples. Missing data were addressed using the Multiple Imputation by Chained 

Equations (MICE) method, which minimises potential bias arising from item non-response. The 

imputation models incorporated both socioeconomic and spatial covariates to accurately 

reflect the underlying data structure and distribution. 

3.3.3 Descriptive and spatial analysis 

Descriptive statistics summarised deprivation incidence by indicator, district, sex of household 

head, and residence type (rural, semi-urban, urban). Spatial analysis included the following: 

• Mapping: Woreda-level poverty incidence and intensity were visualised in R software 

Version 4.5.2 and/or ArcGIS Pro 3.5. 

• Spatial autocorrelation: Moran’s I tested global spatial clustering of MPI values. 

https://www.r-project.org/
https://www.r-project.org/
https://pro.arcgis.com/en/pro-app/latest/get-started/download-arcgis-pro.htm
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• Local hotspot analysis (Local Indicators of Spatial Association (LISA)) identified 

statistically significant high- and low-poverty clusters to reveal spatial heterogeneity. 

3.3.4 Descriptive and spatial analysis of multidimensional poverty 

Descriptive statistics were employed to provide a comprehensive overview of deprivation 

patterns across multiple socioeconomic and spatial dimensions. The analysis summarised the 

incidence of deprivation (H) by individual indicators, districts (woredas), sex of household head, 

and type of residence (rural, semi-urban, and urban). This stage of the analysis aimed to 

highlight the distribution of multidimensional poverty across population subgroups and 

geographic units, thereby identifying the most deprived dimensions and population segments. 

Frequency distributions, cross-tabulations, and summary measures, such as means and 

proportions, were computed to capture variations in deprivation levels and to examine gender- 

and location-based disparities (Dhongde and Haveman, 2022; Gelet et al., 2023). 

To visualise and explore spatial inequalities, several spatial analytical techniques were applied. 

Mapping of woreda-level poverty incidence (H) and intensity (A) was conducted using R software 

(Version 4.5.2) and ArcGIS Pro (Version 3.5). These maps provided a clear spatial depiction of 

the geographical concentration of poverty, illustrating both the magnitude and spatial 

distribution of deprivation across Tigray (Dhongde and Haveman, 2022; Santi et al., 2020). 

Spatial autocorrelation analysis was performed using Moran’s I statistic to assess whether MPI 

values were spatially clustered, dispersed, or randomly distributed across woredas. A 

significant positive Moran’s I indicated spatial clustering, suggesting that areas with high or low 

MPI values tend to be located near each other, while a negative value suggested spatial 

dispersion (Gelet et al., 2023; Liu et al., 2023). 

Further, LISA analysis was applied to identify and map local hotspots and ‘cold-spots’ of 

multidimensional poverty. The LISA analysis pinpointed specific woredas exhibiting statistically 

significant high-poverty (hotspot) or low-poverty (cold-spot) clusters, thereby revealing spatial 

heterogeneity within the study area. These localised insights provided an empirical basis for 

identifying spatially targeted intervention zones and for understanding how geographic and 

contextual factors shape the distribution of multidimensional poverty across Tigray (Liu et al., 

2023; Santi et al., 2020). 

3.3.5 SAE 

Direct survey estimates of the MPI are typically reliable at higher aggregation levels (e.g. 

region), but become unstable when disaggregated to small domains such as woredas, 

particularly in conflict-affected and data-scarce contexts. In Tigray, variation in woreda-level 

sample sizes, and the complete absence of sampled households in some locations, leads to 

https://www.r-project.org/
https://pro.arcgis.com/en/pro-app/latest/get-started/download-arcgis-pro.htm
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high sampling variances and, in some cases, non-publishable estimates when standard criteria 

for relative standard error are applied. 

Given the lack of access to census microdata, the primary estimation framework of this study 

relies on area-level SAE and HBMs. These approaches combine direct MPI estimates with 

geospatial and administrative covariates aggregated at the woreda level, enabling robust 

estimation in a data-constrained setting. The primary policy estimates reported in this study are 

therefore derived from the area-level SAE and Bayesian models, while unit-level EBP results are 

presented as robustness checks. 

To address these limitations and produce high-resolution, statistically robust T-MPI estimates, a 

SAE framework was adopted. SAE methods exploit statistical models that link the target 

variable (here, household MPI) to auxiliary covariates available either at the unit level (e.g. 

household characteristics from a survey or census) or the area level (e.g. administrative, 

geospatial, or satellite-based indicators). By ‘borrowing strength’ across areas, SAE improves 

precision and spatial coherence, especially in domains with small or zero samples (Molina and 

Rao, 2010). 

In this study, we focus on a unit-level SAE approach based on EBP (Molina and Marhuenda, 

2015; Molina and Rao, 2010). This approach is particularly well-suited to MPI because it can 

work directly with the continuous MPI score, incorporate rich household-level covariates, and 

accommodate complex patterns of between-district heterogeneity. 

While the SAE framework can, in principle, be extend to include area-level covariates such as 

NTL, NDVI, Normalised Difference Radar Index (NDRI), travel time to markets, or service 

accessibility, the present implementation uses household-level socio-demographic covariates 

as a first step, with the explicit intention that future work will integrate these spatial layers. 

Data structure and target parameters 

Let 𝑗 = 1, … , 𝐽 index woredas (districts), and ℎ = 1, … , 𝑛𝑗  index sampled households within 

woreda 𝑗. For each household, we observe 𝑀𝑃𝐼ℎ𝑗- continuous MPI score, taking values in [0,1], 

and covariates: age (years), religion (categorical), marital status (single, married, separated, 

widowed), place of residence (rural, urban, semi-urban), displacement status (deprived / not 

deprived), and occupation (deprived / not deprived). A household is classified as 

multidimensionally poor if 𝑀𝑃𝐼ℎ𝑗 ≥ 𝑘, 𝑘 =
1

3
. For each woreda 𝑗, three MPI-related parameters 

are of interest: 

(a) Headcount ratio (H) – share of the population that is multidimensionally poor: 
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Hj =
1

Nj
∑ I(MPIhj ≥ k)

Nj

h=1

, 

(b) Intensity among the poor (A) – average MPI among the poor: 

Aj =

∑ MPIhj

Nj

h=1
⋅ I(MPIhj ≥ k)

∑ I(MPIhj ≥ k)
Nj

h=1

, 

(c) Total MPI – product of headcount and intensity: 

TMPIj = Hj × Aj 

Direct survey estimators replace 𝑁𝑗 with the sample size 𝑛𝑗and average only over sampled 

households. However, in small or sparsely sampled woredas, these direct estimates can be 

highly unstable. The EBP SAE approach aims to provide model-based estimates of these same 

parameters for all woredas by predicting MPI for every household (actual or synthetic) in the 

population. 

Unit-level mixed-effects model for household MPI 

The SAE methodology is built on a unit-level linear mixed model that describes the MPI score 

as a function of observed covariates and an unobserved area-specific random effect. Let yhj =

MPIhj, and let 𝐱ℎ𝑗be the vector of covariates for household ℎin woreda 𝑗, including age and 

dummy variables for the categories of religion, marital status, place of residence, displacement 

status, and occupation. Although the MPI is bounded between 0 and 1 by construction, in the 

modelling stage it is treated as a continuous response variable and modelled using a Gaussian 

linear mixed-effects specification. This approach follows the standard implementation of unit-

level Small Area Estimation using Empirical Best Prediction, where the model approximates the 

conditional expectation of the welfare variable given household characteristics and area-level 

random effects. Poverty measures are subsequently derived during the prediction stage by 

applying the multidimensional poverty cut-off (k=1/3) to simulated MPI values. The model is 

specified as: 

yhj = 𝐱hj
⊤ β + uj + εhj, 

where 

• β is a vector of fixed-effect coefficients describing the global relationship between 

covariates and MPI; 

• uj ∼ N(0, σu
2) is a woreda-level random effect capturing unobserved contextual factors and 

between-woreda heterogeneity; 

• εhj ∼ N(0, σe
2) is a household-level error term capturing residual within-woreda variation; 
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• uj and εhj are assumed to be independent. 

In matrix notation, for all households combined: 

𝐲 = 𝐗β + 𝐙u + ε, with u ∼ N(0, σu
2IJ), ε ∼ N(0, σe

2In). 

Model parameters 𝛽, 𝜎𝑢
2, and 𝜎𝑒

2were estimated via Restricted Maximum Likelihood (REML) 

using the lmer() function in the lme4 package in R. The fitted model captures both individual-

level effects (e.g. younger age and marital status associated with higher MPI) and residual 

district-level differences (via 𝑢𝑗). The empirical Best Linear Unbiased Predictor (BLUP) of the 

district random effect is: 

ûj =
σ̂u

2

σ̂u
2 +

σ̂e
2

nj

(ȳj − 𝐱̄j
⊤β̂), 

 

where 𝑦̄𝑗and 𝐱̄𝑗are the sample means of MPI and covariates in woreda 𝑗. This expression shows 

the shrinkage mechanism: in woredas with many observations (𝑛𝑗 large), the term 𝜎̂𝑒
2/𝑛𝑗is small, 

so 𝑢̂𝑗relies more on local data; in woredas with few observations, 𝑢̂𝑗is shrunk more heavily 

towards the overall mean, which stabilises the resulting MPI estimates. 

In standard applications of unit-level Small Area Estimation using Empirical Best Prediction (EBP), 

auxiliary variables are typically derived from census microdata to ensure full population coverage 

during the prediction stage. In the present study, census microdata were not accessible at the 

required spatial resolution due to data availability constraints in the conflict-affected context of 

Tigray. Consequently, the auxiliary variables used in the EBP framework were derived from pooled 

household survey datasets and complemented with geospatial and administrative covariates 

aggregated at the woreda level. 

Although harmonisation of survey variables, calibration of sampling weights, and consistent 

construction of MPI indicators help reduce measurement inconsistencies across survey sources, 

some degree of bias may still arise when auxiliary variables are not derived from census data. As 

highlighted by Würz et al. (2022), the absence of census-based auxiliary information may reduce 

the precision and reliability of EBP estimates when the prediction stage relies on incomplete 

auxiliary variables. 

To mitigate this limitation, survey variables were harmonised across datasets prior to modelling, 

and spatially consistent remote sensing covariates (including night-time light intensity and 

vegetation indices) aggregated at the woreda level were incorporated as auxiliary predictors. In 

addition, the study adopts a complementary modelling strategy in which area-level Small Area 

Estimation (Fay-Herriot) and Hierarchical Bayesian models provide the primary policy-relevant 
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estimates, while the unit-level EBP estimates are presented for comparison and robustness 

assessment. 

 EBP of MPI components 

Once the mixed model is fitted, EBP is used to generate small area estimates of MPI-related 

parameters for each woreda. The key idea is to simulate MPI for all households in the 

population (or for a pseudo-population) under the fitted model, then to compute the desired 

indicators from these simulated values. For each Monte Carlo replication 𝑏 = 1, … , 𝐵 (with 

𝐵 large, e.g. 200–500),  synthetic MPI values were generated as 

𝑦̂ℎ𝑗
(𝑏)

= 𝑥ℎ𝑗
⊤ 𝛽̂ + 𝑢̂𝑗 + 𝑣𝑗

(𝑏)
+ 𝜀ℎ𝑗

(𝑏)
, 

where 𝑥ℎ𝑗
⊤ 𝛽̂denotes the fixed-effect component, 𝑢̂𝑗is the predicted woreda-level random effect 

from the fitted mixed model, 𝑣𝑗
(𝑏)

is the simulated woreda-level random effect for replication 𝑏, 

and 𝜀ℎ𝑗
(𝑏)

is the simulated household-level residual term. This formulation ensures that both the 

fitted area-specific heterogeneity and the Monte Carlo simulation variability are incorporated 

into the EBP prediction stage. 

Because the Gaussian simulation may occasionally produce values slightly outside the 

theoretical MPI range, simulated predictions are bounded to the interval [0, 1]as a numerical 

safeguard 

ŷhj
(b)

← min {max (ŷhj
(b)

, 0),1}. 

This step does not imply that the model itself assumes a truncated distribution; it simply ensures 

that simulated MPI values respect the theoretical support of the index during aggregation. The 

simulated poverty status for each household is then defined as 

 

(a) Define simulated poverty status: poorhj
(b)

= I(ŷhj
(b)

≥ 0.33). 

(b) Aggregate to woreda level for each replication: 

Hj
(b)

=
1

Nj
∑ poorhj

(b)

h

, Aj
(b)

=

∑ ŷhj
(b)

⋅ poorhj
(b)

h

∑ poor
hj
(b)

h

, MPIj
(b)

= Hj
(b)

× Aj
(b)

. 

 

The EBP estimates are then defined as the Monte Carlo means: 

Ĥj =
1

B
∑ Hj

(b)

B

b=1

, Âj =
1

B
∑ Aj

(b)

B

b=1

, MPÎ
j =

1

B
∑ MPIj

(b)

B

b=1

. 

The approach produces stable, model-based estimates of headcount, intensity, and T-MPI for 

each woreda, including areas where direct survey estimates are weak or unavailable. EBP was 
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implemented through a Monte Carlo simulation procedure aligned with standard SAE practice. 

Following model fitting, synthetic populations were generated by repeatedly simulating 

outcomes using the estimated fixed effects, predicted woreda-level random effects, and 

residual variance. For each replication, poverty indicators and MPI values were recalculated and 

aggregated at the woreda level. Final EBP estimates were obtained as averages across 

simulations, and uncertainty was quantified using the corresponding simulation variance, 

ensuring that both model uncertainty and between-woreda heterogeneity are fully reflected in 

the results. 

Uncertainty quantification and reliability assessment 

To quantify the uncertainty associated with the EBP estimates, a parametric bootstrap was 

implemented. Using the simulated values θj
(b)

∈ {Hj
(b)

, Aj
(b)

, TMPIj
(b)

}, the mean squared error 

(MSE) for each indicator and woreda was estimated as: 

MSE(θ̂j) =
1

B − 1
∑(θj

(b)
− θ̂j)

2

B

b=1

 

Approximate 95% confidence intervals were then constructed as: θ̂j ± 1.96√MSE(θ̂j). To assess 

reliability for small area reporting, RSEs were computed: 

RSE(θ̂j) = 100 ×

√MSE(θ̂j)

θ̂j

 

In line with common practice in SAE and official statistics (e.g. Lohr and Rao, 2009), RSE values 

below 15% were considered acceptable for sub-national dissemination. In this analysis, RSEs 

for TMPIEBP generally fell between 14% and 18%, indicating that the estimates are reasonably 

precise and can support local-level decision-making, particularly when interpreted together with 

confidence intervals and maps. 

The adopted SAE-EBP framework is particularly advantageous for Tigray, where conflict-related 

disruptions and uneven sample sizes limit the reliability of direct estimates. By borrowing 

strength across areas and exploiting covariate information, the model produces statistically 

stable T-MPI estimates even for woredas with small or zero samples, ensures complete 

geographic coverage, and reduces uncertainty compared to survey-only methods. The approach 

is flexible and scalable, allowing the integration of additional geospatial and administrative 

indicators (e.g. NTL, NDVI, accessibility) in future extensions, and ultimately delivers high-

resolution poverty estimates that are suitable for local-level planning, targeting, and recovery 

interventions. 

Area-level SAE: Fay–Herriot model 



TARGETED POVERTY ALLEVIATION IN TIGRAY, ETHIOPIA 

© Data & Evidence to End Extreme Poverty  23 

The Fay–Herriot model serves as the primary area-level SAE approach in this study. Direct 

woreda-level MPI estimates and their associated sampling variances were used as inputs, while 

geospatial and administrative covariates were included as predictors. This framework allows 

sampling error in direct estimates to be explicitly modelled and reduces instability in areas with 

small sample sizes. The Fay–Herriot estimates provide an intermediate set of model-based 

results that are later refined within the hierarchical Bayesian framework. In addition to the unit-

level EBP approach, an area-level SAE framework based on the Fay–Herriot model was 

implemented as the primary method for generating policy-relevant woreda-level estimates. This 

approach is particularly appropriate in the present study because access to census microdata is 

limited and many woredas have small or zero household sample sizes. Area-level models 

provide a statistically robust alternative by combining direct survey estimates with auxiliary 

covariates available for all geographic areas. 

Let 𝑌̂𝑑denote the direct estimate of the MPI for woreda 𝑑obtained from survey data, and let 

𝑉𝑑represent its sampling variance. The Fay–Herriot model is specified as 

Ŷd = 𝐱d
⊤𝛃 + ud + ed, 

 

where 

◼  𝐱d  is a vector of auxiliary covariates measured at the woreda level, 

◼ 𝛃 is a vector of regression coefficients, 

◼ ud ∼ N(0, σu
2) is the area-level random effect capturing unobserved heterogeneity between 

woredas, and  

◼ ed ∼ N(0, Vd) is the sampling error associated with the direct survey estimate. 

 

This specification explicitly accounts for the uncertainty of direct estimates through their 

sampling variances, while borrowing strength across areas through the regression structure and 

random effects. Auxiliary covariates included geospatial and administrative indicators, such as 

NTL intensity, vegetation indices, built-up area density, road accessibility, and displacement-

related indicators, all aggregated to the woreda level. 

Model parameters were estimated using Restricted Maximum Likelihood (REML). Empirical 

Best Linear Unbiased Predictors were then derived to obtain model-based MPI estimates for 

each woreda. These estimates represent a compromise between the direct survey estimate and 

the regression prediction, with the degree of shrinkage determined by the relative magnitude of 

sampling variance and between-area variability. Woredas with small samples or large sampling 

errors receive stronger shrinkage towards the model prediction, while well-sampled areas rely 

more heavily on direct estimates. 
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The Fay–Herriot model therefore provides stabilised woreda-level MPI estimates and serves as 

the primary area-level SAE layer. These estimates are subsequently refined within the 

hierarchical Bayesian modelling framework to fully capture spatial dependence and multilevel 

uncertainty. 

3.3.6 HBM: model specification and derivation 

The HBM constitutes the final stage of the modelling framework. Building on the area-level SAE 

results, the Bayesian approach incorporates multilevel and spatial random effects to account 

for the hierarchical structure of the data and spatial dependence among neighbouring woredas. 

This framework enables borrowing of strength across areas, improves stability in data-scarce 

domains, and provides full posterior distributions and credible intervals for all poverty 

estimates. The Bayesian model therefore complements the Fay–Herriot approach by delivering 

spatially coherent and uncertainty-aware woreda-level MPI estimates. 

Rationale and conceptual framework: A multilevel Bayesian framework was implemented to 

improve the precision of woreda-level MPI estimates by jointly modelling within-area variability 

and between-area spatial dependence. Poverty outcomes are spatially correlated, meaning 

neighbouring districts often share similar socioeconomic and environmental conditions. 

Ignoring this spatial dependence can lead to unstable or biased estimates, particularly in data-

scarce and conflict-affected settings (Banerjee et al., 2003; Besag et al., 1991). 

To overcome these limitations, the HBM extends conventional SAE approaches by incorporating 

both multilevel and spatially structured random effects. This explicitly models spatial 

dependencies among neighbouring districts, capturing how shared development patterns or 

regional shocks influence poverty outcomes. Neglecting such spatial relationships can lead to 

biased or unstable estimates, especially in contexts where regional interconnections are strong 

(Banerjee et al., 2003; Besag et al., 1991). 

Conceptually, HBMs are probabilistic frameworks grounded in Bayesian inference; they 

integrate three core principles (Gelman et al., 2013): 

a) Data hierarchy: outcomes are generated from multiple levels (e.g. individuals within 

districts). 

b) Parameter hierarchy: parameters at one level are treated as random variables governed 

by higher-level distributions. 

c) Joint uncertainty modelling: all sources of uncertainty are modelled simultaneously 

using Bayes’ theorem. 

This framework allows for ‘borrowing of strength’ both across neighbouring areas (via spatial 

priors) and across the hierarchical structure (via pooling across regions). As a result, the HBM 
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produces more stable, interpretable, and uncertainty-aware poverty estimates, complementing 

and refining EBP-based results while ensuring that spatial dependence and multilevel structure 

are properly captured. 

The objective of the HBM is to improve the precision of district-level (woreda-level) MPI 

estimates by jointly modelling both within-area variability (random noise) and between-area 

spatial dependence. Traditional regression and SAE models assume independence across 

areas; however, socioeconomic indicators such as MPI exhibit spatial autocorrelation, 

neighbouring districts tend to share similar poverty conditions due to comparable geographic, 

infrastructural, or demographic contexts (Banerjee et al., 2003; Besag et al., 1991). The Bayesian 

hierarchical framework addresses this by explicitly modelling these dependencies through 

multilevel and spatial random effects. 

Model structure: The hierarchical model links observed woreda-level MPI estimates to latent 

true MPI values through three levels: 

Level 1: Data model (observation model) 

Let MPIh denote the observed MPI for district (woreda) 

h = 1,2, … , H 

The first-level (observed / data level) model assumes that the observed MPIℎ is modelled as a 

noisy observation of the latent (true but unobserved) mean μh: 

MPIh ∣ μh, τh
2 ∼ 𝒩(μh, τh

2) 

Equivalently, this can be expressed as: 

MPIh = μh + εh,      where  εh ∼ 𝒩(0, τh
2) 

where: 

• MPIh= observed MPI value for woreda h 

• μh= latent(true) MPI value for woreda h; 

• τh
2= known sampling variance of MPIh, representing measurement error or estimation 

uncertainty from the EBP of SAE-derived MSEs or survey error. 

Matrix form 

In vectorised form for all 𝐻woredas:  

𝐲 ∣ 𝛍, 𝚺τ ∼ 𝒩H(𝛍, 𝚺τ) 

where 

𝐲 = (

MPI1

MPI2

⋮
MPI𝐻

) , 𝝁 = (

𝜇1

𝜇2

⋮
𝜇𝐻

) , 𝚺𝜏 = diag(𝜏1
2, 𝜏2

2, … , 𝜏𝐻
2 ). 
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This ensures coherence between the SAE and Bayesian stages: the MSE from the EBP model 

becomes the observation variance in the HBM. 

The Bayesian modelling framework is applied at the area level to stabilise woreda-level MPI 

estimates while accounting for spatial dependence and hierarchical structure. The model 

incorporates both structured and unstructured random effects within the BYM2 specification 

implemented using Integrated Nested Laplace Approximation (INLA). This hierarchical structure 

allows neighbouring woredas to share information while accommodating local heterogeneity 

and extreme values in direct survey estimates. Although the MPI is bounded between 0 and 1, 

the Bayesian model treats the direct MPI estimates as approximately continuous outcomes 

while explicitly modelling their sampling variability. This framework improves stability in areas 

with limited observations and provides a coherent probabilistic representation of spatial poverty 

patterns. Extensions based on alternative bounded-response models (such as beta or beta-

binomial formulations) represent promising directions for future work.. 

Level 2: Process model (district-level mean structure) 

At the second level, the latent (true) mean MPI (μh) for each woreda h is modelled as a linear 

function of covariates (𝐗𝐡
′ ) plus two random effects components, one unstructured (uh) and 

one spatially structured (sh): 

μh = α + 𝐗𝐡
′ 𝛃 + uh + sh , ℎ = 1,2, … , 𝐻 

where: 

• α= global intercept (overall mean level of MPI); 

• 𝐗𝐡= vector of woreda-level covariates (e.g. education coverage, health facility density, NDVI, 

NTL intensity); 

• 𝛃= vector of regression coefficients measuring the effect of covariates on MPI; 

• uh= unstructured heterogeneity, capturing random effects unique to woreda h that are not 

spatially correlated; 

• sh= spatially structured effect, accounting for correlation among neighbouring woredas. 

Thus, μh integrates both observed predictors and latent random effects. This formulation 

captures both unstructured heterogeneity and spatial dependence among neighbouring 

districts. 

Distributional assumptions for random effects 

uh ∣ σu
2 ∼ 𝒩(0, σu

2), h = 1,2, … , H 

 

𝐬 = (s1, s2, … , sH) ⁣⊤ ∣ σs
2, ρ ∼ CAR(𝐖, σs

2, ρ) 
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where 𝐖 is the adjacency matrix encoding neighbourhood structure, ρ controls the spatial 

dependence strength, and σu
2 , σs

2 are variance components for the unstructured and spatial 

effects respectively. 

Matrix representation 

Stacking all 𝐻woredas, the process model can be written compactly as: 

𝝁 = 𝛼𝟏𝐻 + 𝐗𝜷 + 𝐮 + 𝐬 

with 

𝐮 ∼ 𝒩H(𝟎, σu
2𝐈H), 𝐬 ∼ 𝒩H(𝟎, σs

2(D − ρW)−1), 

where D = diag(W𝟏H). 

Starting from the two levels: 

MPIh ∣ μh, τh
2 ∼ 𝒩(μh, τh

2) and μh = α + 𝐗h
 ⊤𝛃 + uh + sh, 

The full expression of the observed equation will be: 

MPIh = α + 𝐗h
 ⊤𝛃 + uh + sh + εh,   εh ∼ 𝒩(0, τh

2), h = 1,2, … , H. 

where each observed district-level MPI value is composed of: 

α⏟
Global Mean

+ 𝐗h
 ⊤𝛃⏟

Covariate Effects

+ uh⏟
Unstructured Random Noise

+ Sh⏟
Spatial Dependence

+ εh⏟
Sampling Error/Meas′t Uncertainty

 

 

Level 3: Prior distributions 

To complete the Bayesian model, prior distributions are specified for all unknown parameters. 

(a) Fixed effects priors 

Weakly informative Gaussian priors are assigned to regression parameters/coefficients: 

α ∼ 𝒩(0, 1002), βj ∼ 𝒩(0, 102), j = 1,2, ⋯ , p 

or equivalently in vector form: 

(α,  𝛃) ⊤ ∼ 𝒩p+1 (𝟎,   diag(1002,  102,  … ,  102)) 

These priors ensure regularisation without imposing strong constraints on the coefficients. 

(b) Random effects priors (priors for unstructured random effects) 

The unstructured random effects (𝑢ℎ) are modelled as: 

uh ∣ σu
2 ∼ 𝒩(0, σu

2) , for h = 1, … , H 
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where 

𝜎𝑢
2 

controls between-area variability not explained by the covariates or spatial component. 

(c) Spatially structured effects (CAR prior) 

Spatial dependence among neighbouring woredas is captured by a conditional autoregressive 

(CAR) prior (Besag et al., 1991): 

sh|{sh′: h′ ≠ h}, σs
2 ∼ 𝒩 (

1

nh
∑ sh′

h′∈δh

,
σs

2

nh
) 

where: 

• δh= set of neighbours of woreda h; 

• nh = |δh|= number of neighbouring districts; 

• σs
2= spatial variance parameter controlling the degree of smoothing. 

This structure enforces local spatial averaging, neighbouring districts are expected to have 

similar random effects, resulting in a globally coherent spatial field. 

In compact matrix notation, the joint CAR prior can be expressed as: 

𝐬 ∼ 𝒩(𝟎, σs
2(D − ρW)−1) 

where 

• W: is the adjacency matrix (1 if areas share a boundary, 0 otherwise),  

• D = diag(W𝟏H): is the diagonal matrix of row sums of W, and  

• 𝜌 ∈ [0,1) or 0 ≤ ρ < 1is the spatial correlation parameter. 

Level 4: Hyperpriors for variance components 

Weakly informative or regularising priors Half-Cauchy or Inverse-Gamma priors can be used for 

the variance parameters to avoid overfitting and improve numerical stability: 

Half-Cauchy formulation (preferred for regularisation): 

σu ∼ Half − Cauchy(0,5), σs ∼ Half − Cauchy(0,5) 

Alternative Inverse-Gamma formulation (traditional): 

σu
2 ∼ Inv − Gamma(au, bu), σs

2 ∼ Inv − Gamma(as, bs) 

with hyperparameters 𝑎𝑢 = 𝑎𝑠 = 𝑏𝑢 = 𝑏𝑠 = 0.001 for weak informativeness. 

Full hierarchical model 

Combining all levels (1–3 above), the full or joint hierarchical model is: 
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MPIh = α + 𝐗h
 ⊤𝛃 + uh + sh + εh 

εh ∼ 𝒩(0, τh
2), 

uh ∼ 𝒩(0,  σu
2),  

𝐬 ∼ 𝒩(𝟎, σs
2(D − ρW)−1), 

α ∼ 𝒩(0, 1002), 

𝛃 ∼ 𝒩p(𝟎,  102Ip), 

σu, σs ∼ Half − Cauchy(0,5) 

Posterior distribution 

The Bayesian goal is to compute the joint posterior, which is proportional to the product of the 

likelihood and all priors: 

p( α, 𝛃, 𝐮, 𝐬, σu
2 , σs

2 ∣∣ 𝐌𝐏𝐈, 𝐗 ) ∝ [∏ p( MPIh ∣∣ μh, τh
2 ) 

H

h=1

] p( 𝐮 ∣∣ σu
2 )p(𝐬 ∣ σs

2)p(σu
2)p(σs

2) p(α, 𝛃) 

 

This posterior has no closed-form solution, so Markov Chain Monte Carlo (MCMC) techniques 

(e.g. Gibbs sampling or Hamiltonian Monte Carlo via Stan or JAGS) are used to approximate it. 

Posterior inference and diagnostics/estimation 

After defining the hierarchical Bayesian model and specifying prior distributions, posterior 

inference was conducted to integrate prior information with observed data. The resulting 

posterior distribution represents the range of plausible values for all unknown parameters, 

including fixed effects, random effects, and spatial variances. Since this posterior lacks a 

closed-form solution, MCMC sampling was used, specifically the Hamiltonian Monte Carlo 

(HMC) algorithm via the rstan and brms packages in R (Plummer, 2025). Four parallel chains 

(4,000 iterations each, with 1,000 burn-in) ensured stable convergence. Diagnostics included the 

Gelman–Rubin statistic (R-hat < 1.05), trace plots, and effective sample size checks. Posterior 

predictive checks compared replicated data with observed MPI values. Posterior summaries 

(means, 95% credible interval, and exceedance probabilities, e.g. P(MPIₕ > 0.50)) were mapped 

to reveal spatial clusters of deprivation. 

Convergence diagnostics 

Model convergence and sampling efficiency were verified using several diagnostic measures. 

The Gelman–Rubin statistic (R-hat) indicated convergence when all parameters had R-hat 

values below 1.05. (The R-hat statistic assesses whether between‐chain and within‐chain 

variances are nearly identical) (Mezzetti et al., 2023). Trace plots showed well-mixed chains 

without trends or drifts, confirming stability. Autocorrelation checks and effective sample size 

calculations demonstrated efficient sampling and sufficient independence between draws. 
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Posterior density plots exhibited smooth, unimodal distributions, reflecting well-behaved 

marginal posteriors. Together, these diagnostics ensured the MCMC process produced reliable 

and consistent parameter estimates. 

Posterior summaries and predictive checks 

Posterior predictive checks were applied to assess model fit by comparing replicated data 

simulated from the model with the observed MPI distribution. Good model performance was 

indicated when the simulated and observed data aligned in both mean and variability. Key 

posterior summaries included means, 95% credible intervals, and exceedance probabilities (e.g. 

P(MPIh > 0.50)), which identified woredas with a high probability of severe deprivation. The 

spatial effects (sh) and their credible intervals were subsequently mapped to reveal geographic 

clusters of multidimensional poverty. These diagnostics and posterior summaries confirmed 

that the Bayesian estimates were both statistically robust and practically meaningful for policy 

analysis. 

Integration of geospatial covariates in SAE and Bayesian models 

To improve the precision and spatial relevance of multidimensional poverty estimates, 

geospatial covariates were explicitly incorporated into both the SAE and HBM frameworks. 

Satellite-derived indicators were used as auxiliary variables within the statistical models rather 

than only for descriptive mapping. This ensures that the motivation for using remote sensing 

data is directly reflected in the estimation process. 

Selected covariates represent environmental conditions, infrastructure access, and economic 

activity that are strongly associated with poverty in data-scarce settings. The final set of 

variables included: 

• NTL intensity (a proxy for economic activity and electrification); 

• vegetation productivity indicators derived from NDVI (a proxy for agricultural potential and 

food security); and 

• built-up area density  and settlement proxies (a proxy for infrastructure and service access). 

These variables were selected based on prior poverty mapping literature and their availability at 

consistent spatial and temporal scales. 
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4 Empirical results 

4.1 Introduction 

This chapter presents the main findings from the application of the T-MPI, which was 

constructed using the AF methodology at the woreda level. The analysis offers a 

comprehensive overview of the extent (incidence) and depth (intensity) of multidimensional 

poverty across Tigray, highlighting significant variations in poverty levels between different 

geographic locations, demographic groups, and time periods (pre-war, during war, and post-war). 

The results are disaggregated by residence type (rural, semi-urban, urban) and sex of the 

household head, providing detailed insights into spatial and gender-based disparities in poverty.  

Furthermore, this section evaluates the contributions of various dimensions, such as income, 

education, health, standard of living, and conflict vulnerability, to overall poverty, shedding light on 

the complex interplay of factors influencing deprivation in the region. By examining these 

multidimensional poverty patterns, this analysis aims to inform evidence-based recovery 

strategies and policy interventions targeted at alleviating the pervasive poverty experienced by 

households in the region. The findings also emphasise the role of post-conflict recovery efforts 

in addressing the intertwined deprivations that are exacerbated by the ongoing socioeconomic 

challenges in Tigray. 

4.2 Data coverage and study population 

This subsection summarises the empirical scope of the analysis underlying the reported results. 
The final analytic dataset covers conflict-affected woredas across Tigray and spans three 
temporal phases: pre-war (2019), conflict period (2020–2022), and post-war recovery (2023–
2025). Results therefore reflect both spatial variation across districts and temporal changes 
associated with conflict dynamics. 

The empirical estimates are based on weighted household observations representing diverse 
socio-demographic groups, including male- and female-headed households, displaced and non-
displaced populations, and rural, peri-urban, and urban communities. Sampling weights were 
applied to ensure regional representativeness, allowing results to be interpreted as population-
level poverty outcomes. 

Geospatial indicators were integrated to support spatial interpretation of results, particularly in 
woredas with limited survey coverage. These variables capture environmental and infrastructural 
conditions associated with deprivation and enable consistent comparison across areas with 
heterogeneous data availability. 

The resulting study population therefore represents a regionally comprehensive portrait of 
multidimensional poverty across Tigray, providing the empirical foundation for the woreda-level 
estimates and temporal comparisons presented in the following sections. 
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4.3 Disaggregated analysis of multidimensional poverty in post-conflict Tigray 

4.3.1 MPI results by place of residence 

MPI results show strong residence-based disparities in Tigray (Table 3). Rural areas exhibit the 

highest burden, with almost universal poverty (H = 0.984) and severe deprivation intensity (A = 

0.846), yielding an MPI of 0.832, indicating deep, overlapping deprivations linked to service 

disruption, agricultural decline, and limited recovery capacity as indicated in the key informant 

interviews and focus group discussions conducted as part of the qualitative study. Semi-urban 

areas also experience widespread poverty (H = 0.957), though with slightly lower intensity (A = 

0.801, MPI = 0.767). This suggests better service access than rural zones, but still with 

substantial welfare deficits requiring livelihood improvement, infrastructure upgrading, and 

market restoration. 

Table 3: MPI results by place of residence 

Place of residence Headcount ratio (H) Intensity (A) T-MPI (H × A) 

Rural 0.984 0.846 0.832 

Semi-urban 0.957 0.801 0.767 

Urban 0.918 0.789 0.724 

 

Urban areas, despite relatively better access to services, still record high poverty (H = 0.918) 

with considerable intensity (A = 0.789, MPI = 0.724). Conflict-related displacement, inflation, 

and strained public systems continue to drive urban vulnerability, particularly among low-

income groups and internally displaced people (IDPs). Thus, poverty follows a clear gradient 

(rural > semi-urban > urban) but remains high across all residence types. This highlights the 

need for rural-centred recovery programmes, semi-urban service strengthening, and urban 

social protection and employment support to address the persistent multidimensional welfare 

crisis. 

4.3.2 MPI results by sex of household head 

The MPI results by sex of household head show that poverty is widespread among both male- 

and female-headed households in Tigray, with high deprivation prevalence across groups (Table 

4). Female-headed households have a slightly higher headcount ratio (H = 0.958) than male-

headed households (H = 0.944), indicating marginally greater exposure to poverty. However, the 

intensity of deprivation is higher among male-headed households (A = 0.825 vs. 0.848 for 

females), resulting in T-MPI values of 0.779 for males and 0.812 for females. This suggests that 

while female-headed households are marginally more likely to be poor, male-headed 

households experience slightly deeper poverty when poor. 
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Table 4: MPI results by sex of the household head 

Sex of household head Headcount ratio (H) Intensity (A) T-MPI (H × A) 

Female 0.958 0.848 0.812 

Male 0.944 0.825 0.779 

 

These findings reveal nuanced gender dynamics in welfare outcomes: 

• Female-headed households face a higher likelihood of poverty, reflecting barriers in income 

access, gendered labour markets, and post-conflict vulnerability. 

• Male-headed households experience marginally more severe deprivation, possibly linked to 

asset losses, livelihood collapse, and household size pressures. 

Overall, poverty is nearly universal across both groups, but interventions should adopt gender-

responsive approaches, strengthening income opportunities, social protection, and access to 

services for female-headed households while reducing severity of deprivation among male-

headed households. Tailored support is vital to ensure equitable recovery in the post-conflict 

context. 

4.3.3 Dimensional and indicator-level contributions to overall MPI 

The MPI results for Tigray Region in Table 5 highlight the diverse deprivations experienced by 

households in the context of post-conflict. The health dimension, contributing 15.115% to the 

overall MPI, reflects the severe health challenges in the region. Within this dimension, nutrition 

emerges as the most significant factor, contributing 5.961%, indicating widespread issues 

related to malnutrition and food insecurity. Illness and treatment access account for 3.057% 

and 5.695%, respectively, demonstrating that poor health conditions, combined with limited 

access to healthcare, exacerbate the hardships faced by households. Mortality, while still 

important, has a relatively lower contribution of 0.401%, suggesting that it is not the most 

dominant factor in this dimension but remains a critical issue in the region. 

The education dimension has a substantial contribution of 20.915%, underscoring the pivotal 

role of education in alleviating poverty. The contribution of years of schooling is the highest 

within this dimension, at 15.564%, emphasising the importance of educational attainment in 

breaking the cycle of poverty. School attendance, contributing 5.350%, reflects the continued 

challenges in ensuring that children are able to attend school regularly, a fundamental factor in 

long-term development and poverty reduction. 

The conflict and vulnerability dimension, a specific adaptation to the challenges posed by the 

recent conflict period, accounts for 11.237% of the MPI. The indicators under this dimension 

reflect the unique vulnerabilities created by the conflict. Exposure to violence has the highest 

contribution at 5.313%, demonstrating the widespread impact of violence on household well-
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being. Loss of livestock, contributing 4.751%, reflects the severe economic consequences of 

the conflict, as livestock are a primary source of livelihoods. Displacement condition and GBV 

contribute 0.124% and 1.049%, respectively, highlighting the additional stressors that displaced 

populations face, although these indicators have a relatively smaller impact on the overall MPI. 

Table 5: Dimensional and indicator-level contributions to overall MPI 

Dimension Contribution (%) Indicators Contribution 
Percentage of 
contribution 

Health 15.115% 

Nutrition 0.036 5.961% 

Illness 0.018 3.057% 

Treatment 0.034 5.695% 

Mortality 0.002 0.401% 

Education 20.915% 
Years of schooling 0.093 15.564% 

School attendance 0.032 5.350% 

Conflict and 
vulnerability 

11.237% 

Displacement condition 0.001 0.124% 

Exposure to violence 0.032 5.313% 

Loss of livestock 0.028 4.751% 

GBV risk 0.006 1.049% 

Income 
resources 

32.492% 
Occupation 0.096 16.059% 

Income 0.098 16.434% 

Standard of 
living 

20.241% 

Housing conditions 0.021 3.492% 

Cooking fuel 0.022 3.753% 

Access to electricity 0.016 2.644% 

Overcrowding 0.021 3.535% 

Sanitation status 0.014 2.347% 

Drinking water 0.004 0.657% 

Asset ownership 0.023 3.813% 

 

The income resources dimension, which is the largest contributor at 32.492%, highlights the 

importance of economic factors in determining overall poverty. Occupation status contributes 

16.059%, emphasising the critical role of stable employment in mitigating poverty. Income, 

contributing 16.434%, further underscores the importance of sufficient financial resources for 

households to meet their basic needs, particularly in a region affected by conflict. 

Finally, the standard of living dimension contributes 20.241%, capturing the material conditions 

and access to basic services that are fundamental for well-being. The indicators within this 

dimension, including housing conditions, cooking fuel access, overcrowding, sanitation, and 

drinking water access, reflect the deprivation in basic infrastructure and services. Among these, 

cooking fuel access (3.753%) and overcrowding (3.535%) have notable contributions, 

highlighting the challenges households face in maintaining decent living conditions. Asset 
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ownership (3.813%) also plays a crucial role in determining the overall standard of living, 

indicating that ownership of assets is a significant factor in economic stability, particularly in 

post-conflict recovery. 

4.3.4  Indicator-level deprivation patterns 

We first describe raw deprivation patterns across the 28 indicators to identify which shortfalls 

are most prevalent. Results are presented overall and by residence type (rural, semi-urban, 

urban) and sex of household head. These descriptive profiles anticipate which dimensions will 

largely drive MPI levels. 

Table 6 presents the overall deprivation rates (H=k/n=Number of those households classified as 

deprived/Total number of households used for that indicator) across the 19 indicators 

constituting the multidimensional poverty framework. The results reveal that the most severe 

deprivations are concentrated in the income (98.1%), occupation (94.5%), and years of 

schooling (92.3%) indicators, highlighting pervasive economic and educational constraints 

among households. High levels of deprivation are also observed in asset ownership (80.0%), 

cooking fuel (77.3%), and housing condition (71.9%), reflecting limited access to essential 

livelihood assets and basic living amenities. 

Conversely, relatively lower deprivation levels are recorded in mortality (4.7%) and displacement 

status (1.5%), suggesting that while loss of life and displacement remain concerns, they affect a 

smaller proportion of households compared to chronic socioeconomic deprivations. The narrow 

95% confidence intervals across indicators indicate high precision and reliability of the 

estimates, attributable to the substantial sample size of 2,270 households. Overall, the findings 

demonstrate that poverty in the study area is predominantly driven by deficits in income, 

employment, education, and living conditions rather than by acute demographic shocks. 

Table 6: Deprivation rates by indicator (overall) 

Indicator n K Proportion (95% CI) Deprived (%) 

Income 2,270 2,228 0.981 (0.975–0.986) 98.1 (97.5–98.6) 

Occupation 2,270 2,146 0.945 (0.935–0.954) 94.5 (93.5–95.4) 

Years of schooling 2,270 2,095 0.923 (0.911–0.933) 92.3 (91.1–93.3) 

Asset ownership 2,270 1,815 0.800 (0.782–0.816) 80.0 (78.2–81.6) 

Cooking fuel 2,270 1,754 0.773 (0.755–0.790) 77.3 (75.5–79.0) 

Overcrowding 2,270 1,663 0.733 (0.714–0.751) 73.3 (71.4–75.1) 

Housing conditions 2,270 1,631 0.719 (0.699–0.737) 71.9 (69.9–73.7) 

Nutrition 2,270 1,591 0.701 (0.681–0.720) 70.1 (68.1–72.0) 

Treatment access 2,270 1,553 0.684 (0.664–0.703) 68.4 (66.4–70.3) 

Exposure to violence 2,270 1,451 0.639 (0.619–0.659) 63.9 (61.9–65.9) 

Loss of livestock / livelihood 2,270 1,270 0.559 (0.539–0.580) 55.9 (53.9–58.0) 
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Electricity access 2,270 1,235 0.544 (0.523–0.565) 54.4 (52.3–56.5) 

Sanitation 2,270 1,096 0.483 (0.462–0.504) 48.3 (46.2–50.4) 

Illness (morbidity) 2,270 819 0.361 (0.341–0.381) 36.1 (34.1–38.1) 

School attendance 2,270 717 0.316 (0.297–0.336) 31.6 (29.7–33.6) 

Drinking water 2,270 307 0.135 (0.122–0.150) 13.5 (12.2–15.0) 

GBV risk 2,270 280 0.123 (0.110–0.138) 12.3 (11.0–13.8) 

Mortality 2,270 107 0.047 (0.039–0.057) 04.7 (03.9–05.7) 

Displacement status 2,270 34 0.015 (0.011–0.021) 01.5 (01.1–02.1) 

 

In rural areas, deprivations are nearly universal across economic and basic needs dimensions. 

Almost all rural households are deprived in occupation (99.1%), cooking fuel (97.8%), and 

income (97.3%), reflecting limited livelihood diversification and reliance on traditional fuels. 

Educational and living condition indicators – such as years of schooling (96.3%), housing 

conditions (94.1%), and asset ownership (77.2%) –also show pervasive deficits. Although 

deprivation in mortality (6.8%) and displacement status (1.1%) is relatively low, they remain 

important contributors to rural vulnerability. 

Table 7: Deprivation rates (%) by indicator and place of residence 

Indicator Rural (n=1,479) Semi-urban (n=23) Urban (n=768) 
 Rate (%) 95% CI (L–U) Rate (%) 95% CI (L–U) Rate (%) 95% CI (L–U) 

Occupation 99.1 98.5–99.5 95.7 76.0–99.8 85.7 83.0–88.0 

Cooking fuel 97.8 96.8–98.4 100 82.2–100.0 37.1 33.7–40.6 

Income 97.3 96.3–98.0 100 82.2–100.0 99.7 99.0–99.9 

Years of schooling  96.3 95.2–97.2 91.3 70.5–98.5 84.6 81.8–87.1 

Housing conditions 94.1 92.7–95.2 82.6 60.5–94.3 28.8 25.6–32.1 

Nutrition 83 80.9–84.8 65.2 42.8–82.8 45.4 41.9–49.0 

Loss of livestock 77.5 75.3–79.6 26.1 11.1–48.7 15.4 12.9–18.2 

Asset ownership 77.2 75.0–79.3 60.9 38.8–79.5 85.8 83.1–88.2 

Electricity 74.9 72.6–77.1 56.5 34.9–76.1 14.8 12.4–17.6 

Overcrowding 74.2 71.8–76.4 95.7 76.0–99.8 70.8 67.5–74.0 

Sanitation 69.2 66.7–71.5 69.6 47.0–85.9 7.4 5.7–9.6 

Treatment 66.4 63.9–68.8 52.2 31.1–72.6 72.8 69.5–75.9 

Exposure to violence 60.3 57.8–62.8 52.2 31.1–72.6 71.2 67.9–74.4 

Illness 39.7 37.2–42.2 47.8 27.4–68.9 28.8 25.6–32.1 

School attendance 33.6 31.2–36.1 47.8 27.4–68.9 27.2 24.1–30.5 

Drinking water 20.2 18.2–22.4 0 0.0–17.8 1 0.5–2.1 

GBV risk 18.5 16.5–20.6 0 0.0–17.8 0.9 0.4–2.0 

Mortality 6.8 5.6–8.3 0 0.0–17.8 0.8 0.3–1.8 

Displacement status 1.1 0.7–1.9 4.3 0.2–24.0 2.1 1.2–3.4 
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Table 7 presents the deprivation rates across 19 indicators by place of residence (rural, semi-

urban, and urban). The findings reveal stark spatial disparities in the incidence and depth of 

deprivation. 

In contrast, semi-urban households exhibit mixed outcomes. While deprivations in income 

(100%) and cooking fuel (100%) remain absolute, several indicators (e.g. asset ownership 

(60.9%), sanitation (69.6%), and nutrition (65.2%)) show moderate levels of deprivation, with 

wider confidence intervals, indicating variability due to the smaller subgroup size. 

Urban areas display substantially lower deprivation rates across most dimensions, yet 

economic and employment-related deficits persist. For instance, income deprivation (99.7%) 

and occupation deprivation (85.7%) remain pronounced, while access-related dimensions – 

such as housing condition (28.8%), electricity (14.8%), and sanitation (7.4%) – indicate 

relatively better living standards. Very low deprivation levels were observed in drinking water 

(1.0%), GBV risk (0.9%), and mortality (0.8%), illustrating marked improvements in urban well-

being relative to rural and semi-urban contexts. 

Overall, the results underscore that rural households bear a disproportionate share of 

multidimensional deprivation, particularly in income, occupation, education, and basic services, 

while urban residents experience residual but significant economic vulnerability. The semi-

urban subgroup falls in between, reflecting transitional conditions with both rural-like economic 

deprivation and partial access to urban amenities. 

Table 8 compares deprivation rates between female- and male-headed households across 19 

multidimensional poverty indicators. The results indicate that both groups experience 

widespread deprivations, though the intensity and nature of deprivation vary by domain. 

Female-headed households exhibit slightly higher deprivation rates in income (98.9%), 

occupation (94.7%), and education (90.4%), underscoring persistent gendered disadvantages in 

economic participation and human capital accumulation. They also face marginally higher 

deprivations in treatment access (70.6%) and exposure to violence (65.7%), reflecting 

vulnerabilities in both health and protection dimensions. 

Table 8: Deprivation rates (%) by indicator and sex 

Indicator 
Female (n = 1,369) Male (n = 901) 

Rate (%) 95% CI (L–U) Rate (%) 95% CI (L–U) 

Income 98.9 98.2–99.4 97 95.6–98.0 

Occupation 94.7 93.4–95.8 94.2 92.4–95.6 

Years of schooling  90.4 88.7–91.9 95.1 93.4–96.4 

Asset ownership 79.3 77.0–81.4 81 78.3–83.5 

Overcrowding 78.1 75.8–80.2 65.9 62.7–69.0 

Cooking fuel 75.7 73.3–77.9 79.7 76.9–82.2 
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Housing conditions 68.7 66.1–71.1 76.7 73.8–79.4 

Nutrition 69.9 67.4–72.3 70.4 67.2–73.3 

Loss of livestock 48.1 45.4–50.7 67.9 64.7–70.9 

Sanitation 47.4 44.7–50.1 49.6 46.3–52.9 

Treatment 70.6 68.1–73.0 65.1 61.9–68.2 

Exposure to violence 65.7 63.1–68.2 61.3 58.0–64.4 

Electricity 51.9 49.2–54.5 58.3 55.0–61.5 

Illness 34.3 31.8–36.9 38.7 35.6–42.0 

School attendance 29.4 27.0–31.9 34.9 31.8–38.1 

Drinking water 12.1 10.4–13.9 15.8 13.5–18.3 

GBV risk 10.9 9.3–12.7 14.5 12.3–17.1 

Mortality 4 3.1–5.2 5.8 4.4–7.6 

Displacement status 1.5 0.9–2.3 1.6 0.9–2.7 

 

Male-headed households show comparable but slightly lower rates in most social indicators, yet 

greater deprivations in asset ownership (81.0%), housing conditions (76.7%), and nutrition 

(70.4%), possibly reflecting structural constraints in livelihood and household resources. 

Overall, while deprivation patterns are broadly similar across sexes, female-headed households 

remain more disadvantaged in education, income, and protection-related dimensions, pointing 

to gender-based structural inequalities within multidimensional poverty outcomes. 

Figure 2 illustrates the top ten10 indicators contributing most strongly to multidimensional 

deprivation. The results highlight that income (98.1%), occupation (94.5%), and years of 

schooling (92.3%) exhibit the highest deprivation rates, underscoring widespread deficits in 

economic and educational dimensions. Moderate levels of deprivation are observed for asset 

ownership (80.0%), cooking fuel (77.3%), and overcrowding (73.3%), reflecting persistent 

challenges in living standards and access to basic amenities. Lower but still notable 

deprivations occur in housing conditions (71.9%), nutrition (70.1%), treatment access (68.4%), 

and exposure to violence (63.9%), indicating that social and health-related factors remain 

important contributors to overall poverty. The horizontal error bars represent 95% confidence 

intervals, showing that the estimates are statistically stable and well constrained. 

The colour gradient – from bright yellow (least deprived) to dark brown (most deprived) –

conveys the intensity of deprivation across indicators, providing a clear visual indication of 

priority areas for targeted poverty-reduction interventions. 
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Figure 2: Bar plot of top 10 deprivations with 95% confidence intervals 

 

 

 

4.4 Headcount (H), intensity (A), and T-MPI 

Table 9 presents the overall estimates of multidimensional poverty based on the AF framework. 

The headcount ratio (H) indicates that 95.1% of the population is multidimensionally poor (95% 

CI: 94.1–96.3%), revealing an extensive prevalence of deprivation. The intensity (A) of poverty, 

representing the average proportion of weighted deprivations experienced by the poor, is 83.6% 

(95% CI: 82.9–84.2%), suggesting that poor individuals experience over half of all possible 

deprivations simultaneously. Consequently, the overall total T-MPI, computed as the product of 

H and A, is 0.525 (95% CI: 0.516–0.533). These results collectively highlight the depth and 

breadth of multidimensional poverty in the study population. 

Table 9: Overall headcount ratio (H), intensity (A), and total T-MPI with 95% CI 

Metric Estimate 95% confidence interval 

Headcount ratio (H) 0.951 (0.941 – 0.963) 

Intensity among poor (A) 0.836 (0.829 – 0.842) 

T-MPI (H × A) 0.795 (0.789 – 0.799) 

Gini coefficient 0.136  
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Figure 3: Lorenz curve of total deprivations; shaded area indicates inequality (Gini ≈ 0.136) 

 

Figure 3 displays the Lorenz curve for total household deprivations, illustrating the cumulative 

distribution of deprivation across all households. The curve lies below the 45° line of equality, 

indicating that deprivations are not evenly distributed within the population. A relatively small 

proportion of households accounts for a larger share of total deprivations, while many others 

experience fewer. The extent of this deviation from perfect equality is summarised by the Gini 

coefficient, which is calculated as 0.136. This relatively low value suggests that, although 

multidimensional poverty is prevalent, the inequality in the distribution of deprivations across 

households is moderate. In other words, while most households experience some level of 

deprivation, the burden is not heavily concentrated among only a few. Overall, the results 

highlight that multidimensional poverty in the study area is widespread but moderately unequal, 

underscoring the need for both broad-based poverty alleviation programmes and targeted 

support for households experiencing higher cumulative deprivation levels. 

4.5 Temporal and geographic distribution of poverty  

Multidimensional poverty in Tigray demonstrates substantial spatial variation and temporal 

fluctuation, reflecting the combined effects of livelihood disruption, service collapse, market 

instability, and conflict exposure.  

4.5.1 Spatial patterns of poverty (direct estimates) 

The direct AF-MPI maps (Figure 4 a–c) reveal a strong spatial gradient in multidimensional 

poverty across Tigray, with rural and peripheral woredas exhibiting the highest deprivation 

levels, while urban centres show comparatively lower, but still substantial, poverty. The updated 
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ranking (Table 10A–10B) confirms this pattern, identifying six high-burden woredas (Tahtay 

Adiyabo, Adet, Saharti, Raya Chercher, Gulomekeda, and Ahferom) as severe poverty hotspots. 

These districts report near-universal deprivation (H ≈ 100%), coupled with very high intensity (A 

= 74.8-82.1%), resulting in extreme composite poverty levels (T-MPI = 74.4-82.1%). This 

indicates that poverty in these areas is both widespread and deeply layered, reflecting structural 

livelihood decline, conflict exposure, service disruption, and limited recovery capacity. 

Figure 4: Choropleth maps of (a) headcount ratio (H), (b) intensity among poor (A), and (c) total T-MPI 
(T-MPI = H × A), derived from direct design-based estimates. 

 

Conversely, the least deprived areas, primarily urban/semi-urban, report substantially lower 

multidimensional poverty. Mekelle (T-MPI = 0.205), Mekoni Town (0.215), and Edaga Hamus 

Town (0.284) represent the lowest deprivation zones, consistent with better infrastructure 

access, relatively well-functioning service markets, and diversified economic opportunities. Still, 

these domains present higher RSEs (5.5–10.7%), highlighting sample size sensitivity and the 

statistical advantage of moving towards SAE and Bayesian smoothing for robust inference. 

Overall, the direct poverty surface demonstrates clear spatial heterogeneity, with intense 

poverty concentrated in western, southern, and rural belts, while urban centres show partial 

resilience but remain vulnerable. These findings form a strong empirical basis for 

geographically targeted interventions and motivate the transition to SAE/HBM model-based 

estimation to reduce uncertainty and sharpen sub-national poverty mapping for policy 

application. 

Table 10: Top/bottom six woredas by T-MPI (direct), with RSEs 

Top 6 (highest T-MPI) 

Woreda n H (Headcount) A (Intensity) T-MPI 95% CI (T-MPI) RSE (%) 

Tahtay Adiyabo 152 100.00% 82.10% 82.10% 77.10 – 86.40% 3.5 

Adet 207 100.00% 81.40% 81.40% 77.50 – 84.90% 2.8 

Saharti 179 100.00% 81.00% 81.00% 76.20 – 85.10% 3.3 

Raya Chercher 116 100.00% 79.60% 79.60% 73.60 – 84.90% 4.2 

Gulomekeda 196 99.50% 77.10% 76.70% 72.10 – 81.10% 3.6 
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Ahferom 213 99.50% 74.80% 74.40% 70.10 – 78.70% 1.4 

 

Bottom 6 (lowest T-MPI)  

Woreda n H (Headcount) A (Intensity) T-MPI 95% CI (T-MPI) RSE (%) 

Adwa Town 249 83.90% 55.50% 46.60% 44.80–49.20% 3.0 

Edaga Hamus Town 186 92.80% 55.30% 51.30% 25.40–31.50% 5.5 

Mekelle 83 82.80% 62.10% 51.40% 46.20–54.90% 10.7 

Endabaguna Town 75 90.70% 59.80% 54.20% 49.90–57.50% 5.5 

Mekoni Town 84 98.80% 59.50% 57.80% 55.00–61.00% 10.6 

Adigudom 88 96.60% 68.00% 65.70% 63.80–68.10% 2.3 

4.5.2 Remote sensing evidence: spatial and temporal dynamics of poverty (MPI and NTL 
radiance) 

Remote sensing-derived multidimensional poverty surfaces (Figure 5) closely align with survey-

based estimates and reveal the temporal evolution of poverty before, during, and after the 

conflict period. A pronounced escalation in MPI values is observed from pre-war to peak-war 

years: mean MPI increases from 0.466 in 2019 to 0.506 (2020), 0.599 (2021), and sharply to 

0.722 in 2022, reflecting widespread livelihood shocks, service disruption, agricultural failure, 

and household displacement. Although 2023 shows partial improvement (mean MPI ≈ 0.679), 

high-poverty clusters remain dominant, indicating slow and spatially uneven recovery. Spatial 

panels illustrate that high-intensity poverty zones (deep-red areas) expand considerably during 

war years, particularly across western, southern, and semi-arid belts, while urban centres retain 

relatively lower MPI values throughout the period. 
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Figure 5: Spatial variation of AF-MPI by woreda, 2019–2023 

 

Complementary NTL-VIIRS radiance (Figure 6) data further strengthen these observations. 

Mean radiance declined dramatically from μ ≈ 0.643 pre-war (2018–2020) to μ ≈ 0.053 during 

the conflict (2021–2022), a >90% reduction in illumination, signalling grid collapse, economic 

inactivity, and disruption of essential infrastructure. Post-war images (Dec 2022+) show radiance 

recovery (μ ≈ 0.813), but this is spatially fragmented and primarily concentrated around Mekelle, 

Adigrat, Shire-Axum corridor, and the main road networks. Peripheral rural zones remained dim 

and stagnant, mirroring high MPI intensities indicated in surveys and spatial poverty surfaces. 
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Figure 6: Changes in NTL intensity from VIIRS data across Tigray during pre-war, war, and post-war 
periods, with distribution histogram (0–0.790). 

 

Temporal variations are also evident in the monthly AF-MPI trend series (Figure 7). All years 

reveal a consistent seasonal pattern: MPI rises during lean/planting months (June–August) and 

declines post-harvest (April–May), reflecting food-income seasonality and rainfall-driven 

agricultural dependence. The conflict years exhibit sharp mid-year surges, exceeding 0.90 in 

2021–2022, indicating compounded shock exposure, market failure, inflation escalation, and 

weakened institutional support systems. Although 2023 trends begin to normalise, MPI levels 

remain well above pre-war baselines, indicating a slow return to livelihood stability, especially 

for rural farming households. 



TARGETED POVERTY ALLEVIATION IN TIGRAY, ETHIOPIA 

© Data & Evidence to End Extreme Poverty  45 

Figure 7: Monthly AF-MPI (H × A) trend, 2019–2023 

 

All-in-all, the remote sensing evidence confirms and extends field survey patterns, 

demonstrating that poverty in Tigray is spatially clustered, temporally dynamic, conflict-

sensitive, and strongly seasonal. The convergence of direct AF-MPI estimates, spatiotemporal 

MPI surfaces, and NTL radiance trajectories reveals: 

• deep rural poverty concentration, especially in western and southern woredas; 

• sharp conflict-driven deterioration, with partial but uneven post-war rebound; 

• persistent urban–rural disparity, though urban areas also experience disruption; 

• seasonally responsive welfare fluctuations, heightened during lean agricultural windows. 

These insights underscore the necessity of shock-responsive recovery programmes, localised 

targeting, energy infrastructure restoration, and Bayesian SAE to refine poverty mapping where 

survey coverage is thin. 

4.6 SAE-EBP results and uncertainty 

4.6.1 SAE model fitting and household-level covariate effects 

The EBP unit-level model was estimated using a mixed-effects framework, with the MPI score 

as the response variable. Household-level demographic characteristics, including age, marital 

status, religion, type of residence, displacement status, and occupation, were used as fixed 

effects, while district-specific random intercepts were included to account for unobserved 

heterogeneity at the district level. 

The model coefficients and standard errors are presented in Table 11. A significant negative 

association was found between age and MPI (β = −0.023, p < 0.001), suggesting that, as 
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individuals age, their deprivation tends to decrease marginally. This could reflect accumulated 

assets, improved social networks, or access to better employment opportunities over time. 

Marital status also plays a significant role in MPI, with married households experiencing higher 

levels of poverty (β = 0.160, p < 0.001). This suggests that larger family sizes, which are often 

associated with marriage, increase household dependency burdens, contributing to higher 

poverty levels in the context of Tigray Region’s economic challenges. 

Households residing in semi-urban areas (β = 0.095, p < 0.05) experience slightly lower levels of 

deprivation compared to their rural counterparts, though the effect is modest. Similarly, urban 

households show a smaller reduction in MPI (β = 0.045, p < 0.05), reflecting the improved 

access to infrastructure, services, and economic opportunities found in urban settings, but 

urban poverty remains significant due to market instability and conflict. 

Table 11: Fixed-effect coefficients of the EBP mixed-effects model 

Variable Estimate Std. error p-value Implication 

Intercept 0.412 0.135 <0.001 Baseline MPI for reference household 

Age −0.023 0.00028 <0.001 
Older people experience slightly lower 
MPI 

Marital status: 
married 

0.160 0.0165 <0.001 Married households are more deprived 

Residence: semi-
urban 

0.095 0.0406 0.070 Lower deprivation tendency (not strong) 

Residence: urban 0.045 0.039 0.250 Slight improvement among non-displaced 

Displacement: not 
deprived 

0.850 0.03 0.004 Minor poverty reduction effect 

Occupation: not 
deprived 

0.600 0.02 0.004 
Moderate variation across districts, 
indicating regional differences in MPI due 
to conflict impacts 

Variance (district) 0.0042 — — Deprivation mostly within-household 

Variance (residual) 0.0325 — — 

Within-household variation suggests 
individual household charcteristics (e.g. 
income, education, health) are significant 
drivers of poverty 

 

The displacement status variable also indicates a slight improvement for non-displaced 

households (β = 0.85, p < 0.05), suggesting that displacement exacerbates poverty, likely due to 

the loss of property, livelihood disruption, and poor access to basic services in displacement 

camps or conflict zones. 

The coefficient for occupation (β = 0.60, p < 0.05) suggests a small reduction in poverty for 

individuals with non-deprived occupations, reflecting the importance of employment stability in 

mitigating poverty in conflict-affected regions. 
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The variance estimates for the random effects component shows that the district-level variance 

(σ²ᵤ = 0.0042) is moderate, indicating significant between-district variation in poverty levels. 

This reflects the heterogeneity across districts in terms of the impact of conflict, local recovery 

capacity, and access to services. In contrast, the residual variance (σ²ₑ = 0.0325) suggests that 

most of the variation in MPI scores is explained by household-level characteristics, indicating 

the importance of individual and household factors (e.g. income, education, health) in shaping 

poverty outcomes. 

4.6.2 EBP poverty estimates with uncertainty measures 

EBP small area estimates for all districts are presented in Table 12, which includes headcount 

ratio (H), intensity (A), composite MPI (T-MPI) values, along with standard errors (SE), 95% 

confidence intervals (CI), and coefficients of variation (CV). 

Table 12: EBP MPI estimates with uncertainty 

District H_EBP A_EBP MPI_EBP SE_TMPI 95% CI CV_TMPI 

Tahtay Adiyabo 100.0% 82.1% 82.1% 3.5 77.10 – 86.40% 4.3% 

Adet 100.0% 81.4% 81.1% 3 76.50 – 85.10% 3.1% 

Saharti 100.0% 81.0% 80.5% 3.3 75.50 – 84.80% 3.5% 

Raya Chercher 100.0% 79.6% 78.0% 4.2 73.60 – 83.50% 4.8% 

Gulomekeda 99.5% 77.1% 75.9% 3.6 71.20 – 80.60% 3.8% 

Ahferom 99.5% 74.8% 74.1% 1.5 69.50 – 78.50% 2.1% 

R.A. Arbaete 94.0% 61.5% 57.8% 5.1 53.10 – 60.40% 8.2% 

Zana 83.3% 56.0% 46.6% 4.4 44.80 – 48.20% 7.0% 

Kilte Awulaelo 100.0% 82.0% 82.0% 2.5 77.50 – 86.00% 3.0% 

Adigudom 96.6% 68.0% 65.6% 2.3 63.80 – 68.00% 3.5% 

E.baguna Town 90.7% 59.8% 54.5% 5.5 49.50 – 56.50% 9.0% 

Adwa Town 83.9% 55.5% 47.0% 3 44.50 – 49.20% 6.4% 

Mekelle 82.8% 62.1% 52.3% 10.7 46.50 – 54.90% 20.8% 

Mekoni Town 98.8% 59.5% 57.3% 10.6 55.00 – 60.80% 18.3% 

E/Hamus Town 92.8% 55.3% 51.0% 5.5 25.40 – 30.90% 9% 

 

The MPI_EBP values range from 0.471 to 0.821, indicating varying levels of multidimensional 

poverty across districts, with the highest values in Tahtay Adiyabo (82.1%) and Adet (81.1%) 

and the lowest value in Edaga Hamus Town (51.0%). The EBP MPI range is broader compared 

to the direct MPI range (from 0.43 to 0.66), with the EBP model covering a wider span of values 

(0.350) compared to the direct estimates (0.23). This difference reflects the smoothing effect 

of the EBP method, which reduces sampling noise and improves stability, particularly in areas 

with small sample sizes or incomplete data. 
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In terms of variability, the coefficient of variation (CV) for the direct MPI is 14.5% (calculated as 

CV = 0.079 / 0.543 × 100), indicating relatively higher volatility. In contrast, the EBP MPI values 

have a lower CV of 10.3% (calculated as CV = 0.060 / 0.583 × 100), reflecting reduced volatility 

in the estimates and greater precision. These findings demonstrate that EBP smoothing leads 

to more stable and reliable estimates, making it a valuable tool for data-scarce regions like 

Tigray, where direct survey estimates can be highly variable. 

The precision of the EBP estimates is considered acceptable, with CV_TMPI values ranging 

from 0.14% to 0.18%, indicating that the estimates are reliable and suitable for woreda-level 

reporting. 

4.6.3 Comparison between direct and SAE-EBP results 

The comparison between direct MPI estimates and EBP MPI estimates, as seen in Table 13,  

reveals that the EBP method produces smoother and more stable results. The EBP MPI range 

(from 0.471 to 0.821) is broader than the direct MPI range (from 0.43 to 0.66), reflecting the 

smoothing effect of the EBP model, which reduces sampling noise and mitigates extreme 

values. This broader range indicates that the EBP method stabilises the estimates by 

compensating for underrepresentation in areas with small sample sizes or fewer data points. 

Table 13: Comparison between direct (survey) MPI estimates and EBP MPI estimates 

Pattern observed Implication 

EBP MPI range broader (0.471–0.821) vs Direct 
(0.43–0.66) 

Smoothing reduced sampling noise 

Highest districts remained high (T/Adiyabo, 
Adet, Saharti) 

Urban fragility and conflict disruption 

Low-MPI districts corrected upward (Zana, 
Adwa, E/Hamus) 

Model compensated for underrepresentation in data-
scarce areas 

CV_TMPI < 0.18 Estimates suitable for reporting at the woreda level 

EBP resolves small-sample unreliability Major benefit for crisis-affected Tigray 

 

Notably, the high-MPI districts, such as Tahtay Adiyabo (82.1%), Adet (81.1%), and Saharti 

(80.5%), remain the most deprived according to both direct and EBP estimates, reinforcing the 

severity of poverty in these regions. On the other hand, districts with lower MPI values, such as 

Zana (46.6%) and Adwa Town (47.0%), see upward adjustments in the EBP estimates, 

improving the reliability of estimates in areas with small samples. 

The coefficient of variation (CV) for the EBP MPI estimates ranges from 10.3% to 14.5%, which 

is significantly lower than the direct MPI CV, which reaches up to 20.8%. This reduction in 

volatility indicates that the EBP estimates are more reliable and consistent, making them more 

suitable for woreda-level reporting. 
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For a summary of the key findings from the comparison, please refer to Table 13. It highlights 

how the EBP method smooths out extreme values, corrects for underrepresented areas, and 

produces statistically stable and reliable estimates, particularly in data-scarce regions like 

Tigray. 

4.6.4 Spatial dependence and cluster dynamics 

(a) Global autocorrelation (Moran’s I) 

The global Moran’s I statistic of −0.3844 (Table 14) indicates a weakly negative spatial 

association in the EBP T-MPI values across woredas, meaning that areas with high or low 

poverty values tend not to cluster spatially but rather appear more dispersed. 

The expected value (E[I] = −0.0714) represents what would occur under complete spatial 

randomness, while the observed value falls below that expectation, suggesting slight anti-

correlation. However, the Z-score (−0.97) and the permutation-based p-value (p = 0.338) 

confirm that this pattern is not statistically significant at conventional levels (p > 0.05). 

In short, the EBP T-MPI estimates show no strong evidence of global spatial autocorrelation, 

implying that poverty patterns in this smoothed (model-based) surface are largely independent 

across woredas. This lack of global clustering justifies moving to LISA to detect finer-scale 

hotspots (high–high poverty clusters) and cold-spots (low–low clusters) that may exist even 

when the overall spatial structure appears random. 

Table 14: Global Moran’s I for T-MPI (EBP): observed statistic, expected value, Z-score, and 
permutation p-value 

Statistic Observed I Expected E[I] Z-score 
Permutation p-

value 

Global Moran’s I (T_EBP) −0.3844 −0.0714 −0.97 p = 0.338 

 

(b) LISA-based hotspot detection 

Figure 8(d) presents the LISA cluster map for the T-MPI based on EBP estimates. The analysis 

uses queen contiguity spatial weights, with isolated districts linked using a 1-nearest-

neighbour (kNN) rule to ensure connectivity. Statistical significance was determined using 

False Discovery Rate (FDR)–adjusted p-values at the 0.05 level (< 0.05). The spatial pattern 

reveals several statistically significant ‘high–high’ clusters (in red), indicating areas where 

districts with high deprivation levels are surrounded by similarly high-deprivation neighbours. 

These clusters are concentrated primarily in the central and southern zones, such as around 

Endamehoni, Hintalo Wajirat, and Korem, suggesting pockets of persistent and spatially 

reinforcing poverty. 
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Conversely, a few ‘low–low’ clusters (in blue) are observed, particularly in the southern and 

eastern parts of Tigray, reflecting districts where low poverty levels are spatially correlated with 

their surrounding neighbours. ‘High–low’ and ‘low–high’ outliers (in orange and green, 

respectively) appear sporadically, representing spatial inconsistencies where districts differ 

markedly from their neighbours — potential ‘transitional’ or ‘anomalous’ areas in the poverty 

landscape. 

The majority of districts (shown in yellow) are not significant, implying no statistically 

detectable local spatial autocorrelation after multiple-testing correction. This widespread non-

significance suggests that while a few areas exhibit strong local clustering, spatial dependence 

in T-MPI is generally weak across Tigray, consistent with the global Moran’s I = −0.3844 (p = 

0.338), indicating an overall lack of significant spatial autocorrelation. 

(c) Spatial cluster interpretation 

Figure 8 (a)–(c) presents spatial maps of multidimensional poverty in Tigray, derived using the 

EBP method. Figure 8 (a) illustrates the headcount ratio (H), showing the proportion of poor 

households across districts, with Mekelle and Saharti exhibiting the highest poverty rates, while 

Zana and Rama Adi Arbaete display lower poverty levels.  

Figure 8: Choropleth maps of (a) headcount ratio (H); (b) intensity among poor (A); (c) total MPI (T-
MPI = H × A), derived from direct design-based estimates; and (d) LISA cluster map for T-
MPI (EBP) – Tigray 

 

                      (a)                                           (b) 
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                        (c)                                        (d) 

Figure 8 (b) visualises the intensity (A) among the poor, where Mekelle again shows the highest 

intensity, indicating that poor households in these areas experience severe deprivations across 

multiple dimensions. Figure 8 (c) combines both the headcount ratio and intensity to produce 

the MPI (H × A), providing a comprehensive measure of poverty. The map shows Mekelle and 

Saharti as the most impoverished areas, with significant deprivation, while peripheral districts 

like Rama Adi Arbaete and Zana show comparatively lower MPI values. Together, these figures 

highlight both the extent and depth of poverty across the region, offering valuable insights for 

targeted interventions. 

4.7 HBM results and spatial inference 

This section presents the outputs of the HBM developed to estimate and explain the spatial 

distribution of multidimensional deprivation across woredas in Tigray Region. Using the 

Integrated Nested Laplace Approximation (INLA) with a Besag–York–Mollié 2 (BYM2) spatial 

structure, the model integrates both fixed effects (socio-demographic and contextual 

covariates) and random effects capturing spatially structured and unstructured heterogeneity. 

The resulting posterior summaries provide probabilistic estimates of district-level deprivation 

(μ ̂), allowing for rigorous uncertainty quantification through credible intervals and exceedance 

probabilities. Complementary spatial diagnostics and predictive checks are also included to 

evaluate model adequacy and reveal geographic patterns of deprivation intensity and certainty, 

forming the empirical foundation for subsequent policy-relevant interpretation. 

4.7.1 Posterior spatial estimates of multidimensional deprivation (μ̂) across woredas 

This sub-section presents the district-level (woreda) posterior means, standard deviations, 95% 

credible intervals, and exceedance probabilities from the INLA BYM2 model. The posterior 

means represent the modelled severity of multidimensional deprivation, accounting for spatial 
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dependence and covariate effects. These estimates are accompanied by 95% credible intervals 

(CrIs), which quantify the uncertainty around the posterior mean, and the exceedance probability 

P(μ ̂ > 0.5), which indicates the likelihood that a district’s deprivation level surpasses the regional 

benchmark of 0.5, commonly used to distinguish moderate from severe multidimensional 

poverty. 

Table 15: Posterior summaries of the latent mean (μ̂) by woreda-INLA BYM2 model 

Woreda Posterior mean (μ̂) SD (μ̂) 2.5 % CrI 97.5 % CrI P(μ̂ > 0.5) 

Tahtay Adiyabo 0.757 0.002 0.753 0.761 1.000 

Adet 0.689 0.002 0.686 0.792 1.000 

Saharti 0.685 0.002 0.681 0.689 1.000 

Raya Chercher 0.678 0.002 0.673 0.683 1.000 

Gulomekeda 0.673 0.002 0.669 0.676 1.000 

Ahferom 0.652 0.002 0.648 0.656 1.000 

Rama Adi Arbaete 0.643 0.001 0.640 0.646 1.000 

Zana 0.642 0.001 0.639 0.645 1.000 

Kilte Awulaelo 0.614 0.002 0.611 0.618 1.000 

Adigudom 0.613 0.002 0.609 0.617 1.000 

Endabaguna Town 0.601 0.001 0.598 0.604 0.829 

Adwa Town 0.601 0.002 0.598 0.604 0.699 

Mekelle 0.584 0.002 0.579 0.588 0.000 

Mekoni Town 0.566 0.002 0.562 0.570 0.000 

Edaga Hamus Town 0.527 0.002 0.523 0.531 0.000 

Notes: Table 15 shows posterior summaries of the latent mean (μ̂) by woreda, estimated using the INLA BYM2 
model. The table reports posterior means, standard deviations (SD), and 95% credible intervals (CrIs) of the latent 
deprivation index, along with exceedance probabilities 𝑃(𝜇̂ > 0.5). Woredas with high 𝑃(𝜇̂ > 0.5) (e.g., T/Adiyabo, 
Adet, Saharti) show strong evidence of severe multidimensional deprivation, while Zana, Adwa Town, and 
Gulomekeda display lower deprivation levels. 

The districts with high posterior means, such as Tahtay Adiyabo (0.757), Adet (0.689), Saharti 

(0.685), Raya Chercher (0.678), and Gulomekeda (0.673), indicate significant deprivation. All of 

these districts have posterior exceedance probabilities of P(μ ̂ > 0.5) = 1.000, signifying that the 

model strongly supports the claim of severe deprivation. In these districts, the posterior means 

are well above the regional poverty threshold, consistent with their high deprivation scores from 

the EBP model, which ranged from 0.74 to 0.82 (e.g. Tahtay Adiyabo = 82.1%, Saharti = 81.0%). 

On the other hand, Mekelle (0.584), Mekoni Town (0.566), and Edaga Hamus Town (0.527) 

show much lower posterior means, indicating lower levels of deprivation in these urban and 

semi-urban areas. Their exceedance probabilities (P(μ ̂ > 0.5) = 0.000) reflect the low likelihood 

that these districts surpass the poverty threshold, corroborating the EBP model's lower MPI 

values for these areas, such as Mekelle (52.3%) and Mekoni Town (57.3%). 
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The posterior means of districts like Adwa Town (0.601) and Endabaguna Town (0.601), with 

exceedance probabilities of 0.699 and 0.829, suggest intermediate deprivation, which aligns 

with their EBP MPI values of 47.0% and 54.5%, respectively. This intermediate range reflects the 

uncertainty of these districts’ deprivation levels, marked by the fluctuation between moderate 

and high deprivation. 

The clear spatial differentiation is apparent, with central and southern woredas (such as 

Adigudom, Saharti, and Kilte Awulaelo) exceeding the regional deprivation threshold of 0.5, 

while northern and western woredas (such as Zana and Adwa Town) remain below it. These 

results demonstrate strong consistency with the EBP model, where the central and southern 

woredas showed consistently high poverty levels, while northern and western woredas showed 

lower levels of deprivation in both EBP and HBM models. 

In summary, the spatial distribution of multidimensional poverty in Tigray, as derived from the 

INLA BYM2 model, confirms patterns observed in the EBP estimates, with central and southern 

woredas experiencing more severe poverty. The model also provides a more nuanced 

understanding of areas with moderate or low deprivation, highlighting important policy areas for 

targeted interventions. 

4.7.2 Drivers of multidimensional poverty in post-conflict Tigray: evidence from the INLA-
based hierarchical Bayesian model 

Posterior inference was based on 95% credible intervals (Crl) and posterior probabilities. A 

parameter was considered to show strong evidence of an effect when its 95% Crl excluded zero 

or when the posterior probability of a positive (or negative) effect exceeded 0.975 (i.e., 

Pr(β > 0) ≥ 0.975 or ≤ 0.025). Parameters whose credible intervals included zero were 

interpreted as having weak or inconclusive evidence for an association. 

Table 16 summarises the posterior estimates of fixed effects derived from the INLA-based 

HBM assessing household deprivation in post-conflict Tigray. The intercept (β = 0.621, 95% CrI 

= 0.585–0.659) indicates a high baseline level of multidimensional deprivation across the 

population, consistent with widespread service disruption and livelihood loss following the 

conflict. This value is slightly lower than the baseline deprivation level observed in the SAE-EBP 

model (β = 0.642), reflecting the additional spatial smoothing and correction for small sample 

size uncertainty in the latter. 

Among the predictors, intensity of deprivation (β = 0.080, 95% CrI = 0.060–0.100, Pr > 0.99) 

shows a strong positive association with the MPI, implying that households facing multiple 

overlapping deprivations experience higher poverty severity. This aligns with the findings from 

the SAE-EBP model, where intensity showed a similar positive relationship with the MPI (β = 

0.083). In both models, displacement status (β = 0.065, 95% CrI = 0.040–0.090, Pr > 0.99) is a 
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significant predictor, confirming that displaced households are significantly more deprived than 

their non-displaced counterparts – likely due to disrupted housing, income sources, and social 

networks. The SAE-EBP model also emphasised the importance of displacement in explaining 

deprivation, as observed in the RSE and confidence intervals. 

Employment status (β = 0.058, 95% CrI = 0.030–0.085, Pr > 0.99) is positively and significantly 

related to deprivation, underscoring the role of livelihood instability in shaping post-conflict 

poverty, which mirrors the findings from the SAE-EBP model, where unemployment was also a 

significant factor. Similarly, rural residence (β = 0.069, 95% CrI = 0.043–0.096) and female-

headed households (β = 0.032, 95% CrI = 0.008–0.050) are associated with higher MPI, 

reflecting entrenched gender and spatial inequities, consistent with the patterns found in the 

EBP model. The weak and uncertain effect of age (β = −0.003, Pr ≈ 0.270) suggests that 

deprivation is more strongly influenced by structural rather than demographic factors, which 

contrasts with the SAE-EBP model, where age showed a slightly stronger but still minimal 

impact. 

Collectively, these results highlight the multidimensional vulnerability of displaced, unemployed, 

rural, and female-headed households in Tigray’s recovery phase. The policy implications of this 

finding point towards the need for integrated reconstruction programmes that combine 

employment generation, resettlement support, and gender-sensitive social protection to 

effectively reduce post-conflict poverty and inequality. The SAE-EBP model similarly 

underscores the importance of addressing these vulnerable groups for effective poverty 

reduction. 

Table 16: Posterior summaries of fixed-effect parameter estimates (β) from the INLA-based HBM: 
determinants of household deprivation in the post-conflict context 

Predictor Mean SD q2.5 q97.5 Pr(β > 0) 

(Intercept) 0.621 0.020 0.585 0.659 1.000 

Intensity (of deprivation) 0.080 0.012 0.060 0.100 0.999 

Household size 0.015 0.008 0.000 0.030 0.985 

Sex(Female) 0.032 0.012 0.008 0.050 0.993 

Age (head of household) -0.003 0.004 -0.010 0.004 0.270 

Place of residence (rural) 0.069 0.014 0.042 0.096 0.999 

Displacement status (displaced) 0.065 0.013 0.040 0.090 0.999 

Employment status (unemployed) 0.058 0.015 0.030 0.085 0.998 

Notes: The table presents posterior summaries of fixed-effect parameters (β) estimated using the INLA-based HBM. 
Columns show the posterior mean, standard deviation (SD), and 95% credible interval (q2.5–q97.5). The term Pr(β > 
0) denotes the posterior probability that the coefficient is positive. Positive β values indicate factors associated with 
increased likelihood or intensity of household deprivation in the post-conflict setting, whereas negative β values 
suggest protective or mitigating effects. 
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4.7.3 Model evaluation and posterior predictive diagnostics 

Figure 9 presents posterior predictive checks evaluating the adequacy of the HBM (INLA BYM2) 

in reproducing the observed distribution of the MPI across woredas. 

The top-left panel (density overlay) compares the observed MPI distribution (red) against 

multiple posterior predictive replicates (grey). The strong overlap indicates that the model 

captures the overall shape and spread of the data well, suggesting good global fit. 

Figure 9: Posterior predictive checks: density/ Empirical Cumulative Distribution Function (ECDF) 
overlays and residual diagnostics 

 

The top-right panel (ECDF overlay) shows similar agreement between the empirical cumulative 

distributions of the observed and simulated data, confirming that the posterior predictions 

reproduce the cumulative behaviour of observed MPI values across the full range of the index 

(0–1. The bottom-left panel (residual histogram and density) shows centred, symmetric 

residuals with no extreme skewness, implying that the Gaussian likelihood assumption is 

appropriate. Finally, the bottom-right panel (Q–Q plot) shows standardised residuals lying close 

to the red 45° reference line, indicating approximate normality and a lack of systematic model 

bias. Overall, these posterior predictive diagnostics demonstrate that the INLA BYM2 model 

provides an adequate probabilistic representation of the observed MPI data, with no major 

evidence of model misspecification or lack of fit. 

4.7.4 District-level posterior estimates of multidimensional poverty 

Figure 10 presents a caterpillar plot summarising district-level posterior means (μ̂h) and their 

corresponding 95% credible intervals (CrIs) for the MPI across selected districts (woredas) in 

Tigray Region. These estimates were derived using the INLA Besag–York–Mollié 2 (BYM2) 
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hierarchical Bayesian spatial model. Each blue dot represents the posterior mean of the latent 

true MPI for a district, while the red horizontal lines indicate the uncertainty range (95% CrI). The 

red dashed vertical line marks the deprivation threshold (MPI = 0.5), distinguishing between 

moderate and severe multidimensional poverty. 

From Figure 10, it is clear that districts such as Tahtay Adiyabo (posterior mean of 0.76), Adet 

(posterior mean of 0.69), and Saharti (posterior mean of 0.68) exhibit strong evidence of high 

multidimensional deprivation, with posterior means above the 0.5 threshold. These districts 

have narrow credible intervals, suggesting high confidence in the estimates. Additionally, the 

exceedance probability for these districts 𝑃(𝜇̂ > 0.5) is 1.00, signifying that their deprivation 

levels are well above the threshold for moderate poverty. 

Conversely, districts such as Zana (posterior mean of 0.53) and Adwa Town (posterior mean of 

0.57) have posterior means below the 0.6 threshold, indicating relatively lower levels of 

deprivation. These districts show wider credible intervals (CrI), reflecting greater uncertainty in 

the estimates. The lower poverty intensity in these areas is further supported by their 

exceedance probabilities being closer to zero, signalling lower likelihood of surpassing the 0.5 

threshold.  

Overall, the plot demonstrates significant spatial variability in multidimensional poverty, with 

central and southern districts showing higher poverty intensity, while some northern and 

western areas remain relatively less deprived. The precise estimates and narrow intervals in 

high-deprivation zones underscore the model’s ability to capture and quantify the severity of 

poverty across the region, guiding targeted interventions for poverty alleviation. 
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Figure 10: Caterpillar plot of posterior means (𝝁̂𝒉) and 95% credible intervals (95% CrI) of district-level 
MPI estimates (INLA BYM2 model) 

 

4.7.5 Spatial differentiation and certainty of deprivation patterns 

This sub-section interprets the spatial structure of multidimensional deprivation by jointly 

analysing the posterior mean and exceedance probability maps (Figure 11(a) and Figure 11(b)). 

Together, these outputs integrate the spatial magnitude of deprivation (posterior mean) with the 

statistical certainty of exceeding a defined poverty threshold (exceedance probability), thereby 

identifying high-risk poverty zones and validating the spatial strength of the HBM. 

Figure 11(a) illustrates the posterior mean (μ ̂ₕ), representing the modelled intensity of 

deprivation after accounting for both covariate effects and spatial dependence. Warmer colours 

(yellow–orange) indicate higher deprivation intensity, while cooler tones (blue–purple) reflect 

relatively lower levels. The map shows that woredas such as Adigudom, Saharti, Kilte Awulaelo, 

and Mekoni Town experience the most severe multidimensional deprivation, whereas Zana, 

Adwa Town, and Gulomekeda display comparatively lower deprivation levels. 

Figure 11: Spatial distribution of posterior mean (μ̂ₕ) and exceedance probability P(μ̂ₕ > 0.5) across 
woredas of Tigray Region (INLA BYM2 model)  
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                    (a)                                         (b) 

Figure 11(b) presents the exceedance probability P(μ ̂ₕ > 0.5), quantifying the likelihood that each 

woreda’s deprivation exceeds the regional threshold of 0.5. High probabilities (orange to dark 

red) signify strong evidence of severe deprivation, while low probabilities (blue–purple) indicate 

weaker or uncertain evidence. The alignment between high posterior means and high 

exceedance probabilities demonstrates strong internal model consistency and reveals spatial 

clustering of poverty hotspots, particularly in the central and southern zones.  

Grey-shaded areas represent woredas without a one-to-one match between shapefile identifiers 

and model outputs, mainly due to inconsistencies in administrative boundaries. Overall, the 

integrated spatial visualisation reveals clear geographic heterogeneity and statistical certainty 

in deprivation patterns, confirming that post-conflict poverty in Tigray is spatially concentrated 

rather than evenly distributed. These findings underscore the utility of Bayesian spatial 

modelling for evidence-based targeting of reconstruction, livelihood restoration, and poverty-

reduction interventions in the region. 
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5 Conclusion and key insights 

This study presents an in-depth analysis of MPI in Tigray Region, Ethiopia, by employing a 

combination of advanced methodologies, including the AF framework, SAE, EBP, Fay–Herriot 

models, and HBM using INLA. This integrated approach facilitated the production of robust and 

spatially precise poverty estimates, highlighting the intricate and dynamic nature of deprivation 

in Tigray, particularly in the context of the recent conflict and its continuing socioeconomic 

consequences.. 

5.1 Magnitude and structure of poverty 

The study's results underscore the severity of multidimensional poverty in Tigray, with an overall 

headcount ratio (H) of 0.911 and an intensity (A) of 0.576, yielding a composite T-MPI of 0.525. 

The Gini coefficient for MPI across the region is 0.136, indicating moderate inequality in the 

distribution of poverty. These figures reveal that while poverty is widespread, the depth of 

deprivation is also significant, with a large portion of the population facing multidimensional 

deprivation across various dimensions, including income, education, and living standards. 

• Income and resources: The most significant contributors to MPI, with 32.5% of the poverty 

burden, are income-related deprivations, including unemployment and asset ownership. 

• Education: This accounts for 20.9% of poverty, with widespread educational deprivations 

observed across the region. 

• Standard of living: This contributes 20.2% of the poverty burden, reflecting challenges in 

access to basic services such as clean water, sanitation, and electricity. 

• Health and conflict vulnerability: The health dimension accounts for 15.1% of the poverty 

burden, while conflict and vulnerability (such as displacement) contribute 11.2%. 

5.2 Key drivers of poverty 

The detailed analysis of poverty dimensions reveals that income-related deprivations dominate, 

with 98.1% of the population experiencing income-related poverty, followed by 94.5% for 

occupation deprivations, and 92.3% for education. Additionally, 77.1% of households lack 

access to proper cooking fuel, 56.6% are without adequate sanitation, and 62.5% are in 

overcrowded housing conditions. 

This indicates that the core drivers of poverty in Tigray are closely tied to basic economic 

opportunities (income, employment), education, and access to essential services, with many 

areas facing entrenched poverty that is not only deep but also pervasive across multiple 

dimensions. 
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5.3 Geographic and demographic disparities 

The study finds stark geographic disparities in multidimensional poverty: 

• Rural vs. urban: Rural areas, particularly in the western and southern parts of the region, 

exhibit near-universal poverty, with districts like Tahtay Adiyabo, Adet, and Saharti showing 

100% headcount ratios (H) and extremely high intensity (A), indicating severe and deeply 

entrenched poverty. These districts have T-MPI values as high as 0.821, confirming the high 

burden of poverty in rural and peripheral zones. 

• Urban areas: Urban districts, such as Mekelle (T-MPI = 0.205), Mekoni Town (T-MPI = 0.215), 

and Edaga Hamus Town (T-MPI = 0.284), show much lower MPI values, reflecting the 

greater availability of infrastructure and access to services. However, despite these lower 

values, the RSE values for these districts are higher, especially for Mekelle (RSE = 10.7%), 

highlighting the statistical sensitivity of these estimates, which are influenced by sample 

sizes. 

5.4 Spatial distribution of poverty 

Geospatial analysis reveals strong spatial patterns: 

• The spatial heterogeneity of poverty is most pronounced in the western, southern, and semi-

arid zones of Tigray. Tahtay Adiyabo, Adet, and Saharti emerge as the most deprived areas, 

consistently exhibiting high MPI, with T-MPI values ranging from 0.57 to 0.82, confirming 

these districts as severe poverty hotspots. 

• Urban areas: Districts like Mekelle, while better off in terms of infrastructure and service 

availability, still face significant poverty, with T-MPI = 0.52 in Mekelle and T-MPI = 0.53 in 

Mekoni Town. These urban districts are more resilient but remain vulnerable to the 

economic and social shocks caused by the recent conflict, as reflected in the higher 

CV_TMPI values of 0.208 (Mekelle) and 0.183 (Mekoni Town). 

5.5 Role of remote sensing and geospatial data 

The integration of satellite-derived indicators into the SAE model played a crucial role in 

improving the spatial precision of MPI estimates: 

• NDVI and LST from MODIS and Sentinel-2 served as important proxies for agricultural 

productivity and environmental stress, helping to refine poverty estimates in rural areas, 

where economic opportunities are largely dependent on agriculture. 

• NTL data from VIIRS provided an additional layer of analysis, offering insights into 

infrastructure development and household wealth across different zones of Tigray. 
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• Sentinel-1 SAR and Copernicus Emergency Mapping Services provided valuable data on 

settlement damage, displacement patterns, and post-conflict recovery, informing the 

conflict and vulnerability dimension of the MPI. 

These remote sensing data helped to address the challenges of data scarcity, particularly in 

conflict-affected areas, by providing fine-resolution spatial data on environmental and 

infrastructural conditions, and improving the accuracy of MPI estimates in areas with limited 

survey data. 

All-in-all, the findings of this study demonstrate that severe multidimensional poverty remains 

widespread across all woredas in Tigray, with significant spatial and temporal variations. The 

integration of advanced statistical methods (SAE, EBP), remote sensing data, and household 

surveys has produced more reliable and precise than conventional direct survey estimates at 

the woreda level, particularly in areas with small sample sizes or limited data coverage. These 

improved estimates provide a stronger empirical basis for designing effective, region-specific 

interventions.By leveraging these tools, policymakers can enhance the targeting of poverty 

reduction efforts, ensuring that resources are directed to the most vulnerable populations in the 

region. 
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6 Policy implications and recommendations for 
post-conflict recovery 

The multidimensional poverty estimates presented in this study reveal that Tigray Region, and 

particularly its conflict-affected areas, continues to experience high levels of deprivation across 

multiple dimensions of poverty. These findings carry critical policy implications that need to be 

addressed through focused interventions. The policy framework presented below highlights the 

key areas where action is required to mitigate poverty and support post-conflict recovery. 

6.1  Policy implications 

The results of this study underscore several important implications for poverty reduction and 

recovery efforts in Tigray: 

(a) High level of rural deprivation: 

The study identifies rural and peripheral areas as the epicentres of severe poverty. These areas 

have the highest MPI values and are characterised by widespread deprivation across all 

dimensions – particularly in income, education, and living standards. There is an urgent need for 

targeted rural development policies focusing on improving livelihoods, access to education, and 

the provision of basic services like clean water, sanitation, and healthcare. 

(b) Need for urban resilience building: 

While urban areas like Mekelle and Mekoni Town show lower MPI values, they are still 

vulnerable to the lingering effects of conflict. These districts are grappling with economic 

instability, informal settlements, and limited access to services. Urban resilience policies should 

focus on infrastructure repair, job creation, and improving access to services to prevent urban 

poverty escalating. 

(c) Multidimensional approach to poverty reduction: 

The diverse contributors to poverty, ranging from income and education to health and conflict 

vulnerability, highlight the need for a multidimensional poverty reduction strategy. Policies must 

address these multiple dimensions simultaneously. For example, improving access to quality 

education can also reduce poverty in the longer term by providing better job opportunities and 

economic resilience. 

(d) Geographic targeting of resources: 

The results from both direct estimates and SAE analyses highlight significant spatial variation in 

poverty. With the enhanced spatial precision provided by SAE, it is clear that resources should 

be allocated in a geographically targeted manner, with priority given to the most deprived 
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districts. This targeted approach can help ensure that limited resources are effectively used to 

benefit the most vulnerable populations. 

(e) Post-conflict recovery and rehabilitation: 

The post-conflict recovery process in Tigray requires not only rebuilding physical infrastructure 

but also addressing social and economic disruptions. Policies need to prioritise restoring basic 

services, particularly in conflict-affected districts, where services like education, healthcare, and 

employment opportunities have been severely disrupted. Additionally, rebuilding social capital 

and providing psychosocial support to conflict survivors are crucial components of long-term 

recovery. 

(f) Data-driven policy decisions: 

The integration of remote sensing data and household surveys within the SAE framework has 

significantly improved the accuracy of poverty estimates. This approach allows for evidence-

based decision-making that is both data-driven and region-specific. Policymakers should 

continue to use these tools to monitor poverty trends and evaluate the effectiveness of 

interventions over time. 

6.2 Recommendations 

6.2.1 Targeting and geographic prioritisation 

• Rural areas and high T-MPI districts: Prioritise rural and high T-MPI districts (e.g. Tahtay 

Adiyabo, Adet, Saharti, Raya Chercher, Gulomekeda, and Ahferom) in the first wave of 

interventions. Use uncertainty metrics from the EBP/HBM model (such as RSEs, credible 

intervals, and P(μh > 0.5)) to target areas with both high need and stable estimates. 

• Urban areas: Mekelle, Mekoni Town, and Edaga Hamus Town show lower T-MPI but still 

exhibit vulnerabilities. Implement residual vulnerability programmes focusing on 

employment formalisation, rental support, and services for informal settlements, rather than 

broad poverty packages. 

6.2.2 Programmatic focus by dimension 

(a) Income and employment (largest contributor to poverty): 

• Short-term (zero to six months): Implement cash-for-work programmes for public works 

(e.g. road repairs, water points, school/clinic rehabilitation); provide emergency grants for 

micro-enterprises; and offer wage subsidies to stimulate hiring. 
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• Medium-term (6–24 months): Focus on agricultural livelihood recovery, including inputs, 

veterinary services, and climate-smart agronomy. Develop off-farm value-chain activities 

(e.g. storage, market access) and create youth apprenticeships. 

• Structural (two to five years): Establish cooperative finance systems to expand access to 

capital, while developing local enterprise zones and rural industrial parks strategically 

aligned with key road corridors to strengthen connectivity and market integration. 

(b) Education: 

• Roll out accelerated learning and re-entry programmes for over-age learners. 

• Provide school feeding programmes in high-deprivation areas (kebeles). 

• Focus on female retention strategies through stipends, safe transport, and menstrual 

hygiene management. 

• Support facility rehabilitation where needed, and recruit and incentivise teachers to take up 

remote posts. 

(c) Standard of living: 

• Cooking fuel and energy: Expand access to clean cooking solutions (LPG/biogas stoves) 

and promote electrification or mini-grids in high-need clusters; pair these interventions with 

productive appliances to enhance livelihoods. 

• Housing, water, sanitation and hygiene, overcrowding: Implement rapid shelter upgrades 

and provide communal sanitation in dense settlements; support low-cost water treatment 

and borehole rehabilitation; provide incremental housing support to alleviate overcrowding. 

(d) Health and food security: 

• Primary care catch-up: Deploy mobile clinics, community health workers for re-deployment, 

distribute essential medicines, and conduct vaccination catch-ups. 

• Nutrition: Provide targeted supplementary feeding for pregnant and lactating women and 

children under five; distribute kitchen garden kits and offer market support for more 

diversified diets. 

(e) Conflict and vulnerability: 

• Displacement support: Offer cash transfers and case management for IDPs and returnees; 

provide documentation and legal aid for displaced populations. 

• Protection and GBV: Establish one-stop centres for GBV survivors, co-located with primary 

health facilities. Ensure survivor-centred services and build strong community protection 

committees. 
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6.2.3 Cross-cutting systems and delivery 

(a) Data and monitoring: 

• Institutionalise a T-MPI dashboard that is updated semi-annually, leveraging the same 

EBP/HBM pipeline (using tools such as machine learning, PowerBI, etc) to track key poverty 

metrics: 

o T-MPI, headcount (H), intensity (A) by woreda; 

o indicator-level deprivations and uncertainty bands (credible intervals/RSEs); and 

o programme coverage and outcome indicators. 

• Prefer consistent indicator cut-offs and document any changes to ensure comparability 

across waves. 

(b) Gender and inclusion: 

• Mainstream gender-responsive design in all interventions, with a focus on: 

o livelihoods for women; 

o childcare facilities at worksites; and 

o GBV safeguards in all programmes. 

• Ensure access for people with disabilities to all facilities and ensure proper data 

disaggregation (sex, age, disability, displacement). 

(c) Risk management and climate resilience: 

• Integrate climate-smart measures (e.g. drought-tolerant crops, water harvesting, and land 

restoration) in agricultural and livelihood recovery programmes. 

• Implement early-warning systems to trigger timely interventions, preventing income and 

nutrition shocks from undermining recovery efforts. 

6.2.4 Policy and research agenda 

(a) Policy: 

• Recognise T-MPI as an official planning and equity metric across all across regional 

sectoral bureaus (e.g., health, education, agriculture, and social affairs). 

• Link intergovernmental transfers and programme allocations to poverty levels and 

improvements in MPI. 

• Embed safeguards (e.g. GBV, social accountability) in all service delivery contracts. 

(b) Further research: 

• Move towards panel/longitudinal measurement to capture poverty trajectories over time. 
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• Expand causal evaluation of key programmes (cash-for-work, school retention, clean 

cooking). 

• Enhance auxiliary data layers (e.g. road quality, facility functionality, market access), to 

further improve the predictive power of the EBP/HBM model. 

• Explore shock-responsive T-MPI variants, incorporating rainfall anomalies, price volatility, 

and conflict intensity to capture the impact of shocks on poverty. 

Limitations: Despite extensive harmonisation and multiple imputation, conflict–time data gaps, 

evolving administrative boundaries, and indicator comparability issues introduce measurement 

error. Model validity depends on indicator cut-offs, covariate quality, and spatial adjacency 

definitions. As with any observational synthesis, causal attribution is limited: our estimates 

describe patterns and associations, not programme impacts. 
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Annex A Summary of data sources by period 
and coverage of the five MPI 
dimensions in Tigray (2019–2025) 

S. no. 
Organisation owning 
data 

Full name of the study 
Sample 
size 

Sampling design 
Survey 
year 

1 
Tigray Health Research 
Institute and CHS, 
Mekelle University 

Verbal autopsy on causes of 
mortality for under five children  

1851 
Multistage 
sampling 

2022 

2 
Tigray Health Research 
Institute and CHS, 
Mekelle University 

Screening for VA study on maternal 
and U5C mortality 

189880 
Stratified three-
stage cluster 
sampling 

2022 

3 
Tigray Health Research 
Institute and CHS, 
Mekelle University 

Integrated health survey on 
maternal, child health service 
utilization and COVID_19 vaccine 
uptake 

13915 
Stratified three-
stage cluster 
sampling 

2023 

4 
Tigray Health Research 
Institute 

Community based health Insurance 
in post war Tigray 

2270 
Stratified three-
stage cluster 
sampling 

2023 

5 
Tigray Health Research 
Institute 

Direct medical cost estimation and 
its association with community-
based health insurance in Tigray 

405 
Stratified three-
stage cluster 
sampling 

2023 

6 
Tigray Health Research 
Institute 

Community Based Health Insurance 
in Tigray 

851 
Stratified three-
stage cluster 
sampling 

2020 

7 
Tigray Health Research 
Institute 

Adolescent and youths’ educational 
level in Tigray  

4954 
Stratified three-
stage cluster 
sampling 

2025 

8 
Tigray Health Research 
Institute 

Adolescent and youths’ educational 
level in 15 to 24 years old 
adolescents and youths Tigray  

631 
Stratified three-
stage cluster 
sampling 

2018 

9 
Tigray Health Research 
Institute 

Adolescent and youths’ educational 
level in 10 to 14 years old 
adolescents and youths Tigray  

628 
Stratified three-
stage cluster 
sampling 

2018 

10 
 CHS, Mekelle 
University 

Gender based violence in war affect 
Tigray region 

1134 
Stratified three-
stage cluster 
sampling 

2021 

11 
 CHS, Mekelle 
University 

Magnitude of host community IDP’s 
and its impact on economy of the 
host community  

2649 
Stratified three-
stage cluster 
sampling 

2021 

12 
 CHS, Mekelle 
University 

Damage Assessment: Health 
Facility Damage  

161 
Stratified three-
stage cluster 
sampling 

2021 
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13 
 CHS, Mekelle 
University 

Key Performance Health Indicators 
in Tigray 

4381 
Stratified three-
stage cluster 
sampling 

2021 

14 
 CHS, Mekelle 
University 

Key Performance Health and 
Nutrition Indicators in Tigray 

3269 
Stratified three-
stage cluster 
sampling 

2021 

15 
Tigray Youth 
Association 

Tigray youth’s employment status  3538 
Stratified three-
stage cluster 
sampling 

2024/20
25 

16 
 CHS, Mekelle and 
Adigrat University 

Health Promotion and Disease 
Prevention (HPDP) 

 
Stratified three-
stage cluster 
sampling 

2024 

17 
Tigray Bureau of Water 
Resource 

Non-functional motorized water 
scheme 

 
Stratified three-
stage cluster 
sampling 

2023 

18 
Tigray Bureau of Water 
Resource 

Functional motorized water scheme  
Stratified three-
stage cluster 
sampling 

2023 

19 
Tigray Bureau of Water 
Resource 

Functional scheme  
Stratified three-
stage cluster 
sampling 

2023 

20 
Tigray Bureau of Water 
Resource 

Non-functional scheme  
Stratified three-
stage cluster 
sampling 

2023 

21 
Tigray statistical 
agency  

Dataset-nutrition-september,2019  
Stratified three-
stage cluster 
sampling 

2019 

22 
Ethiopia Multi‑Sectoral 
Needs Assessment  

2024 Tigray consolidated data 
Meher assessment for external 

 
Stratified three-
stage cluster 
sampling 

2024 

23 ACTED/REACH-NGO 
REACH_ETH_MSNA_Analysis_Table
s_September2024  

 
Stratified three-
stage cluster 
sampling 

2024 

24 
Tigray Region Bureau 
of Health 

District Health Information System 2 
(DHIS2) 

 
Stratified three-
stage cluster 
sampling 

2024 

25 UNICEF-NGO Find and Treat  
Stratified three-
stage cluster 
sampling 

2024 

26 
Tigray Health Research 
Institute 

Integrated  
Stratified three-
stage cluster 
sampling 

2023 

27 
Tigray Health Research 
Institute 

Food insecurity 8603 
Stratified three-
stage cluster 
sampling 

2023 

28 
Tigray Statistics 
Agency 

Nutrition Survey 11004 
Stratified three-
stage cluster 
sampling 

2024 



TARGETED POVERTY ALLEVIATION IN TIGRAY, ETHIOPIA 

© Data & Evidence to End Extreme Poverty  77 

29 
Tigray Statistics 
Agency 

Health Survey 11004 
Stratified three-
stage cluster 
sampling 

2024 

30 
Tigray Statistics 
Agency 

Education Survey 11004 
Stratified three-
stage cluster 
sampling 

2024 

31 
Tigray Region Bureau 
of Health 

SMART Survey  Two-stage 
cluster sampling 

2024 

32 ACTED/REACH-NGO 
Ethiopia Multi‑Sectoral Needs 
Assessment  

 Two-stage 
cluster Sampling 

2024 

33 

Ethiopia Disaster Risk 
Management 
Commission; Tigray 
Regional Health 
Bureau 

SMART/SMART+ nutrition surveys 
for Tigray 

5819 
Two-stage 
cluster sampling 

2023 

34 
Tigray Health Research 
Institute 

Food Based Approach Survey 2013 
Stratified three-
stage cluster 
sampling 

 

35 
Tigray Region Bureau 
of Health 

Rapid Nutrition Assessment 2025 2025 
Stratified three-
stage cluster 
sampling 

 

36 ACTED/REACH-NGO 
Community-Based Health Insurance 
Survey dataset  

20 
Stratified three-
stage cluster 
sampling 

 

37 
Tigray Region Bureau 
of Education 

Education Damage Assessment: 
Human and Material Damage 

 
Stratified three-
stage cluster 
sampling 

2,054 

38 
Tigray Institute of 
Policy Studies 

Damage Assessment on Economic 
Sector 

2021 
Stratified three-
stage cluster 
sampling 
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Annex B Secondary data collection checklist for 
poverty alleviation study in conflict-
affected Tigray Region 

S. no. 
Dimensio
n 

Indicators of 
poverty 

Deprivation cut-off: deprived if 
Deprivation 
status 

Corresponding 
SDG area 

1 Health 

Nutrition12 

At least one member (child) is 
undernourished (underweight 
or stunted) (United Nations, 
2024; OPHI, 2018a, 2018b) 
(Stunting: HAZ<-2SD; 
Underweight: WAZ<-2SD; 
Wasting: WHZ<-2SD)(UNICEF, 
2018) 

1= yes; 0=No 
SDG 2: Zero 
Hunger (OPHI, 
2018b) 

Child mortality13 
Household has experienced 
child death in the past five 
years (OPHI, 2018b, 2018a)  

1= yes; 0=No 
SDG 3: Health 
and Well-being 
(OPHI, 2018b) 

Maternal health 

Births are not attended by 
skilled/trained health personnel 
(midwife, doctor, or nurse) 
(Ayele et al., 2025) 

 
SDG 3: Health 
and Well-being 
(OPHI, 2018b) 

Illness  

More than half of the 
household members reported 
being sick in the past 30 days. 
Sickness includes diarrhoea, 
fever/chills, or cough (i.e. not a 
simple cold) (Robson et al., 
2024) 

1= yes; 0=No 
SDG 3: Health 
and Well-being 
(OPHI, 2018b) 

Treatment 

A household is deprived if any 
member was not treated when 
sick in the past year (Chen et 
al., 2024; Robson et al., 2024) 

1= yes; 0=No 
SDG 3: Health 
and Well-being 
(OPHI, 2018b) 

Chronic 
diseases 

A household is deprived if at 
least one household member 
has had a doctor-diagnosed 
chronic disease in the past six 

1= yes; 0=No 
SDG 3: Health 
and Well-being 
(OPHI, 2018b) 

 

12 Children under five years (60 months and younger) are considered undernourished if their z-score of either height-
for-age (stunting) or weight-for-age (underweight) is below minus two standard deviations from the median of the 
reference population. Children 5–19 years (61–228 months) are identified as deprived if their age-specific body mass 
index cut-off is below minus two standard deviations. Adults from 19 to 70 years (229–840 months) are considered 
undernourished if their body mass index is below 18.5 m/kg2. 
13 The child mortality indicator of the global MPI is based on birth history data provided by mothers aged 15–49. In 
most surveys, men have provided information on occurrence of child mortality as well but this lacks the date of the 
birth and death of the child. Hence, the indicator is constructed solely based on information from mothers. However, 
if the data from the mother are missing, and if the male in the household reported no child mortality, then we identify 
no occurrence of child mortality in the household. 
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months (Chen et al., 2024; Chi 
et al., 2022; Robson et al., 2024) 

Diet diversity14 
A household is deprived if the 
Dietary Diversity Score (DDS) is 
<6 (Robson et al., 2024) 

1= yes; 0=No 
SDG 2: Zero 
Hunger (OPHI, 
2018b) 

Food coping 
strategy 
15(consumption) 

A household is deprived if the 
household has a Coping 
Strategy Index (rCSI) score >20 
(equating to using every 
consumption coping strategy 
at least three times per week) 
(Lyons et al., 2023; Robson et 
al., 2024) 

1= yes; 0=No 
SDG 2: Zero 
Hunger (OPHI, 
2018b) 

Access to 
healthcare/ 
medical services 

At least one member of the 
household did not have access 
to medical services when they 
needed it; this could be due to 
insecurity, distance, or cost 
(NBS, 2024) 

1= yes; 0=No 
SDG 3: Health 
and Well-being 
(OPHI, 2018b) 

2 
Educatio
n 

Years of 
schooling16 

No household member has 
completed six years of 
schooling (OPHI, 2018b, 
2018a) 

1= yes; 0=No 
SDG 4: Quality 
Education 

Child school 
attendance 

Any school-aged child (child 
aged 7–15 years) is not in 
school (out of school) (Fetsum, 
2018; Huluka, 2024; Nations, 
2024) 

1= yes; 0=No 
SDG 4: Quality 
Education 
(OPHI, 2018b) 

Highest 
education level 

Household is deprived if neither 
the household head nor the 
second responsible person 
after the household head (if 
applicable) has completed at 
least primary school (Robson 
et al., 2024) 

1= yes; 0=No 
SDG 4: Quality 
Education 

Conflict-related 
school 
disruption 

School closures or lack of 
teachers due to conflict 

1= yes; 0=No 
SDG 4: Quality 
Education 
(OPHI, 2018b) 

3 
Housing 
conditions 

The household has inadequate 
housing materials in any of the 
following three components: 

1= yes; 0=No 
SDG 11: 
Sustainable 
Cities and 

 

14 Household's weekly dietary diversity was not adequate such that the household consumed less than nine food 
groups during the last week (HWDD < 9 food groups). The index ranges from 0 to 12 (the total number of food 
groups). A score lower than 6 is considered as low diversity, 7–8 borderline, and 9 or higher acceptable. 
15 This index measures five food-consumption-based coping strategies applied in the previous seven days. The index 
ranges from 0 (no use of coping strategies) to 56 (use of all coping strategies) 
16 If all individuals in the household are in an age group where they should have formally completed six or more years 
of schooling, but none have this achievement, then the household is deprived. However, if any individuals aged 10 
years and older reported six years or more of schooling, the household is not deprived. 
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Living 
standard
s 

floor, roof, or walls (Dirt floor or 
substandard roof/walls) (OPHI, 
2018b, 2018a) 

Communities 
(OPHI, 2018b) 

Safe/clean 
drinking water17 

The household’s source of 
drinking water is not safe or 
safe drinking water is a 30-
minute or longer walk from 
home (round trip) (household 
did not have access to clean 
drinking water) (Lyons et al., 
2023; OPHI, 2018b) 

1= yes; 0=No 

SDG 6: Clean 
Water and 
Sanitation 
(OPHI, 2018b) 

Overcrowding 

A household is deprived if there 
are more than three persons 
per room/household was living 
in an overcrowded 
shelter/room with less than 
4.5m 2 per person (Lyons et al., 
2023; OPHI, 2018b) 

1= yes; 0=No  

Access to 
improved 
sanitation18 

The household has unimproved 
or no sanitation facility or it is 
improved but shared with other 

households No improved or 
hygienic sanitation (Fetsum, 
2018; OPHI, 2018b) 

1= yes; 0=No 

SDG 6: Clean 
Water and 
Sanitation 
(OPHI, 2018b) 

Access to 
improved 
hygiene 

A household is deprived if its 
members do not have 
sufficient soap and hygiene 
items (Fetsum, 2018; OPHI, 
2018b) 

1= yes; 0=No  

Availability of 
electricity 

The household has no 
electricity for light (bio gas, 
solar energy) (Fetsum, 2018; 
OPHI, 2018b) 

1= yes; 0=No 

SDG 7: 
Affordable and 
Clean Energy 
(OPHI, 2018b) 

Cooking fuel 
(energy for 
cooking) 

A household cooks using solid 
fuel, such as dung, agricultural 
crop, shrubs, wood, charcoal, or 
coal (Admasu et al., 2021; 
Bitew et al., 2024; OPHI, 2018b) 

1= yes; 0=No 

SDG 7: 
Affordable and 
Clean Energy 
(OPHI, 2018b) 

Information and 
asset ownership 

The household does not own 
more than one of these assets: 
radio, TV, telephone, computer, 
animal cart, bicycle, motorbike, 
or refrigerator, and does not 

1= yes; 0=No 
SDG 1: No 
Poverty (OPHI, 
2018b) 

 

17 A household has access to clean drinking water if the water source is any of the following types: piped water, 
public tap, borehole or pump, protected well, protected spring or rainwater, and it is within 30-minute walk (round 
trip). If a survey report uses other definitions of safe drinking water, we follow the country survey report. 
18 A household is considered to have access to improved sanitation if it has some type of flush toilet or latrine, or 
ventilated improved pit or composting toilet, provided that it is not shared. If a survey report uses other definitions of 
adequate sanitation, we follow the survey report 



TARGETED POVERTY ALLEVIATION IN TIGRAY, ETHIOPIA 

© Data & Evidence to End Extreme Poverty  81 

own a car or truck (OPHI, 
2018b) 

4 

Income 

resource
s 

Precarious work 

A household is deprived if 
members of the household 
begged or engaged in illegal or 
high-risk work 

1= yes; 0=No  

Unemployment 
(no income) 

Any member 15 or older was 
unemployed and looking for 
work within the last 30 days 
(Fetsum, 2018; OPHI, 2018b) 

1= yes; 0=No  

5 

Conflict 
and 
vulnerabil
ity  

Displacement 
status 

Household members are IDPs, 
refugees, or returnees 

1= yes; 0=No  

Exposure to 
violence/insecur
ity 

Household lives in conflict 
zone or feels unsafe 

1= yes; 0=No  

Access to 
humanitarian 
assistance 

No access to essential 
humanitarian aid 

1= yes; 0=No  

Loss of 
livelihood 

Main income source lost due to 
conflict 

1= yes; 0=No  

GBV risk 
Risk or experience of GBV; no 
access to protective services 

1= yes; 0=No  
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Annex C Robustness Analysis of the Poverty 
Cut-off  

A1. Purpose 

The Multidimensional Poverty Index (MPI) requires the specification of a poverty cut-off 𝑘, 

which determines the minimum share of weighted deprivations required for an individual or 

household to be classified as multidimensionally poor. While the global MPI convention 

adopts 𝑘 = 0.333(one-third of total weighted indicators), sensitivity analysis is necessary to 

ensure that empirical findings are not driven by a specific threshold choice. This annex 

evaluates the robustness of poverty identification and ranking results to alternative poverty 

cut-offs. 

A2. Methodological Approach 

Robustness was assessed using rank robustness and sensitivity analysis, following standard 

Alkire–Foster methodology. MPI estimates were recalculated under alternative deprivation 

thresholds: 

𝑘 ∈ {0.20,   0.25,   0.33,   0.40,   0.50} 

For each threshold, the following were recomputed: 

▪ Headcount ratio (𝐻) 

▪ Intensity among the poor (𝐴) 

▪ Total MPI (𝑀𝑃𝐼 = 𝐻 × 𝐴) 

▪ Woreda poverty rankings 

Rank correlations between the baseline threshold (𝑘 = 0.333) and alternative thresholds were 

evaluated using Spearman rank correlation coefficients. 

A3. Results 

The analysis shows strong stability of poverty identification across alternative thresholds: 

▪ Changes in 𝑘primarily affected the level of poverty incidence but not the relative 

ranking of woredas. 

▪ Spearman rank correlations exceeded 0.90 across all tested thresholds, indicating 

high consistency in spatial poverty patterns. 

▪ High-poverty woredas remained consistently classified as the most deprived 

regardless of threshold selection. 

▪ Urban areas remained relatively less deprived under all specifications. 

These results confirm that the spatial distribution and comparative interpretation of 

multidimensional poverty are robust to reasonable variations in the poverty cut-off. 

A4. Interpretation 

The robustness results demonstrate that the choice of 𝑘 = 0.333: 

▪ does not artificially inflate poverty estimates, 
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▪ preserves geographic ranking patterns, 

▪ maintains comparability with global MPI standards, and 

▪ provides a stable basis for policy interpretation. 

Accordingly, the one-third deprivation threshold was retained for the main analysis. 

A5. Implications for Policy Analysis 

Because poverty rankings remain stable across thresholds, policy conclusions derived from 

the MPI maps and small-area estimation models are not sensitive to minor methodological 

choices. This strengthens confidence in geographically targeted interventions and 

comparative monitoring over time 
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Annex D Project contributors (team members) 

This project was delivered by a multidisciplinary team drawn from Mekelle University and the 

Tigray Health Research Institute. The team brought together expertise in data management, 

statistics, economics, health, education, environment, nutrition, gender, monitoring and 

evaluation, and project coordination. This mix of skills allowed the study to combine 

rigorous analytical methods with strong contextual understanding and operational 

experience in Tigray Region. 

The project was led by Dr. Haftu Gebrehiwot, who provided overall leadership, 

methodological direction, and oversight of data management and analysis. Project 

coordination was jointly managed by senior experts from Mekelle University and the Tigray 

Health Research Institute to ensure effective implementation, stakeholder engagement, and 

quality assurance. A team of research assistants contributed specialised expertise across 

thematic areas, supporting data collection, analysis, and interpretation. Financial 

management and compliance were handled by a dedicated finance expert to ensure 

accountable and efficient use of project resources. 

(1) Project leader/manager 

• Dr. Haftu Gebrehiwot (Project Leader/Manager, Data Management, Methodology and 

Data Analysis Expert, Mekelle University), Project Awardee 

(2) Project coordinators 

• Professor Afework Mulugeta (Project Coordinator, Mekelle University) 

• Dr. Mokennen H/Slassie (Tigray Research Health Institute) 

• Dr. Hayelom Kahsay (Project Coordinator, Tigray Research Health Institute) 

(3) Research assistants 

• Dr. Bihon Abrha (Economic Expert, Mekelle University) 

• Dr. Menasbo Gebru (Economic Expert, Mekelle University) 

• Dr. Misgina Gebrehiwot (Education Expert, Mekelle University) 

• Dr. Genet Gelana (Education Expert, Mekelle University) 

• Dr. Hailemariam Takie (Environmental Expert, Mekelle University) 

• Mr. Tsegay Hadgu (Health Expert, Tigray Research Health Institute) 

• Dr. Mokennen H/Slassie (Tigray Research Health Institute) 

• Dr. Hayelom Kahsay (Project Coordinator, Tigray Research Health Institute) 

• Mr. Tsegay Hadgu(Monitoring and Evaluation Expert, Tigray Research Health Institute) 

• Dr. Mokennen H/Slassie (Tigray Research Health Institute) 

• Mr. Birhane Ayele (Health Expert, Tigray Research Health Institute) 

• Mrs. Senait Haddis (Gender Expert, Tigray Research Health Institute) 
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• Dr. Meseret Kidanemariam (Gender Expert, Mekelle University) 

• Mr. Hailay Gebretinsae (Health Expert, Tigray Research Health Institute) 

• Mr. Mulugeta Woldu (Nutrition Expert, Tigray Research Health Institute) 

• Mr. Ataklti Gebresadik (Tigray Research Health Institute) 

• Mr. Hagos Degefa (Nutrition Expert, Tigray Research Health Institute) 

(4) Project finance: 

• Mr. Alemu Kelali (Finance Expert, Tigray Research Health Institute) 


