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Abstract 
 
Nina Petrushkova: A Data-Driven Approach to Identifying and Prioritizing Vulnerable 
Populations for Equitable Disaster Relief Allocation  
Master’s Thesis 
Tallinn University, Tampere University and Lusófona University Master’s 
Programme in Artificial Intelligence for Sustainable Societies  
May 2026 
 
Climate change is intensifying the frequency and severity of natural disasters, with 
consequences that fall disproportionately on communities already burdened by poverty and 
structural inequality. Recent institutional research has documented, for the first time at a global 
scale, the precise geographic overlap between multidimensional poverty and climate hazard 
exposure, confirming that nearly 80 percent of the world's multidimensionally poor people live 
in regions exposed to at least one major climate hazard. However, existing disaster relief 
allocation systems rarely incorporate such structural vulnerability into their prioritization logic, 
instead relying on aggregate disaster metrics such as event frequency or total affected 
population as proxies for need.  
This study addresses that gap by developing a data-driven framework that integrates global 
disaster records with multidimensional measures of socioeconomic vulnerability to evaluate 
how incorporating poverty and inequality into allocation decisions changes who receives 
resources. Using disaster data covering 2000–2026, the Multidimensional Poverty Index, and 
the Inequality-adjusted Human Development Index, the study identifies 53 structurally 
vulnerable countries using a dual-filter classification that combines multidimensional poverty 
(MPI > 0.050) and inequality-adjusted development (IHDI < 0.700), ensuring that selected 
countries exhibit both significant deprivation and limited adaptive capacity. Analysis of 2,589 
climate-related disaster events within these countries reveals that 66.0 percent experience a 
mismatch between the most frequent disaster and the disaster causing the greatest human 
impact. In most cases, floods are the most frequent hazard, while droughts affect the largest 
number of people. 
A simulation comparing conventional frequency-based allocation with a vulnerability-aware 
approach demonstrates significant redistribution of resources. Of the 53 countries, 34 receive 
increased allocation under the vulnerability-aware model, with the strongest gains in the most 
structurally disadvantaged contexts. The correlation between multidimensional poverty (MPI) 
and allocation change is moderate and positive (0.508), indicating that countries with higher 
poverty levels systematically receive greater allocation increases. At the regional level, the 
results reveal a substantial shift in allocation relative to the conventional approach: Africa’s 
share increases from 41.5 to 77.3 percent, while Asia’s decreases from 50.0 to 17.2 percent. 
This reflects the concentration of structural vulnerability in African countries compared to the 
higher exposure but relatively stronger adaptive capacity observed in parts of Asia. 
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These findings demonstrate that integrating multidimensional poverty and inequality into 
allocation frameworks can meaningfully shift disaster-relief prioritization toward the 
populations least equipped to cope with and recover from climate-related disasters. These 
findings suggest that conventional allocation approaches, which prioritize disaster frequency 
and aggregate impact, may underestimate the needs of structurally vulnerable populations. By 
contrast, integrating multidimensional poverty and inequality into allocation frameworks 
enables a more needs-based distribution of resources, with important implications for 
improving the equity and effectiveness of disaster relief in the context of climate change. 
 
 
Keywords: disaster relief allocation, climate change, vulnerability, multidimensional poverty, 
data-driven approach, socioeconomic indicators 
 
The originality of this thesis has been checked using the Turnitin OriginalityCheck service. 
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The AI tools utilised in my thesis, and their purposes are described below: 
 

Names and versions of AI tools: Google Gemini (various models), Anthropic Claude (various 
models), Grammarly. 

 
Purpose of using AI tools: AI tools were used for both editorial support and technical 
assistance. For the written text, AI served as an advanced proofreader, enhancing the academic 
tone, ensuring grammatical accuracy, and improving logical flow and readability across 
sections. For the technical part, AI tools were used in code generation, specifically for Python 
scripts used for data cleaning, data transformation, and the creation of data visualizations. All 
AI-generated text and code suggestions were critically evaluated, tested, and revised by the 
author before final inclusion. 

 
Sections where AI tools were used: Chapters 1–6 (language refinement, proofreading, 
structural revision), Python scripts for data cleaning, transformation, and visualization 
(Chapters 2–4).  

 
I acknowledge that I am fully responsible for the entire content of my thesis, including the 
parts generated by AI, and accept accountability for any violations of ethical standards in 
publications. 
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1. Introduction 

Climate change is increasing the severity and frequency of natural disasters, disproportionately 

affecting the most vulnerable communities. The World Health Organization reports that in the 

last decade, 3.6 billion people lived in highly exposed areas to climate risks, with mortality rates 

from extreme weather events significantly higher in vulnerable regions (World Health 

Organization, 2023). These impacts are not evenly distributed: low-income communities, 

women, children, ethnic minorities, and indigenous populations bear a disproportionate share of 

climate-related risks. Ensuring that disaster relief effectively reaches these groups is therefore 

both an urgent and a normative challenge. 

The scale of this challenge is substantial and growing. The Intergovernmental Panel on Climate 

Change (IPCC, 2022) finds that over 3.3 billion people live in countries with high or very high 

climate vulnerability, and that mortality from floods, droughts, and storms is fifteen times higher 

than in less vulnerable regions. This disparity is driven less by the physical intensity of hazards 

than by underlying structural deprivation. Similarly, the World Bank (2024) estimates that 

approximately 1.2 billion people are at high climate risk due to the combined effects of hazard 

exposure and socioeconomic vulnerability, with risk concentrated in South Asia and Sub-Saharan 

Africa. These findings reinforce calls for disaster response that incorporates climate justice, and 

recall that adaptation and relief must “center the most vulnerable”, who are often the least 

responsible for climate change (United Nations Climate Change Technology Executive 

Committee, 2024). 

Recent research has begun to quantify this intersection between poverty and climate exposure 

with increasing precision. The 2025 Global Multidimensional Poverty Index (MPI) report 

(UNDP & OPHI, 2025) provides the first global analysis overlaying multidimensional poverty 

with climate hazard exposure at a subnational scale. It finds that nearly 80 percent of the world’s 

multidimensionally poor people are exposed to at least one major climate hazard, such as 

extreme heat, flooding, drought, or air pollution, and that many face multiple hazards 

simultaneously while experiencing severe deprivation across health, education, and living 

standards. These findings suggest a shift in how disaster risk is understood: not simply as a 
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function of geography, but as the interaction between environmental exposure and structural 

socioeconomic conditions. 

Despite this growing evidence, disaster relief allocation systems have not kept pace. In practice, 

resource allocation is typically driven by observable disaster metrics such as event frequency, 

total affected population, or geographic scale. While these measures are operationally practical, 

they implicitly assume that the scale of impact is an adequate proxy for need. This assumption is 

problematic in contexts of unequal vulnerability, where communities with stronger institutions 

and resources can recover more effectively than those facing structural deprivation. As a result, 

populations with the lowest adaptive capacity may remain systematically underserved, even 

when allocation systems are functioning as intended (Dönmez et al., 2025; Mostajabdaveh et al., 

2025). 

Advances in artificial intelligence and data-driven methods have created new opportunities to 

improve disaster response. Machine learning models can support hazard prediction, damage 

assessment, and resource optimization (Sun et al., 2020; Kuglitsch et al., 2024). However, most 

existing approaches prioritize efficiency metrics such as speed, coverage, and cost, with limited 

integration of socioeconomic vulnerability into core decision-making logic (Dönmez et al., 

2025). Where equity is considered, it is often implemented through geographic constraints rather 

than explicit measures of poverty or inequality. Moreover, data-driven systems risk reproducing 

existing biases if trained on datasets that underrepresent marginalized populations (Gevaert et al., 

2021; Nost & Colven, 2022). 

This limitation reflects a broader issue in humanitarian logistics. While scholars recognize 

efficiency, effectiveness, and equity as key criteria for evaluating relief distribution (AlQumaizi 

et al., 2023), operational models often prioritize efficiency over equity. As a result, equitable 

resource allocation remains an open research problem (Mostajabdaveh et al., 2025). Structural 

inequalities documented in humanitarian practice are therefore not corrected by data-driven 

systems and may instead be reinforced. 

This creates a critical gap between data availability and its application in decision-making. 

Although detailed disaster records and socioeconomic indicators are widely available, there is a 

limited understanding of how these data can be systematically integrated into allocation models 
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to prioritize vulnerable populations. In particular, it remains unclear how multidimensional 

measures of poverty and inequality can be translated into actionable allocation strategies within 

data-driven frameworks. 

This study addresses this gap by integrating global disaster data with socioeconomic indicators to 

identify vulnerable populations and examine how disaster impacts are distributed across them. It 

further evaluates how incorporating vulnerability into allocation logic affects disaster relief 

prioritization compared to conventional approaches based on frequency or aggregate impact. In 

doing so, the study contributes to the development of more equitable, data-driven frameworks for 

disaster relief allocation in the context of climate change. 

The thesis is guided by the following research questions: 

●​ Main Research Question:​

 How can socioeconomic vulnerability be integrated with disaster data to support more 

equitable disaster relief allocation under climate change? 

●​ Sub-Research Question 1:​

 How can vulnerable populations be identified by combining disaster data with 

socioeconomic indicators? 

●​ Sub-Research Question 2:​

 How does incorporating socioeconomic vulnerability indicators affect disaster relief 

allocation outcomes compared to conventional approaches? 

This study contributes to the literature in several ways. It develops a framework that integrates 

disaster exposure with multidimensional measures of socioeconomic vulnerability, proposes a 

reproducible method for identifying structurally vulnerable countries, and provides empirical 

evidence on how incorporating vulnerability into allocation models reshapes disaster relief 

prioritization. It further quantifies the redistribution effects of vulnerability-informed allocation 

and highlights implications for equitable and data-driven disaster response. 

The remainder of the thesis is structured as follows. Chapter 2 reviews the relevant literature, 

including climate-related disaster dynamics, AI-based disaster response approaches, 

socioeconomic vulnerability frameworks, and structural inequalities in humanitarian aid. Chapter 
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3 outlines the methodology, including data sources, classification approach, and simulation 

design. Chapter 4 presents the results, Chapter 5 discusses their implications and limitations, and 

Chapter 6 concludes. 

2. Literature Review 

2.1 Climate Change and Natural Disasters 

Natural disasters are characterized by their sudden onset, severe impact on human populations, 

and disruption to normal societal functioning (Sun et al., 2020). Emergency Events Database 

(EM-DAT), maintained by the Centre for Research on the Epidemiology of Disasters, classifies 

natural disasters into several major categories: geophysical (earthquakes, volcanic activity, mass 

movements), meteorological (storms, extreme temperatures), hydrological (floods), 

climatological (droughts, wildfires), and biological events (epidemics, insect infestations) 

(Centre for Research on the Epidemiology of Disasters, n.d.). This research focuses on 

climate-related natural disasters (specifically hydrological, meteorological, and climatological 

events), excluding biological and extra-terrestrial events, as these are the hazards most directly 

amplified by anthropogenic climate change. 

 

The relationship between climate change and disaster frequency and intensity is 

well-documented. The Intergovernmental Panel on Climate Change (IPCC, 2022) reports that 

over 3.3 billion people live in countries with high or very high vulnerability to climate change. 

The negative effects of climate change have a disproportionate impact on marginalized 

communities, increasing existing inequalities and threatening sustainable development (IPCC, 

2022). Regions with a very high vulnerability to floods, droughts, and storms, like Mozambique, 

Somalia, Nigeria, Afghanistan, and Haiti, experience an average of fifteen times higher mortality 

due to floods, droughts, and storms than regions with very low vulnerability, such as the United 

Kingdom, Australia, Canada, and Sweden (IPCC, 2022). The World Bank's “Pathways Out of the 

Polycrisis” report (2024) quantifies this burden, finding that nearly one in five people globally, 

18 percent of the world's population, are at high risk from climate hazards. High risk is defined 

as exposure to droughts, floods, heatwaves, and cyclones combined with socioeconomic 

vulnerability across income, education, and access to basic services (World Bank, 2024). This 
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disproportionate impact reflects not merely geographic exposure but the compounding effect of 

existing socio-economic inequalities. The severity of the environmental shocks is determined not 

only by geographic exposure but also primarily by the existing socio-economic conditions 

(World Bank, 2024). Climate change, then, is not only an ecological threat but a systemic trigger 

that worsens inequalities. Vulnerability is multidimensional and is determined by the overlapping 

socio-economic inequalities that essentially reduce the adaptive capacity of a community (IPCC, 

2022).  

Climate change thus acts as a “threat multiplier” that interacts with and intensifies pre-existing 

development deficits (IPCC, 2022). Geographic hotspots of human vulnerability are concentrated 

in South Asia and Sub-Saharan Africa, where overlapping deprivations in health, education, and 

living standards reduce adaptive capacity (World Bank, 2024; UNDP & OPHI, 2025). These 

results highlight that disaster vulnerability is not solely a matter of environmental conditions but 

is, at its core, shaped by socio-economic factors, requiring response frameworks that address 

structural inequalities. 

2.2 Applications of Artificial Intelligence in Disaster Relief  Distribution 

The commonly used frame of reference in disaster management studies is described by Sun et al 

(2020) in Figure 1. It consists of a four-phase cycle: mitigation, preparedness, response, and 

recovery. The scope of this research focuses specifically on the response phase: the period during 

and immediately following a disaster when life-saving interventions must be delivered rapidly 

and equitably.  
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Figure 1. Four phases of disaster management. (Source: Sun et al, 2020, Applications of 

artificial intelligence for disaster management) 

 

Artificial intelligence has emerged as a transformative technology in disaster management, with 

applications spanning all phases of the disaster cycle. Sun et al. (2020) provide a comprehensive 

overview of AI methods deployed across disaster management activities, categorizing techniques 

by both the AI approach (machine learning, optimization, computer vision, natural language 

processing) and the disaster management function served (event mapping, damage assessment, 

rescue operations, resource allocation, information systems, and understanding public response). 

 

Figure 2 demonstrates that certain AI techniques are preferred for specific disaster management 

stages. Machine learning methods, including supervised learning algorithms such as random 

forests, support vector machines, and neural networks, are predominantly used for predictive 

tasks such as hazard forecasting and damage assessment (Sun et al., 2020). Optimization 

algorithms, including genetic algorithms, linear programming, and reinforcement learning, are 

more commonly applied to resource allocation and logistics problems (Sun et al., 2020). 
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Figure 2. Applications of artificial intelligence in disaster management. (Source: Sun et al, 2020, 

Applications of artificial intelligence for disaster management) 

Within the disaster response phase specifically, AI applications for resource allocation have seen 

significant growth in recent literature. These applications can be broadly categorized into 

prediction-based systems and optimization-based systems. Prediction-based approaches use 

machine learning to forecast resource needs. For instance, studies have employed multilayer 

perceptions to estimate relief supply demand in urban flood disasters based on historical disaster 

data and real-time environmental conditions (Sun et al., 2020). Computer vision techniques, 

particularly convolutional neural networks, are used to automatically identify infrastructure 

damage through satellite or aerial imagery, thereby informing resource deployment priorities 

(Kaur et al., 2023). 

Natural language processing methods analyze social media data to identify disaster-affected 

areas and their immediate needs (Powers et al., 2023), enabling rapid situational awareness. 

Optimization-based approaches address the logistical challenge of distributing limited resources 

under time and capacity constraints. Gazzea et al. (2023) used AI to analyze traffic patterns 
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during hurricanes, identifying optimal sensor placement and, by extension, staging areas for 

relief supplies. Yu et al. (2018) proposed a dynamic programming-based model that explicitly 

incorporates a “deprivation cost” metric, an economic proxy for human suffering caused by 

delays in aid delivery. This model penalizes outcomes where vulnerable victims wait longest, 

thereby prioritizing aid to those in greatest need. Similarly, multi-objective optimization 

approaches balance competing goals such as minimizing delivery time, reducing transportation 

risks, and ensuring geographic equity (AlQumaizi et al., 2023). 

 

The humanitarian logistics literature has established three core criteria for evaluating relief 

distribution: efficiency (cost and delivery time), effectiveness (service quality and coverage), and 

equity (fairness in allocation across communities) (AlQumaizi et al., 2023; Yu et al., 2018). This 

framework reflects growing recognition that mathematically optimal solutions must also be 

morally defensible, especially in life-or-death resource scarcity contexts. Effectiveness is often 

operationalized through metrics such as coverage rate (percentage of affected population 

reached) or deprivation cost (total suffering due to delays), while equity relates to distributing 

resources proportionally to need rather than equally across all affected areas (Yu et al., 2018). 

 

However, recent studies employing AI for disaster relief distribution reveal significant 

methodological and practical limitations. Sheeba et al.'s study on AI-driven predictive resource 

allocation noted that model performance is highly dependent on data quality: when datasets are 

“incomplete or biased (e.g., underrepresentation of certain regions or socioeconomic groups), the 

model's predictions may be inaccurate or unfair” (Sheeba et al, 2025). Similarly, research on 

utilizing microblogs for real-time resource allocation found that social media-based approaches 

face fundamental challenges: “extracting data from social media is highly challenging because 

there are more conversational posts. Information regarding exact quantities or precise locations is 

often missing or not detailed enough” (Basu et al, 2022). Studies leveraging platforms like 

Twitter for disaster needs assessment create a “dangerous platform dependency where disaster 

management could be crippled if a specific social network goes down or restricts its data access” 

(Bhoi et al, 2025). 
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2.3 Climate Change and Vulnerability 

To operationalize and map vulnerability for disaster relief, academic and institutional 

frameworks have shifted away from unidimensional, income-based poverty lines. One of them is 

the Multidimensional Poverty Index (MPI), created by the Oxford Poverty and Human 

Development Initiative (OPHI) and the United Nations Development Programme (UNDP). The 

MPI measures overlapping deprivations at the household level across health, education, and 

living standards using the Alkire-Foster method (OPHI, 2025; UNDP & OPHI, 2024). Figure 3 

shows how the dimensions are further broken down into ten indicators, including nutrition, child 

mortality, schooling, cooking fuel, etc. 

 

Figure 3. Composition of the global MPI – dimensions and indicators (Source: OPHI 2018 as 

cited in Alkire et al, 2025, The global Multidimensional Poverty Index (MPI) 2025: Country 

results and methodological note)  

Populations that have high MPI scores are less equipped to absorb, respond to, and recover from 

disaster-related shocks, making multidimensional poverty a key predictor of climate-related 

disaster mortality (UNDP & OPHI, 2025). Critically for disaster contexts, the MPI dimensions 

capture precisely the material conditions that shape adaptive capacity: households without 

electricity cannot access early warning systems; households without sanitation face heightened 

disease risk when water systems are disrupted by flooding; nutritionally deprived households are 

more susceptible to health crises that follow disasters (UNDP & OPHI, 2025). 
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Macroscopic metrics often mask critical marginalization. To address this, the Inequality-adjusted 

Human Development Index (IHDI) is applied to correct the standard HDI of a country based on 

its domestic inequalities in health, education, and income distribution (United Nations, 2011; 

UNDP, 2025). Figure 4 shows how the dimensions, indicators and how IHDI is calculated. 

 

Figure 4. Calculating the human development indices—graphical presentation. 

Inequality-adjusted Human Development Index (IHDI) (Source: UNDP, 2025, Human 

Development Report 2025 technical notes) 

The combination of these indicators provides a multidimensional view of vulnerability that is 

more suitable for disaster relief contexts than income alone. Countries with both high MPI 

(widespread multidimensional poverty) and low IHDI (high inequality within development 

outcomes) represent contexts where disaster response systems face the greatest challenges: not 

only are large segments of the population deprived of basic resources, but the distribution of 

what resources exist is highly unequal. 

In addition to the MPI, the World Bank's “Poverty, Prosperity, and Planet” report quantifies the 

number of people at high risk from climate-related hazards. This metric defines high-risk 

individuals as those exposed to certain hazards (droughts, floods, heatwaves, and cyclones) and 

who also show vulnerability in at least one of the seven dimensions, as illustrated in the figure 

below (World Bank, 2024).  
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Figure 5. Measuring the vulnerability of people at high risk from climate-related hazards. 

(Source: World Bank, World Bank Group Scorecard indicator: the percentage of people at high 

risk of climate-related hazards globally cited in World Bank, 2024, Poverty, Prosperity, and 

Planet Report 2024: Pathways Out of the Polycrisis) 

The report concludes that almost 18 percent of the world population, or one out of five 

individuals, are at high risk due to climate-related hazards (World Bank, 2024). Geographic 

analysis shows that South Asia is one of the most vulnerable regions, with almost 32 percent of 

the population at high risk, and in Sub-Saharan Africa, vulnerability is due to low development, 

with more than half of the population having no access to basic services, including electricity and 

sanitation (World Bank, 2024).  

Although the World Bank methodology differs from OPHI's hazard-overlap approach — using a 

broader socioeconomic vulnerability definition rather than gridded climate data — both converge 

on the same geographic hotspots and the same core conclusion: disaster vulnerability is 

inseparable from multidimensional poverty and inequality  
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2.4 Structural Inequalities in Disaster Relief  

Scholars in disaster sociology and climate adaptation emphasize structural inequalities embedded 

in aid systems. Marginalized groups defined by poverty, race/ethnicity, gender, disability, and 

geographic isolation are frequently underserved by relief efforts (Chi et al., 2019; IPCC, 2022). 

Chi et al. (2019) found in a qualitative study of aid distribution in Uganda that while 

humanitarian stakeholders recognize vulnerability conceptually, “a substantial segment” of 

marginalized groups went largely untargeted by major aid programs. Barriers to equitable 

provision include poor understanding of equity among responders, lack of disaggregated data 

about at-risk groups, and political or bureaucratic bias in directing aid (Chi et al., 2019). 

Humanitarian organizations have traditionally prioritized aid to certain vulnerable groups, 

primarily women and children, over others, such as elderly populations, reflecting what some 

scholars term a “hierarchical framework” of deservingness (Hachem et al., 2022). Research on 

older Syrian refugees in Lebanon found that “humanitarian organizations often prioritize aid to 

other vulnerable groups, mainly women and children, over older people,” resulting in systematic 

exclusion of elderly populations whose needs differ substantively from younger cohorts (Hachem 

et al., 2022). This prioritization, while rooted in legitimate protection concerns (women and 

children face heightened risks of gender-based violence and exploitation during crises), may not 

align with cultural definitions of vulnerability in all contexts. Evidence from pastoral 

communities in East Africa suggests that elders hold positions of authority and are prioritized by 

local redistribution norms, yet are overlooked by external humanitarian frameworks that impose 

universalized vulnerability categories (Hachem et al., 2022; van Boetzelaer et al., 2023). 

This cultural misalignment raises a critical question for AI-based disaster relief systems: whose 

definitions of vulnerability are encoded into algorithmic decision-making? If AI models are 

trained on historical aid distribution data that reflects Western prioritization schemas, they risk 

automating culturally inappropriate allocations that communities may not accept or that fail to 

reach those locally understood as most vulnerable. 

Recent scholarship on algorithmic fairness in disaster contexts highlights the risk of AI systems 

replicating and amplifying existing inequalities. Gevaert et al. (2021) observe that despite the 

growing deployment of AI in Disaster Risk Management, there remains “little understanding” of 
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how hidden biases in data may skew these models. They note a troubling disconnect between 

algorithm developers often operating in data-rich, well-resourced institutions - and the local 

communities where these tools will be deployed (Gevaert et al., 2021). When practitioners are 

uninformed about the socio-spatial contexts of their systems, solutions may perform well on 

aggregate metrics while failing to serve marginalized groups (Gevaert et al., 2021). 

Nost and Colven (2022) extend this critique through a political ecology lens, arguing that 

data-driven climate initiatives can unintentionally reproduce existing injustices. Their analysis of 

“climate AI” finds that without deliberate equity safeguards, AI tends to mirror power dynamics 

and biases present in training data (Nost & Colven, 2022). When vulnerable populations are 

systematically underrepresented in historical datasets due to the digital divide, geographic 

remoteness, or institutional neglect, AI systems trained on these datasets will systematically 

under-allocate resources to those groups, effectively “automating inequality” (Nost & Colven, 

2022). The United Nations Climate Change Technology Executive Committee (2024) cautions 

that if AI tools are integrated into disaster response without equity mechanisms, they risk 

deepening social divides. 

Empirical evidence supports these theoretical concerns. Current AI disaster relief models 

prioritize optimization metrics: speed, cost, coverage, with limited integration of social 

vulnerability indicators into decision logic (Dönmez et al., 2025). Where equity is addressed, it 

typically takes the form of basic geographic constraints (ensuring all regions receive some aid) or 

minimum-threshold rules, rather than being tied to demographic vulnerabilities or deprivation 

levels (Dönmez et al., 2025). Mostajabdaveh et al. (2025) note that “equitable relief distribution 

remains an open research area” in humanitarian operations, a gap that is equally pronounced in 

AI-enabled systems. 

Taken together, these four bodies of literature identify a clear and pressing gap. Climate change 

is intensifying disasters and concentrating their impacts on structurally vulnerable populations. 

Data-driven and AI-based tools offer powerful capabilities for improving disaster response, but 

existing approaches fail to systematically integrate the socioeconomic vulnerability indicators 

that could direct resources toward the most at-risk populations. Structural inequalities 

documented in humanitarian aid practice are not corrected by data-driven systems; without 
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deliberate design, they risk being reproduced. The emerging research agenda on poverty–climate 

overlap provides both the empirical foundation and the methodological tools to address this. This 

study contributes to that agenda by embedding multidimensional vulnerability indicators directly 

into an allocation simulation framework and evaluating the distributional consequences. 

To synthesize these strands of literature, this thesis adopts a conceptual framework that integrates 

disaster exposure, structural vulnerability, and allocation decision-making. Disaster risk is 

shaped not only by hazard occurrence but also by underlying socioeconomic conditions, yet 

existing allocation systems predominantly rely on efficiency-based metrics that overlook these 

structural inequalities. At the same time, while data-driven approaches offer opportunities to 

improve disaster response, they may reproduce existing biases if vulnerability is not explicitly 

incorporated. 

The framework, therefore, links disaster exposure, measured through hazard frequency and 

impact, with socioeconomic vulnerability, captured through multidimensional poverty (MPI) and 

inequality (IHDI). These inputs inform two alternative allocation logics: a conventional 

exposure-based approach and a vulnerability-informed approach that prioritizes populations with 

lower adaptive capacity. 
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Figure 6. Conceptual framework for vulnerability-informed disaster relief allocation. 

Figure 6 illustrates this framework, showing how the integration of exposure and vulnerability 

shapes allocation decisions and ultimately influences the distribution of disaster relief resources. 

Building on the identified gaps in the literature, this study contributes by operationalizing 

vulnerability as a measurable component within allocation models. While prior research 

recognizes vulnerability as a critical factor, it is rarely incorporated directly into allocation logic. 

This study addresses that limitation by explicitly linking socioeconomic indicators with 

allocation decision-making. 
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3. Methodology 

Methodologically, this study introduces a dual-filter classification approach based on the 

Multidimensional Poverty Index (MPI) and the Inequality-adjusted Human Development Index 

(IHDI) to identify structurally vulnerable countries in a transparent and reproducible manner. 

This approach provides a systematic way of operationalizing vulnerability for use in disaster 

relief allocation models. 

3.1 Data Sources 

This study integrates disaster data with socioeconomic indicators to support a 

vulnerability-informed analysis of disaster impacts and resource allocation. Disaster data were 

obtained from the Emergency Events Database (EM-DAT), covering the period 2000–2026. The 

dataset includes information on disaster type, location, year, and impact measures, including total 

deaths and total affected population. 

EM-DAT was selected for its standardized, globally comparable disaster records, which use ISO 

country codes and enable integration with socioeconomic datasets. It applies consistent inclusion 

criteria and is widely used by international organizations such as the IPCC, UNDRR, and the 

World Bank. 

Socioeconomic data were sourced from the United Nations Development Programme (UNDP) 

and OPHI, including: Multidimensional Poverty Index (MPI); Human Development Index 

(HDI); and Inequality-adjusted Human Development Index (IHDI). These datasets were used to 

provide complementary measures of structural vulnerability, including poverty, development 

level, and inequality. 

3.2 Data Cleaning and Harmonization 

The EM-DAT dataset was cleaned to retain relevant variables, including disaster type, country, 

ISO country code, year, total deaths, and total affected population. Only climate-related natural 

disasters were included, specifically floods, storms, droughts, wildfires, and extreme temperature 

events, corresponding to hydrological, meteorological, and climatological categories. Biological, 
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extraterrestrial, and geophysical disasters were excluded to maintain focus on climate-related 

hazards. After filtering, 8,946 disaster events remained across 217 countries. 

To enable integration across datasets, all data sources were harmonized using ISO country codes 

and year as common identifiers. Because socioeconomic indicators are not available annually for 

all countries, the most recent available values for each country (typically from 2013 to 2023) 

were used and applied across disaster records. This approach assumes that structural 

vulnerability changes gradually relative to the occurrence of disasters. 

The MPI, HDI, and IHDI datasets were first merged into a single socioeconomic dataset 

covering 204 countries. This dataset was then joined with the EM-DAT dataset using a left join, 

ensuring that all disaster events were retained and that the available socioeconomic context was 

incorporated. 

3.3 Identification of Vulnerable Populations and Feature Construction 

To address Sub-Research Question 1, a threshold-based classification was used to identify 

vulnerable countries, and two criteria were applied. 

 

●​ First, countries with IHDI < 0.700 were selected, capturing those with lower human 

development when inequality is taken into account. This threshold excludes countries 

with high and very high development, which typically have stronger institutional capacity 

and resilience. 

The IHDI ranges from 0 to 1, with higher values indicating better human development outcomes 

adjusted for inequality. The United Nations Development Programme classifies countries into 

four human development categories based on HDI values: very high (HDI ≥ 0.800), high (0.700 

≤ HDI < 0.800), medium (0.550 ≤ HDI < 0.700), and low (HDI < 0.550) (UNDP, 2025). 

This study established an IHDI threshold of 0.700 to exclude countries with “high” and “very 

high” human development, retaining only those classified as “medium” or “low.” This threshold 

reflects the empirical reality that countries with IHDI values above 0.700 generally possess 

stronger institutional capacity, more resilient infrastructure, and more robust social safety nets to 

manage disaster response (UNDP, 2025). By contrast, countries with IHDI < 0.700 exhibit 
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substantial internal inequality, meaning that even if national averages suggest moderate 

development, significant subpopulations experience severe deprivation that undermines disaster 

resilience (UNDP, 2025). 

●​ Second, countries with an MPI > 0.050 were selected to identify those with significant 

multidimensional poverty. This threshold captures countries experiencing non-negligible 

deprivation across health, education, and living standards. 

The MPI value ranges from 0 (no poverty) to 1 (complete deprivation in all indicators), with the 

value representing the product of poverty incidence (percentage of population that is 

multidimensionally poor) and poverty intensity (average deprivation score among the poor) 

(OPHI, 2025). 

The threshold of MPI > 0.050 was selected to identify countries where multidimensional poverty 

is sufficiently prevalent and intense to constitute a systemic barrier to disaster resilience. To 

contextualize this threshold: the global MPI average across all countries with available data is 

approximately 0.117, while the median is approximately 0.082 (UNDP & OPHI, 2024). A 

threshold of 0.050 captures countries experiencing non-negligible multidimensional poverty 

while excluding only those with near-zero poverty rates (predominantly high-income countries in 

Europe and North America). 

Countries with MPI > 0.050 have substantial populations experiencing simultaneous deprivations 

in health (nutrition, child mortality), education (schooling, attendance), and living standards 

(access to water, sanitation, electricity, cooking fuel, housing, assets) (UNDP & OPHI, 2024). 

These overlapping deprivations directly reduce adaptive capacity to climate shocks: households 

lacking adequate nutrition are more vulnerable to disease outbreaks that follow floods; 

households without electricity cannot access early warning systems; households without 

sanitation infrastructure face heightened health risks when water systems are contaminated by 

disasters (UNDP & OPHI, 2025). 

Countries meeting both criteria were classified as structurally vulnerable. This dual-filter 

approach ensures that vulnerability captures both inequality and absolute deprivation. Applying 

these thresholds identified 53 vulnerable countries, concentrated primarily in Sub-Saharan 

Africa, South and Southeast Asia, Latin America and the Caribbean, and Oceania. 
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Disaster records were then filtered to include only events occurring within these countries, 

yielding 2,589 climate-related disaster events. These data were used to construct key analytical 

variables, including disaster frequency, total mortality, and total affected population. 

To examine temporal patterns, the dataset was divided into a historical period (2000–2019) and a 

recent period (2020–2026), and annual averages were computed for each period. 

3.4 Analysis of Disaster Impact Patterns 

To better understand how disaster risk manifests in vulnerable contexts, the analysis focused on 

two key dimensions: the most frequent disasters, measured by event counts, and the most 

impactful disasters, measured by the number of people affected and by mortality. Examining 

these dimensions in parallel enables the identification of mismatches between disaster frequency 

and impact.  

 

Such mismatches reveal the limitations of conventional allocation strategies. Approaches that 

prioritize disaster frequency may overlook events that, although less frequent, have more severe 

human consequences. Incorporating impact-based measures, therefore, offers a more 

comprehensive understanding of disaster risk among vulnerable populations. 

3.5 Simulation of Disaster Relief Allocation (Sub RQ2) 

To address Sub-Research Question 2, a simulation-based approach was used to compare 

disaster-relief allocation under two prioritization strategies. Specifically, two allocation scenarios 

were defined to examine how the inclusion of socioeconomic vulnerability influences allocation 

outcomes. 

The first scenario represents a conventional approach in which resources are allocated based on 

aggregate disaster metrics, such as event frequency or the total number of people affected. This 

reflects common practices that prioritize efficiency and coverage without explicitly accounting 

for socioeconomic vulnerability. 

The second scenario adopts a vulnerability-aware approach, in which resource allocation is 

determined using a weighted framework that adjusts disaster frequency by a composite 
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vulnerability score. Formally, for each country i, the Multidimensional Poverty Index (MPIᵢ) and 

the Inequality-adjusted Human Development Index (IHDIᵢ) are used to construct a measure of 

structural vulnerability. The poverty component is first normalised as: 

M̃ᵢ = MPIᵢ / max(MPI�) 

where M̃ᵢ represents the normalised multidimensional poverty level of country i, and 

max(MPI�) is the maximum MPI value across all countries j in the dataset. The 

inequality-adjusted development component is transformed as: 

H̃ᵢ = 1 − IHDIᵢ 

where H̃ᵢ captures the degree of inequality-adjusted vulnerability, with lower IHDI values 

corresponding to higher vulnerability. These two components are combined to form a composite 

vulnerability score: 

Vᵢ = (M̃ᵢ + H̃ᵢ) / 2 

where Vᵢ represents the overall structural vulnerability of country i. This score is then used to 

weight the baseline disaster metric Dᵢ, where Dᵢ denotes the disaster frequency (or total affected 

population) for country i, producing a weighted allocation score: 

Sᵢ = Dᵢ × Vᵢ 

Finally, the allocation share for each country is obtained by normalising these scores: 

Aᵢ = Sᵢ / Σ� S� 

where Aᵢ represents the proportion of total resources allocated to country i, and the denominator 

sums the weighted scores across all countries j. This formulation ensures that countries with 

higher poverty and lower inequality-adjusted development receive proportionally greater 

allocation, thereby prioritising populations with lower adaptive capacity. 
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3.6 Comparative Analysis 

The outcomes of the two allocation approaches were compared to assess differences in 

country-level prioritization, shifts in overall resource allocation patterns, and the extent to which 

vulnerable populations receive greater attention. 

This comparative analysis provides a basis for assessing how incorporating socioeconomic 

vulnerability alters allocation decisions compared with conventional approaches. Together, the 

identification of vulnerable populations (Sub RQ1) and the simulation of allocation strategies 

(Sub RQ2) form a coherent framework for integrating vulnerability into disaster-relief 

decision-making. 

 

4. Results 

4.1 Identification of Vulnerable Communities 

The identification of vulnerable populations was achieved by integrating disaster data from 

EM-DAT with socioeconomic indicators, specifically the Multidimensional Poverty Index (MPI) 

and the Inequality-adjusted Human Development Index (IHDI). This combined dataset enabled 

the systematic classification of countries by both their exposure to disasters and their structural 

capacity to cope with and recover from such events.  

Application of the dual-filter classification (MPI > 0.050 and IHDI < 0.700) identified 53 

vulnerable countries out of 204 countries with available socioeconomic data. Figure 7 displays 

the distribution of all countries by MPI and IHDI values, with the vulnerable countries 

highlighted in the quadrant meeting both threshold criteria. The identified countries are 

concentrated in Sub-Saharan Africa (37 countries), South & Southeast Asia (10 countries), Latin 

America and the Caribbean (3 countries), and Oceania (3 countries).  
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Figure 7. Dual-filter classification of structurally vulnerable countries based on MPI and IHDI 

thresholds. Countries in the lower-right quadrant (MPI > 0.050 and IHDI < 0.700) are 

classified as vulnerable (n = 53).  

The results show a clear concentration of vulnerability in a subset of countries characterized by 

high multidimensional poverty and low inequality-adjusted development. As shown in Table 1, 

countries such as Chad, Niger, the Central African Republic, Burundi, and Madagascar exhibit 

particularly high MPI values alongside very low IHDI scores. These conditions reflect severe 

deprivation and unequal access to resources, indicating limited adaptive capacity in the face of 

disasters. 

Table 1: List of the 53 Structurally Vulnerable Countries and their Regions 

No. ISO Country Region MPI IHDI 
1 AFG Afghanistan South & Southeast Asia 0.360 0.321 
2 AGO Angola Sub-Saharan Africa 0.282 0.360 
3 BDI Burundi Sub-Saharan Africa 0.409 0.286 
4 BEN Benin Sub-Saharan Africa 0.290 0.316 

28 



 

5 BFA Burkina Faso Sub-Saharan Africa 0.343 0.273 
6 BGD Bangladesh South & Southeast Asia 0.067 0.482 
7 BWA Botswana Sub-Saharan Africa 0.073 0.509 
8 CAF Central African Republic Sub-Saharan Africa 0.461 0.253 
9 CIV Côte d’Ivoire Sub-Saharan Africa 0.210 0.350 
10 CMR Cameroon Sub-Saharan Africa 0.232 0.361 
11 COD Congo (DRC) Sub-Saharan Africa 0.331 0.341 
12 COG Congo Sub-Saharan Africa 0.112 0.426 
13 COM Comoros Sub-Saharan Africa 0.084 0.356 
14 ETH Ethiopia Sub-Saharan Africa 0.367 0.326 
15 GHA Ghana Sub-Saharan Africa 0.113 0.399 
16 GIN Guinea Sub-Saharan Africa 0.373 0.302 
17 GMB Gambia Sub-Saharan Africa 0.198 0.329 
18 GNB Guinea-Bissau Sub-Saharan Africa 0.341 0.331 
19 GTM Guatemala Latin America & Caribbean 0.134 0.479 
20 HND Honduras Latin America & Caribbean 0.051 0.496 
21 HTI Haiti Latin America & Caribbean 0.200 0.337 
22 IND India South & Southeast Asia 0.069 0.475 
23 KEN Kenya Sub-Saharan Africa 0.113 0.456 
24 KHM Cambodia South & Southeast Asia 0.070 0.444 
25 KIR Kiribati Oceania 0.080 0.535 
26 LAO Lao PDR South & Southeast Asia 0.082 0.462 
27 LBR Liberia Sub-Saharan Africa 0.259 0.326 
28 LSO Lesotho Sub-Saharan Africa 0.106 0.357 
29 MDG Madagascar Sub-Saharan Africa 0.386 0.319 
30 MLI Mali Sub-Saharan Africa 0.376 0.281 
31 MMR Myanmar South & Southeast Asia 0.176 0.477 
32 MOZ Mozambique Sub-Saharan Africa 0.334 0.297 
33 MRT Mauritania Sub-Saharan Africa 0.327 0.374 
34 MWI Malawi Sub-Saharan Africa 0.231 0.365 
35 NAM Namibia Sub-Saharan Africa 0.185 0.438 
36 NER Niger Sub-Saharan Africa 0.470 0.265 
37 NGA Nigeria Sub-Saharan Africa 0.175 0.379 
38 NPL Nepal South & Southeast Asia 0.085 0.437 
39 PAK Pakistan South & Southeast Asia 0.198 0.364 
40 PNG Papua New Guinea Oceania 0.263 0.423 
41 RWA Rwanda Sub-Saharan Africa 0.231 0.399 
42 SDN Sudan Sub-Saharan Africa 0.279 0.328 
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43 SEN Senegal Sub-Saharan Africa 0.226 0.340 
44 SLE Sierra Leone Sub-Saharan Africa 0.293 0.281 
45 TCD Chad Sub-Saharan Africa 0.517 0.252 
46 TGO Togo Sub-Saharan Africa 0.180 0.363 
47 TLS Timor-Leste South & Southeast Asia 0.222 0.451 
48 TZA Tanzania Sub-Saharan Africa 0.221 0.391 
49 UGA Uganda Sub-Saharan Africa 0.281 0.400 
50 VUT Vanuatu Oceania 0.117 0.521 
51 YEM Yemen South & Southeast Asia 0.188 0.325 
52 ZMB Zambia Sub-Saharan Africa 0.232 0.361 
53 ZWE Zimbabwe Sub-Saharan Africa 0.110 0.406 

 

Importantly, the analysis shows that vulnerability is not evenly distributed across countries but is 

geographically concentrated, particularly in Sub-Saharan Africa and parts of South Asia. This 

finding reinforces the argument that disaster risk is not solely determined by hazard exposure but 

is strongly shaped by underlying socioeconomic conditions. 

Furthermore, using both MPI and IHDI provides a multidimensional perspective on 

vulnerability. While MPI captures overlapping deprivations in health, education, and living 

standards, IHDI reflects inequality in the distribution of these outcomes. Together, these 

indicators enable a more comprehensive identification of vulnerable populations than traditional 

single-dimensional measures. 

 

Overall, the results suggest that combining disaster data with socioeconomic indicators is an 

effective approach to identifying structurally vulnerable populations. This provides a robust 

empirical foundation for the subsequent analysis of how to incorporate such vulnerability into 

disaster relief allocation. 

 4.2 Disaster Patterns in Vulnerable Countries 

Within the 53 vulnerable countries, 2,589 climate-related disaster events were recorded between 

2000 and 2026. Floods account for the majority of events (1,532), followed by storms (529), 

mass movements (203), and droughts (186). However, when disaster impact is measured in terms 

of total people affected, a different pattern emerges. Droughts are the most impactful disaster 
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type, affecting approximately 1.12 billion people, followed by floods (approximately 700 

million) and storms (approximately 159 million).  

Figure 8 compares annualized disaster frequency between the historical period (2000–2019) and 

the recent period (2020–2026). Storms show the most notable increase in frequency, rising from 

18.2 to 25.1 events per year, while mass movements have also increased. Other disaster types 

show relatively stable or slightly declining trends. 

 

Figure 8. Disaster Frequency by Type in Vulnerable Countries: Historical vs. Recent 

These findings highlight a critical distinction between disaster frequency and disaster impact. 

While floods occur most frequently, droughts have the greatest cumulative impact on affected 

populations, affecting approximately 1.12 billion people. This divergence demonstrates that 

disaster frequency does not reliably reflect the scale of human need. In particular, less frequent 

hazards such as droughts can produce more severe and prolonged impacts on vulnerable 

populations, particularly in relation to food security, livelihoods, and displacement. As a result, 

allocation approaches based solely on frequency may underestimate the true severity of disaster 

risk, providing a clear empirical basis for comparing frequency-based and vulnerability-informed 

allocation models. 
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Figures 9a and 9b illustrate the distribution of disaster impacts across hazard types, measured by 

total affected population. While floods and storms occur most frequently, droughts emerge as the 

most impactful hazard, affecting the largest number of people over the study period. This 

indicates that the scale of human impact is not necessarily aligned with the frequency of 

occurrence. 

The figure below shows that storms, extreme temperatures, glacial lake outbursts, and wildfires 

have had the highest impacts over the last 6 years. The droughts, floods, and storms are the most 

impactful threats. Over the past few years, the number of people in vulnerable countries 

impacted by these three hazards has been highest in absolute terms, with the numbers reaching 

millions.  

 

Figure 9a: High Impact Disasters by People Affected (top 5) 
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Figure 9b: High Impact Disasters by People Affected (zoomed scale) 

These findings highlight an important limitation of frequency-based assessments of disaster risk. 

Allocation approaches that prioritize frequent hazards may underestimate the significance of less 

frequent but more damaging events, particularly in vulnerable contexts where even a single 

large-scale disaster can have severe consequences. 

4.3 Frequency-Impact Mismatch 

A central finding of this analysis is the mismatch between the most frequent disaster type and the 

most impactful disaster type at the country level. As shown in Figure 10, 35 out of 53 vulnerable 

countries (66%) exhibit this mismatch. In most cases, floods are the most frequent disasters, 

while droughts have the greatest impact in terms of total affected population. 
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Figure 10: Alignment between the most frequent and most impactful disasters 

This pattern suggests that vulnerability is not only a function of exposure to frequent hazards but 

also of sensitivity to high-impact events. While communities may develop coping mechanisms 

for regularly occurring disasters such as floods, they remain highly exposed to less frequent but 

more severe hazards such as droughts, which have broader and longer-term effects on 

livelihoods, food security, and displacement. 

Table 2 provides a detailed list of the countries where this mismatch occurs. The prevalence of 

this pattern indicates that disaster risk assessments based solely on frequency may fail to capture 

the true distribution of human impact. 

Table 2: Countries with a Mismatch Between Most Frequent and Most Impactful Disaster Types 

 

No. Country Most Frequent 

Disaster 

Most Impactful 

Disaster 

Mismatch Type 

1 Afghanistan Flood Drought Flood → Drought 

2 Angola Flood Drought Flood → Drought 

3 Bangladesh Storm Flood Storm → Flood 

4 Burkina Faso Flood Drought Flood → Drought 

5 Burundi Flood Drought Flood → Drought 
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6 Cameroon Flood Drought Flood → Drought 

7 Central African 

Republic 

Flood Drought Flood → Drought 

8 Chad Flood Drought Flood → Drought 

9 Congo (DRC) Flood Drought Flood → Drought 

10 Ethiopia Flood Drought Flood → Drought 

11 Gambia Flood Drought Flood → Drought 

12 Guinea-Bissau Flood Drought Flood → Drought 

13 Haiti Flood Storm Flood → Storm 

14 Honduras Flood Storm Flood → Storm 

15 India Flood Drought Flood → Drought 

16 Kenya Flood Drought Flood → Drought 

17 Kiribati Flood Storm Flood → Storm 

18 Liberia Flood Other Flood → Other 

19 Malawi Flood Drought Flood → Drought 

20 Mali Flood Drought Flood → Drought 

21 Mauritania Flood Drought Flood → Drought 

22 Mozambique Flood Drought Flood → Drought 

23 Myanmar Flood Storm Flood → Storm 

24 Namibia Flood Drought Flood → Drought 

25 Niger Flood Drought Flood → Drought 

26 Nigeria Flood Drought Flood → Drought 

27 Papua New 

Guinea 

Flood Drought Flood → Drought 
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28 Rwanda Flood Drought Flood → Drought 

29 Senegal Flood Drought Flood → Drought 

30 Sudan Flood Drought Flood → Drought 

31 Tanzania Flood Drought Flood → Drought 

32 Timor-Leste Flood Storm Flood → Storm 

33 Uganda Flood Drought Flood → Drought 

34 Zambia Flood Drought Flood → Drought 

35 Zimbabwe Flood Drought Flood → Drought 

These findings provide a key empirical justification for the subsequent comparison of allocation 

models. If allocation decisions are based primarily on disaster frequency, they may misrepresent 

actual need. Incorporating vulnerability and impact measures into allocation frameworks is, 

therefore, necessary to better align resource distribution with real-world consequences. 

4.4 Effects of Incorporating Vulnerability on Allocation Outcomes 

To address the second sub-research question, a comparative simulation was conducted between 

two allocation strategies: a conventional frequency-based model and a vulnerability-based model 

that incorporates MPI and IHDI. The results demonstrate that including socioeconomic 

vulnerability significantly alters allocation outcomes. 
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Figure 11: Distribution of allocation differences 

 

The overall pattern of change is illustrated in Figure 11. The histogram shows that although 

many countries experience relatively small adjustments, there is a clear spread of both positive 

and negative changes. This indicates that the vulnerability-based model introduces redistribution 

rather than uniform scaling. A subset of countries receives substantial increases in allocation, 

while others experience notable reductions. 
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Figure 12: Relationship Between Poverty (MPI) and Allocation Change 

  

The relationship between poverty and allocation changes is further explored in Figure 12. The 

scatter plot shows a clear positive trend, indicating that countries with higher MPI values tend to 

receive larger increases in allocation under the vulnerability-based model. Conversely, countries 

with lower MPI values tend to experience smaller changes or reductions. This finding 

demonstrates that poverty is a key driver of allocation outcomes when vulnerability is 

incorporated. 
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Figure 13: Allocation Comparison for Top Vulnerable Countries 

Note: Country labels are presented using ISO 3-letter codes for readability. ETH (Ethiopia); 

COD (Democratic Republic of the Congo); AFG (Afghanistan); PAK (Pakistan); MDG 

(Madagascar); MOZ (Mozambique); NER (Niger); BDI (Burundi); HTI (Haiti); TCD (Chad). 

 

At the country level, the effects of this redistribution are clearly visible in Figure 13, and Table 3  

lists the countries with the largest increases and decreases in disaster relief allocation under the 

vulnerability-based model. The results show that several countries, including Afghanistan, 

Madagascar, and Mozambique, receive substantially higher allocation shares than under the 

frequency-based model. For example, Afghanistan’s allocation increases from 2.45% to 4.96%. 

 

Table 3: Countries with the Largest Changes in Allocation under the Vulnerability-Based Model 

Rank Country Frequency 

Allocation 

Vulnerability 

Allocation 

Difference Change 

Type 

1 Afghanistan 0.0245 0.0496 +0.0251 Increase 

2 Madagascar 0.0137 0.0287 +0.0150 Increase 

3 Mozambique 0.0131 0.0261 +0.0129 Increase 

4 Pakistan 0.0250 0.0375 +0.0125 Increase 
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5 Congo 

(DRC) 

0.0124 0.0238 +0.0113 Increase 

6 Ethiopia 0.0103 0.0210 +0.0107 Increase 

7 Niger 0.0073 0.0176 +0.0103 Increase 

8 Burundi 0.0084 0.0185 +0.0101 Increase 

9 Haiti 0.0155 0.0239 +0.0084 Increase 

10 Chad 0.0048 0.0123 +0.0075 Increase 

11 Peru 0.0155 0.0093 −0.0061 Decrease 

12 Colombia 0.0215 0.0141 −0.0074 Decrease 

13 Argentina 0.0147 0.0052 −0.0095 Decrease 

14 Brazil 0.0291 0.0187 −0.0104 Decrease 

15 Mexico 0.0268 0.0155 −0.0113 Decrease 

16 Thailand 0.0226 0.0108 −0.0117 Decrease 

17 Viet Nam 0.0355 0.0196 −0.0160 Decrease 

18 Indonesia 0.0528 0.0325 −0.0202 Decrease 

19 Philippines 0.0606 0.0387 −0.0219 Decrease 

20 China 0.0979 0.0520 −0.0459 Decrease 

  

In contrast, countries such as China, Indonesia, and the Philippines experience notable reductions 

in allocation, with China recording the largest decline, from 9.79% to 5.20%. Overall, the table 

highlights considerable variation in allocation changes across countries, with both increases and 

decreases observed. 

These patterns are further illustrated in Figure 13, which shows that highly vulnerable countries 

consistently receive higher allocations under the vulnerability-based approach, whereas countries 

with high disaster frequency tend to see reductions. 

The results indicate that incorporating socioeconomic vulnerability leads to a redistribution of 

resources across countries, with allocation changes varying in both magnitude and direction 

depending on underlying socioeconomic conditions. 
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The simulation comparing conventional and vulnerability-aware allocation approaches reveals 

significant redistribution of resources when socioeconomic vulnerability is incorporated into 

allocation logic. Of the 53 countries included in the simulation, 34 experience increased 

allocation under the vulnerability-aware approach, while 19 experience decreased allocation, 

indicating a clear redistribution of resources across countries. 

4.5 Regional Allocation Patterns 

At the regional level, the vulnerability-aware approach produces a substantial redistribution from 

Asia to Africa. Under conventional allocation, Asia receives approximately 50.0 units (50% of 

total resources), driven primarily by India, Bangladesh, and Pakistan, which have very high 

disaster event counts and affected populations. Under the vulnerability-aware approach, Asia’s 

share decreases to 17.2 units, while Africa’s share increases from 41.5 to 77.3 units. This shift 

reflects the fact that while Asian countries experience high disaster impact in absolute terms, 

many African countries have substantially higher MPI values and lower IHDI values, indicating 

deeper structural vulnerability and lower adaptive capacity. 

 

5. Discussion  

5.1 Summary of Findings 

This study investigated how socioeconomic vulnerability can be integrated with disaster data to 

support more equitable disaster relief allocation under climate change. The analysis was 

structured around two sub-questions: identifying vulnerable populations by combining disaster 

and socioeconomic data (Sub RQ1), and evaluating how vulnerability-informed allocation differs 

from conventional approaches (Sub RQ2). 

 

Regarding Sub RQ1, the dual-filter classification using MPI > 0.050 and IHDI < 0.700 identified 

53 structurally vulnerable countries out of 204 with available data. These countries are 
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geographically concentrated in Sub-Saharan Africa (37 countries) and South and Southeast Asia 

(10 countries), with smaller numbers in Latin America and the Caribbean (3) and Oceania (3). 

This distribution aligns closely with the vulnerability hotspots identified independently by the 

IPCC (2022), the World Bank (2024), and the 2025 Global MPI Report (UNDP & OPHI, 2025), 

providing external validation of the classification framework. The most vulnerable countries — 

Chad (MPI 0.517, IHDI 0.252), Niger (0.470, 0.265), and the Central African Republic (0.461, 

0.253) — exhibit extreme combinations of multidimensional poverty and inequality, indicating 

minimal adaptive capacity. 

 

The disaster analysis within these countries produced two key empirical findings. First, disaster 

frequency and disaster impact follow distinctly different patterns. Floods are by far the most 

frequent hazard (1,532 of 2,589 events), but droughts are the most impactful, affecting 

approximately 1.12 billion people — nearly 60 percent more than floods (approximately 700 

million). This divergence indicates that the most visible disaster type is not the most 

consequential one in humanitarian terms. Second, this gap manifests at the country level as a 

frequency–impact mismatch: 35 of the 53 vulnerable countries (66%) experience a different 

disaster type as their most frequent versus their most impactful. In 27 of these 35 cases, the 

pattern is the same: floods are the most frequent while droughts cause the greatest human impact. 

This finding has direct implications for allocation logic: any system that channels resources 

based on frequency would systematically prioritise flood response while underestimating the far 

larger humanitarian burden of drought — a slow-onset hazard whose effects on food security, 

livelihoods, and displacement are prolonged and cumulative. 

 

Regarding Sub RQ2, the simulation demonstrates that incorporating vulnerability indicators 

fundamentally alters allocation priorities. Of the 53 countries, 34 receive increased allocation 

under the vulnerability-aware model, while 19 experience reductions. The redistribution is 

systematic rather than random: countries with the highest MPI values and lowest IHDI values 

gain the most. Afghanistan's allocation increases from 2.45% to 4.96%, Madagascar's from 

1.37% to 2.87%, and Mozambique's from 1.31% to 2.61%. Conversely, countries that dominate 

conventional allocation due to large absolute disaster counts experience reductions: China 

decreases from 9.79% to 5.20%, the Philippines from 6.06% to 3.87%, and Indonesia from 
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5.28% to 3.25%. The positive relationship between MPI and allocation gain, visible in Figure 12, 

confirms that poverty depth is a key driver of redistribution under the vulnerability-aware 

approach. At the regional level, this produces a substantial shift: Africa's allocation share 

increases from 41.5% to 77.3%, while Asia's decreases from 50.0% to 17.2%, reflecting a 

rebalancing from aggregate exposure metrics toward structural need. 

5.2 Implications for Equitable Relief Allocation 

These findings have several implications for how disaster relief allocation is conceptualised and 

operationalised. The humanitarian logistics literature identifies efficiency, effectiveness, and 

equity as the three core criteria for evaluating relief distribution (AlQumaizi et al., 2023; Yu et 

al., 2018). Conventional allocation approaches implicitly prioritise efficiency and effectiveness 

by directing resources where disaster events are most frequent and where affected populations 

are largest. The results of this study demonstrate that such approaches, while operationally 

practical, systematically underweight the needs of populations in the most structurally deprived 

contexts. 

The underlying mechanism is that conventional allocation treats disaster frequency and 

aggregate affected population as proxies for need. But need is not uniformly distributed across 

affected populations. A flood affecting 100,000 people in a country with functioning healthcare, 

adequate infrastructure, and social safety nets produces a different humanitarian situation than 

the same flood affecting 100,000 people in a country where over 40 percent of the population 

lacks sanitation, electricity, and adequate nutrition. The MPI captures precisely these differences 

at the household level, and the IHDI captures how unevenly development outcomes are 

distributed within a country. When both indicators are incorporated into allocation logic, 

countries in the latter category — those where affected populations simultaneously experience 

multiple deprivations — receive increased priority. This represents not a reallocation away from 

countries that do not need help, but a rebalancing that reflects the full scope of need rather than 

only the dimensions captured by disaster metrics. 

The frequency–impact mismatch finding strengthens this argument further. Communities in 

vulnerable countries may develop partial coping mechanisms for hazards they face regularly — 

seasonal flooding, for instance, may prompt adaptive practices such as elevated storage, 
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temporary relocation, or informal early warning systems. But these same communities remain 

highly exposed to less frequent hazards whose impacts are broader and longer-lasting, 

particularly drought. Drought affects agricultural systems, water supplies, nutrition, and 

livelihoods across entire regions over extended periods, often triggering secondary crises 

including food insecurity, displacement, and disease. An allocation system that responds 

primarily to frequency would reinforce preparedness for hazards that communities already 

partially manage, while leaving the most consequential vulnerability gaps unaddressed. The 

finding that 27 of 35 mismatch countries follow the same flood-to-drought pattern suggests that 

this is not an idiosyncratic result but a structural feature of disaster risk in vulnerable contexts. 

The regional redistribution from Asia to Africa reflects a genuine tension in disaster relief policy. 

India, Bangladesh, Pakistan, China, the Philippines, and Indonesia collectively account for a 

large proportion of global disaster events and affected populations, and clearly require substantial 

resources. However, the countries gaining the most allocation under the vulnerability-aware 

model — Chad, Niger, the Central African Republic, Burundi, Madagascar — experience 

comparatively fewer recorded events while having vastly weaker adaptive capacity. These are 

countries where the populations affected by any disaster event are simultaneously experiencing 

some of the deepest multidimensional poverty documented globally (UNDP & OPHI, 2025). The 

vulnerability-aware approach does not propose reducing aid to high-impact countries in absolute 

terms, but demonstrates that when structural vulnerability is given explicit weight alongside 

disaster metrics, the relative priority of the most structurally disadvantaged populations increases 

substantially. 

These results also engage directly with concerns raised in the literature about algorithmic 

fairness in disaster response. Gevaert et al. (2021) warn that data-driven allocation systems may 

replicate biases present in their input data, and Nost and Colven (2022) argue that without 

deliberate equity safeguards, such systems risk automating existing inequalities. The results of 

this study illustrate precisely how this mechanism operates: an allocation model built exclusively 

on EM-DAT disaster records — which are themselves influenced by reporting infrastructure, 

media attention, and institutional capacity — would direct the majority of resources to countries 

with the strongest statistical systems and the highest international visibility. Countries with 

weaker data infrastructure, less media coverage, and smaller absolute populations would receive 
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proportionally less, even when their per capita vulnerability is far higher. Incorporating 

independent socioeconomic indicators such as MPI and IHDI provides a partial corrective, 

offering an independent signal of need that does not depend on the same reporting infrastructure 

as disaster records. This approach directly responds to the call by the United Nations Climate 

Change Technology Executive Committee (2024) for AI and data-driven tools that incorporate 

explicit equity mechanisms. 

Finally, the study's results underscore that allocation outcomes are not neutral but reflect the 

values and assumptions embedded in the metrics chosen. A model that weights frequency 

produces one distribution; a model that weights affected population produces another; and a 

model that incorporates structural vulnerability produces a third. Making these assumptions 

transparent and comparing their consequences — as this study does — is itself a contribution to 

more accountable disaster relief decision-making. The shift from implicit assumptions to 

explicit, evidence-based design choices is central to what equitable, data-driven allocation can 

look like in practice. 

5.3 Contribution to Knowledge 

 
This study makes several contributions to the existing literature on disaster risk management and 

resource allocation. First, it contributes conceptually by integrating disaster exposure with 

multidimensional measures of socioeconomic vulnerability into a unified framework for 

allocation. Second, it provides a methodological contribution through the use of a dual-filter 

classification based on MPI and IHDI, enabling a consistent and reproducible identification of 

vulnerable countries.  

 

Empirically, the study demonstrates a systematic mismatch between disaster frequency and 

impact, highlighting limitations in conventional risk assessments. Analytically, it quantifies the 

redistribution effects of incorporating vulnerability into allocation models, showing that 

resources shift toward countries with higher poverty and lower adaptive capacity. Finally, the 

study contributes to policy and practice by providing evidence that vulnerability-informed 

allocation can improve the equity of disaster relief, and to the field of AI for sustainable societies 
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by illustrating how model design influences outcomes and fairness in data-driven decision 

systems. 

5.4 Limitations 

Several limitations must be acknowledged. First, this study relies on secondary data sources, 

namely the Emergency Events Database (EM-DAT) and socio-economic indicators from the 

United Nations Development Programme (UNDP). Such datasets are reliant on countries’ 

national statistical systems.  Different countries might have differences in data collection 

methods, reporting standards, and institutional capacity, which could influence the consistency 

and comparability of the data. It is important to note that marginalized groups, such as those 

living in informal settlements, conflict areas, or remote geographical locations, are often 

underrepresented in formal national data. This under-representation poses a possible systematic 

bias, thus restricting the accuracy of the conclusions drawn about their particular disaster 

vulnerabilities. 

Second, the use of national-level aggregated indicators presents certain methodological 

limitations. As outlined in the Human Development Report 2025 technical notes (UNDP, 2025), 

the IHDI is not “association-sensitive”. Since the data needed to compute health, education, and 

income inequalities are frequently based on different survey data, the IHDI is not able to measure 

overlapping inequalities at the individual level. The MPI, while measuring deprivations on the 

household level, is often based on periodic surveys. These time delays imply that the MPI might 

not effectively capture rapid socio-economic decline directly after climate shocks. 

Third, the simulation uses a simplified allocation model with equal weighting between disaster 

impact and vulnerability. Real-world allocation decisions involve additional factors, including 

political considerations, logistical constraints, donor preferences, and existing bilateral 

agreements. The simulation demonstrates the direction and magnitude of redistribution when 

vulnerability is incorporated, but does not model the full complexity of humanitarian 

decision-making. 

Fourth, the assumption that the most recent socioeconomic indicator values can be applied across 

the full 2000–2026 disaster period may introduce inaccuracies for countries that have 

experienced significant socioeconomic changes during this period. While structural vulnerability 
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typically changes gradually, rapid shifts due to conflict, economic crises, or policy changes are 

possible. 

5.5 Future Research 

Future research could extend this framework in several directions. First, subnational analysis 

using disaggregated MPI data would enable more granular vulnerability assessment, addressing 

the limitation of national-level indicators. Second, incorporating temporal dynamics in 

vulnerability—tracking how MPI and IHDI change over time and in response to disaster 

events—would strengthen the longitudinal validity of allocation models. Third, the 

vulnerability-aware allocation framework could be integrated into operational decision-support 

systems for humanitarian organizations, with user testing to evaluate practical utility. Fourth, the 

framework could be expanded to incorporate additional vulnerability dimensions such as 

gender-specific indicators, displacement data, or conflict exposure. Finally, community-level 

validation of algorithmic allocation decisions would address concerns about cultural 

misalignment in vulnerability definitions raised by Chi et al. (2019). 

6. Conclusion 

In summary, this study contributes to knowledge by (1) operationalizing vulnerability within 

disaster relief allocation models, (2) providing a reproducible classification of structurally 

vulnerable countries, (3) demonstrating empirical mismatches between disaster frequency and 

impact, and (4) quantifying how incorporating vulnerability reshapes allocation outcomes. These 

contributions provide a foundation for more equitable and data-driven disaster response 

frameworks. 

This thesis set out to examine how socioeconomic vulnerability can be integrated with disaster 

data to support more equitable disaster relief allocation under conditions of increasing 

climate-related risk. It addressed one main research questions answered through two key sub 

research questions: how vulnerable populations can be identified using combined disaster and 

socioeconomic indicators, and how incorporating vulnerability affects allocation outcomes. 
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With respect to Sub-Research Question 1, the study demonstrates that vulnerable populations 

can be systematically identified through the integration of disaster exposure data with 

multidimensional measures of socioeconomic vulnerability. By applying a dual-filter 

classification based on MPI (> 0.050) and IHDI (< 0.700), the analysis identified 53 structurally 

vulnerable countries. These countries are characterized by high levels of multidimensional 

poverty and inequality, indicating limited adaptive capacity to cope with and recover from 

disasters. The results further show that vulnerability is geographically concentrated and that 

disaster risk is not solely determined by hazard exposure, but is fundamentally shaped by 

underlying socioeconomic conditions. 

In addressing Sub-Research Question 2, the study shows that incorporating vulnerability into 

allocation models significantly alters disaster relief prioritization. The simulation comparing 

conventional and vulnerability-aware approaches demonstrates a systematic redistribution of 

resources toward countries with lower adaptive capacity. The positive correlation between 

multidimensional poverty (MPI) and allocation gain (0.508) confirms that countries with higher 

levels of deprivation receive greater allocation shares under the vulnerability-informed model. At 

the regional level, this redistribution is particularly pronounced, with Africa’s allocation share 

increasing from 41.5% to 77.3%, while Asia’s share decreases from 50.0% to 17.2%. These 

results indicate a shift from exposure-based allocation toward needs-based allocation. 

Overall, the findings highlight a critical limitation of conventional disaster relief approaches that 

rely primarily on frequency or aggregate impact metrics. Such approaches may overlook 

structural inequalities and underestimate the needs of the most vulnerable populations. By 

contrast, integrating socioeconomic vulnerability into allocation frameworks enables a more 

nuanced and responsive distribution of resources, aligning allocation decisions with underlying 

need rather than solely with hazard exposure. 

The study has several important implications. From a conceptual perspective, it demonstrates 

that vulnerability can be operationalized as a measurable component within allocation models, 

rather than treated as a purely descriptive concept. From a policy perspective, the findings 

suggest that incorporating multidimensional poverty and inequality into allocation frameworks 

could lead to substantial changes in how resources are distributed across regions, improving the 
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equity of disaster response. From a methodological perspective, the study shows that meaningful 

improvements in allocation outcomes can be achieved through the integration of appropriate data 

inputs, without requiring highly complex modeling techniques. Finally, from an AI and 

data-driven systems perspective, the results highlight the importance of model design, 

demonstrating that the inclusion or exclusion of vulnerability indicators can significantly 

influence outcomes and either mitigate or reinforce existing inequalities. 

In summary, this thesis contributes to knowledge by (1) operationalizing vulnerability within 

disaster relief allocation models, (2) providing a reproducible classification of structurally 

vulnerable countries, (3) demonstrating empirical mismatches between disaster frequency and 

impact, and (4) quantifying how incorporating vulnerability reshapes allocation outcomes. These 

contributions provide a foundation for more equitable and data-driven disaster response 

frameworks in the context of climate change. 

Data Availabilty 

The datasets used in this study are publicly available. Disaster data were obtained from the 

Emergency Events Database (EM-DAT), maintained by the Centre for Research on the 

Epidemiology of Disasters (CRED), and can be accessed at https://www.emdat.be. 

Socioeconomic indicators, including the Multidimensional Poverty Index (MPI) and the 

Inequality-adjusted Human Development Index (IHDI), were sourced from the United Nations 

Development Programme (UNDP) and the Oxford Poverty and Human Development Initiative 

(OPHI), available at https://hdr.undp.org and https://ophi.org.uk. 

The processed datasets and analysis scripts used in this study are available from this link. 
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