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2 Chapter

Dear reader,

Welcome to the master’s thesis ”Drowning in Disease: Understanding Health Risks
in a Changing Climate,” the result of five months of dedication and hard work. In
the search of a topic for my master thesis, I aimed to find a space where I could
study the effects of climate change with the use of data analysis. By choosing a
topic of societal relevance, I hope to inspire others to focus their research on global
issues.

Water’s power has always inspired me, whether watching rain pour outside my win-
dow or the rhythmic waves at the beach. However, this thesis has shown me the
devastating effects water can have on people, especially with sudden and extreme
rainfall. Understanding how climate change intensifies these events makes me ner-
vous, but it also reminds me of the importance of respecting nature.

This project would not have been possible without the guidance of my supervisors,
and therefore, I want to express my gratitude to Julien, Tina, and Saba. From the
beginning, you provided me with the tools to tackle this challenging topic while
giving me the freedom to be creative and explore research on my own.

I hope you enjoy reading this thesis and feel inspired to contribute to making the
world a better place.

C. van Dorst
Delft, June 2024
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Executive summary

Amidst the challenges posed by ongoing climate change, communities worldwide are increasingly
facing the escalating frequency and severity of extreme weather events. Among these natural disas-
ters, floods are particularly widespread, causing extensive destruction and posing significant threats
to both the environment and human well-being. Health effects reported after floods include drown-
ing, injuries, communicable and non-communicable diseases, and mental health disorders. While the
majority of these risks are well documented across various settings, the risk of communicable dis-
eases following flooding is highly context-specific. This research aims to address a knowledge gap
by exploring the interplay between flood disasters, healthcare systems, and communicable diseases.
It seeks to understand how various characteristics, including social, economic, institutional, and geo-
graphical interrelate with the health impacts of communicable diseases after flood events.

This research highlights the vulnerability of countries such as Peru, Sri Lanka, and Pakistan, where
past floods have shown significant impacts on the incidence of communicable diseases. The resilience
of healthcare systems is evaluated by analyzing both vulnerability and resilience factors, which to-
gether determine a country’s susceptibility to health impacts from floods and its ability to manage
these impacts. Vulnerability is influenced by socio-economic, public health, and behavioral factors,
while resilience is shaped by the quality of healthcare system, institutional effectiveness, and indi-
vidual capacity. The analysis illustrates that even with comparable healthcare system performance,
significant differences in resilience exist between countries, highlighting the important role of indi-
vidual factors. The findings suggest that strengthening local empowerment through strategies that
support access to education and technology, individual safety and autonomy and civic participation
can significantly strengthen community resilience. Furthermore, the positive correlation between a
country’s exposure to floods and vector-borne diseases indicates that countries already vulnerable to
floods are at greater risk of communicable diseases. Therefore, it becomes even more critical to adopt
community-driven solutions that use the strengths of individuals within these at-risk populations to
effectively build strong resilience against the combined risks of floods and diseases.

The research used a quantitative approach with exploratory data analysis to understand the health im-
pacts of flood disasters. Using a causal-comparative design, the study investigates cause-and-effect
relationships by analyzing natural flood events. The methodology is divided into three phases. Ini-
tially, a conceptual framework is developed through a desk study and concept mapping to establish
preliminary hypotheses about the health impacts of flood disasters. The second phase involves sys-
tematic data collection and analysis using secondary data sources. This phase utilizes exploratory
data analysis, including both visualization and statistical techniques, to explore relationships between
flood events, healthcare system, and communicable diseases. Additionally, principal component anal-
ysis is performed to identify indicators describing the relationship between health characteristics and
increased incidences of communicable diseases after floods. In the final phase, insights from the data
analysis are synthesized to develop an empirically validated framework.

Understanding the health impacts of floods and the factors that enhance community resilience is
important for developing effective disaster response strategies. This knowledge supports the devel-
opment of targeted mitigation measures aimed at addressing the challenges posed by communicable
diseases following floods. By identifying key domains of healthcare vulnerabilities and resilience fac-
tors, and emphasizing individual empowerment, this research provides valuable insights that help in
developing integrated, holistic approaches to disaster preparedness and response. This research repre-
sents an initial step in exploring this complex system and emphasizes the need for further exploration
to guide the way toward resilient communities. While the future remains uncertain, promoting more
resilient and healthier communities is important in preparation for potentially severe future impacts.
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1 Introduction

Amidst the challenges posed by ongoing climate change, communities worldwide are contending
with the escalating frequency and severity of extreme weather events, which carry significant con-
sequences for both the environment and human well-being. Among these natural disasters, floods
stand out as one of the most widespread, causing extensive destruction and posing a significant
threat to global populations [Doocy et al., 2013, Du et al., 2010]. The World Health Organization
(WHO) explains floods as the condition that occurs when an overflow of water submerges land
caused by heavy rainfall, rapid snow melt or a storm surge from a tropical cyclone or tsunami
in coastal area [World Health Organization, 2024a]. Over the past decade, floods alone have ac-
counted for an alarming 53,000 fatalities globally, often caused by the speed of onset of the flood
[Alderman et al., 2012, World Health Organization, 2024a, Du et al., 2010].

Understanding the impact and scale of flood events worldwide is challenging due to a diverse ar-
ray of factors including geographical variability, climate change influences, urbanization effects, in-
frastructure considerations, socioeconomic factors, interconnected systems, human behavior, and the
necessity for international cooperation in flood management. Moreover, recent examples highlight
the severity of flood impacts, such as the 2023 flood in Libya which resulted in 4,352 deaths and
the displacement of 44,800 individuals. In total, 1.5 million people were impacted by the disaster,
accounting for 22% of the total population. Furthermore, the disaster resulted in damages estimated
at approximately US$ 1.7 billion, equivalent to 3.6% of Libya’s GDP, necessitating urgent recov-
ery efforts. [World Bank, 2023, World Health Organization, 2023] Similarly, in 2022, one-third of
Pakistan was submerged, affecting 33 million people and resulting in 1700 fatalities and 12,867 in-
jured people [United Nations Children’s Fund, 2022]. The flood was caused by record high monsoon
rains, with over 190% of its normal rainfall. [Red Cross, 2023] However, floods are not confined to
low- and middle-income countries (LMICs); they pose a significant threat to high income countries
like the Netherlands as well, as highlighted in the 2021 floods in Limburg [Endendijk et al., 2023].
Heavy rainfall over several days in this southeastern province of the Netherlands and neighbouring
countries caused rivers to overflow their banks and submerged towns and villages, resulting in over
130 fatalities in both Germany and Belgium. [Asselman et al., 2022] This flood resulted in exten-
sive damage to infrastructures, homes, businesses, and agricultural land, leaving the flood as the
second most expensive natural hazard of 2021 with an estimated total damage worth of 38 billion
euro [Nederlandse Omroep Stichting, 2021]. Roads were washed out, bridges were damaged, and
residents had to be evacuated from flooded areas. Furthermore, the flooding disrupted transportation
networks and essential services, leading to significant economic losses and disruption to daily life.

Floods pose significant immediate dangers to human health, illustrated by the high number of in-
juries and deaths, but also long-term effects resulting from water contamination, displacement, dam-
aged health infrastructure, and worsened living conditions have been marked. Health effects re-
ported after floods include drowning, injuries, noncommunicable diseases, communicable diseases,
and mental health disorders [Paterson et al., 2018]. While the majority of these risks are well docu-
mented and found across all settings, the risk of communicable disease following flooding is highly
context-specific. Although several past studies show increases in infectious diseases weeks to months
after flooding, caused by factors such as population displacement, changes in population density,
and concerns about waste management and access to clean water, there remains uncertainty about
the strength of this relationship and the factors potentially explaining it [Brown and Murray, 2013,
Alderman et al., 2012, Walika et al., 2023]. A notable example of this is the massive 2022 floods in
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Pakistan, previously mentioned, which significantly worsened the country’s malaria crisis, leading to a
fourfold increase in cases and emphasizing the severe health impacts [World Health Organization, 2024d].
In contrast to the well-documented tangible impacts of floods on homes, buildings, and infrastructure,
there remains a considerable gap in our understanding of the interplay between flood disasters, health-
care systems, and communicable diseases [Lee et al., 2020, Alcayna et al., 2022]. In order to manage
the impacts of communicable diseases resulting from floods, extensive knowledge of health risks and
the capacity of the health system to mitigate or manage the health consequences is required. What
makes this especially difficult is that all floods are unique, dependent on different social, economic,
demographic, and healthcare characteristics [Du et al., 2010]. Therefore, further research is neces-
sary to understand these interrelations and to provide insights for adequate risk assessments.

Past experiences with flood disasters have revealed the vulnerability of countries to the devastating
impacts of flooding, highlighting the need for effective flood management and adaptation strategies
to mitigate risks and minimize the socio-economic consequences of future floods. Anticipation of in-
creased flood occurrences due to rising sea levels and intensified precipitation events, both attributed
to climate change, adds another layer of complexity to the challenge. As sea levels rise and precip-
itation patterns become more extreme, the frequency and severity of flooding events are expected to
escalate, increasing this need for research and understanding to enhance resilience against flood risks.
[Parry et al., 2007, Ramin and McMichael, 2009]. The progression of urbanization further compli-
cates these challenges by exposing an increasing number of individuals and infrastructure to the risks
associated with flooding events. With urban areas expanding and population density increasing, more
people are living in flood-prone areas, heightening the potential for loss of life, property damage,
and health impacts during flood events [Du et al., 2010]. Addressing these complex and interrelated
challenges necessitates a comprehensive approach, combining effective flood management, climate
change adaptation, and urban planning strategies to reduce vulnerability and enhance the resilience
of communities to future flood risks.

1.1 Research Objective
The research aims to address a knowledge gap by studying the interplay between flood disasters,
healthcare systems and communicable diseases. Past research primarily provides post-disaster eval-
uations describing observed health impacts and offering country-specific recommendations for mit-
igating health effects after disasters. However, these recommendations often remain tied to unique
health effects observed in specific geographical locations and contexts. The challenge lies in gaining
understanding of which characteristics, including the social, economic, institutional, and geographi-
cal factors, may interrelate with the health impacts of communicable diseases after flood events. The
main research question is:

”Which healthcare system vulnerabilities and resilience factors affect health
outcomes for communicable diseases after flood disasters?”

The research objective is to broaden the understanding of the relationship between flood disasters and
the impacts of communicable diseases across diverse settings, investigating characteristics in 14 flood-
prone countries worldwide. By examining the identification of communicable diseases resulting from
floods and comparing the health care systems, the objective is to find correlations between countries’
characteristics and factors increasing the risk of potential disease outbreaks. This understanding could
contribute to future flood preparedness plans by informing risk assessment and providing insights into
the challenges faced by different countries.
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2 Methodology

2.1 Research Approach

2.1.1 Causal-comparative research design

The chosen research approach, grounded in quantitative methods and structured data analysis, is se-
lected to address the central question of understanding the specific health impacts of flood disasters in
specific environments. This research design involves multiple methods including data collection, anal-
ysis, interpretation of results, and framework development [Creswell and Creswell, 2023]. The study
adopts a causal-comparative research design, investigating potential cause-and-effect relationships
between existing variables and examining phenomena after the fact (Ex Post Facto), given the natu-
rally occurring flood disasters analyzed. [Campbell and Stanley, 1966, Schenker and Rumrill, 2004].

The causal-comparative research design typically follows a sequence of five steps. Initially, the unex-
plained phenomena is observed, and existing theories related to the issue are explored. Subsequently,
a hypothesis or conceptual model is formulated to clarify the observed phenomena. This leads to the
development of predictions regarding the outcomes, along with a plan for hypothesis testing. The
data is systematically collected and processed. The findings are then subjected to analysis to evaluate
the initial predictions. The verified results are presented in a suitable format, concluding the research
process. [Campbell and Stanley, 1966]

2.1.2 Advantages and limitations

The selected causal-comparative research design plays a significant role in guiding this thesis for sev-
eral reasons. This approach allows for a comprehensive analysis of the impacts of communicable
diseases following flood disasters in diverse environments, offering insights into how various factors
contribute to the occurrence and spread of diseases in affected countries. By analyzing data collected
in the aftermath of naturally occurring flood disasters, this design enables a thorough exploration of
complex relationships and interactions among different components within the healthcare system and
the broader socio-economic context. Moreover, the causal-comparative design adopts a holistic ap-
proach, enabling a nuanced understanding of the interconnectedness among multiple variables and
their influence on health outcomes. This comprehensive perspective is essential for identifying pat-
terns and trends that may not be apparent when examining individual variables in isolation. However,
it is important to acknowledge the limitations inherent in this research design. For instance, the in-
ability to manipulate research groups necessitates careful interpretation of findings, considering the
potential influence of both known and unknown variables. Furthermore, while this research design
allows for in-depth analysis of specific study environments, the findings may not always be general-
izable to other populations or settings due to the unique characteristics of the study environment and
the availability of data. Despite these limitations, the causal-comparative quantitative research design
is considered suitable for guiding this data-focused research, as it provides a framework for inves-
tigating the complex relationships between flood disasters, healthcare systems, and communicable
diseases.
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2.1.3 Connection to CoSEM program

This Master Thesis is the final part of the programme of Complex System Engineering and Manage-
ment (CoSEM), a master programme of the faculty of Technology, Policy and Management at the
Delft University of Technology. This research requires an interdisciplinary approach, aligning with
the overarching criteria of the CoSEM thesis. It aims to design a framework to contribute to an in-
tervention in the decision-making process of disaster preparedness. This thesis is guided by a set of
methods, focusing on data analysis approach. The thesis objective aligns with the fundamental aim
of the CoSEM program, contributing to defining complexities in a globally connected world while
aiming to develop interventions that consider both technical and socio-cultural dimensions.

2.2 Research Sub-Questions

Following the main research question ”Which healthcare system vulnerabilities and resilience fac-
tors affect health outcomes for communicable diseases after flood disasters?” and the adoption of
the causal-comparative research design, four research sub-questions are proposed. Initially, health
risks in flood-prone areas and existing theories are explored to develop a conceptual model. Mov-
ing forward, the hypothesized interrelations of the conceptual model are evaluated by the results of
data collection and analysis, reflecting on the approach’s structured methodology, providing guidance
in systematically collecting and strategically using data for analyzing the hypothesis. The results
from this analysis are then evaluated to provide insights into the relationships of the data. Finally,
these insights are integrated into the final framework, and gaps in knowledge are identified to provide
recommendations for policy and decision-making processes.

1. What conceptual framework can be designed to understand the interplay between health system
vulnerability, flood exposure, and communicable disease health outcomes?

2. Which countries exhibit the highest vulnerability to communicable disease outbreaks following
flood disasters?

3. To what extent do resilience indicators explain the varying levels of vulnerability to communi-
cable disease outbreaks after floods?

4. What empirically validated framework could be used to analyse the vulnerability and resilience
of healthcare systems to communicable disease outbreaks following floods?

2.3 Methods

To answer the proposed research questions, three research phases can be distinguished. Initially, a
conceptual model will be developed to establish a preliminary hypothesis. Then, through systematic
data collection and analysis, the relationships between elements of this conceptual model will undergo
testing, with the results serving as the foundation for validating, rejecting or expanding elements of the
conceptual model. Finally, the insights from the data analysis will be evaluated and used to formulate
the final framework and provide recommendations for future research directions. This chapter briefly
discusses the various research methods used in the different phases of this research, outlined in Table
1, along with their corresponding data requirements. Each chapter of the thesis will be introduced
by a section providing the detailed methodology of each method used to answer the corresponding
research question.
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Table 1: Overview of methods and data requirements for each research phase

Research phase Method/approach Data requirements

1. Designing
conceptual framework

Desk Study
Concept Mapping

Epidemiological data,
Health system performance
Vulnerability assessments
Policy and prepardness evaluations

2. Data collection
and analysis

Secondary Data Collection,
Data Mining,
Exploratory Data Analysis:
- Visual analysis
- Pearson correlation test
- Paired T-test
- Regression Analysis
- Principal Component Analysis

Flood data
Epidemiological data
Country characteristics
Health system data

3. Framework and
future research Synthesis - System Thinking approach Results from data analysis

2.3.1 Conceptual framework

The first sub-question falls within the exploration phase, where an assessment of existing literature,
evaluation reports, and theories will be conducted to examine health impacts associated with flood
disasters. The data collection method used for this exploration is a desk study, focusing on key con-
cepts such as variations in observed health effects across different countries, key drivers of health
impacts, governance, and past studies that indicate causation between health system variables and
health impacts of flood disasters. Scientific literature, government reports, publications from inter-
national health organisations, and news articles may be used to perform the desk study. The data
requirements include epidemiological data linked to flood disasters, socioeconomic data to compre-
hend community vulnerabilities, and data on health system performance, policy and preparedness
evaluations. Following the desk study, the conceptual framework will be designed using the concept
mapping method, which results in a diagram visually representing relationship between concepts.

A conceptual framework is a comprehensive system of interlinked concepts, assumptions, beliefs,
and theories that guides research efforts. It serves as a foundational theory to structure the study,
providing a fundamental understanding of the phenomenon under investigation and shows how the
research problem will be explored. Conceptual frameworks are particularly important in exploratory
research design, where data is used to develop holistic insights into the research topic. They help
illuminate the relationships among various elements and contribute to the formation of theories about
the system. In contrast, a theoretical framework is more oriented toward empirical theories, direct-
ing deductive, theory-testing studies by providing explanations rooted in existing theories or con-
cepts. Theoretical frameworks inform research questions, methods, and data analysis to establish
causal or correlational patterns. To summarize, conceptual frameworks are exploratory and holis-
tic, while theoretical frameworks are focused on testing and validating existing theories or concepts.
[Tamene, 2016, Upadhyay, 2015]

2.3.2 Database development

Currently, there is no database encompassing all data records relevant to the research. Therefore, in
order to address the main research question, several sets of data need to be collected to construct this
database. The database should consist of various types of data describing past flood events, epidemi-
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ological data, and characteristics of geographical, economic, social, and institutional performance
of a country. Using secondary data collection, it involves utilizing various sources including online
databases, government and institutional records, and publicly available data. The database is con-
structed in Excel. An outline of the required data, presented in Table 2, is established to guide the
data collection during the project, and includes the following:

Table 2: Outline of data requirements for flood data, country characteristics and epidemiological data

Flood data Characteristics of countries Epidemiological data
Total number of floods
Number of affected people
Location of floods
Time span
Type of floods
Magnitude

Health care system
Socio-economic factors
Infrastructural data
Coping capacity indicators
Geographical data

Morbidity rates vector-borne diseases
Mortality rates vector-borne diseases
Morbidity rates water-borne diseases
Mortality rates water-borne diseases

2.3.3 Data Analysis

With the use of data analysis tools, the collected data will be analyzed to identify patterns and cor-
relations between country-specific characteristics and health outcomes. Data mining methods will
be utilized to filter through the large datasets. An Exploratory Data Analysis (EDA) will then be
conducted to better understand the data, summarize its main characteristics, and identify primary pat-
terns through visualization methods. This analysis is divided into two distinct phases. The first phase
involves examining the impact of floods on reported cases of communicable diseases to determine
countries’ resilience. To accomplish this, a visual analysis will be conducted using time series plots
and histograms. To further investigate initial findings, three statistical tests are suggested to assess sta-
tistical significance: the Pearson correlation test, the paired t-test, and regression analysis. To further
analyze the data and identify indicators describing the relationship between country-specific char-
acteristics and increased incidences of communicable diseases after floods, a principal component
analysis (PCA) will be performed. This method aims to gain insights into the nature of relationships
within the data. Python will be used to conduct this analysis. A synthesis of the results of the data
analysis will be conducted to combine and integrate the findings, generating an understanding of the
system and reflecting on the initial hypothesis.

2.3.4 Framework and Future Research

The insights gathered from earlier sub-questions lay the groundwork for addressing the fourth and
final research sub-question. Here, patterns, relationships, and other key findings from the EDA are
evaluated based on the conceptual model. The findings are contextualized using a holistic approach to
understand possible underlying drivers and factors. A system perspective is employed to incorporate
the interrelations suggested by the data analysis among system elements as described in the concep-
tual framework. Systems thinking involves skills to understand systems, predict behaviors, and make
changes for desired outcomes, such as recognizing interconnections and understanding dynamic be-
haviors. [Arnold and Wade, 2015] Using the principles of systems thinking, the identified patterns
from the second and third sub-questions will be integrated into the framework. The primary data
requirement centers on the comparative analysis of health outcomes in flood-prone regions. Finally,
remaining gaps in understanding will be identified to formulate a future research agenda, guiding
potential next steps in understanding the complex system relationships.
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2.4 Research Structure
Figure 1 illustrates the research structure of the study including the main elements and primary meth-
ods used to write each chapter. The first sub-question will be addressed in chapter 3 and is then
followed by chapter 4 that describes the development of the database. In chapter 5 and 6, the results
of the data analysis will be presented and discussed. The insights of the data analysis will be evaluated
based on the conceptual model and these will be used to develop the final framework, presented in
chapter 7. The report will be finalised with an 8th chapter that discusses the results, gives some final
recommendations and concludes the thesis.

Figure 1: Research flow diagram describing the research activity, input/output and method used to
construct each chapter of the thesis
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3 Conceptual Model

In this chapter, the theoretical base of this research is being explained by utilizing past research studies
and existing theories. To identify the main model domains, relationships, and determinants, four
frameworks are being reviewed based on their objectives, drivers, and perspectives on key concepts.
Furthermore, these frameworks are the foundation for the development of the conceptual framework
that will be presented and explained as final part of this chapter.

3.1 Theoretical Framework

3.1.1 Flood disasters

Natural disasters can be explained as a situation or events where the ecosystem is distressed to an
extent that overwhelms local capacity and a community’s ability to adapt, often requiring external
assistance [Liang and Messenger, 2018, Phalkey and Louis, 2016]. From all natural disasters, floods
are the most frequent type and happen when an overflow of water submerges land that is usually dry
[World Health Organization, 2024b, Abaya et al., 2009, Ochani et al., 2022]. Causes of floods vary
and distinguish the different types of floods. Three common types of floods include riverine, flash and
coastal floods, as illustrated in Figure 2 and briefly explained below [National Severe Storms Laboratory, 2023]:

• Riverine floods: water levels rise over the top of river banks due to e.g. heavy rain, persistent
thunderstorms, combined rainfall and snow melt, excessive tropical rain or an ice jam.

• Flash floods: excessive rainfall in a short period of time (<6 hours) cause torrents through river
beds, urban streets or mountain canyon.

• Coastal floods: higher than average high tide cause inundation of land areas along the coast.
These floods are often worsened by heavy rainfall and onshore winds.

(a) Riverine flood, Europe, 2022
[European Commission, 2023]

(b) Flash flood, India, 2013
[Sarkar, 2020]

(c) Coastal flood, Haiti, 2017
[PreventionWeb, 2017]

Figure 2: Three photos illustrating examples of three different type of common floods

Impact of climate change on floods
Floods are increasing in frequency and intensity due to climate change, demonstrating some of the
most devastating consequences of extreme weather events [Bolan et al., 2024]. This increase is caused
by several mechanisms that lead to alterations in the hydrological cycle. The primary cause, identified
in the literature, is a rise in atmospheric moisture, as a warmer atmosphere can hold approximately
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7% more moisture for every degree of warming [Bolan et al., 2024]. This extra moisture in the at-
mosphere leads to increased rainfall and a higher frequency of short, intense downpours, thereby in-
creasing the risk of flash flooding, tropical cyclones, and hurricanes [Mallakpour and Villarini, 2015].
Furthermore, the additional heat in the atmosphere means there is more energy available for weather
systems, altering the planetary water cycle and intensifying current climate patterns. As a result,
precipitation becomes more concentrated with intense rainfall, heightening the risk of flooding in
flood-prone areas. Lastly, climate change also elevates the risk of coastal flooding due to higher sea
levels, as illustrated in Figure 3. [Liang and Messenger, 2018, Climate Council, 2022]

Figure 3: Effect of global warming on water cycle [Climate Council, 2022]

3.1.2 Health impact of floods

With the increasing frequency and intensity of flood disasters, it is likely that an increasing global
health burden from the impacts will arise [Lee et al., 2020]. The health risks associated with floods
encompass various sectors of health, and can be categorized into three groups based on their impact.
The first group encompasses immediate health effects, occurring when the flood is present. The
second group involves mid-term effects, spanning from days to weeks, and the third group consists of
long-term effects, extending from months to years [Erickson et al., 2019]. An overview of the health
impacts of floods is summarized in Figure 4.

1. Immediate health effects: These effects occur at the moment the flood occurs and includes
trauma, injuries, skin infections, drowning, respiratory infections and gastroenteritis [Erickson et al., 2019,
Mohajervatan et al., 2023]. A challenge identified in mitigating these effects is that affected
people often require urgent medical care. However, the access to health care facilities and in-
frastructure is often disrupted due to significant damages [Okaka and Odhiambo, 2018, Englande, 2008].
Furthermore, health systems are considered to be insufficiently resilient, leading to inadequate
responses during emergencies [Mohajervatan et al., 2023].

2. Midterm health effects: In the immediate aftermath of a flood disaster, the literature highlights
various health effects, predominantly characterized by communicable diseases. Firstly, water
contamination leads to water-borne diseases such as Diarrhoeal diseases, Hepatitis A, Lep-
tospirosis, Typhoid fever, Vibrio Vulnificus, and Meningitis [Englande, 2008]. These commu-
nicable diseases are driven by factors like mass relocation, poor hygiene, and an increased pres-
ence of vector-borne diseases due to stagnant water providing breeding grounds. These include
infections like coronavirus, influenza, measles, malaria, and dengue fever [Okaka and Odhiambo, 2018,
Pal et al., 2016, Ochani et al., 2022]. Besides communicable diseases, there is a recognized
health risk from toxicological diseases arising from chemical leaks and spills [Erickson et al., 2019].
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Figure 4: Overview of immediate, midterm and long term health impacts of floods

The prevalence of communicable diseases is substantial, with the specific disease varying and
seeming to be influenced by multiple variables. [Mohajervatan et al., 2023, Abaya et al., 2009,
Olanrewaju et al., 2019, Kouadio et al., 2012].

3. Long term health effects: Some health effects extend into long-term impacts, significantly af-
fecting individuals well beyond the occurrence of the flood disaster. Particularly, reproduc-
tive health and mental health issues, including anxiety, depression, and post-traumatic stress
disorder, emerge as primary concerns. The compromise of mental health seems to become
apparent as a potential worldwide health effect of flood disasters. Additionally, the after-
math of a flood disaster may contribute to long-term malnutrition, with serious consequences.
[Ray-Bennett et al., 2019, Mohajervatan et al., 2023, Abaya et al., 2009, Ochani et al., 2022].

3.1.3 Scope of Health Effects

The potential health impacts of major climatic hazards are compounded by the impacts they may have
on health care systems: the institutions and services within society that are intended to protect and
support human health [Few, 2007]. This thesis aims to analyse vulnerability and response not only
in the sense of deriving indicators of risk, but in terms of understanding how and why the health
impacts of hazard vary between groups in society and what determinants of the health system shapes
the ability of people and institutions to cope [Few, 2007]. This thesis focuses on communicable dis-
eases as they are considered to be mostly context-dependent, including the effectiveness of authorities
and the emergency response within the health care system. In contrast, immediate health effects are
often to distract from the intensity and geographical location of floods where long-term effects, es-
pecially mental health issues, are found worldwide and at every level of society, independent from
geographical, institutional and socioeconomic factors. Since this research employs quantitative meth-
ods, relying on the availability of data, an initial search for epidemiological data of reported cases of
communicable diseases was conducted to identify reported diseases in the context of flood hazards.
During this search, literature was searched that linked an increase in incidence rates of a communi-
cable disease to a flood disaster. As a result of this search, a Table was constructed indicating which
diseases showed a positive correlation with floods. Following this result, the scope of diseases was
determined to focus on: Cholera, Leptospirosis, Diarrhoeal disease, Malaria and Dengue. The Table
summarising these results can be found in appendix A.
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3.1.4 Principles of infectious disease after hydrologic disasters

Floods pose a significant threat to public health, particularly due to their potential to exacerbate the
transmission of communicable diseases. The primary causes of such diseases in disaster scenar-
ios can be categorized into four main areas: infections stemming from contaminated food and wa-
ter, respiratory infections, vector-borne diseases, and infections resulting from wounds and injuries
[Ligon, 2006]. In the context of floods, the rising waters create stagnant pools, which become breed-
ing grounds for insects and other disease vectors. These conditions foster the proliferation of vector
populations, increasing the risk of vector-borne disease transmission. Additionally, floods disrupt wa-
ter supply and sanitation systems, contaminant these systems and potentially leading to waterborne
diseases like Cholera, Diarrheal illnesses and Leptospirosis [Basaria et al., 2023].

Understanding the risk of infectious diseases following a flood involves considering the classic epi-
demiological triad: the external agent (microorganism), the susceptible host, and the environment
that facilitates contact between the agent and host [Frost, 1976]. In flooded areas, the agents re-
sponsible for infections are typically those that existed in the region before the disaster, albeit with
varying impacts on human health. Hosts, including survivors and responders, become vulnerable to
infection through traumatic injury and exposure to contaminated environments. Factors such as poor
hygiene, inadequate sanitation, and limited access to clean water and food further increase suscepti-
bility to communicable diseases. Floods disrupt environmental barriers, contaminating water sources
with sewage, wastewater, and agricultural runoff, thereby heightening the risk of disease transmission
[Liang and Messenger, 2018]. The epidemiological triad is illustrated in Figure 5.

Figure 5: Epidemiological triad describing the relationship between the agent, host and environment

3.1.5 Lag period communicable diseases

When analyzing potential outbreaks of vector-borne and waterborne diseases following floods, it is
crucial to consider the lag period. This time frame accounts for various ecological and biological
processes that influence disease transmission. For example, heavy rains and flooding can lead to
increases in vector populations, potentially causing a rise in disease transmission within 3-4 weeks



26 Chapter 3 CONCEPTUAL MODEL

[Shortus et al., 2016]. Similarly, the risk of diseases such as malaria can increase due to the develop-
ment cycles of vectors and pathogens, extending up to two months after increased precipitation and
temperature [Gonzalez-Daza et al., 2023]. Waterborne diseases like Leptospirosis, which are influ-
enced by the survival of pathogens in water and soil, show associations with rainfall over a period of
1-3 months, necessitating a 12-week lag period for accurate modelling [Chadsuthi et al., 2021]. Ad-
ditionally, studies have shown consistent results with time lags of 1-2 months for disease incidence
following flooding [Suwanpakdee et al., 2015]. Although the exact lag time for communicable dis-
eases is difficult to determine precisely, based on previous research, a lag period of one to two months
will be considered in this research.

3.1.6 Mechanisms Cholera Transmission

Extensive research has been conducted to explain the mechanisms driving cholera transmission. Ini-
tially, this research focused on waterborne diseases in general; however, cholera emerged as the most
relevant due to its significant association with flooding and availability of data. In this section, the
primary mechanisms that explain the relationship between flooding and cholera incidence, as high-
lighted in the literature, are discussed. Additionally, other factors that may influence the dynamics of
cholera transmission are explored. These mechanisms are illustrated in Figure 6a.

Cholera transmission is intricately linked to environmental factors, among which those associated
with flooding. Flooding events causes several processes that might lead to a change in transmission
patterns. First of all, flooding lead to the mixing of sewers, exposed drains, reservoirs, and rivers, re-
sulting in significant water contamination with Cholera [Akanda et al., 2009, Shackleton et al., 2023].
Floods not only adversely affect water sources but also sewerage systems, escalating the exposure of
populations to cholera-causing bacteria [Hashizume et al., 2013]. This is intensified in case of urban
floodings, when the risk of contact between individuals and these contaminated floodwaters is further
increases [Mark et al., 2015]. Also, surface runoff during rainfall carries organic sediment, including
fecal waste, into water sources, further contributing to contamination [Shackleton et al., 2023]. On a
more biological level, it is suggested that the proliferation of Cholera is also facilitated by the increase
in insoluble iron levels during flooding, improving the survival rate of Cholera [Hashizume et al., 2013].

Beyond flooding, other mechanisms such as low rainfall levels leading to higher bacterial concen-
trations and warmer ambient temperatures favoring bacterial proliferation are found to play a role
in Cholera transmission. Furthermore, ocean temperatures also indirectly influence cholera dynam-
ics on land through changes in monsoon rainfall and increased ambient temperatures, which Cholera
prefers. Moreover, an increase in phytoplankton concentration directly correlates with higher Cholera
abundance, as certain phytoplankton act as reservoirs for the bacteria, providing them with essential
nutrients, and alter water pH to favor bacterial survival and reproduction. [Shackleton et al., 2023,
Lutz et al., 2013]

Lastly, socio-economic factors, such as population density and degraded sanitation conditions, are
recognized as significant contributors to Cholera transmission, fostering increased human contact and
providing favorable conditions for bacterial persistence [Shackleton et al., 2023]. In the context of
this thesis, it is assumed that the flood-Cholera relationship has been established by prior literature.
Through data analysis, the aim is to evaluate healthcare system determinants, to evaluate which deter-
minants potentially affect the exposure and resilience to waterborne diseases in the context of floods.
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3.1.7 Mechanisms Vector-borne Disease Transmission

The complex relationship between flooding and the incidence of vector-borne diseases, such as Malaria
and Dengue, is shaped by diverse meteorological factors. A primary mechanism driving this re-
lationship is the role of flooding in increasing mosquito density through the creation of stagnant
water pools and the spread of organic matter, providing additional breeding habitats. Factors influ-
encing the impact of flooding on mosquito populations include climate patterns (like rainfall, tem-
perature, and humidity) and water salinity [Coalson et al., 2021]. Flooding-induced precipitation
can create favorable environments for mosquito breeding, facilitating their survival and reproduc-
tion. While moderate precipitation levels have been observed to enhance vector populations and
disease transmission, extreme rainfall associated with flooding can produce contrasting outcomes as
it may initially flush out breeding sites, thereby reducing vector density and disease transmission.
[Wu and Huang, 2022, Morin et al., 2013, Viana and Ignotti, 2013] As heavy precipitation can also
leave stagnant water behind, offering potential breeding grounds for adult mosquitoes, past studies
indicate short-term (up to 1 month) decreases and subsequent (1–4 month) increases in incidence
[Coalson et al., 2021]. This dual effect highlights the nuanced dynamics of flooding on vector-borne
diseases [Wu and Huang, 2022].

Beyond flooding, several other meteorological and ecological factors play crucial roles in driving the
transmission of vector-borne diseases. Rising temperatures, for instance, can accelerate the incubation
and reproduction rates of disease vectors, amplifying their numbers and spread rate [Wu and Huang, 2022].
Similarly, increasing humidity levels facilitate disease transmission by creating more favorable envi-
ronments for vector survival. Sunshine has also been positively correlated with disease incidence,
while atmospheric pressure and wind speed exhibit negative associations. [Viana and Ignotti, 2013]
Moreover, socio-ecological factors, changes in human host and vector behavior, and parasite genetic
changes contribute significantly to disease transmission dynamics [Savi, 2022]. Another relevant as-
pect is the genetic complexity of the vector and the circulation of different serotypes, which likely
also influence Dengue distribution, both in dry and rainy periods, and its ability to adapt to the human
environment through breeding sites. Therefore, the vector does not depend exclusively on abiotic
factors [Viana and Ignotti, 2013]. Understanding these multifaceted mechanisms is essential for de-
veloping effective strategies for disease control and mitigation efforts. The key factors explaining the
flooding-vectorborne diseases are illustrated in Figure 6b.

In contrast to waterborne diseases, vector-borne diseases are found to be less dependent on socio-
economic factors. However, monitoring, control and awareness strategies are deemed to be of in-
creased importance [Savi, 2022], for example by increasing vaccination levels, perform early diag-
nostics tests and increase vector control [Khan et al., 2023].
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(a) Transmission mechanism cholera

(b) Transmission mechanisms vector-borne diseases

Figure 6: Transmission mechanisms of cholera transmission, representing waterborne diseases and
vector-borne diseases
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3.2 Conceptual Framework

3.2.1 Selection of frameworks and studies

Extensive desk research identified relevant frameworks, emphasizing a systemic perspective beyond
the medical field. Selected frameworks were chosen based on specific criteria for their comprehensive
understanding of the healthcare system. Diverse domains and corresponding drivers were identified to
construct a conceptual framework. This approach aims to encourage an holistic understanding of the
complex healthcare environment by integrating insights from various disciplines. Before reviewing
the frameworks and developing the conceptual framework, it is crucial to acknowledge their diverse
objectives and perspectives, each contributing to a comprehensive understanding of the healthcare
system’s dynamics and its relationship with flood impacts on health.

Initially, the assessment explored the social determinants of health, laying the foundation for under-
standing the healthcare system’s definition. Subsequently, Few’s impact pathway for climatic hazards
was evaluated, placing the healthcare system within the context of climatic risks. Following this, the
framework for assessing urban settlements’ vulnerability to flood risks was examined, bridging the
conceptual model with flood risks specifically. Then, the Resilience Framework for Public Health
Emergency Preparedness was reviewed to assess the system’s resilience. Finally, various frame-
works and supplementary studies were consulted to identify indicators for evaluating the system.
[Roland et al., 2021] Below, brief descriptions of the frameworks are given and Table 3 shows the
objectives and identified drivers for each framework. In appendix B, the frameworks are presented.

1. Social Determinants of Health (SDOH) are the non-medical factors that significantly influ-
ence health outcomes, including individuals’ living conditions, socioeconomic status, educa-
tion, employment, social support networks and access to healthcare. Addressing these determi-
nants is essential for effectively managing the healthcare landscape from a systemic perspective.
[Ansari et al., 2003, Kumar, 2010]

2. Few’s health impact pathway for climatic hazards aims to analyze vulnerability and adaptation
to climate hazards through the lens of environmental and social sciences, specifically focusing
on health impacts. This framework seeks to explore how vulnerability to health impacts varies
within societies and proposes a structured approach to understanding the interconnections be-
tween climatic hazards and health concerns. [Few, 2007]

3. The framework for assessing urban settlements’ vulnerability to flood risks integrates cultural
and behavioral factors to comprehend the socially constructed vulnerability among at-risk pop-
ulations. Additionally, it incorporates urban political ecology to analyze socio-spatial-political
profiles and institutional drivers of flood vulnerability. The overarching goal of this framework
is to identify indicators, understand root causes, and develop flood risk management tools to
reduce vulnerability and mitigate impacts. [Salami et al., 2017]

4. The Resilience Framework for Public Health Emergency Preparedness outlines the essential
components of a resilient system, aimed at enhancing readiness for disasters and emergencies.
This conceptual framework surpasses simple description by integrating principles of complex-
ity, illustrating the dynamic nature of the system. Its primary objective is to identify proactive
measures to strengthen preparedness and responsiveness in the face of crises.[Khan et al., 2018]



30 Chapter 3 CONCEPTUAL MODEL

3.3 Review
The review of these frameworks serves several purposes. Firstly, it aims to define key concepts such
as the healthcare system, factors influencing health outcomes during flood disasters, vulnerability,
and indicators for measuring system performance. Another objective is to compare the objectives and
identified drivers of the frameworks. This subsection presents the findings of the review.

3.3.1 Defining key concepts

Health care system and the determinants of health
To assess a health system’s performance, it must first be clearly defined, including its boundaries and
components. These boundaries define responsibilities and significantly influence the analysis’s ability
to identify factors impacting health system outcomes. In this research, it is essential to recognise the
broader context of the health system and its interactions with the economic, political, and social
surroundings. Aligning with the Health System Performance Framework [Frenk and Murray, 2000],
the definition is set to:

“The resources, actors and institutions related to the financing, regulation and provision of health
actions. Where health actions are any set of activities whose primary intent is to improve or

maintain health.”

Improving or maintaining health can be done directly by improving service and quality of health
services, however, health can also be indirectly improved by improving the environment in which
people live. The health care system is thus more than just the performance and quality of health care
facilities but rather is a combination of factors affecting the health of individuals and communities.
The context of people’s lives determine their health. All these factors is referred to as the determinants
of health and include, among many other factors [World Health Organization, 2024]:

• Economic environment

• Individual behavior

• Social status

• Physical environment

• Education

• Social support networks

• Access to health services

Vulnerability
This thesis seeks to evaluate countries’ vulnerability to communicable diseases following flood events.
It focuses primarily on identifying indicators for risk assessment rather than strategies for mitigating
these impacts. Each framework offers its unique definition of vulnerability.

Vulnerability is ...
”the susceptibility or exposure of disadvantaged individuals or groups to health-damaging con-
ditions due to their unequal socioeconomic positions or circumstances.” [Kumar, 2010]

Vulnerability is ...
”a combination both of physical vulnerability (the likelihood of physical exposure to the hazard)
and social vulnerability (susceptibility to its impacts).” [Few, 2007]
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Vulnerability is ...
”circumstances triggered by various phenomena in the form of physical, social, economic, cul-
tural and environmental factors which make a society, system or asset susceptible to natural and
human-made hazards.” [Salami et al., 2017]

Vulnerability is therefore a central concept and is a complex term that can be explained as a com-
bination of both physical and social vulnerability [Few, 2007]. It encompasses exposure (the risk of
flood occurrence, infrastructure, land use), vulnerability (socioeconomic factors, demographics), and
resilience or coping capacity (health systems, governance) [Salami et al., 2017]. These perspectives
will form the foundation of the conceptual framework of this study, aiming to comprehend the com-
plex relationship between floods, health systems, and the impacts of communicable diseases, drawing
from existing theories, frameworks, and studies.

Resilience
Resilience, often explained as coping capacity, plays an important role in understanding the com-
plex dynamics of healthcare sytems. Within the Social Determinants of Health, as described by the
WHO, coping capacity finds its place among the intermediary determinants, encompassing the psy-
chosocial circumstances individuals face, including stressors, living conditions, and support systems
[Few, 2007]. Here, the focus predominantly lies on individual resilience. However, as Few elaborates,
resilience extends beyond the individual level to embrace collective coping capacities, shaped by a
range of resources, behaviors, and broader societal processes. While Few emphasizes resilience in the
context of health risks, particularly highlighting the ability to avoid infection and sustain functional
health systems during hazardous events, Salami delves deeper, shedding light on adaptive coping
mechanisms influenced by various factors such as perceptions, awareness, and strategies. In this ex-
ploration, attention is directed not only towards individual resilience but also institutional resilience.
[Salami et al., 2017] Khan explores the crucial role of collaboration, trust, and community engage-
ment in fostering resilience within public health systems. [Khan et al., 2018] These elements, along
with others outlined in frameworks for resilient public health systems, emphasize the human and so-
cial dimensions essential for strengthening resilience and improving adaptive capacity. In essence,
resilience emerges as a multifaceted concept encompassing individual, community, and institutional
capacities to endure and rebound from adversity.

3.3.2 Review of Objectives and drivers

Table 3 provides an overview of the objectives and drivers of the selected frameworks. The objective
of all frameworks is to address health-related issues and to provide an understanding on how to mit-
igate health risks or improve health outcomes within their respective area of focus. However, each
framework takes a distinctive perspective on the context of health outcomes of flood disasters and
these will be explained by identifying the relevant drivers of these frameworks.

Within the healthcare system, various categories of drivers contribute to explaining health system
performance. To structurally assess the impact of flood hazards on healthcare system performance
and health outcomes, several groups of indicators were identified through the assessment of multi-
ple frameworks. All frameworks adopt a broad perspective on the drivers of the healthcare system,
considering the political and institutional context. Additionally, they emphasize the significance of
physical infrastructure and material circumstances. The CSDH identifies the socio-economic position
of the individual as a primary determinant, along with behavioral factors, biological factors, and psy-
chosocial factors, placing particular emphasis on individual positions. The Health Impact Pathway for
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flooding focuses more on physical exposure to risk, including flood hazards and physical proximity.
Salami approaches vulnerability from both an individual and systemic standpoint. The Public Health
Emergency Preparedness framework takes a holistic approach, considering institutional, political, and
cultural factors to evaluate the resilience of public health systems. These groups encompass physi-
cal exposure to flood hazards and disease outbreaks, socioeconomic and demographic factors, health
system resilience, and institutional resilience.

Table 3: Overview of reviewed frameworks addressing health and flood risk management

Author / Institution Name frame-
work

Objective Drivers

Solar O, Irwin A.
World Health
Organization

Commission
on Social

Determinants
of Health
(CSDH)

framework

To provide an understanding of the
SDH by delineating how social, eco-
nomic, and political mechanisms con-
tribute to socioeconomic positions,
which subsequently influence individ-
uals’ exposure and vulnerability to
health-compromising conditions.

Structural determinants: Socio-
economic position, political
context. Intermediary deter-
minants of health: Material
circumstances, behavioral
factors, biological factors,
psychosocial factors

Few R. Health Impact
Pathway for

flooding

To integrate health considerations into
the existing discourse on hazards, risk,
and vulnerability, particularly within
the realms of political ecology, disaster
studies, and climate change adaptation.

Flood hazard, physical proxim-
ity, health risk effect, health out-
come in social, cultural, eco-
nomic, political, environmental
context

Salami R, von
Meding J, Giggens H

Flood
vulnerability
assessment
framework

To address human settlements’ vulner-
ability to flood disaster risk in cities
by providing deep understanding of the
flood risks.

Exposure, susceptibility and
adaptive coping capacity in
the context of households’
or communities’ social, eco-
nomic, cultural, institutional
and physical vulnerabilities.

Khan Y, O’Sullivan
T, Brown A et all.

Public Health
Emergency

Preparedness
framework

To describe the essential elements of
a resilient public health system and
how the elements interact as a complex
adaptive system.

Institutional, political and cul-
tural factors, material circum-
stances
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3.3.3 Conceptual Framework Development: Defining Framework Domains

Based on the frameworks reviewed previously, the conceptual framework has been developed and is
presented in Figure 7. In this model, the sources are indicated by numbers that correspond to those
listed in Table 4. In this framework, the flood-disease risk can be explained as the risk of a potential
communicable disease outbreak after a flood event. This flood-disease risk is influenced by four
separate domains. Each domain either drives or reduces this risk and is affected by multiple factors.
The conceptual framework provides valuable insights into identifying the four main domains that
influence the flood-disease risk of a country: exposure to communicable diseases, exposure to floods,
vulnerability of a flood-prone community, and resilience to the impact of floods on the community.
In this subsection, these domains will be further elaborated on.

Figure 7: Conceptual framework of the relationship between floods, healthcare systems and commu-
nicable diseases

Table 4: Sources for the Conceptual Framework

Number Source Number Source Number Source
1 [Akanda et al., 2009] 7 [Khan et al., 2018] 13 [Salami et al., 2017]
2 [Ansari et al., 2003] 8 [Lutz et al., 2013] 14 [Savi, 2022]
3 [Elimian et al., 2020] 9 [Morin et al., 2013] 15 [Shackleton et al., 2023]
4 [Few, 2007] 10 [Ndicunguye, 2012] 16 [Viana and Ignotti, 2013]
5 [Hashizume et al., 2013] 11 [Phalkey and Louis, 2016] 17 [Wu and Huang, 2022]
6 [Kumar, 2010] 12 [Roland et al., 2021]
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Exposure to Communicable Diseases
This domain focuses on understanding the physical exposure of a country or region to communicable
diseases and its implications for the transmission of these diseases. Key factors include the epidemic
risk index, which measures the likelihood of disease outbreaks in a given area. Material circumstances
such as the quality of water and sanitation systems, the quality of housing, and land use also impact
the magnitude of potential exposure to disease. Environmental mechanisms, explaining the transmis-
sion of communicable diseases, as illustrated in figure 6, are also included in the model.

Exposure to Floods
The second domain is determined by geographical and demographic factors. Geographical factors that
could increase the exposure to floods include proximity to water bodies, such as rivers and coastlines,
especially in regions with frequent and intense weather patterns like hurricanes and heavy monsoon
rains. Additionally, low-lying topography exacerbates this vulnerability by allowing water to accu-
mulate more easily, leading to severe and prolonged flooding. Indicators such as flood frequency, the
annual number of people expected to be exposed to floods, population density, and the degree of ur-
banization help define a region’s exposure to flood hazards. These factors contribute to understanding
how many people are at risk during flood events and how often these events are likely to occur. High
population density and urban areas tend to have higher exposure levels, which can amplify the risk of
disease outbreaks post-flood.

Vulnerability
Individual vulnerability within communities can be explained as a set of conditions determined by
various phenomena in the form physical, social, economic, cultural and environmental factors which
make a community susceptible to natural and human-made hazards [Salami et al., 2017]. Factors de-
termining the level of vulnerability include average household income, education levels, malnutrition,
and age. Flood hazards themselves impact community vulnerability, particularly when recovery from
previous events is incomplete, leading to disrupted income, damaged infrastructure, and food loss.
Vulnerability extends beyond physical exposure to for example floods. Within this thesis, vulnerabil-
ity is categorized into three main categories of factors: public health factors, describing the current
health state of the population, socio-economic factors, affecting a persons’ ability to engage in health
activities, afford medical care and housing, and manage stress. and behavioral factors, describing
skills to act properly in vulnerable situations.

Resilience
Resilience addresses a community’s capacity to cope with flood risk in terms of their healthcare sys-
tem, institutional resilience, and individual resilience. This domain reflects the efforts to enhance
resilience in flood-prone areas through three distinctive categories: healthcare system, institutional
and individual resilience. The ability to recover and adapt to flood events, maintaining functional-
ity and reducing long-term impacts, is critical in mitigating flood-disease risks. Efforts to improve
resilience include strengthening health care infrastructure, implementing early warning systems, and
fostering community-based initiatives to support recovery and preparedness.

By examining these domains and their indicators, the conceptual model provides a comprehensive
understanding of how various factors interact to influence the flood-disease risk of a community.
This framework guides data analysis and helps in developing strategies to mitigate the risk of disease
outbreaks following flood events.
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3.3.4 Conceptual Model Development: Interrelationships

The conceptual framework presented in Figure 7 outlines the system of interlinked concepts, assump-
tions, and theories guiding this master thesis. These theories serve as a foundation to conceptualize the
system for data analysis and to explore assumed relationships and interrelations within the system.
The framework identifies various factors that might affect flood-disease risk, aiming to understand
how these factors relate to each other and identify their interconnections. This conceptual framework
forms the basis for the data analysis, guiding the thesis in two phases. In the first phase, past flood
events and their impacts on the incidence of communicable diseases will be evaluated, focusing on
exposure to both floods and diseases. This evaluation will inform the selection of countries, analyz-
ing patterns between floods and disease incidences. Countries will then be categorized based on the
historical impact of floods on disease incidence. In the second phase, the goal is to determine which
factors from either the vulnerability or resilience categories explain these distinctions. Although lit-
erature suggests potential contributing or mitigating factors, this research aims to identify the most
influential ones. The objective is to determine which category of factors has a stronger influence
on flood-disease risk. Therefore, vulnerability and resilience factors will be further described in the
following chapters, and indicators will be defined for analysis.

3.3.5 Initial list of indicators

Based on the frameworks and past studied reviewed during the desk study, an initial list of indicators
is constructed, shown in Table 5. This list will be the starting point for collecting data for the database.
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4 Database Development

The development of the database is the critical phase of this research as it determines the scope
for exploring the interrelations between health care systems, communicable diseases outbreaks and
floods. This chapter aims to provide the required database necessary to answer the second and third
research questions that explore the correlations between health system characteristics and the inci-
dence of communicable diseases after floods. To systematically collect this data, a search strategy
was formulated. First, an initial selection of countries took place to frame the search. Then, the
process continued with several parallel processes where three types of data were retrieved. First, the
flood data highlighting past flood disasters, affected people and frequency. Most importantly, the
seasonal patters and time span of the floods were mapped. Secondly, epidemiological data was gath-
ered through numerous databases and website to retrieve as detailed possible data on the surveillance
of communicable diseases during time of flood disasters. Lastly, vulnerability and resilience indica-
tors were collected. These indicators were identified based on the conceptual model presented in the
previous chapters and corresponding theories. The data collection process is illustrated in figure 8.

Figure 8: Data collection process for database development, including primary data sources and
process goals.

4.1 Data sources
To develop the database, an extensive search for data was performed to acquire a set of data relevant
to the context of this research. Therefore, a wide range of data sources was used to collect the re-
quired data. The primary data sources used for the development of the database are discussed in this
subsection.

1. EM-DAT
EM-DAT is a valuable data repository that systematically documents human and economic losses
worldwide in the aftermath of disasters meeting specific criteria. These include incidents resulting in
at least 10 fatalities, affecting 100 or more people, triggering a declaration of a state of emergency, or
necessitating international assistance. The database categorizes disasters as events that overwhelm lo-
cal capacities, prompting requests for external aid. These unpredictable and often abrupt occurrences
cause substantial damage, destruction, and human distress. EM-DAT offers users access to flood-
related data from 2000 onwards for all countries globally. Despite its broad coverage, occasional data
gaps may indicate either relatively minor floods or inadequacies in reporting, emphasizing the need
for careful interpretation. [Centre for Research on the Epidemiology of Disasters, 2024]
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2. World Health Organization
The World Health Organization (WHO) is an United Nations agency responsible for international
public health with with primary objective to ensure that all people attain the highest possible level of
health. The WHO plays a crucial role in responding to health emergencies, promoting health equity,
and addressing various health challenges worldwide, such as infectious diseases, noncommunicable
diseases, and the impact of environmental factors on health. The global health observatory served
as an important source for the collection of data for this research as the database allows for a struc-
ture search based on indicators, categories or countries. It was used to collect epidemiological data
on Cholera and Malaria and also provided input for several health system performance indicators,
specifically health system resilience and exposure indicators. [World Health Organization, 2024b]

3. Global Health Data Exchange
The Global Health Data Exchange (GHDx) is a platform developed and maintained by the Insti-
tute for Health Metrics and Evaluation (IHME) and is a catalog of health-related data from various
sources. The GHDx provides access to a wide range of health data, including information on dis-
ease prevalence, mortality rates, risk factors and health system performance. The IHME’s main goal
is to provide data on important health metrics to policymakers, researchers and the public. For this
research, the GHDx was primarily consulted to collect worldwide epidemiological data on Malaria,
Diarrhoeal Disease, Cholera and Dengue.

4. Ministries of health
Although the WHO and GHDx provided a variety of datasets on epidemiological, it mainly consist of
yearly numbers. To identify seasonal patters in incidence rates and to be able to analyse the relation-
ship between floods and communicable diseases outbreaks, the government website, specifically their
ministries of health, of all countries were searched for datasets, reports or dashboards on monthly of
weekly incidence rates of communicable diseases.

5. INFORM Risk Index
The INFORM Risk Index is a global risk assessment for humanitarian crises and disasters developed
by UN agencies, donors, NGOs and research institutions. It identifies countries at high risk of human-
itarian crises including floods. The Index model has three dimensions of risk: Hazards and exposure,
vulnerability and lack of coping capacity. For this research, it provided valuable data on the health
system performance indicators, specifically on the exposure and socio-economic indicator domains
of the conceptual framework.

6. World Population Review and the World Bank
Various demographic data and statistics related to global population trends are documented by the
world population review website. The world bank has an open access data base that provides data on
global development. These data sources were used to identify characteristics with regard to demo-
graphics and the socio-economic indicators of countries.
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4.2 Data collection process

4.2.1 Selection of countries

For this thesis, the top 20 countries of three different measurements of flood risk have been selected
to compile an initial list. These measurements include:

1. Countries most exposed to floods by risk index [Salas, 2023]

2. Origin of floods with the highest total affected people since 2000 worldwide, as well as per con-
tinent, to understand variation in the characteristics of the selected countries obtained through
the public EM-DAT platform

3. Percentage of population at risk [Rentschler et al., 2022]

This process resulted in a list of 41 countries. Subsequently, an online search for epidemiological
evidence from past flood disasters was conducted to evaluate the relevance of including these coun-
tries in the research. This list of countries was then used to collect data on communicable diseases
outbreaks after past flooding disasters. During this initial phase of the data collection, another five
countries were excluded due to insufficient availability of relevant data. The initial list of countries,
presented in Table 6, will serve as the starting point for the project.

Table 6: Initial set of flood-prone countries included for analysis

Asia Africa America Europe Oceania
Bangladesh Mozambique Dominican Republic Russia Australia
Vietnam Tanzania Peru Czech Republic
Cambodia Nigeria Guyana Serbia
Iraq Somalia Guatemala United Kingdom
Sri Lanka South Sudan
Pakistan
China
India
Philippines

4.2.2 Flood data

The initial set of countries served as the starting point for collecting relevant data on past floods. The
International Disaster database was utilized to retrieve this data, providing information on the type
and origin of the flood, location, magnitude, time span, total affected people, and total damage. This
data was retrieved to gather information regarding countries’ past experiences and vulnerabilities con-
cerning flood disasters. Firstly, the frequency of flood disasters occurring in a country was calculated,
alongside the number of floods and days of flooding per year. Additionally, it is necessary to identify
the total number of affected people per year and the seasonal distribution of floods.

However, the criteria for inclusion in the International Disaster Database permit the reporting of flood
disasters that might not directly impact the incidence of communicable diseases. Referring back
to the conceptual framework, health risk factors that increase exposure to flood-related health risks
include the disruption of water and/or sanitation systems, contact with contaminated water and/or
food, and the displacement of populations. Therefore, based on this, the assumption is made that the
number of affected people (deaths, injuries, homelessness) provides the most indication for a possi-
ble connection between floods and communicable disease outbreaks. Furthermore, the total reported
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damage provides an indication of possible disruptions to water and sanitation systems and infrastruc-
ture. Furthermore, damage might relate to loss of health infrastructure including essential drugs and
supplies and complicating evacuation of patients potentially leading to an increased risk of diseases.
[Du et al., 2010] Also, an increased level of damage might indicate a longer recovery process, com-
plicating managing the increased need of health after a flood event and increasing secondary stressors
such as economic stressors, for example loss of property. [Stephenson et al., 2014, Lock et al., 2012]
Lastly, the time span of a flood might also correlate with reported floods, as a continuous flood might
create favorable conditions for the proliferation of vector populations and could impact the com-
mencement of the recovery process. [Morin et al., 2013] Furthermore, a long time span increases the
exposure duration of individuals to contaminated water. [Akanda et al., 2009] Therefore, the retrieved
data was filtered based on these different criteria, and a significance score was assigned to each flood.
For several data rows, information on one or more criteria were missing. Therefore, this information
was manually added, with the assumption that no data for total affected or total damage meant no
affected individuals or damage and was thus set to zero. The data for total affected appeared to be
the most complete and was therefore considered the principal variable. To assign this score, first, the
data for total affected, total damage, and days of floods were standardized. For this, formula 1 is
used. For each country, floods were selected that yielded a positive significant score, indicating that
the summarized data is above the mean of the dataset, suggesting an above-average impact.

Significance score = (0.8× total affected)+(0.1× total damage)+(0.1×days of floods) (1)

4.2.3 Epidemiological data

The initial scope of the data collection process for epidemiological was determined by the initial
set of countries, the health impact scope determined in chapter 3, including: Cholera, Leptospirosis,
Diarrhoeal disease, Malaria and Dengue and the time span of past flood events. The aim was to collect
as detailed as possible data, consisting of weekly or monthly morbidity and mortality rates. The
availability of reliable data was limited and therefore also yearly data was included in the database.
Mortality rates were not sufficiently available in online open sources and were therefore excluded
from the data collection. Epidemiological data was reported when at least one flood period could
be compared to two non flooded periods, determined by the collected data on past floods. Based
on the availability of data, countries were categorized in three categories; weekly data availability,
monthly data availability and yearly data availability, presented in Table 7. Based on the availability
of this data, the methodology for analysis is adjusted accordingly. As a result of this process, several
countries were excluded from the research including: Vietnam, Iraq, Laos, Congo, Somalia, South
Sudan, Guyana, United States of America, Guatemala, Russia, Czech Republic and Cambodia.

4.2.4 Health care system indicators

The initial set of indicators was obtained during the development of the conceptual model and laid
foundation for the data collection. The data collection was systematically divided into the three
main domains as defined in the conceptual model; vulnerability, people’s susceptibility and resilience.
During the data collection, proxy indicators were added to represent indirect indicators defined in the
previous phase. A complete list of these indicators can be found in Table C.3 of the appendix. Data
was collected for these countries that allowed for the collection of epidemiological data during flood
and non flood periods, described in Table 7.
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Table 7: Availability of epidemiological data divided into weekly, monthly and yearly available data
including the time period of reported data

Weekly data Disease Time period
Pakistan Cholera, ADD, Dengue, Malaria 2021 - present
Philippines Leptospirosis, Dengue 2019, 2021, 2022
Sri Lanka Leptospirosis, Dengue 2007 - present
Peru Dengue 2020 - present

Monthly data Disease Time period
Bangladesh Cholera, ADD 2018 - 2019
Australia Leptospirosis, Dengue, Malaria 1991 - present

Yearly Data Disease Time period
China Malaria 2000 - 2015
India Cholera 2000 - 2022
Tanzania Malaria, Cholera 2000 - 2022
Nigeria Malaria, Cholera 2000 - 2022
Mozambique Malaria, Cholera 2000 - 2022
United Kingdom Cholera, Leptospirosis, Dengue 2007 - 2019
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5 Analysis of Flood Impact on Communicable Diseases

The database developed in the previous chapter is used to perform the EDA to analyse the correla-
tions between health system characteristics and incidence of communicable diseases after floods. To
address this question, the analysis is distinguished into two different phases. The first phase involves
examining the impact of floods on reported cases of communicable diseases to determine countries’
resilience to the impacts of floods on the incidences of communicable diseases. Based on these find-
ings, the performance of the healthcare systems of these countries will be analyzed in the second
phase to identify vulnerability and resilience indicators that explain the varying outcomes in health
effects of communicable diseases after floods.

5.1 Methodology

5.1.1 Exploratory Data Analysis

An EDA was selected as the preferred method because it allows for the examination of multiple vari-
ables and outcomes across data strata. It is a method that explores data to discover patterns, locate out-
liers, and identify relationships between outliers to test hypotheses. [Matthieu Komorowski et al., 2016]
Typically, it is carried out as an initial and preliminary step before formal analysis or modeling to solve
a research problem. For this reason, the term exploratory analysis is used. [Luijken et al., 2022] Most
EDA techniques are graphical in nature, as their main role is to explore and gain insights into the
structure of the data. A distinction can be made between univariate, which concerns only one vari-
able or outcome, and multivariate, which involves multiple variables. A combination of both will be
used in this research. [Matthieu Komorowski et al., 2016] EDA serves various goals, of which the
following are relevant for this research:

1. Gain insight into the data and understand data structure

2. Visualize potential relationships between variables

3. Detect outliers

To present the process and results of this analysis, the reporting suggestions for EDA from [Luijken et al., 2022]
are being considered. To illustrate the flow and objectives of the analysis, a study protocol is presented
in Figure 9. The results of the analysis will be accompanied by a proposed research agenda. Other
considerations include that conclusions should not be based on significance values only, interpretation
of findings should be in line with the nature of analysis and all summarised results should be reported.

Figure 9: Study protocol of the exploratory data analysis
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5.1.2 Visual Exploratory Data Analysis

Being able to visualise changes in incidence rates and seasonal patterns throughout the year is an
effective approach to better understand data and take some first steps in exploring the data and iden-
tifying patterns and relationship. This section will discuss different time-series data by using some
visual exploratory data analysis (V-EDA) methods. It is aimed to evaluate if the data can show whether
the incidence of communicable diseases is suspected to be impacted by floods. This is done by first
performing a visual inspection by plotting the data. By doing this, trends over the weeks, months of
years can be visually inspected and provides a initial idea whether noticeable differences in epidemi-
ological data during flood and non-flood periods can be suspected. The choice of type of plot is based
on the availability of the data. Below, the different types used for this V-EDA are briefly elaborated
on [Matthieu Komorowski et al., 2016]:

1. Time plots are used to visualise weekly and monthly data and illustrate data points at succes-
sive intervals of time. This allows for identifying recurring seasonal patterns. In these plots,
the significant floods, as determined by the formula provided in subsection 4.2.2, are marked
including their origin and start date.

2. Time plot + histogram are used to visualise yearly data against the total number of affected
people in the corresponding year. Although, the yearly data is more difficult to interpret as the
lack of details gives more room to other factors that might influence the number of reported
cases, it still hints at a potential relationship between flooding and disease outbreaks.

3. Scatter plots of number of reported cases versus total number of affected people. These are
used to analyse whether there might be a relationship between an increase in total number of
affected people per year and the reported incidence rates.

5.1.3 Statistical Analysis

To further analyse the suspected significance in differences, statistical tests are performed to deter-
mine whether the data is significant. The nature of the data determines the use of a specific test. The
formulas of these test can be found in appendix D.

Paired t-test
Monthly or weekly available data is tested through a two-tailed paired T-test where the mean differ-
ence between two paired groups is tested to determine the statistical significance. [Niven et al., 2012]
A paired t-test is used when you have two sets of paired observations or measurements, for example
measuring the same set of objective before and after an event or intervention. Two tailed refers to the
directionality of the hypothesis being tested. It essentially checks if the two groups being compared
are significantly different from each other, regardless of the direction of the difference. Here, the
mean of incidence rates during flood periods are compared with the incidence rates in these same
weeks/months of years without floods. This method allows for better control for individual differ-
ences between observations, such as seasonal variation or differences in the environment that could
affect the number of reported incidences [Heo et al., 2008].

Pearson correlation
For data available on a yearly base, the Pearson correlation is performed. The reason for selecting this
method is that it is able to test correlation despite non normality of the dataset. This test measures an
association between two variables, primarily a linear relationship between two continuous variables.
[Pearson, 1931, Schober and Schwarte, 2018] Here, the disease incidence rate was tested against the
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total number of people affected by floods in a specific year. This is done to test the proposed null
hypothesis which is; there is no correlation between the number of people affected by a floods in
country X and the number of incidences of disease X. The significance of the reported data can again
be determined by comparing either the Pearson Correlation Coefficient (r) to the critical value or by
comparing the p-value with the selected significance level.

Regression analysis
Additionally, a regression analysis is performed to analyse the relationship between the number of
affected people and number of reported incidences of a disease. A regression analysis is typically
used to study how a response variable depends on one or more indicative variables. [Cook, 2015]
The number of affected people is the independent, indicative variable because it is used to predict
or explain variation in the number of reported cases, the dependent variable. With this analysis, it
is possible to determine if the number of people affected has a statistically significant effect on the
number of reported cases.

5.2 Results Visual Analysis
Each dataset of epidemiological data was plotted to visually inspect patterns and trends in the data.
Although an increase in the number of incidences is complex and affected by multiple factors, it can
provide a suspicion of significance that can be tested using additional statistical methods.

5.2.1 Results Visual Analysis - yearly data

For the datasets that provided yearly reported incidence numbers, the absolute number of cases was
plotted against the people affected by floods in the corresponding years. To calculate the total number
of affected people, all floods included in the EM-DAT were considered for the analysis. Pakistan was
the only country that showed a possible relationship between the number of affected people by floods
and the communicable diseases incidence rates. Figure 10 shows the number of people affected by
floods versus the number of reported Malaria cases in Pakistan for the period 2000 to 2021. There
are two indications to suspect a possible relationship between these two variables. There is a peak
in reported cases after 2010, a year with a relatively large number of people affected by floods. In
2023, there is another peak in both incidences and number of affected people which can possibly be
explained by the floods that occurred during these year.

In contrast, the plot of malaria incidence versus number of affected people in Tanzania, illustrated in
Figures 10 and 11 shows a relatively constant number of Malaria cases since 2009 after which several
peaks in number of people affected by floods can be identified. There is no suspected relationship
between the two variables. The results of the visual analysis of the yearly plots are summarised in
Table 8 and 9. The plots of all countries included in this study are presented in appendix A and B.
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Figure 10: People affected by floods vs. Malaria cases in Pakistan (suspected significance)

Figure 11: People affected by floods vs. Malaria cases per year in Tanzania (no suspected signifi-
cance)
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Table 8: Summary of results visual analysis yearly data - Malaria

Country Findings
Suspected
significance Plot

China
- Malaria cases have decreased over time
- Malaria cases are relatively low
- No identified relationship between affected people and incidences

No E.6f

Dominican
Republic

- Outlier in number of affected people in 2016
- Outlier does not correlate with malaria cases
- No identified relationship between affected people and incidences

No E.6e

Mozambique

- Malaria cases are relatively stable over time
- In the early 00’s, higher number of people affected by floods
- Decrease in malaria cases corresponds with lower numbers
of affected people
- Last years show little variance in reported malaria case,
despite variance between affected people
- Null hypothesis cannot be rejected

+/- E.6a

Nigeria
- Several outliers in number of affected people (2010, 2012,
2018 and 2022)
- Malaria cases do not show correlation with these outliers

No E.6b

Pakistan
- Outliers in number of affected people (2005, 2010, 2022)
- Outliers show possible correlation with malaria cases Yes 10

South Sudan

- Malaria cases are relatively stable over time
- Number of affected people have increased over time and
show high numbers from 2019
- Malaria cases do not increase from 2019

No E.6g

Tanzania
- Malaria cases have decreased over time
- Number of affected people have increased over time
- Plot does not show correlation between the two variables

No 11

Table 9: Summary of results visual analysis yearly data - Cholera

Country Findings
Suspected
significance Plot

Mozambique

- Number of affected people have decreased over time
- Cholera cases are heavily fluctuating
- Although cholera cases are also decreasing over time, the
years showing peaks in incidences do not show a relationship
with the peaks in number of people affected by floods

+/- E.5a

Nigeria

- Several outliers in number of affected people (2010, 2012,
2018 and 2022)
- Cholera cases are heavily fluctuating
- Outliers of cholera cases do not correspond with outliers in
number of affected people

No E.5b

Tanzania

- Cholera cases seems to have decreased over time
- Missing data for 2014
- Outliers of cholera cases do not show relationship with
outliers in number of affected people

No E.5c
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5.2.2 Example plots weekly and monthly data

Weekly incidence datasets were plotted over multiple years, enabling the observation of seasonal
patterns, such as those related to rain seasons or temperature variations, as well as differences between
years with and without flood disasters. Significant floods were highlighted in these plots to facilitate
the identification of potential associations between flood events and increases in reported incidences.
The dark blue X marks the start of the indicated flood. The yellow dashed lines indicate persistent
flooding. The plot of two countries, Sri Lanka and Peru, raised suspicion for a possible relationship
between a significant flood and a following outbreak. Figure 12 shows the dengue incidences for
four different years (2010, 2013, 2017 and 2018) in Sri Lanka. In both 2010 and 2017, flooding
occurred. Years 2010, 2013 and 2018 show a relatively stable number of incidences throughout
the year. However in 2017, a significant outbreak of Dengue occurred in the 10 weeks following
the flood in May 2017 raising suspicion for a possible relationship between the two variables. The
Dengue incidences of five different years were also reported for Australia, as shown in plot E.7b.
Floods occurred in three of those years (2010, 2011 and 2022). The corresponding reported number
of Dengue cases in the month of these floods do not show significant increases that might raise a
suspicion of possible connection between the floods and number of reported incidences. A summary
of the main findings are provided in Tables 10 and 11. The visualisations are shown in appendix D
and C.
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Figure 12: Dengue incidence and flood events in 2010, 2013, 2017 and 2018 in Sri Lanka (suspected
significance)

Figure 13: Dengue incidence and flood events in 2010, 2011, 2013, 2022, 2023 in Australia (without
suspected significance)
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Table 10: Summary of results visual analysis monthly and weekly data - Dengue

Country Findings
Suspected
significance Plot

Australia
- Increased average incidence rates during winter with peaks in July
- Peaks in reported dengue cases do not consistently follow floods No E.7b

Peru

- Significant peak in reported cases during weeks 15-24 following
floods in beginning of 2023
- No clear seasonal variation
- 2021 and 2022 show relatively stable number of reported cases

Yes E.7a

Philippines

- Relatively stable number of reported cases in first 4 months of the year
- 2/3 years of reported data show increase in reported cases after month 5
- No significant variance can be identified between flooded vs. non-
flooded years

No E.7d

Sri Lanka

- Significant peak in reported number of dengue cases in 10 weeks
following monsoonal rains in 2017
- 2010, 2013, 2018 show relatively stable number of reported cases
- Suspected seasonal variation during weeks 25-31 and week 34-52

Yes E.7c

Table 11: Summary of results visual analysis yearly data - waterborne

Country Disease Findings
Suspected
significance Plot

Australia Leptospirosis

- Reported cases seem to have a seasonal variation
with increases reported cases from April to June
- Two months after 2022, feb flood the reported cases
show a peak
- Reported cases significantly increase during cyclone
Tasha but rapidly decrease after

+/- E.8a

Bangladesh ADD

- Reported cases of ADD are relatively stable throughout
the year
- A decline in reported cases can be identified after flood
in 2014

No E.8d

Philippines Leptospirosis

- 2019 and 2022 show an increase in reported cases after
month 7
- Lacking data for these months for 2021
- No relationship can be identified between flood in 2021
and reported cases in following months

No E.8c

Sri Lanka Leptospirosis

- Reported cases are fluctuating throughout the year
- Increase in reported cases in month after monsoonal
rains in 2010, however, other years also show an increase
during this month
- Inconclusive results

No E.8b
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5.3 Results of Statistical Analysis

5.3.1 Correlation Analysis

For the countries with data available per year, a correlation analysis was performed to evaluate the
possible relationship between the reported incidence number per year and the corresponding affected
people in that same year. The results of these analyses are shown in Table 12. The Pearson correlation
coefficient indicates whether there is a linear relationship between the two variables. 1 indicates a
perfect positive linear relationship, -1 indicates a perfect negative linear relationship and 0 indicates
no linear relationship. This coefficient can be compared with the critical value to determine the
significance of the data. This critical value is determined by the degree of freedom and the selected
level of significance. For this study, the level of significance is set to 0.05. A Pearson Correlation
coefficient higher than the critical value indicates statistical significance of the data. This relationship
can also be evaluated by calculating the p-value. A p-value lower than the level of significance enables
to reject the null hypothesis. For Pakistan, both the correlation coefficient and the p-value indicate
significance. The results of the correlation analysis for Mozambique showed significance based on
the p-value. The other countries did not show any significance within the data, which corresponds
with the findings from the visual analysis.

Table 12: Results of Pearson Correlation Analysis of yearly reported malaria incidences versus yearly
number of people affected by floods

Country Pearson Correlation
coefficient Critical Value Significant

(coefficient) P-value Significant
(p-value)

Pakistan 0.697 0.537 yes 0.000221 yes
Nigeria -0.222 0.549 no 0.308 no
Mozambique 0.415 0.549 no 0.0489 yes
Tanzania -0.299 0.549 no 0.165 no
China -0.324 0.549 no 0.0677 no
South Sudan -0.324 0.549 no 0.132 no
Dominican Republic -0.170 0.549 no 0.450 no

5.3.2 Paired T-Test

Paired T-tests were performed to evaluate the data that was available on a monthly or weekly base
since this data allowed for comparing on a more detailed level. In this test, months or weeks when
floods occurred are compared to these same months or weeks in years without flooding. In this test,
the t-statistic is calculated and compared to the corresponding critical value along with a comparison
between the calculated p-value and the significance level of 0.05. Since the lag time of communicable
diseases, described in subsection 3.1.4, is difficult to measure precisely, it was decided to perform
the paired T-test both for a flooded period + 1 month after the end date of the flood as reported
in EM-DAT (Table 13), and a flooded period + 2 months (Table 14). Following these results, the
data corresponding to the incidences of Dengue in the Philippines, Sri Lanka, Australia and Peru
show a significance when comparing reported number of cases of Dengue in flooded and non-flood
periods. Furthermore, Sri Lanka and Australia show significance in reported number of cases of
Leptospirosis. The test showing a positive significant correlation between flooded and non-flooded
years are highlighted in blue.
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Table 13: Results of paired T-test for reported cases of Cholera, ADD, Leptospirosis and Dengue
comparing flooded (+ 1 month) and non-flood periods in Bangladesh, Philippines, Sri Lanka, Aus-
tralia and Peru.

Country Disease Time period T-statistic P-value Significant?
Bangladesh Cholera 7:8 2016 vs 2018 0.435 0.739 no
Bangladesh Cholera 8:9 2017 vs 8:9 2018 2.500 0.240 no
Bangladesh ADD 8:10 2014 vs 8:10 2013 1.076 0.394 no
Philippines Leptospirosis 1:8 2019vs 2021 1.126 0.297 no
Philippines Leptospirosis 1:8 2021vs 2022 0.097 0.925 no
Philippines Dengue 1:8 2019 vs 2021 -5.693 0.001 yes
Philippines Dengue 1:8 2021 vs 2022 -2.369 0.050 yes
Sri Lanka Dengue flooded vs non-flooded 7.104 0.000 yes
Sri Lanka Dengue 45:51 2010 vs 2013 -5.616 0.001 yes
Sri Lanka Dengue 45:51 2010 vs 2018 -6.652 0.001 yes
Sri Lanka Dengue 19:28 2010 vs 2013 2.878 0.018 yes
Sri Lanka Dengue 19:28 2010 vs 2018 -5.633 0.000 yes
Sri Lanka Dengue 19:28 2017 vs 2013 7.313 0.000 yes
Sri Lanka Dengue 19:28 2017 vs 2018 0.000 0.000 yes
Sri Lanka Leptospirosis flooded vs non-flooded -1.113 0.271 no
Sri Lanka Leptospirosis 45:51 2010 vs 2013 2.042 0.087 no
Sri Lanka Leptospirosis 45:51 2010 vs 2018 7.950 0.000 yes
Sri Lanka Leptospirosis 19:28 2010 vs 2013 -0.460 0.656 no
Sri Lanka Leptospirosis 19:28 2010 vs 2018 4.288 0.002 yes
Sri Lanka Leptospirosis 19:28 2017 vs 2013 -1.543 0.157 no
Sri Lanka Leptospirosis 19:28 2017 vs 2018 0.375 0.716 no
Australia Leptospirosis 1:3 2011 vs 2013 4.610 0.044 yes
Australia Leptospirosis 1:3 2011 vs 2023 3.263 0.082 no
Australia Leptospirosis 2:4 2022 vs 2013 3.333 0.079 no
Australia Leptospirosis 2:4 2022 vs 2023 -0.113 0.921 no
Australia Dengue 1:3 2011 vs 2013 -1.615 0.248 no
Australia Dengue 1:3 2011 vs 2023 1.096 0.387 no
Australia Dengue 2:4 2022 vs 2013 -26.582 0.001 yes
Australia Dengue 2:4 2022 vs 2023 -18.577 0.003 yes
Peru Dengue 5:20 2021 vs 2022 -11.088 0.000 yes
Peru Dengue 1:20 2023 vs 2022 0.471 0.643 no
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Table 14: Results of paired T-test for reported cases of Cholera, ADD, Leptospirosis and Dengue
comparing flooded (+ 2 month) and non-flood periods in Bangladesh, Philippines, Sri Lanka, Aus-
tralia and Peru.

Country Disease Time period T-statistic P-value Significant?
Bangladesh Cholera 7:9 2016 vs 2018 0.623 0.597 no
Bangladesh Cholera 8:10 2017 vs 2018 1.353 0.309 no
Bangladesh ADD 8:11 2014 vs 2013 1.338 0.273 no
Philippines Leptospirosis 1:12 2019vs 2021 0.959 0.358 no
Philippines Leptospirosis 1:12 2021vs 2022 0.055 0.957 no
Philippines Dengue 1:8 2019 vs 2021 -3.379 0.006 yes
Philippines Dengue 1:8 2021 vs 2022 -2.882 0.015 yes
Sri Lanka Dengue 19:32 2010 vs 2013 4.215 0.001 yes
Sri Lanka Dengue 19:32 2010 vs 2018 -5.567 0.000 yes
Sri Lanka Dengue 19:32 2017 vs 2013 9.121 0.000 yes
Sri Lanka Dengue 19:32 2017 vs 2018 8.771 0.000 yes
Sri Lanka Leptospirosis 19:32 2010 vs 2013 -0.333 0.745 no
Sri Lanka Leptospirosis 19:32 2010 vs 2018 1.232 0.240 no
Sri Lanka Leptospirosis 19:32 2017 vs 2013 -1.051 0.313 no
Sri Lanka Leptospirosis 19:32 2017 vs 2018 -0.156 0.878 no
Australia Leptospirosis 1:4 2011 vs 2013 3.346 0.044 yes
Australia Leptospirosis 1:4 2011 vs 2023 2.937 0.061 no
Australia Leptospirosis 2:5 2022 vs 2013 3.191 0.050 yes
Australia Leptospirosis 2:5 2022 vs 2023 0.887 0.440 no
Australia Dengue 1:4 2011 vs 2013 -2.251 0.110 no
Australia Dengue 1:4 2011 vs 2023 0.616 0.581 no
Australia Dengue 2:5 2022 vs 2013 -33.968 0.000 yes
Australia Dengue 2:5 2022 vs 2023 -14.280 0.001 yes
Peru Dengue 5:24 2021 vs 2022 -11.460 0.000 yes
Peru Dengue 1:14 2023 vs 2022 1.891 0.071 no
Australia Dengue 1:3 2011 vs 2013 -1.615 0.248 no
Australia Dengue 1:3 2011 vs 2023 1.096 0.387 no
Australia Dengue 2:4 2022 vs 2013 -26.582 0.001 yes
Australia Dengue 2:4 2022 vs 2023 -18.577 0.003 yes
Peru Dengue 5:20 2021 vs 2022 -11.088 0.000 yes
Peru Dengue 1:20 2023 vs 2022 0.471 0.643 no

5.3.3 Regression Analysis and scatter plots

For several countries, a regression analysis was performed based on annual reported cases and the
number of people affected by floods. The meaning of the variables can be explained as follows:

• R-squared is a statistical measure of how well the regression model fits the observed data and
represents the proportion of the variance in the number of reported cases that is explained by
the number of people affected by floods in the model. Typically, higher values might indicate
that the model explains more of the variance in the number of reported cases.

• The coefficient associated with the affected people variable represents the estimated change in
the number reported cases for an one-unit increase in the affected people variable.

• The p-value associated with each coefficient in the regression output indicates the probability
of observing the coefficient’s value (or one more extreme) under the null hypothesis that there
is no relationship between the two variables. P-values close to zero provides reason to reject
this null hypothesis.
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Table 15: Results of regression analysis, disease incidence vs. people affected by floods per year

Country Disease R squared Coefficient
(affected people)

p-value
(affected people) Significant?

Nigeria Malaria 0.049 -7.16E-06 0.308 no
Nigeria Cholera 0 0.0002 0.957 no
Pakistan Malaria 0.486 1.99E-07 0 yes
Mozambique Malaria 0.172 2.70E-05 0.049 yes
Mozambique Cholera 0.09 0.0023 0.164 no
Tanzania Malaria 0.09 -0.0007 0.165 no
Tanzania Cholera 0.06 0.0329 0.271 no
China Malaria 0.15 1.84E-10 0.068 no
South Sudan Malaria 0.105 -2.43E-05 0.132 no
Dominican Republic Malaria 0.029 -9.00E-08 0.45 no

A summary of the results is provided in Table 15. These results indicate a statistical significance for
both Mozambique en Pakistan. To further analyse these findings, the results of the regression analyses
have been visualised with scatter plots to get a visual indication of how well the data fit the model.
Two examples of these plots are provided in Figures F.9a and F.9b. Based on these plots, it can be
concluded that no linear relationship can be identified. Therefore, the decision was made to continue
the analysis by analyzing the scatter plots only. The scatter plots are shown in Figures F.10 and F.11
of appendix F.

5.4 Discussion

5.4.1 Visual Analysis

Yearly data
The visual analysis of yearly data in this study covers people affected by floods and all reported
cases of diseases within a given country over the course of an entire year. The results provide several
insights. First, in general, the incidence rates of Malaria have decreased over time, while Cholera
does not seem to follow this trend. Notably, when comparing waterborne and vector-borne diseases,
vector-borne diseases demonstrate greater stability over time, whereas instances of cholera show pro-
nounced spikes. This difference calls for further examination of the underlying reasons for such
variations. Another notable point is that the prevalence of Malaria is significantly higher in African
countries than in other parts of the world. Lastly, while this approach allows for the identification
of significant floods and potential disease outbreaks, its effectiveness is limited by the inability to
distinguish minor outbreaks due to the scale of the data. Moreover, the reliability of reported cases
is questionable, raising concerns about the quality of reporting. Conversely, the apparent significance
in the data may be influenced by various factors beyond flood events, as explained in the conceptual
model. Additionally, the absence of noticeable patterns in yearly data across most countries encour-
ages investigation into other potential contributing factors, such as war, drought, extreme weather
conditions, technological advancements in reporting, or other natural disasters.

Weekly and Monthly data
Enhancing the level of detail in the analysis provides a clearer insight into potential connections
between flood events and disease outbreaks. Specific patterns linking floods to the incidence of
Dengue have been observed in Sri Lanka and Peru, although these connections are less distinct in
other countries. A central question arises regarding the timing of disease outbreaks, especially con-
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cerning vector-borne diseases which often proliferate in stagnant water following floods. However,
determining the duration of elevated water levels and its precise impact on mosquito reproduction
is challenging. To address this uncertainty, the statistical analysis considers both one and two-month
intervals, aiming to partially mitigate this uncertainty. Nonetheless, variations in the duration of flood-
ing, influenced by factors such as the specific location of the flood, urban versus rural settings, and
land usage patterns, further complicate the analysis.

Seasonal patterns play a crucial role in understanding fluctuations in incident rates, recurring annu-
ally. Identifying these patterns facilitates distinguishing between increases in incidences attributable
to seasonal variations and those arising from other factors. In Sri Lanka, a notable seasonal pattern
emerges, characterized by heightened reported cases during weeks 25 to 31 and 47 to 50, correspond-
ing to mid-June to mid-July and the end of November to the beginning of December. This pattern
aligns with the Southwest monsoon season, bringing rainfall to the southwest from May to Septem-
ber, and the northeastern monsoon, associated with higher rainfall from October to January, while
temperatures remain relatively stable throughout the year. Similarly, in Australia, a seasonal trend
is evident in reported cases of Leptospirosis, with peaks observed in late summer and autumn, from
February to May.

5.4.2 Statistical Analysis

Correlation analysis
Pakistan exhibits convincing significance, demonstrating a positive correlation that aligns well with
the results of visual analysis. In contrast, while Mozambique shows significance in terms of p-value,
closer examination of the visual plot reveals discrepancies. In the early 2000s, the total number of
people affected by floods was higher, which correlated with a somewhat increased number of Malaria
cases per 1000 population at risk. However, upon closer examination of the data from 2010 onwards,
during which reporting quality presumably improved, the incidence rate appears stable, with no evi-
dent patterns indicating a relationship between the total number of flood-affected individuals and the
incidence rate of Malaria. Consequently, drawing any definitive conclusions becomes challenging.
Notably, all other countries fail to exhibit any significant correlation. Moreover, the identified corre-
lations tend to be negative, suggesting that as the number of people affected by floods increases, the
incidence rate of malaria tends to decrease.

Paired T-test
The paired t-test specifically compares the period of flooding with the months following the flood.
However, it is important to consider that the test does not account for the months prior to the flood
or the relative change during these months. It examines the mean of the two sets of data being com-
pared, assuming that the number of reported cases follows a seasonal pattern and thus a similar trend
throughout the year. However, earlier discussions revealed that these seasonal patterns are not clear in
the plotted data, making it difficult to explain the observed patterns solely through seasonal variabil-
ity. Consequently, the number of reported cases in similar periods in different years might not exhibit
a consistent trend, complicating comparisons. For example, Australia shows statistical significance
when comparing 2011 and 2013. Although the mean of the flooded year is higher, the number of
cases decreases during and after the flood, suggesting a negative effect of the flood on the incidence
rate. Therefore, this cannot be considered a significant result.
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The sign of the t-statistic is also crucial to consider. A positive t-statistic implies that the mean of the
first dataset surpasses that of the second dataset, while a negative t-statistic suggests the opposite: the
mean of the second dataset exceeds that of the first. In our results, the first dataset consistently repre-
sents the flooded period. Upon closer examination, it is apparent that significant tests often reveal a
higher mean in the non-flooded period, indicating a significant trend. Essentially, besides Australia,
the paired t-test primarily indicates statistical significance in increased reported cases during flooded
periods for Sri Lanka (Dengue). When comparing the flooded period + 1 month and the flooded
period + 2 months, only one notable difference arises: the statistical significance of Leptospirosis in
Sri Lanka. However, upon closer analysis, this result, when compared with visual analysis, reveals
fluctuating trends, suggesting potential data quality issues.

Regression analysis and scatter plots
Examining Table 15, it is clear that nearly half of the variance in the data points in Pakistan can be ex-
plained by the regression model. Furthermore, the p-value of 0 indicates that the regression model fits
the data well. Similarly, the p-value for Mozambique also suggests statistical significance. However,
with only 17% of the variance explained by the regression model in Mozambique, it is insufficient
to draw a linear trend, especially given the small sample size of this study. This limitation is also
apparent in Figure F.9a. Consequently, it was considered necessary to conduct further analysis by
examining scatter plots to identify potential alternative trends.

One notable observation from the scatter plots is that a majority of the data points are concentrated
on the left side, indicating that the number of people affected by floods each year is relatively equal,
with only a few outliers. Regarding the scatter plots representing cholera cases, the outlier in Nigeria
indicates a high number of affected people not corresponding to a high number of Cholera cases. Con-
versely, in Tanzania and Mozambique, the outlier with a high number of affected people also shows
a high number of Cholera cases in the corresponding year. In the Malaria plots, Pakistan displays a
somewhat positive linear relationship. However, Nigeria, Tanzania, and South Sudan contradict this
relationship, as data points with a high number of people affected by floods do not correspond to data
points with a high number of Malaria cases, suggesting no clear relationship. The scatter plot for
China appears more random compared to others, possibly due to the country’s large population size
and relatively low number of Malaria cases, which are dispersed across the entire country. Across all
scatter plots, there are instances of high disease incidence despite a low number of people affected by
floods, indicating that increased incidences do not consistently correlate with floods.
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5.5 Conclusion
In conclusion, the combined visual and statistical analyses offer insights into the complex patterns
and relationships between flood disasters and subsequent disease reporting. While clear patterns
were observed in yearly plots, particularly in Pakistan, other plots resulted in inconclusive findings
due to challenges in identifying minor outbreaks, concerns about reporting reliability, and the influ-
ence of factors beyond floods on data significance. Vector-borne diseases showed greater stability
over time compared to cholera spikes. Weekly and monthly plots allowed for detailed analyses, re-
vealing detailed connections. However, determining precise flood durations remains a challenge,
impacting result interpretation. While seasonal patterns were identified in Sri Lanka and Australia,
statistical analysis highlighted a positive correlation in Pakistan and initial suggestions of significance
for Mozambique, although recent years raise doubts. The paired t-test emphasized significance in
countries identified visually, including Australia for Leptospirosis during floods. However, evidence
against the null hypothesis is limited considering visual analysis and relative change. Scatter plots
revealed no consistent linear relationship between affected people and reported cases, with instances
of high correlations (e.g., Malaria in Pakistan, Cholera in Mozambique and Tanzania) and divergent
cases (e.g., Malaria in the Dominican Republic, South Sudan, Tanzania, Nigeria, and Cholera in Nige-
ria).

The results of this initial phase of the EDA suggest that factors beyond floods may influence the rela-
tionship with elevated reported incidences. It is assumed that countries showing a positive correlation
between flood-affected populations and increased incidence rates may be less resilient to communi-
cable diseases in the context of flooding compared to those lacking this correlation. The findings
regarding the patterns and relationship between floods and the incidence of communicable diseases
and the distinction of countries based on their impact level are summarized in Table 16, where green
indicates no evidence for the impact of floods on communicable diseases and red indicates evidence
for this impact. It is proposed to introduce two categories: impacted and not-impacted. To be cate-
gorized as impacted, a country should have shown significance in both the visual and the statistical
analysis. Following [Luijken et al., 2022], no conclusions will be drawn solely based on significance
values. The thresholds for supporting significance indicating impact from floods are as follows:

1. For the visual analysis, this is the case when a correlation between a high number of affected
people by floods or historic flood events showed a correlation with an increased number of
communicable disease incidence.

2. For the statistical analysis, statistical significance should have been identified, and the context
of this result, including relative change in incidences and consideration of lag time, should
support this statistical value.

The impacted countries include Pakistan, Peru, and Sri Lanka. As the context of the statistical sig-
nificance for Australia did not support the findings, Australia is not considered to be impacted by
the floods. Mozambique only shows a statistical significance and thus no conclusions with regard to
the impact level will be drawn. As the data availability for the impacted countries solely concerns
vector-borne diseases, it has been decided to exclude waterborne diseases from further analysis. This
decision is rooted in the understanding that no meaningful comparisons can be made among countries
regarding waterborne diseases, as none are considered more impacted than others in this context.

Remarkably, the results of this analysis indicate that countries demonstrating characteristics that one
could link to higher risks, such as high incidence rates for vector-borne diseases and low incomes,
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like the African countries, are not necessarily more susceptible to the impacts of floods on incidence
rates. This raises questions about the factors that influence susceptibility and how countries with high
and low impacts might be distinguished.

Table 16: Results of the visual and statistical analyses indicating the resilience of countries to com-
municable diseases following flood disasters.

(a) Countries with yearly available data
Country Visual Analysis Statistical Analysis Impact Level
China No impact No impact Not impacted
Dominican Republic No impact No impact Not impacted
Mozambique No impact Mixed Inconclusive
Nigeria No impact No impact Not impacted
Pakistan Impact Impact Impacted
Tanzania No impact No impact Not impacted
South Sudan No impact No impact Not impacted
United Kingdom No impact No impact Not impacted

(b) Countries with weekly or monthly available data

Country Visual Analysis Statistical Analysis Impact Level
Bangladesh No impact No impact Not impacted
Philippines No impact No impact Not impacted
Australia No impact Mixed Inconclusive
Peru Impact Impact Impacted
Sri Lanka Impact Impact Impacted

Legend:

• No impact - No significant impact of floods on communicable diseases.
• Impact - Significant impact of floods on communicable diseases.
• Mixed - Inconclusive or mixed results.



Chapter 6
Analysis of Healthcare
System Resilience



Chapter 6 ANALYSIS OF HEALTHCARE SYSTEM RESILIENCE 61

6 Analysis of Healthcare System Resilience

In the previous chapter, the impact level of floods on the incidence of communicable diseases was ex-
plored. Building on these findings, this chapter aims to evaluate the relationships between healthcare
system performance indicators and the post-flood increase in communicable diseases. The objective
is to identify which factors contribute to variations in resilience to flood-related health impacts across
different countries. To achieve this, Principal Component Analysis (PCA) will be employed as part
of the EDA to reduce the dimensionality of the dataset and clarify the variances within the health-
care systems. This chapter will begin with a detailed outline of the methodology used, followed by a
comprehensive presentation of the results.

6.1 Methodology Principal Component analysis
PCA is a method used for reducing the dimensionality of datasets and thus increasing interpretability,
but at the same time aiming to minimize information loss. With this technique, new uncorrelated
variables are created that successively maximize variance [Jollife and Cadima, 2016]. This thesis
aims to assess vulnerabilities and resilience of health care system based on a large set of indicators and
therefore, dimensionality reduction is deemed useful. This subchapter will explain the methodology
of performing the PCA. The process suggested for this research consists of 11 consecutive steps, and
are as follows:

1. Selection of indicators.
2. The collection of data
3. Pre-processing the data: transformation, normalization, and theoretical orientation.
4. Clustering countries based on exposure level
5. Verify the use of PCA
6. Create a correlation matrix and assess the collinearity
7. Remove redundant data
8. Perform PCA with standardized input values
9. Select no. of PCs to be used for further analysis
10. PCA matrix rotation
11. Interpretation of results

Selection and collection of indicator data
An initial set of indicators was selected based on conceptual, theoretical, and/or empirical justifica-
tions from previous research to represent each of the domains: exposure, vulnerability, and resilience.
A comprehensive set of indicators should be collected to adequately describe the determinants of
health in the context of flood-disease impact. In accordance with the proposed conceptual model and
corresponding frameworks, indicators should be identified that illustrate the extent to which a country
performs in each domain. The collection of data can utilize all available open data sources. It is
important to consider both the timeline and completeness of the data.

Descriptive statistics can be used to summarize characteristics of datasets to get a better sense of the
variables by examining the data. The selected descriptive statistics for this research includes the mean,
standard deviations, min and max values. By evaluating the descriptive statistics, the dataset becomes
more straightforwards and initial trends and patterns might be identified. The data is suggested to be
visualised using histogram plots.
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Pre-processing the data
After collecting the raw variables, the data should undergo transformation, standardization, and cor-
rection based on theoretical orientation. Transformation involves converting absolute variables into
percentages, averages, rates, or differences to account for variations in, for example, the total popula-
tion of a country. Subsequently, the data should be standardized, which entails scaling all variables to
ensure they have comparable reference points. The selected method for standardization is z-score nor-
malization, which standardizes values based on the mean and standard deviation within the dataset. If
a data point equals the mean of the variable, its standardized value becomes 0. Consequently, values
below the mean become negative and those above become positive, with the magnitude determined
by the standard deviation [Maharrani et al., 2024]. Lastly, the orientation of each variable should be
adjusted so that larger values theoretically correspond to higher resilience in the context of communi-
cable diseases after floods. [Cutter et al., 2014]

Clustering countries based on exposure level
Before performing the PCA, an additional step is proposed to facilitate comparison between countries
that face similar flood-health risks. It is suggested to cluster the countries within the dataset based
on their exposure level. The exposure level is defined as the sum of a country’s exposure to vector-
borne diseases and exposure to floods. For performing the clustering, k-means clustering is utilized.
K-means clustering is an unsupervised machine learning algorithm used to partition a dataset into a
predetermined number of clusters, grouping similar countries and minimizing within-cluster varia-
tion of exposure levels. The k-means clustering algorithm generates clusters using the mean value of
objects within the cluster. [Ikotun et al., 2023]

Verify the use of PCA
Two tests are proposed to verify the suitability of data for PCA Analysis. First, Bartlett’s Test is ap-
plied to compare the obtained correlation matrix to the identity matrix. This test determines whether
the p-value is smaller than the significance level of 0.05, where the null hypothesis can be rejected.
Basically, it tests multicollinearity and checks the redundancy between variables. However, not too
much data should be removed as a perfectly uncorrelated dataset is unsuitable for PCA. Therefore,
the Kaiser-Meyer Olkin (KMO) statistic statistically measures the data adequacy based on the level of
correlation between indicators. This adequacy refers to the proportion of variance among variables.
Values closer to 1 indicate higher correlations and thus better suitability. A value below 0.5 indicates
the data is inappropriate for use in PCA. [Maharrani et al., 2024]

Removing redundant data
The number of indicators is being reduced based on the correlation matrix. Collinearity is assessed
to determine whether variables might be redundant, for example, if multiple variables describe the
same mechanisms. This phenomenon is called double counting and leads to outcomes that over rep-
resent some mechanisms, resulting in an uneven reflection of each mechanism’s influence on the
flood-disease resilience index. Therefore, it is decided to remove one of each pair of indicators with
a Pearson’s R larger than 0.85.

Perform PCA and select number of components
PCA values are calculated based on eigenvalues and eigenvectors, which represent the data distri-
bution of a dataset. Through PCA, the original set of indicators is transformed into new variables
known as principal components (PCs), where the number of PCs is fewer than the initial set of in-
dicators. These PCs capture the essential indicators that explain the variances within the dataset.
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Geometrically, PCs represent the directions of the data that explain the maximum variance. Eigen-
vectors are ranked in descending order based on their eigenvalue, indicating the amount of variance
explained by the PCs. In this analysis, the Kaiser criterion was used to determine the number of com-
ponents to retain, indicating that all eigenvectors with eigenvalues greater than 1 should be retained.
[Jorgensen and Hansen, 2012]

PCA Matrix Rotation
To clarify the interpretation of indicators, the varimax rotation is being considered. Varimax rotation
aims to rotate the factor axes in a way that maximizes the variance of the squared loadings within each
factor, while also minimizing the number of variables that have high loadings on each factor. It is used
to make the data orthogonal by increasing the interpretability [Török, 2018]. In this process, the sum
of variances of the rotated components is equal to the unrotated components so no variance is lost.
However, the successive maximization of the unrotated PCs, resulting in a more evenly distributed
total variance between components after rotation. [Jollife and Cadima, 2016] Important to note is that
this step is not required, so an unrotated solution could also be considered for interpretation.

Interpretation of results
Interpretation of results is primarily done by constructing a so-called resilience score based on the
retained PCs. This score consists of the weighted sum of the component scores, calculated by multi-
plying the loading matrix with the normalized indicator values. As a result, each country is assigned
a score for each retained PC, providing insight into the contributions of dominant variables to the
variance between the countries in the dataset. By doing this, a high value is assigned to communities,
that score high on an indicator, that also has high variance. This potentially leads to insights what
indicators might need to improve to increase the resilience.

6.2 Results PCA

6.2.1 Selection and collection of indicators

This subsection presents an overview of all selected indicators. Based on the initial indicators (Table
5), derived from reviewed frameworks and theories, several sources were utilized to find data. When
data were available for all countries, a criterion was directly included. However, more often, alter-
native indicators describing similar concepts were selected to cover all domain categories from the
conceptual framework (Figure 7). These indicators are used to evaluate the health risks associated
with communicable diseases after a flooding event. Therefore, each indicator aims to describe char-
acteristics relevant to this context. To structure the selection of indicators, they are categorized into
three main domains, encompassing exposure, vulnerability, and resilience, following the INFORM
risk index model [European Commission and Joint Research Center, 2024]. Based on the review of
existing frameworks in Chapter 3, more detailed categories are defined within each domain. This sec-
tion provides an overview of these indicators, including a description of each indicator, its unit, and
the data source. Furthermore, it describes the relevance and reason for the inclusion of the indicators.

Exposure
The exposure assessment is divided into three main categories: exposure to flooding, exposure to
waterborne diseases, and exposure to vector-borne diseases and are used to assess the risk of poten-
tial flooding and a country’s vulnerability to diseases. They provide insight into the likelihood of a
country being affected by floods and its susceptibility to disease outbreaks.
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Sections 3.1.6 and 3.1.7 outlined the mechanisms behind these exposures and distinguished between
relevant indicators for waterborne diseases and vector-borne diseases. For instance, the transmission
of Cholera is closely linked to the quality of water and sanitation systems, as well as the number
of individuals sharing the same water source. In contrast, vector-borne diseases are predominantly
influenced by factors such as the size of the vector population and environmental conditions. Urban
population was added as an indicator since urbanization is recognized as a factor enhancing flood
risk [Salami et al., 2017]. Furthermore, several authors mentioned age as a possible indicator. For
this reason, ’Children under 5’ was included as an indicator, as young children belong to the group
most susceptible to vector-borne diseases [World Health Organization, 2014]. ’Elderly (65+)’ was
also included, as this group is more vulnerable to health risks. Figure 14 and Table 17 provide an
overview of these indicators.

Figure 14: Indicators in the Exposure category - Exposure to floods, exposure to waterborne disease
and exposure to vector borne

Table 17: Overview of indicators in the exposure category including unit and source

Category Indicator Unit Source

Exposure to floods Annual expected exposed
people to floods Index INFORM Risk

Exposure to floods Population density People per sq. km of land INFORM Risk
Exposure to floods flood frequency Average number of floods/year EM-DAT
Exposure to floods/
Exposure to waterborne Population living in urban areas % INFORM Risk

Exposure to waterborne Quality of sanitation and
drinking water Score WaSH Monitoring Programme

Exposure to waterborne Housing overcrowding rate % Worldmapper

Exposure to waterborne People using at least basic
sanitation services % of population INFORM Risk

Exposure to waterborne People using at least basic
drinking water services % of population INFORM Risk

Exposure to waterborne Household Size Index INFORM Risk
Exposure to vector-borne Land use - artificial surfaces % of total land OECD
Exposure to vector-borne Number of childerden <5 % of population Our World in Data
Exposure to waterborne Population ages 65 and above % of population Our World in Data
Exposure to vector-borne Population exposed to Dengue Index INFORM Risk
Exposure to vector-borne Population at risk of Malaria Index INFORM Risk
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Vulnerability
The second domain addressed in the evaluation of the health risks is vulnerability. Vulnerability
is a complex term that can be explained as a combination of both physical and social vulnerability
[Few, 2007]. To address these, a distinction was made between socio-economic vulnerability, de-
scribing social and economic factors of a population, health vulnerability, describing processes that
affect the birth, growth and survival of individuals and behavioural vulnerability describing peoples
susceptibility to change. Figure 15 and Table 18 provide an overview of these indicators.

To evaluate the economic position, the Multidimensional Poverty Index (MPI) was selected as an
indicator, which measures acute multidimensional poverty and considers health, education, and liv-
ing standards. The MPI is published annually by the Oxford Poverty & Human Development Initiative
(OPHI) and the United Nations Development Programme (UNDP) [United Nations Development Programme, 2023].
To evaluate the financial position of a population, GDP per capita and mean income were selected.
Additionally, the employment-to-population ratio was included as an alternative to the type of oc-
cupation ([Salami et al., 2017]), as it generally suggests greater economic stability and opportunities
for individuals. The social position is described by demographic indicators and the Gender Inequal-
ity Index (GII). The GII, published by the UNDP [United Nations Development Programme, 2024],
measures gender-based disadvantages based on three indicators: empowerment, reproductive health,
and the labor market. A higher GII score indicates increased levels of inequality within a country, dis-
advantaging women. Health vulnerability is described by the prevalence of HIV, under-5 mortality,
under-5 malnutrition, and the percentage of people affected by natural disasters in the past three years.
Under-5 mortality reflects the environmental, economic, and social conditions in which children live,
including the healthcare system. Because morbidity data is often unavailable, this indicator is fre-
quently used to identify vulnerable populations [World Health Organization, 2024c]. These health
vulnerability indicators were included to evaluate overall vulnerability, influenced by risk factors, en-
vironmental conditions, and health infrastructure, indirectly measuring critical health aspects. The
percentage of people affected by natural disasters was included to evaluate whether communities
might still be recovering from a recent disaster, potentially increasing their vulnerability to a new
one. Lastly, some indicators were selected to describe behavioral vulnerability based on individuals’
susceptibility to change. This is described by the literacy rate, educational attainment, internet usage
and mobile cellular subscription.

Figure 15: Indicators in the Vulnerability category - Socio-economic, Ecological, Behavioural
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Table 18: Overview of indicators in the vulnerability category including unit and source

Category Indicator Country Source
Socio-economic Multidimensional Poverty Index Index UNDP
Socio-economic GDP per capita USD INFORM Risk
Socio-economic Mean Income USD CEIC
Socio-economic Employment to population ratio, 15+ % World Bank
Socio-economic Gender-inequality index Index UNDP
Ecological Prevalence of HIV % INFORM Risk
Ecological Under 5 mortality % INFORM Risk
Ecological Under 5 underweight % INFORM Risk
Ecological % affected by natural disaster (last 3 years) % of population INFORM Risk
Behaviour Individuals using the internet (% of population) % INFORM Risk

Behaviour Educational attainment, at least completed primary,
population 25+ years % World Bank

Behaviour Literacy rate % World Population Review
Behaviour Mobile cellular subscriptions Per 100 people World Bank

Coping capacity
The coping capacity of a country describes its ability to manage and respond to disasters, includ-
ing those related to communicable diseases following flood events. Within this framework, coping
capacity is evaluated across three main dimensions: healthcare system resilience, institutional re-
silience, and individual resilience. Healthcare system resilience assesses the capacity of the medical
infrastructure to effectively respond to disasters and deliver essential care during crises. This aspect
focuses on factors such as physical infrastructure, availability of medical personnel, and financial
resources. The ’financial priority to health’ and ’supply chain’ were included as additional indi-
cators to describe health care capacities. Additionally, the performance of the health care system
is evaluated based on indicators including, ’Access to healthcare’, ’Maternal mortality rates’, ’life
expectancy’, and emergency response capabilities described by the indicators ’Detection and report-
ing’, ’Rapid response’ and ’Prevention’, also indicating the availability of adequate warning systems
[Salami et al., 2017, Khan et al., 2018].

Institutional resilience evaluates the effectiveness of government policies, planning, and overall gov-
ernance in mitigating the impact of disasters. Key indicators in this domain include measures of
government effectiveness, state legitimacy, order and security and constraints on government power.
While indicators related to natural disaster preparedness would ideally be included, their availability
was limited due to data constraints. ’State legitimacy’ and ’Constraints on government power’ were
included to assess the level of trust in institutions and the prevalence of corruption, respectively, as
these factors profoundly influence governance effectiveness and societal stability.

Lastly, the selection of indicators for assessing individual resilience includes factors that shape indi-
viduals’ lives and their communities. ’Political rights’ and the ’freedom of peaceful assembly’ were
chosen to reflect the degree of civic participation and the health of democratic processes, crucial
for fostering citizen engagement and accountability within society [Salami et al., 2017, Few, 2007].
Additionally, indicators such as ’freedom over life choices’, ’count on help’, and the ’equal access
index’ were incorporated to capture dimensions of social cohesion [Ansari et al., 2003]. These indi-
cators reflect individuals’ autonomy, social support networks, and equitable access to opportunities
and resources, all essential components of cohesive and resilient communities. Monitoring these
indicators allows for a nuanced understanding of the inclusivity, fairness, and connectedness of com-
munities, informing efforts to address inequality and promote positive social outcomes. Moreover,
the role of positive psychosocial coping mechanisms in mitigating the adverse effects of exposure to
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violence and crime emphasizes the importance of considering mental health and well-being in the
selection of indicators. High levels of violence and crime not only pose direct physical risks but
also contribute to mental health challenges, social disintegration, and barriers to accessing healthcare
services. Therefore, indicators related to violence and crime were included as indicators of these
psychosocial stressors, reducing one’s individual resilience [Lock et al., 2012].

Figure 16: Indicators in the Coping Capacity category - Health Care System Resilience

Figure 17: Indicators in the Coping Capacity category - Institutional and individual resilience
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Table 19: Overview of indicators in the coping capacity category including unit and source

Category Indicator Country Source
Health System Resilience Current health expenditure per capita USD per capita INFORM Risk
Health System Resilience Access to healthcare index Index INFORM Risk
Health System Resilience Physician density / 10,000 population WHO
Health System Resilience Hospital beds / 10,000 population WHO
Health System Resilience Percentage of population covered by insurance % Our World in Data

Health System Resilience Health capacity in clinics, hospitals
and community care centres Index GHS Index

Health System Resilience Supply chain for health system and
health care workers Index GHS Index

Health System Resilience Prevention Index GHS Index
Health System Resilience Detection and reporting Index GHS Index
Health System Resilience Rapid response Index GHS Index
Health System Resilience Health spending US$ per capita $ WHO
Health System Resilience Maternal mortality rate / 100,000 births INFORM Risk
Health System Resilience Life expectancy number HDI
Health System Resilience Priority to health (GGHE-D%CHE) % WHO
Individual Resilience Political Rights Index Social Progress Index
Individual Resilience Freedom of peaceful assembly Index Social Progress Index
Individual Resilience Freedom over life choices Index Social Progress Index
Individual Resilience Count on help Index Social Progress Index
Individual Resilience Discrimination and violence against minorities Index Social Progress Index
Individual Resilience Equal access index Index Social Progress Index
Individual Resilience Interpersonal violence Index Social Progress Index
Institutional Resilience Government Effectiveness Index INFORM Risk
Institutional Resilience Constraints on government power Index INFORM Risk
Institutional Resilience Corruption Perception Index Index INFORM Risk
Institutional Resilience Order and security Index Rule of Law Index

6.2.2 Descriptive statistics

After the collection of the dataset, an initial analysis was performed to improve comprehension of the
data. For each indicator included in the dataset, the descriptive statistics were calculated to analyse
the structure of the data. These results are presented in Table G.6 and visualised using histograms,
which can be found in appendix G. There are several points that stand out from these statistics:

• High variability in economic indicators including health expenditure and GDP per capita sug-
gesting economic and healthcare investment disparities, which may possibly correlate with dif-
ferences in health outcomes.

• Disparities in basic sanitation services use, highlighting that access to sanitation is still an issue
in many of the countries included in the analysis, affecting exposure to waterborne disease.

• High levels of housing overcrowding potentially enhancing the spread of diseases.

• Wide range in internet usage and educational attainment, possibly impacting communication
during emergencies and access to health information.

• High variability in health system capacity and performance highlighting disparities.

• Demographic variability with large variations in urban population and population density, pos-
sibly affecting countries’ exposure to risks and resource allocation.
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Table 20: Dataset after pre-processing including tranformation, standardization and correcting theo-
retical orientation.

Education HIV
prevalence

U5
underweight ......

Internet
Usage

Phone
subscriptions

DTP3
coverage

Australia 2.42 0.52 1.35 . . . ... 1.73 0.28 0.96
Bangladesh -0.24 0.52 -0.74 . . . ... -0.46 0.39 1.14
China -0.77 0.39 1.31 . . . ... 0.84 0.78 1.20
Dominican Republic 0.58 0.26 1.25 . . . ... 1.31 -0.26 0.30
India -0.25 0.49 -1.64 . . . ... -0.18 -0.43 0.36
Mozambique -1.73 -3.19 0.05 . . . ... -1.28 -1.63 -1.07
Nigeria -0.07 0.13 -0.31 . . . ... 0.17 -0.14 -1.37
Pakistan -1.19 0.49 -0.79 . . . ... -1.14 -0.44 0.24
Peru 0.52 0.42 1.34 . . . ... 0.77 0.97 0.18
Philippines 1.16 0.49 -0.37 . . . ... 0.07 1.44 -1.31
South Sudan -0.23 -0.13 -1.26 . . . ... -1.70 -2.00 -1.79
Sri Lanka -0.03 0.52 -0.53 . . . ... 0.60 1.38 1.02
Tanzania -0.17 -0.91 0.33 . . . ... -0.74 -0.34 0.12

6.2.3 Pre-processing the data

After the collection of the data, the dataset was reviewed to identify missing values or inconsistencies.
Indicators that lacked data for more than 2 countries were excluded from the database. Some indica-
tors related to poverty, for example the multidimensional poverty index lacked data for Australia and
the United Kingdom as this index is aimed at developing countries. Therefore, values corresponding
to a low level of poverty was assigned. For other variables, the mean of the dataset was calculated
to fill in missing values. Python was then used to standardize the data using the z-score method,
after which the theoretical orientation was assigned. [Cutter et al., 2014, Maharrani et al., 2024] The
results of this step are presented in Table 20.

6.2.4 Clustering countries based on flood-vectorborne disease exposure

In exploring the interplay between flood disasters, outbreaks of communicable diseases, and the un-
derlying social determinants of healthcare systems, it is essential to consider not only the determinants
themselves but also the contextual factors of exposure to floods and diseases. As the level of exposure
might have a potential relation to either the vulnerability of countries or their level of preparedness for
events, clustering the countries reduces the uncertainty surrounding the effects of exposure level, sim-
plifying the identification of potential relationships within healthcare systems. Therefore, the level of
exposure should be considered when evaluating the potential for an outbreak following a flood event.

For this reason, it was suggested to cluster the countries, using k-means clustering, based on the in-
dicators corresponding to exposure to floods and exposure to vector borne disease, as shown in Table
17. To verify the selection of indicators, the correlation matrix was assessed, shown in appendix H.
Positive correlations are identified between the indicators describing the exposure to floods. Chil-
dren U5 and artificial surfaces also show positive correlation with population exposed to dengue and
population at risk of malaria, indicating that these factors are contributing to the exposure. Another
important observation is the UK’s lack of exposure to vector borne diseases, which is indexed to be
0. For this reason, the UK will also be excluded from further analysis when comparing the healthcare
systems.
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Table 21: Countries categorized in two levels of exposure based on k-means clustering results

Category 1: Low Exposure Category 2: High exposure
South Sudan, Sri Lanka, Tanzania,
Peru, Mozambique, Dominican
Republic

Nigeria, Pakistan, Philippines,
India, China, Bangladesh

Before conducting the k-means clustering, several preparatory steps were taken. Firstly, the dataset,
comprising indicators describing exposure, was standardized using the z-score method. This process
assigned a score to each country, indicating their level of flood exposure and exposure to vector-borne
diseases, by summing up the standardized scores of corresponding exposure indicators. Subsequently,
the number of clusters (k) was specified as two, and the k-means clustering model was initialized with
a random seed for reproducibility. The algorithm then fit the k-means model to the standardized data
to determine cluster centroids [Ikotun et al., 2023]. To visualize the outcomes, the exposure to floods
was plotted against the exposure to vector-borne diseases. The results of the k-means clustering
are depicted in Figure 18, revealing two distinct clusters: one with relatively low exposure to both
floods and vector-borne diseases, and another with relatively high exposure, as summarized in Table
21. These clusters primarily differ in terms of flood exposure, rather than exposure to vector-borne
diseases, which is faced to a more similar extent. Australia, identified as an outlier, will not be
directly compared with other countries in further analysis. These clusters are crucial to consider
when evaluating PCA results, providing insight into the context of healthcare systems and the level
of risk faced by each country.

(a) K-means clustering to cluster countries based on their flood and
vector-borne disease exposure level

Country Exposure Score
India 6.06
Bangladesh 4.78
China 3.11
Philippines 2.75
Nigeria 2.73
Pakistan 2.69
Mozambique -0.46
Dominican Republic -0.95
Sri Lanka -0.97
Tanzania -2.44
South Sudan -3.60
Peru -3.97
Australia -9.73

(b) Overall exposure score based on
standardized indicator data

Figure 18: Results of k-means clustering, based on the level of exposure
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6.2.5 Removing redundant data and verifying use of PCA

An initial step in removing redundant data was to observe for any overlapping indicators describ-
ing the same characteristic to prevent double-counting. Secondly, a distinction was made between
the dataset to analyze vector-borne and waterborne diseases. For waterborne diseases, there was no
evidence indicating which countries might be more or less resilient and therefore the dataset will
be adjusted accordingly. Before calculating correlations, certain exposure indicators were removed
based on the indicator tree diagram, illustrated in Figure 14. These included indicators related to
the quality of water and sanitation systems, the percentage of people using at least basic sanitation,
population density, the percentage of the population living in urban areas, and household size. Addi-
tionally, some indicators with high correlations describing the same type of resilience characteristic
were combined by averaging them. The new indicators are presented in Table 22. Subsequently, a
correlation matrix was calculated to identify correlations that were too high or too low. Correlations
above 0.85 were evaluated to determine if they overlapped too much and were describing the same
mechanisms. If this was indeed the case, one of these indicators was removed. In total, 25 indicators
were removed from the analysis. Four were removed because they described the same characteris-
tics, five were used for describing exposure to waterborne diseases, another five were used to cluster
the countries based on their exposure to flood and vector borne diseases and an additional 15 were
removed due to high correlation. An overview of the indicators removed during this process and the
reason for exclusion is provided in Table 23. As a result of this process, a list of 22 indicators was
constructed as illustrated in Table 24. Each category is represented in the final list of indicators and
is often representing other variables highly correlated with. As a result of removing redundant data,
the resulting correlation matrix is presented in Figure 19.

Table 22: Combined indicators describing the institutional and individual resilience

Original indicators New indicator
Prevention, Detection and Reporting, Rapid response Government Emergency Response
Political rights, Freedom of peaceful assembly Individual Political Freedom
Freedom over life choices, Count on help,
Discrimination and violence against minorities,
Equal access, interpersonal violence

Individual autonomy and Safety

Table 23: Indicators that have been removed in the PCA process including the reason for exclusion

Removed indicators Reason for exclusion

Mean Income, State legitimacy, Medical doctors, Healthcare access
Overlap with indicators describing
the same characteristic

WaSH (Water, Sanitation and Hygiene,
People using at least basic sanitation services, Household Size,
People using at least basic drinking water service

Indicators describing exposure to
waterborne diseases

Annual expected exposed people to floods, flood frequency, Land use
- artificial surfaces, Population exposed to Dengue, Population at risk
of Malaria

Indicators describing exposure to
flood-vector borne diseases

Literacy rate, U5 mortality, Recently affected by natural disaster,
Current health expenditure per capita, Government Emergency Response,
Urban population, Life expectancy, Physician Density,
Access to healthcare, Corruption Perception Index,
Regulatory enforcement, Multidimensional Poverty Index,
Employment to population ratio, Gender-inequality index

Correlation >0.85
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Table 24: Indicators included in PCA

Indicator Category Number in Category
Number of childerden under 5 Vulnerability: Socio-economic
Mean income Vulnerability: Socio-economic
Population ages 65 and above Vulnerability: Socio-economic
Population density Vulnerability: Socio-economic 4
People living with HIV - Adult 15+ Vulnerability: Ecological
Under 5 underweight Vulnerability: Ecological 2
Educational attainment Vulnerability: Behaviour
Individuals using the internet Vulnerability: Behaviour
Mobile cellular subscriptions Vulnerability: Behaviour 3

Total Vulnerability: 9
Hospital beds Resilience: Health care system
Population covered by health insurance Resilience: Health care system
Health capacity in HC Resilience: Health care system
Supply chain for health care system Resilience: Health care system
Maternal mortality rate Resilience: Health care system
Priority to health (GGHE-D%CHE) Resilience: Health care system
Population with access to 3 doses DTP3 Resilience: Health care system 7
Government Effectiveness Resilience: Institutional Resilience
Order and security Resilience: Institutional Resilience
State legitimacy index Resilience: Institutional Resilience 3
Individual Political Freedom Resilience: Individual Resilience
Individual autonomy and safety Resilience: Individual Resilience
Housing overcrowding rate Resilience: Individual Resilience 3

Total Resilience: 13
Total: 22

Figure 19: Correlation matrix of PCA for vector-borne diseases
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Bartlett’s test for sphericity was performed to assess the suitability of the data for PCA. It is important
to note that Bartlett’s test assumes a normal distribution, which may not hold true for all variables.
A Shapiro-Wilk Test was conducted to test for normality, and it was found that not all variables
followed a normal distribution. Results of this test can be found in Appendix I. Although, the p-value
of three indicators showed that it is not possible to reject H0, they will be included for analysis as
normal distribution is not mandatory. However, it should be considered during the interpretation of
the results.
Subsequently, to test the suitability of the data for PCA, the Bartlett’s test was conducted for vector-
borne diseases. The resulting p-value was 0.00, indicating a statistically significant result. Addi-
tionally, the Kaiser-Meyer-Olkin (KMO) measure of sampling adequacy was calculated to be 0.60,
suggesting mediocre but sufficient adequacy for PCA.

6.2.6 PCA and selection of number of components

The indicators in Table 24 were used for PCA analysis to derive the dataset’s PCs. Following the
Kaiser criterion, which suggests retaining eigenvectors with eigenvalues greater than 1, six PCs were
selected for analysis [Braeken and Van Assen, 2017]. To validate this, the cumulative explained vari-
ance was plotted against the number of PCs. Figure 20 demonstrates that six PCs explain nearly 90%
of the variances between countries, a reasonable amount.

Several methods can be used to visualise the results of the unrotated PCA, including scatter plots and
loading scores heatmaps, as shown in Figure 21. The scatter plot (Figure 21a) visualizes the reduced-
dimensional representation of the data. The loading scores (Figure 21b) represent the correlation
coefficients between the original indicator and the PCs. The contribution of each original indicator to
the variance captured by each PC is indicated. Thus, the higher the absolute loading score, the more
variance between countries is explained by that indicator. Based on the loadings scores, the most
dominant variables describing each PC can be summarised, as shown in Table 25.

Figure 20: Cumulative explained variance for the five retained principal components after performing
principal component analysis
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(a) Scatter plot of PC1 and PC1 from unrotated PCA results

(b) Loading scores heatmap for six retained PCs

Figure 21: Visualisation of Exploratory Data Analysis results

Table 25: Summary of results unrotated PCA

Component Variance plus or min Dominant variables Loadings

PC1 46.90% +
Government effectiveness
Individuals using the internet
Priority to health

0.93
0.91
0.90

PC2 13.91% - Population density -0.69

PC3 12.29% +
Housing overcrowding
Population 65+

0.72
0.76

PC4 6.98% - Maternal mortality rate -0.66
PC5 5.62% - Health capacity -0.49
PC6 4.38% + Insurance 0.53
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6.2.7 Resilience Score

A resilience score can be calculated based on the loadings of the original variables on each of the PCs.
These scores are calculated as the dot product of the standardized data and the loadings of the selected
PCs. The total score is the sum of the scores across all retained PCs for each country, providing an
overall measure of the countries’ resilience. The scores for each PC and the corresponding overall
score are shown in Table 26, offering insight into which PCs and dominant variables might contribute
to the variances explained between countries. Firstly, it is notable that, based on this method, both
Peru and Sri Lanka have relatively high resilience scores, while Pakistan scores relatively low.

To determine which indicators might contribute to the variances in resilience scores between coun-
tries, it is possible to examine the individual scores of each PC. Sri Lanka shows a relatively low score
for PC2, which is associated with high population density. Peru scores relatively low on PC5, indi-
cating low health capacity. However, as the loading score for this PC is relatively low, it is necessary
to consider other variables as well. This suggests that the state legitimacy index might explain the
variance with other countries. The low resilience score of Pakistan is mainly explained by PC1, indi-
cating possible low government effectiveness, limited internet use, and low priority to health. Upon
further examination of the data, it becomes apparent that the variance might mostly be explained by
the first two indicators.

Table 26: Resilience scores for each country based on the loadings of the original variables on each
principal component, * indicating countries that were found to have a positive correlation between
floods and vector borne disease outbreak(s).

Category PC1 PC2 PC3 PC4 PC5 PC6 Total Score
Australia - 26.64 4.62 -0.76 -1.78 1.57 -0.55 29.74
China High 9.83 -5.26 7.50 0.66 0.43 -0.35 12.81
Peru* Low 7.05 0.67 -0.09 0.08 -0.98 1.14 7.86
Dominican Republic Low 3.08 2.15 0.10 1.76 -2.57 -1.48 3.04
Sri Lanka* Low 5.12 -3.48 -1.66 0.43 -0.57 1.93 1.77
Mozambique Low -9.89 4.37 1.38 2.74 2.21 0.80 1.60
Philippines High 3.19 -0.10 -1.06 -0.95 -1.35 1.11 0.84
Tanzania Low -6.06 2.63 0.78 1.66 -0.63 -0.68 -2.30
India High -0.81 -1.64 -4.31 0.23 1.01 -0.75 -6.26
Pakistan* High -7.52 -1.42 -1.92 0.51 0.86 0.55 -8.93
Nigeria High -9.87 1.93 -0.06 -1.71 -1.19 -0.17 -11.07
Bangladesh High -3.56 -5.50 -2.92 -0.16 0.76 -1.49 -12.86
South Sudan Low -17.20 1.04 3.01 -3.45 0.44 -0.09 -16.24

6.2.8 Varimax Rotation

Varimax rotation was performed to enhance the interpretability of the PCA results. A summary of the
results is shown in Table 27. Based on these results, a resilience score can be assigned based on the
six PCs that were retained. It should be noted that the loadings of the PCs calculated by the Varimax
rotation are higher than in the unrotated results, especially for the higher PCs. The variance of each PC
is equal to the original variance. However, as a result of varimax rotation, the loadings of the original
variables on each PC are adjusted, as varimax rotation reorients the axes in the multidimensional
space. This adjustment can lead to a redistribution of variance within the PCs, causing different
indicators to contribute more or less to the variance explained by each PC. The resilience score based
on the retained principal components is shown in Table 28.
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When comparing Peru, Sri Lanka, and Pakistan with the other countries, the following observations
can be made. Firstly, Peru and Sri Lanka again score relatively high, and Pakistan relatively low.
The high score of Peru is mainly determined by PC3: Social equity. No PC score indicates a large
deficiency. Sri Lanka scores well on PC5: Health performance. However, the country scores relatively
low on PC2: economic disparity. By analyzing the dataset, it can be seen that this is primarily caused
by a high housing overcrowding rate. Pakistan scores overall relatively low, but primarily on PC2:
economic disparity. In this case, both dominant indicators contribute to the low score.

Table 27: Summary of rotated results PCA

Component Variance plus or min Dominant variables Loadings

PC1: Health Capacity 46.90% +
Health capacity in HC
Supply chain of health care system

0.88
0.83

PC2: Economic disparity 13.91% -
Housing overcrowding
Under 5 underweight

-0.93
-0.86

PC3: Social equity 12.29% -

Individual political freedom,
State legitimacy
Population 65+
Individual autonomy and safety

-0.93
-0.89
0.81
-0.78

PC4: Disease prevalence 6.98% + HIV 0.94

PC5: Health performance 5.62% +
maternal mortality rate,
DTP vaccination coverage

0.93
0.83

PC6: Financial security 4.38% + Health insurance 0.64

Table 28: Resilience scores for each country based on the loadings of the original variables on each
rotated principal component, * indicating countries that were found to have a positive correlation
between floods and vector borne disease outbreak(s)

Category PC1 PC2 PC3 PC4 PC5 PC6 Total Score
Australia - 13.46 10.69 17.48 6.48 9.14 3.35 60.60
China High 9.00 6.57 -2.45 3.38 6.00 1.92 24.42
Peru* Low 2.85 2.78 4.02 2.42 2.87 2.51 17.45
Sri lanka* Low 2.90 -1.12 1.43 3.36 4.06 2.42 13.05
Philippines Low 1.00 0.39 2.18 2.43 0.76 1.68 8.45
Dominican Republic Low -1.51 3.55 2.37 1.16 2.03 0.14 7.74
India High -0.80 -4.07 1.19 0.64 1.20 -1.74 -3.59
Bangladesh Low -0.60 -5.53 -3.38 1.61 1.05 -2.88 -9.72
Tanzania High -4.80 0.03 -2.28 -3.45 -2.57 -1.03 -14.10
Pakistan* High -3.59 -5.08 -3.62 -2.29 -2.23 -1.23 -18.04
Nigeria High -5.72 -2.57 -3.88 -2.37 -6.58 -1.50 -22.62
Mozambique High -5.67 -1.42 -3.39 -8.14 -4.38 -0.77 -23.79
South Sudan Low -6.51 -4.22 -9.65 -5.23 -11.36 -2.89 -39.86
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6.3 Results PCA: categories
Earlier in the process, the countries were categorized based on their exposure level to floods and
diseases as the likelihood of the occurrence of a disease outbreak depends on both the exposure level
and the resilience of the country. To further analyze the differences between the countries with high
resilience and low resilience, another PCA was performed per category. Again, the results were
considered both with and without rotation.

6.3.1 Low exposure

To perform the PCA, the steps presented in subsection 6.1 were performed again. After assessing
the collinearity and removing redundant data, 15 indicators were selected to be included in the PCA
(Table 29). Notably, all indicators representing the individual resilience category were excluded from
the dataset to assure sufficient adequacy. This should be considered when interpreting the results.
The suitability of the dataset was tested with the Bartlett’s test (p=0.00) and the KMO (KMO = 0.54).
Notably, this KMO value is quite low, indicating poor adequacy. The number of PCs to retain was
identified to be 5 representing almost 100% of the variance within the dataset, as shown in Figure 22.

Table 29: Indicators included in PCA for Low Exposure countries

Component Category
Number of children under 5 years old Vulnerability: Socio-economic
Employment to population ratio, 15+ Vulnerability: Socio-economic
Population ages 65+ Vulnerability: Socio-economic
Under 5 underweight Vulnerability: Ecological
% affected by natural disaster (last 3 years) Vulnerability: Ecological
Educational attainment Vulnerability: Behaviour
Individuals using the internet Vulnerability: Behaviour
Population with access to 3 doses DTP3 Resilience: Health care system
Population covered by Health Insurace Resilience: Health care system
Supply chain for health system and health care workers Resilience: Health care system
Emergency Response Resilience: Health care system
Maternal mortality rate Resilience: Health care system
State legitimacy index Resilience: Institutional
Order and security Resilience: Institutional
Regulatory enforcement Resilience: Institutional

Figure 22: Cumulative explained variance for the five retained PCs of the PCA for low exposure
countries
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Unrotated results PCA low exposure
The summarized results of the unrotated PCA are based on the dominant variables in each PC and are
presented in Table 30a. Resilience scores can again be assigned based on the loadings of the original
variables on each PC, as shown in table 30b. Peru receives a high resilience score, mainly explained
by its high PC1 value, characterized by good regulatory enforcement, high levels of internet usage
among individuals, and high DTP coverage. However, further analysis reveals that many indicators
have relatively high loadings, suggesting that this value cannot be solely explained by examining the
most dominant variables. Peru scores relatively low on PC3, associated with a high number of elderly
individuals in the country. Similarly, Sri Lanka also scores high on PC1 but performs poorly on both
PC2 and PC3, indicating a significantly lower employment ratio and relatively low state legitimacy.

Table 30: Results (Low expsoure, unrotated)

(a) Summary of results unrotated PCA, category:
low exposure

PC Variance +/- Dominant variables Loadings

PC1 45.52% -
Regulatory enforcement
Individuals using the internet
DTP vaccination coverage

-1
-1
-1

PC2 20.34% -
Employment ratio
State legitimacy

-0.94
-0.83

PC3 16.16% + Population 65+ 0.93
PC4 11.73% + Supply chain 0.80

PC5 6.25% -
Education
Order and security

-0.5
-0.52

(b) Resilience scores based on the loadings of the
original variables on each PC, * indicating coun-
tries highly impacted by floods

PC1 PC2 PC3 PC4 PC5 Score
Peru* 8.93 0.63 -0.73 2.93 1.10 12.86
Dominican
Republic 3.66 -0.49 5.33 -0.13 -0.86 7.50

Tanzania -1.80 4.05 0.25 -2.77 1.22 0.94
Sri lanka* 7.48 -3.58 -3.05 -1.98 -0.72 -1.83
Mozambique -6.26 4.00 -2.00 1.30 -1.40 -4.35
South Sudan -12.01 -4.61 0.19 0.64 0.66 -15.12

Rotated results PCA low exposure
To simplify these results, the application of varimax rotation is proposed. The summary of the results
of the rotated PCA is presented in Table 31a. The resilience scores, shown in 31b again show a high
resilience score corresponding to Peru and Sri Lanka. For Peru, this high score is primarily influenced
by high PC1 and PC4 scores, corresponding to state legitimacy, maternal mortality, U5 underweight,
supply chain of the healthcare system, and government emergency response. It shows a relatively
low score for PC3, representing an increased vulnerable population. Sri Lanka demonstrates a high
score for PC2, primarily composed of a high score for health insurance. However, Sri Lanka also
demonstrates a low score for the vulnerable population.

Table 31: PCA results (low exposure, rotated)

(a) Summary of results rotated PCA, category:
low exposure

Component Variance +/- Dominant variables Loadings

PC1 45.52% -
State legitimacy
Maternal mortality
U5 underweight

-1.05
-0.99
-0.93

PC2 20.34% +
Employment ratio
Health insurance
Children U5

-1.03
0.93
0.86

PC3 16.16% +
Affected by natural
disaster
Population 65+

1
0.91

PC4 11.73% +
Supply chain
Government emergency
response

1.07
0.89

PC5 6.25% -
Order and security
Education

-1.02
-0.97

(b) Resilience scores based on the loadings of the
original variables on each PC, * indicating coun-
tries highly impacted by floods

PC1 PC2 PC3 PC4 PC5 Score
Peru* 5.38 3.04 -1.48 6.40 3.02 16.37
Dominican
Republic 4.07 1.30 3.73 -0.46 3.22 11.86

Sri Lanka* 1.94 7.15 -3.54 1.99 3.32 10.87
Tanzania 0.93 -4.03 -2.17 -2.64 0.14 -7.78
Mozambique -1.75 -4.64 -0.74 -1.44 -5.97 -14.54
South Sudan -10.58 -2.82 4.20 -3.86 -3.73 -16.78
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6.3.2 High exposure

The same method is employed to determine the relative position of the countries categorized as high
exposure. Nineteen indicators were selected to perform PCA. The dataset was tested for suitability
(p-value = 0.0 and KMO statistic = 0.57). Again, five PCs are retained to analyze the resilience scores.

Unrotated results PCA High exposure
The summary of the PCA results is shown in Table 32 and the resilience scores are presented in Table
32b. Compared to other highly exposed countries, Pakistan scores low on the resilience score, which
is caused by low scores on several PCs, especially PC1, PC2, and PC5. These PCs primarily result
from several indicators related to healthcare system performance and individual resilience. Upon
further examination of the original data, this low score is primarily caused by low health capacity,
low government effectiveness, low educational attainment, and a low percentage of internet usage.

Table 32: Results PCA (high exposure, unrotated)

(a) Summary of results unrotated PCA, category:
high exposure

PC Variance +/- Dominant variables Loadings

PC1 41.40% +

Physicians density
Life expectancy
Government effectiveness
Health insurance
Health capacity

0.98
0.91
0.90
0.87
0.86

PC2 23.13% +
Individual autonomy and safety
Education

1.07
0.84

PC3 19.29% + State legitimacy index 0.95
PC4 10.10% - Population density -0.87
PC5 5.90% - Individuals using the internet -0.57

(b) Resilience scores based on the loadings of the
original variables on each PC, * indicating coun-
tries highly impacted by floods

PC1 PC2 PC3 PC4 PC5 Score
China 17.86 -1.24 -1.30 1.48 0.24 17.05
India -2.74 3.79 7.74 1.11 0.67 10.57

Philippines 0.67 7.86 -2.45 -2.29 -1.10 2.69
Bangladesh -0.73 -6.32 1.15 -3.55 0.74 -8.69

Nigeria -9.02 0.70 -5.28 1.60 1.54 -10.46
Pakistan* -6.04 -4.80 0.14 1.65 -2.10 -11.15

Roated results PCA High exposure
To further simplify the interpretation, the varimax rotation was applied, presented in Table 33 together
with the resulting resilience score in Table 33b. Similar to the unrotated results, Pakistan scores low
on the level of resilience. Although, each PC represents a relatively low value, the low score is pri-
marily caused by low scores on PC2 and PC5 which are represented by mobile cellular subscription,
education, individuals using internet and employment ratio which are all indicators related to human
capital development.

Table 33: Results PCA (high exposure, rotated)

(a) Summary of results rotated PCA, high expo-
sure

PC Variance +/- Dominant variables Loadings

PC1 41.40% +

Life expectancy
Health capacity
Under 5 mortality
% affected by disaster
Vaccination coverage

0.99
0.98
0.98
0.97
0.95

PC2 23.13% +
Mobile cellular subscription
Education

1.01
0.88

PC3 19.29% +
Constraints on government power
State legitimacy
Individual political freedom

1.04
1.02
0.95

PC4 10.10% - Population density -1.02

PC5 5.90% -
Individuals using internet,
Employment ratio

-1
-0.82

(b) Resilience scores based on the loadings of the
original variables on each PC, * indicating coun-
tries highly impacted by floods

PC1 PC2 PC3 PC4 PC5 Score
China 11.82 3.23 -8.71 6.67 7.34 20.35

Philippines -2.34 6.82 3.17 2.82 2.20 12.66
India 2.18 -2.12 8.58 -0.10 -0.72 7.81

Bangladesh 1.96 -1.42 -3.04 -5.81 -2.45 -10.77
Nigeria -10.34 -1.96 0.81 -1.62 -0.82 -13.93

Pakistan* -3.27 -4.55 -0.80 -1.96 -5.55 -16.13
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7 Final Framework

In the first phase of the EDA, both V-EDA and statistical testing revealed suspected correlations
between floods and outbreaks of communicable diseases. Additionally, countries were categorized
based on the impacts they have faced in the past. In the previous chapter, the results of the PCA were
presented, comparing countries labeled as ’impacted’ with those not showing evidence of being im-
pacted. These comparisons were made using indicators that describe the vulnerability and resilience
factors of healthcare systems as defined by the conceptual framework. In this chapter, the key findings
from the PCA will be discussed in the context of the conceptual framework, and proposed changes to
the model will be introduced to construct the final framework.

7.1 Evaluation of PCA results

7.1.1 General considerations

The PCA was performed to gain insight into the indicators contributing to variances between coun-
tries by reducing dimensionality through the composition of PCs. Based on the PCA, five or six PCs,
depending on the sub-analysis, were retained to explain at least 90% of the variance between coun-
tries. Although multiple PCs are needed to identify this level of variance, PC1 consistently explains
the most variance, representing over 45%. Therefore, the weight of PC1 should be considered accord-
ingly, making indicators describing variances in this first PC relatively more important. To simplify
interpretation of the results, both unrotated and rotated PCs are considered. It can be concluded that
the results are easier to interpret and provide similar outcomes to the unrotated ones. However, both
results are considered to cover all potential relevant findings.

7.1.2 Full sample size

Based on the PCA results, Peru and Sri Lanka exhibit relatively high overall scores, often placing them
in the better-performing half of the sample. This suggests that the method, which frames resilience
as a function of various determinants contributing to health including socio-economic factors, pub-
lic health, behavior, health care system performance, institutional quality, and individual resilience,
evaluates these countries as relatively resilient. However, this does not imply that there are no in-
sights to be gained or areas for improvement. Upon closer examination, it is evident that Sri Lanka
faces economic disparities, as indicated by issues like housing overcrowding and the prevalence of
underweight children under five years old, potentially undermining its resilience. This pattern is also
observed in Pakistan, which is generally considered less resilient. When comparing these three coun-
tries to the full dataset, none of them score highly on indicators of individual autonomy and safety or
political freedom. Additionally, both Pakistan and Sri Lanka exhibit very high population densities
and significant housing overcrowding. The impacted countries can be compared with those that score
similarly on most indicators:

• Overall, Pakistan, Sri Lanka, and Peru score moderately on individual autonomy and safety and
political freedom. They also have relatively high population densities.

• Pakistan and Sri Lanka vs. Bangladesh: Bangladesh has similar demographic and economic
characteristics, such as population density and housing overcrowding rates. However, Bangladesh
has a higher employment ratio, better government emergency response, and increased health
capacity, which might suggest a better individual position and preparedness for such events.
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• Peru vs. Dominican Republic and China: The Dominican Republic, which shares similar char-
acteristics, scores better on individual autonomy and safety, political freedom, higher income,
and more internet usage. Peru can also be compared to China, which has a stronger economic
position and better performance across all healthcare characteristics. However, China does not
score highly due to lower indicators related to individual political freedom and state legitimacy,
which might prevent the country from achieving even better resilience.

It appears that multiple factors contribute to better resilience to the impacts of floods on commu-
nicable disease incidences. A country’s economic position and the resources it allocates to health
significantly enhance preparedness. However, when comparing countries with similar economic sta-
tuses, the standout differences are often in government emergency response and individual factors
related to social cohesion, feelings of safety, and civic participation.

7.1.3 Low/High exposure

When considering the two distinctive categories, the results of the PCA corresponding to the low
exposure categories reveal several findings.

• When comparing Peru and Sri Lanka with Tanzania and the Dominican Republic, Tanzania ex-
hibits a higher employment ratio, suggesting better employment opportunities and greater trust
in government institutions. In the context of emergency response, this could present challenges
regarding adherence to government policies. The Dominican Republic does not have a high
percentage of its population that has experienced natural disasters in the past couple of years,
which could indicate the importance of recovery periods. Countries with higher frequencies
of floods or other disasters might be more susceptible to their impacts. Both Tanzania and
the Dominican Republic demonstrate higher state legitimacy, suggesting that citizens are more
inclined to follow government directives, which is important in emergency disaster response
where adherence to protocols is essential. Furthermore, Peru shows an increased elderly popu-
lation, which increases vulnerability. The rotated results yield similar insights.

• High exposure: Compared to other countries in this category, Pakistan exhibits low health
capacity. Contrasting with Nigeria, a country with limited financial resources, Pakistan focuses
more on individual indicators such as low educational attainment levels and limited internet
usage. This suggests that while Nigeria holds a vulnerable position, it mitigates some of these
risks through stronger individual resilience.

The analysis reveals that countries with higher state legitimacy and better employment ratios tend to
show greater resilience in disaster scenarios. Moreover, countries with frequent exposure to natural
disasters may face extended recovery challenges, highlighting the importance of effective emergency
response mechanisms. Strengthening healthcare systems and improving individual resilience factors,
such as education and internet access, are essential for enhancing a country’s overall capacity to
withstand and recover from disasters.
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7.1.4 Summary of key findings

Overall, the PCA results do not provide sufficient insight to establish conclusive relationships and
patterns between specific health determinants and countries’ resilience to the impacts of floods on
communicable diseases but show several exploratory findings that could indicate a suspected impact
of determinants on the level of resilience to the impacts of floods. When evaluating the combined
results, it becomes apparent that besides a strong economic position—typically associated with high
health expenditure and effective healthcare system performance—individual resilience within social
and institutional contexts, demographic factors, and state legitimacy also influence the distinction
between resilient and non-resilient countries. Indicators such as education levels, internet access, em-
ployment rates, mobile cellular subscriptions, population density, age demographics, overcrowding,
and state legitimacy are important in this assessment. A summary of the findings from the PCA is
shown in Table 34.

Category
Findings

Exposure Exposure to Floods
• Exposure level does not correlate with countries’ resilience levels.
• High exposure to floods positively correlates with exposure to vector-borne diseases.

Exposure to Vector-borne Diseases
• Increase in artificial surfaces correlates with exposure to vector-borne diseases.
• Increase in the number of children under 5 correlates with exposure to vector-borne diseases.

Vulnerability Socio-economic:
• Increased elderly population negatively affects resilience.
• Higher population density decreases resilience.
• Economic disparity impacts resilience, seen in housing overcrowding and underweight children U5.
• High employment ratios positively affects resilience.

Public health:
• Public health factors indicate vulnerability but exhibit a less evident relationship when comparing re-

silience scores.
• Higher prevalence of HIV correlates with decreased resilience.
• Under-5 mortality shows complex correlations, potentially linked to healthcare indicators.

Behavior:
• Internet usage correlates positively with resilience.
• Education plays a significant role in strengthening resilience to disasters.
• Mobile cellular subscriptions also postively correlate with resilience.

Coping capacity Healthcare system resilience
• Health financial security is an important indicators for the level of healthcare system resilience.
• Health capacity and performance positively influences a country’s resilience and explains significant

proportion of variance between countries.

Institutional resilience:
• High state legitimacy positively affects resilience.

Individual resilience
• Individual political freedom, autonomy, and safety contribute to overall resilience.
• Variances explained between countries with low financial capacities are primarily explained by individual

indicators such as education attainment levels and internet usage.

Table 34: Summary of Findings
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7.2 Final framework

At the outset of this thesis, a conceptual framework (Figure 7) was presented to illustrate the inter-
play among three domains initially identified in the literature: exposure, vulnerability, and resilience.
By collecting data, a database comprising flood data, epidemiological data, and indicators of health-
care systems was constructed as a foundation to explore the relationships between these elements.
Through EDA, the aim was to gain a better understanding of the relationships between the different
domains and to analyze which indicators of the healthcare system might be significant when compar-
ing resilience levels of healthcare systems. To conceptualize the main findings, as presented in Table
34, they are integrated into the final Flood-Health Risk and Response framework, presented in Figure
23. This framework identifies the most crucial vulnerability and resilience factors defining a country’s
healthcare system resilience against flood impacts on vector-borne diseases. Indicators that were in
the PCA identified as determinant variables in explaining variances between countries are categorised
into seven distinct categories. Green arrows indicate positive effects, showing measures that reduce
the impact of floods on communicable diseases, while red arrows indicate negative effects, showing
factors that worsen these impacts. Importantly, all domains identified in the conceptual framework:
exposure, vulnerability, and resilience, are included in the final framework, highlighting the holistic
approach taken. The analysis does not identify a single indicator within each domain as decisive for
resilience; instead, it suggests that resilience is influenced by various factors.

Figure 23: Final framework
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7.3 Interpretation of Final Framework
The final framework (Figure 23) represents the main findings of this thesis. To understand the value
of the framework, it should be understood that it does not capture the whole picture of the system
describing the health effects of communicable diseases after floods but is based on the design choices
made during this thesis. The final framework represent the healthcare systems’ vulnerability and
resilience factors that were found to be of most importance when explaining varying levels of impacts
after flood disasters and thus not explain the system as a whole. It is important to realize that the
interplay between floods, communicable diseases and health care systems is an interconnected system
with different components leading to the risk of floods and diseases. Therefore, to understand the
risk to a country, it is not enough to focus on just one of the highlighted areas; a multi-disciplinary
approach should be taken. However, the results of the EDA presented several key findings that could
be reflected upon.

• Economic stability provides a country with valuable resources that strengthen disaster resilience.
This stability positively impacts the entire system, enhancing citizens’ living conditions and im-
proving healthcare systems. A solid financial position often correlates with higher healthcare
quality and performance, as evidenced by the availability of resources and health expenditures.
Additionally, strong economic health correlates with overall public health, reducing community
vulnerability. Therefore, it can be concluded that LMICs are generally more susceptible to the
impacts of floods due to their relative lack of economic stability.

• Additionally, recognizing individual resilience as a significant factor suggests the potential for
empowerment strategies at a local level to enhance overall community resilience. Specifically,
investing in education and behavioral initiatives enhances resilience by fostering greater aware-
ness and providing channels for effective communication during disasters. Additionally, pro-
moting autonomy and safety within communities contributes to heightened social cohesion and
confidence, thereby improving the psychosocial well-being of residents. Furthermore, individ-
ual political engagement serves as a critical indicator, reflecting civic participation and involve-
ment in resilience policies. Assessing how actively people understand and support mitigation
measures by authorities gives valuable insights into the effectiveness of resilience-building ef-
forts.

• Lastly, the positive correlation between high exposure to communicable diseases and high ex-
posure to floods emphasizes the interconnected nature of environmental and health risks, neces-
sitating integrated approaches to risk management. This suggests that areas prone to flooding
are also more susceptible to the spread of communicable diseases, indicating shared vulnerabil-
ities and overlapping challenges. Addressing these risks requires coordinated efforts involving
environmental resilience measures, such as flood mitigation and infrastructure improvements,
together with public health interventions focused on disease prevention, surveillance, and re-
sponse strategies.

• The findings emphasize the importance of adopting a holistic approach to resilience-building
in flood-prone areas, which include not only healthcare system capacity but also individual and
institutional factors. This implies the necessity of integrated strategies that address education,
access to technology, social equity, and governance effectiveness alongside traditional health-
care measures.

This thesis highlights that the relationship between floods and health impacts is complex and cannot
be predicted solely by examining exposure to diseases and flood events. The resilience of countries
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to the impacts of floods on vector-borne diseases was analyzed in this study, revealing that it is influ-
enced by various factors that determine vulnerability and contribute to resilience. The key finding of
this thesis is that the differing impacts observed in the past can be explained by two main categories
of indicators. First, a country’s economic position enhances its ability to cope with disasters such
as floods. However, when comparing countries with similar economic standings, various individual
factors, including education, community context, and political engagement, emerged as significant
determinants. This indicates that the health effects associated with vector-borne diseases can poten-
tially be mitigated by addressing these individual factors. Therefore, it is crucial to further explore the
role of individual resilience in disaster preparedness. By improving a country’s vulnerability profile
and enhancing its ability to manage flood events, the severe effects of communicable diseases could
be reduced in the future.
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8 Discussion

8.1 Introduction

This study investigated how various factors of healthcare systems affect health outcomes for com-
municable diseases during flood disasters. The primary objective is to identify key indicators of
health that explain the varying impacts of floods on communicable diseases, highlight gaps in cur-
rent knowledge, and suggest areas for future research, aiming to improve risk assessments for vul-
nerable countries. To achieve this, the study addressed several sub-questions, beginning with the
construction of a conceptual framework. Subsequent investigations focused on identifying patterns
and relationships between floods and the incidence rates of communicable diseases following such
events. Additionally, correlations between indicators of healthcare systems and the likelihood of dis-
ease outbreaks post-flood were explored. Finally, a reflective analysis of the conceptual framework
synthesized the study’s key findings. Among the findings, this research emphasizes the vulnerability
of countries such as Peru, Sri Lanka, and Pakistan, which appear less resilient to the health effects
following flood disasters. It became evident that the impacts are influenced by several interconnected
domains: socio-economic vulnerability, behavioral factors, healthcare quality and performance, in-
stitutional organization, and social and community context. Notably, while economical health and
healthcare system resilience were identified as important contributing factors, differences observed
between countries with comparable financial and healthcare system performance highlighted the im-
portance of individual resilience within social, community, and institutional contexts.

In this discussion chapter, a methodological reflection will be presented to analyze the challenges and
constraints encountered during the research process and assess their impact on the study’s outcomes.
Following this, the research limitations are presented. Lastly, the contribution to the knowledge gap
and future research agenda will be discussed. The thesis will be finalized with a conclusion.

8.2 Methodological reflection

8.2.1 Exploratory data analysis

EDA was chosen for this research due to its flexibility, suitability for exploratory studies, and its ability
to effectively manage limited sample sizes. EDA is proficient at identifying patterns and trends within
data, providing insights into complex relationships without the need for formal hypothesis testing or
model building. The primary objective of EDA is to explore and generate hypotheses rather than draw
definitive conclusions, particularly when dealing with small sample sizes. EDA is a suitable method
in the early stages of data analysis, helping to understand data structure, identify patterns, clean data,
select features, and evaluate model assumptions. Although EDA lacks strict assumptions, it follows
fundamental principles such as ensuring data quality and appropriate variable normalization. Careful
interpretation of visualizations is crucial to avoid biases or misinterpretations. The iterative nature
of EDA allows for revisiting and refining assumptions made during early exploration. While small
sample sizes can provide valuable insights, caution is necessary due to limited variability, potential
sampling bias, and reduced statistical power, which complicates the detection of significant effects.
Potential biases might have been introduced as the conceptual framework was constructed as an input
for the EDA, which involves making subjective decisions about which variables to analyze, which
visualizations to use, and how to interpret the results. The conceptual framework was useful to guide
the EDA but assumptions about the relationships being explored can introduce biases into the analysis.
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8.2.2 Data sources

Understanding the data sources is essential in this research, requiring a thorough consideration of
potential biases, limitations, and the contextual setting in which the data was generated. Particu-
larly relevant is the research’s sample size consisting primarly of LMICs, where strong monitoring
systems are often lacking. During outbreaks, intensified monitoring efforts may lead to increased re-
ported numbers, while the emergence of the COVID-19 pandemic might have further influenced data
collection practices, potentially impacting the reported figures. Given the limited data availability, di-
verse sources were utilized, predominantly relying on surveillance systems for diseases like Malaria
and Dengue, as well as ministries of health for waterborne diseases. Surveillance systems collect
data from various sources including healthcare facilities, laboratories, and community reporting, aim-
ing to provide timely and standardized information. However, these systems may unintentionally
under report certain diseases or demographic groups, particularly in resource-constrained settings
where healthcare access and reporting infrastructure are deficient. Conversely, data from ministries
of health, consisting of official reports, epidemiological bulletins, and statistical publications, serve as
essential resources. Nonetheless, such data may be susceptible to political influence, administrative
delays, and reporting biases, potentially compromising the accuracy and timeliness of the reported
numbers. Collecting sufficient data proved to be a significant challenge, leading to the decision to
include all available data, despite the potential compromise in data quality, to ensure sufficient input
for data analysis.

8.2.3 Selection of appropriate techniques

The literature suggests various methods for data exploration; however, due to constraints in time and
available data, only a limited number of methods were used. These included time series plots, his-
tograms, scatter plots, Pearson correlation, paired t-test and PCA. This subsection will briefly reflect
on the choice for these techniques.

Time series plots
Time series plots were created to visualize trends, patterns, and seasonality, examining changes in
variables over time. However, these plots may not effectively capture short-term fluctuations or irreg-
ularities, especially with large time intervals between data points. They also require careful consider-
ation of seasonality and potential confounding factors that might influence observed patterns. In this
research, yearly data should be interpreted with caution, as floods often occur suddenly and within
short periods.

Statistical tests
Two statistical tests were conducted to assess the statistical significance of epidemiological data dur-
ing flood and non-flood periods. At first, the Pearson correlation was used to analyze yearly available
data. While this method of testing correlation does not strictly require the dataset to be normally
distributed, more accurate results are obtained when the data approximates a normal distribution.
Although used in conjunction with visual analysis and without drawing conclusions solely from its
results, it is essential to acknowledge this limitation.

For the weekly and monthly available data, the paired t-test was utilized to evaluate statistical signif-
icance across different years. Unlike the Pearson correlation test, this method accounts for the onset
and duration of a flood, without considering the number of affected individuals. However, it enables
better observation of trends in the weeks or months following a flood. The results of the t-test reveal
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several significant correlations, both positive and negative, in roughly equal proportions. This could
be attributed to either the poor quality of the data or the possibility that floods may sometimes de-
crease the incidence of communicable diseases afterwards. Although this potential effect of floods
was not further analyzed in the thesis, it may be relevant to include in future research.

PCA
PCA was selected to reduce the dimensionality of the dataset and condense this information into
a smaller set of PCs. This decision was made because the research deals with a large number of
variables associated with the determinants of health. This method allows gaining insight into un-
derlying patterns and trends, explaining the interplay between various domains, which is valuable to
this research. However, there are limitations to consider. Firstly, PCA assumes that the relationships
between variables are linear. If this linearity assumption is violated, PCA may not accurately capture
the underlying structure of the data. In this research, the linearity of the data has not been carefully
considered, which raises questions about the appropriateness of this method. PCA is sensitive to out-
liers, which can disproportionately influence the calculation of PCs, leading to biased results. In this
study, a dilemma of balancing sample size against outliers was being faced. Consequently, retaining
as much information as possible was prioritised rather than discarding outliers. Additionally, the re-
sults of PCA may vary depending on the specific sample of data used. Small alterations in the data
or the inclusion/exclusion of certain observations can result in different PCs and loadings. Therefore,
it is important to consider the stability of the results. As an addition to the selected methods, it is
recommended to conduct sensitivity analyses to assess the robustness of the findings. While PCA
is a common technique for dimensionality reduction, it is suggested to consider alternative methods
such as factor analysis, independent component analysis, or nonlinear manifold learning methods like
t-distributed stochastic neighbor embedding or Uniform Manifold Approximation and Projection. By
comparing the results obtained through different methods, the consistency and validity of the findings
can be evaluated.

8.3 Research limitations

8.3.1 Limitations in medical knowledge

The primary focus of this study is to use quantitative methods in evaluating the contribution of various
factors of healthcare systems to the resilience of countries in the context of communicable diseases
following flood disasters. Section 3.1.4 reviewed a selected number of past studies to understand the
lag time in the context of floods. However, the understanding of transmission patterns of communi-
cable diseases prior to this thesis was limited. Based on the literature review, assumptions have been
made regarding the post-flood period necessary to detect a disease outbreak attributable to flooding.
Consequently, there is a possibility that the results may not accurately reflect the aftermath of flood
events. Further research is warranted to accurately track the transmission patterns of communicable
diseases after floods and identify the main factors influencing disease uptake post-flooding.

8.3.2 Data

Flood data
The availability of flood data is crucial for this study, which uses quantitative methods to identify
connections between floods and communicable diseases. While flood data is extensively documented
in the EM-DAT database, it lacks detail. The first limitation concerns the scope of the research. Fo-
cusing on specific flood-prone areas within countries rather than entire countries could enhance the
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analysis by incorporating more variables and improving the accuracy of exposure level assessments.
Furthermore, the decision was made to filter flood data based on significance scores aimed at identi-
fying the most impactful floods and reducing the sample size to manage the volume of information.
This was determined by the number of affected people, total damage, and the duration of the flood.
However, it should be acknowledged that these variables do not necessarily reflect floods with the
greatest health impacts. For example, the total damage does not provide information about specific
infrastructure damage that may not necessarily affect the risk of communicable diseases. Similarly, a
long duration of a flood may complicate recovery processes but does not necessarily affect the risk of
communicable diseases. Upon closer examination of the selected floods with sufficient significance,
it is observed that they almost always have the highest number of affected people. Therefore, the in-
clusion of other factors may not significantly impact the final selection of floods to be included. Since
the variables are not clearly defined, there may be debate about whether they should be considered in
evaluating the significance of floods.

Health data
Regarding health data, the available morbidity and mortality data are insufficient to draw strong con-
clusions. Despite the EDA, including visual and statistical analyses, indicates a lack of resilience in
Peru and Sri Lanka, this conclusion requires careful consideration given data limitations and method-
ological nuances. Insufficient yearly data directly linking floods to disease outbreaks, variations in
reporting system efficacy, and the impact of the COVID-19 pandemic on surveillance systems all re-
quire attention. Moreover, external factors such as weather, political unrest, and ecological changes
are not factored into the evaluation of the potential connection between floods and communicable
diseases.

Data availability and quality
The EDA aimed to capture relationships between floods and communicable diseases. However, it
must be acknowledged that data availability is limited and of poor quality. The methods used in this
research were adapted based on data availability. With access to comprehensive data, it would be
advisable to expand time-series analysis by comparing data over an increased number of years. Addi-
tionally, the thesis demonstrates that monthly and weekly data enable yearly comparisons, considering
seasonal patterns and ’waiting time’ (incubation time) after floods. Enhanced data availability would
facilitate a more detailed examination of the relationship across various diseases. Furthermore, incor-
porating spatial analysis to map the distribution of floods and disease outbreaks could help identify
areas most susceptible to disease transmission following flooding events.

8.3.3 Selection of indicators

The healthcare systems have been assessed by compiling a set of indicators that describe these factors
in the context of communicable diseases following floods. These indicators were selected based on
the framework provided by the WHO, as described below.

”The social determinants of health (SDH) are the non-medical factors that influence health out-
comes. They are the conditions in which people are born, grow, work, live, and age, and the wider
set of forces and systems shaping the conditions of daily life. These forces and systems include eco-
nomic policies and systems, development agendas, social norms, social policies and political sys-
tems.” [World Health Organization, 2024b]
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Upon reflection, it becomes apparent that the determinants of health encompass a wide range of po-
tential factors. Despite the diversity of this concept, there is a lack of defined methodology for com-
prehensively addressing all these factors that impact health outcomes. Similarly, there is no consensus
on the method for assessing the resilience of a country, particularly in the context of communicable
diseases following floods. The set of indicators used to describe resilience was composed from var-
ious sources rather than being derived from a single, focused research effort in this area. Therefore,
further research is needed to precisely define resilience in the specific context of communicable dis-
eases after floods. Informed by existing literature, review of conceptual models, and data availability,
relevant indicators were incorporated into the analysis. However, it is important to acknowledge that
this analysis may not capture every factor influencing the resilience to floods.

Another aspect to consider is the use of index numbers in this research. As data were not always
available at the desired level, primarily in the resilience category, index numbers were used to describe
performance in terms of government effectiveness, personal safety and rights, and the performance
of the healthcare system. Furthermore, the MDPI and GII were included as indicators for the PCA
analysis. However, these index numbers are sometimes a combination of several other indicators
or are based on other types of research. These indicators should be considered with extra care as
they could lead to double counting when indicators used in the index are presented separately. For
example, the MDPI includes indicators such as years of schooling, child mortality, and nutrition,
which are also represented by other indicators. The decision was made to include it anyway because
it also represents indicators related to housing and assets for which other indicators were difficult
to find. Furthermore, it has not always been considered what the source of the information is that
constructed these indexes, and questions could be raised about the quality and reliability.

8.3.4 PCA

In this study, several limitations associated with the application of PCA were encountered. First of
all, the research includes a limited number of countries, posing a challenge to the interpretation of the
results. Increasing the sample size would enhance the credibility of the findings. Future investigations
should aim to incorporate more countries, allowing for better categorization of similar countries and
a more detailed examination of the differences between their healthcare systems. Secondly, several
indicators used in the analysis were affected by missing data, particularly at the country-wide level.
For example, factors such as the quality of a neighborhood, level of community feeling, and type of
housing might influence resilience but cannot be considered on a country level. Focusing specifically
on flood-prone areas may provide more informative insights, although obtaining such data can be
challenging. Lastly, the presence of multicollinearity among the indicators included in the PCA raises
concerns about the reliability of the results. While some degree of correlation is expected, excessively
high levels of multicollinearity can distort the findings. Therefore, it is crucial to assess the extent of
multicollinearity in the dataset and carefully evaluate the suitability of the dataset for PCA analysis. A
methodological decision was made to remove indicators with a correlation higher than 0.85. However,
correlation between 0.5 and 0.85 can still be considered a moderate correlation and thus it could be
debated whether this chosen correlation level was optimal.

8.3.5 Validation

The research proposal included the plan to conduct an expert validation to assess the final framework
alongside the findings from the EDA. However, as the research progressed, it became evident that
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the focus was shifting from proposing a definitive framework to explaining the effects of health de-
terminants on the flood-health risk of countries, to uncovering potential interrelations and providing
guidance for further research. Consequently, expert validation no longer appeared relevant, and it was
decided to exclude it from this study. Nevertheless, validation remains a crucial aspect of research,
especially in exploratory studies like this one. Therefore, alternative methods of validation should be
considered in future research. One approach is cross-validation, which involves using different statis-
tical methods or datasets to confirm the robustness of the results. Additionally, qualitative research,
such as conducting focus groups with individuals experienced in flooding or performing case studies,
could offer deeper insights into the underlying mechanisms driving the relationships observed in the
quantitative analysis.

8.4 Theoretical implication: Contribution to knowledge gap
The literature review has identified a significant knowledge gap concerning the correlation between
the flood-disease risk in countries and healthcare system factors, including social, economic, insti-
tutional, and geographical characteristics. While previous research has provided evaluations and
country-specific recommendations for mitigating health effects post-disaster, these recommendations
often lack generalizability and fail to consider the complex interplay of social, economic, institu-
tional, and geographical factors. By focusing on healthcare systems through the perspective of social
determinants of health, this study considers the context of health risks associated with communicable
diseases post-flood.

The primary objective of this study was to provide a more comprehensive understanding of the under-
lying mechanisms driving health outcomes in various settings. Its main contribution lies in generating
knowledge and awareness that health outcomes are not solely determined by the scale of a flood or
the performance of the healthcare system. Instead, by considering the system from a broader per-
spective, through the lens of the determinants of health, connections between underlying factors and
mechanisms driving health outcomes were observed. This emphasizes the importance of careful risk
assessment to identify potential areas for improvement in a country’s preparedness. The study iden-
tifies potential areas for improvement in countries’ preparedness and response capacities. In contrast
to past studies, this research conducted a comparative analysis, providing insights into both similar-
ities and differences in their determinants of health and identifying individual resilience factors as
the main determining factors to explain variances in resilience to floods. The findings of this study
suggest that by enhancing factors contributing to the individual resilience of communities, such as
education, the use of communication tools, community context, and individual political engagement,
the vulnerability of individuals can be reduced, and health outcomes may be mitigated. Additionally,
improving the financial health of countries and the performance and quality of healthcare systems can
be enhanced, increasing their capacities to cope with the health impacts of floods.
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8.5 Practical implications: Remaining challenges and further research

The results of this study, which explored the relationship between floods, communicable diseases,
and healthcare systems as illustrated in Figure 23, highlight the importance of several variables in
evaluating healthcare system resilience in the context of floods. However, this study has also pro-
vided insights into possible directions for further research to explore this complex relationship. In
this chapter, a future research agenda is proposed. In this section, the suggestions for further research
are discussed and then presented in Figure 24.

Disease outbreak following floods
Past research, including this thesis, has highlighted the challenges in establishing correlations between
floods and communicable diseases. These challenges arise from two primary factors. Firstly, there
is a limitation in the amount and quality of available data. Additionally, numerous variables exist
that could potentially influence disease transmission. To address these challenges, several research
directions are suggested. Firstly, exploration of strategies to encourage governments to enhance mon-
itoring and surveillance efforts is warranted, thereby enabling more precise measurement of incidence
rates. Secondly, narrowing the research focus to flooded areas, rather than conducting country-wide
analyses, could help reduce the impact of external factors. Furthermore, suspected disease outbreaks
following floods should be tested alongside other variables, such as weather data and political sit-
uations like civil unrest, to ascertain a stable environment for analysis. Lastly, while this research
assumes that the number of affected individuals correlates with the potential for disease transmission,
future investigations should explore other variables that may influence the impact of floods on disease
outbreaks. These could include factors such as damage to healthcare facilities, the number of flooded
homes, and the displacement of populations.

Expand selection of diseases
The selection of diseases studied in this research was based on data availability and prior research.
However, it did not account for potential gaps in reporting for different diseases. The initial search
for epidemiological data, as shown in Appendix A, identified several other diseases mentioned in re-
search related to communicable diseases after floods. These include, among others, Typhoid fever,
Rotavirus, Pink eye, Conjunctivitis, and Zika virus. Moreover, diseases like COVID-19, which are
relatively recent, have been monitored for only a short period. Therefore, it is advisable to critically
assess whether this accurately reflects the true burden of disease following floods. Future research
should broaden the selection of diseases to encompass other types of communicable diseases, thus
providing a more comprehensive understanding of the actual situation.

Resilience
The analysis carried out in this research relies on indicators that describe the resilience of countries
concerning communicable diseases following floods. However, while this set of indicators is informed
by past research, a clear definition of resilience has not been established. To enhance the accuracy
of identifying determinants of health that correlate with flood-disease risk, several areas for further
research are proposed. Firstly, there is a need to establish a specific definition of resilience within
the context of communicable diseases after floods. Secondly, the assessment of flood exposure is
currently limited to a narrow set of indicators, not adequately capturing the full extent of exposure.
This limitation arises primarily from the focus of this study on a country-level analysis, overlooking
variations within countries. Thus, conducting a study that evaluates the exposure levels of flood-prone
areas is recommended. Lastly, while the resilience of healthcare systems is evaluated, it does not fully
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reflect their preparedness for emergencies due to data limitations. Future research should incorporate
additional indicators to comprehensively evaluate resilience, particularly concerning emergency pre-
paredness.

Domain interrelations
Key findings from the EDA indicate various factors contributing to health that potentially explain
variances in the level of health impact a country faces after floods. A primary observation includes
the positive linear relationship between environmental flood exposure and exposure to vector-borne
diseases, but the underlying mechanisms remain inadequately understood. Secondly, concerning gaps
in healthcare system resilience versus behavioral vulnerability, the results suggest that despite poor
healthcare system resilience, some populations exhibit resilience due to high behavioral factor scores.
This suggests that by building strong individual resilience, countries with limited financial and institu-
tional capabilities can still improve coping capacities through behavioral interventions. For example,
by implementing behavioral training programs, conducting community resilience assessments, and
engaging communities in the development and implementation of resilience-building strategies. Fu-
ture research should involve an extensive assessment of community resilience at the individual level
and translating these research insights into actionable policies and interventions that can mitigate the
health risks associated with environmental floods and enhance community resilience against future
challenges. Lastly, gaps exist in the examination of state legitimacy, a broad concept assessing public
confidence in state institutions and processes, and its effects on health emergency response policies
and prevention awareness policies concerning floods and communicable diseases. Investigating how
the level of state legitimacy might impact such policies is crucial for informing effective governance
strategies in emergency contexts.

Figure 24: Future research agenda
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8.6 Conclusion
This thesis explored the complex dynamics between flood disasters, healthcare systems, and com-
municable diseases, aiming to broaden the understanding of the relationship between flood disasters
and the impacts of communicable diseases across diverse settings, investigating characteristics in 14
flood-prone countries worldwide. To answer this question, a quantitative approach was chosen to
measure the extent and impact of vulnerability and resilience factors on the impacts of communica-
ble diseases after floods. While recognizing the varied nature of resilience in the face of floods, the
research highlights a crucial finding: the substantial impact of individual factors, particularly those
related to human capital development, on community resilience.

Despite acknowledging the complexity of resilience, the study highlights that certain individual fac-
tors demonstrate variances between countries with similar levels of economic and healthcare system
resilience. Notably, factors such as education level, individual autonomy, and access to safety and po-
litical freedom emerge as significant determinants of resilience. This suggests that by strengthening
these individual factors, countries can significantly enhance their capacity to withstand and recover
from the health impacts of floods.The implication of this finding is significant, especially for LMICs,
which are often more vulnerable to the health risks posed by floods. While economic and healthcare
system resilience remain fundamental, the research emphasizes that countries worldwide have unique
opportunities to enhance their resilience by prioritizing investments in individual factors.

As climate change escalates the frequency and intensity of floods, understanding and enhancing re-
silience becomes essential. This deeper understanding of resilience has significant implications for
risk assessment strategies. Recognizing the important role of individual factors in shaping community
resilience allows countries to refine their approaches to assessing flood-related risks. Incorporating
insights from this research into risk assessment methodologies can provide a more thorough view of a
country’s resilience capacity. This research emphasizes that strengthening healthcare systems alone is
insufficient; it also highlights the importance of building individual resilience through targeted inter-
ventions. Empowering individuals with the necessary knowledge, autonomy, and resources enables
countries to effectively mitigate the harmful health effects of floods and promote healthier, more re-
silient communities in the face of environmental uncertainties. Integrating a focus on these individual
resilience factors into risk assessment processes enables policymakers and disaster management au-
thorities to identify specific community vulnerabilities and strengths. This understanding enables the
development of focused mitigation measures adapted to address the unique challenges posed by com-
municable diseases following floods. Such measures may include community-based education and
empowerment initiatives, ensuring access to essential healthcare services, and interventions aimed at
enhancing social cohesion and support networks.

In conclusion, as the frequency and intensity of floods increase, the challenges posed by flood-induced
health outcomes become more evident. However, within these environmental uncertainties, this thesis
highlights a promising approach to resilience. By recognizing and using the power of individual
factors, particularly in LMICs, countries can effectively address the complexities of flood disasters.
While floods cannot be prevented in the future, prioritizing research efforts and the development
of preparedness strategies becomes important to mitigate their worst impacts. Building healthier
and more resilient communities, prepared to withstand and recover from environmental challenges,
remains an urgent priority.
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Appendices

A Epidemiological data

Table A.1: Significant outbreak of water-borne communicable diseases after flood disasters

Countries Typhoid
fever Cholera

Lepto-
spirosis

Hepatitis
A

Other
diarrhoeal
disease

Bangladesh x x
Vietnam
Cambodia x x x
Iraq x x
Pakistan x
China x
India x x x x
Philippines x x x
Sri Lanka x
Tanzania x x x
Nigeria x x
Somalia x
South Sudan x x
Mozambique x x
Dominican Republic x x
Peru
Guyana x
Guatemala x
Russia x
Serbia
Czech x
Australia x
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Table A.2: Significant reported outbreak of vector-borne communicable diseases after flood disasters
+ other reported communicable diseases

Countries Malaria Dengue
West Nile
Fever Other

Bangladesh x Rotavirus, Respiratory infection
Vietnam x Pink eye, Dermatitis, Conjunctivitis

Cambodia
Ear, nose and throat infections,
Dermatitis and Conjunctivitis

Iraq
Pakistan x Conjuctivitis, Respiratory infection
China x Schistosmiasis

India
Respiratory infections, Rotavirus,
Chicken pox

Philippines x
Respiratory infection, Chicken pox,
Measles

Sri Lanka x
Tanzania x
Nigeria Diphtheria
Somalia x Measles

South Sudan x
Rift Velley fever, Pneumonia,
Rheumatic fever, Measels, Covid, Polio

Mozambique x Respiratory infection
Dominican Republic x x Zika

Peru x
Guyana

Guatemala x Respiratory infection

Russia
Chikungunya, Zika, Respiratory infection,
Tularemia

Serbia x
Czech x Tahyna virus

Australia
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B Overview of Reviewed Frameworks

A Social Determinants of Health

Figure B.1: Commission on Social Determinants of Health (CSDH) framework [Kumar, 2010]

B Health impact pathway for flooding

Figure B.2: Health Impact Pathway for flooding [Few, 2007]
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C Flood vulnerability assessment framework

Figure B.3: Flood Vulnerability Assessment Framework [Salami et al., 2017]

D Public Health Emergency Prepardness Framework

Figure B.4: Public Health Emergency Preparedness
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C Healthcare system indicators

Table C.3: Healthcare System indicators

Domain Indicator Name Explanation

Exposure Annual Expected Exposed
People to Coastal Floods

The projected number of people likely to be affected by
coastal floods within a specified time period.

Exposure Annual Expected Exposed
People to River Floods

The projected number of people likely to be affected by
river floods within a specified time period.

Exposure Population Density
The number of people per unit area, typically measured
in square kilometers.

Demographics Population Living in
Urban Areas The proportion of the total population living in urban areas.

Exposure Flood Frequency
The frequency of occurrence of floods within a specified
area or time period.

Exposure Epidemic Risk Index -
Vector-borne

The level of risk posed by vector-borne diseases
based on various factors such as climate, vector
presence, and public health measures.

Exposure Epidemic Risk Index -
Waterborne

The level of risk posed by waterborne diseases
based on factors such as water quality,
sanitation, and healthcare infrastructure.

Material
Circumstances

Quality of Water and
Sanitation System

The condition and reliability of water supply
and sanitation systems within a given area.

Material
Circumstances

Housing Overcrowding
Rate

The degree of overcrowding within housing units,
typically measured by the number of people per room.

Material
Circumstances

Land Use - Artificial
Surfaces

The proportion of land area covered by artificial surfaces
such as buildings, roads, and pavement.

Material
Circumstances

People Using at Least
Basic Sanitation Services
(% of Population)

The percentage of the population with access to basic
sanitation services, which ensure hygienic separation
of human excreta from human contact.

Demographics Household Size The average number of people living in a household.

Economic Current Health
Expenditure per Capita

The average healthcare expenditure per person within
a specific time frame.

Socio-economic Multidimensional Poverty
Index

An index measuring poverty based on various factors
such as income, education, and access to basic services.

Socio-economic Prevalence of
Undernourishment

The percentage of the population experiencing
undernourishment, indicating insufficient food intake to meet
dietary energy requirements.

Socio-economic Adult Literacy Rate,
Population 15+ Years

The percentage of the population aged 15 years and older
who are literate.

Socio-economic GDP per Capita
The gross domestic product (GDP) per person, indicating
the economic output per individual within a country.

Health System
Resilience Physicians Density

The number of physicians per unit area, typically measured
in square kilometers.

Health System
Resilience

Access to Healthcare
Index

An index measuring the overall accessibility of healthcare
services within a region.

Institutional
Resilience Government Effectiveness

The effectiveness of government institutions and their ability
to implement policies and provide services to the
population.
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Table C.3: Continued

Domain Indicator Name Explanation
Institutional
Resilience

Corruption Perception
Index

The perceived level of corruption within government
institutions and society as a whole.

Institutional
Resilience State Legitimacy Index

The perceived legitimacy and authority of the state
government among the population.

Institutional
Resilience Public Services Index

The quality and accessibility of public services provided
by the government.

Individual
Resilience

Individuals Using the
Internet (% of Population)

The percentage of the population with access to and
usage of the internet.

Individual
Resilience Happiness Score

A measure of subjective well-being and life satisfaction
within a population.

Demographics Urban Population The proportion of the total population living in urban areas.

Demographics Median Age
The age that separates the younger half of the population
from the older half.

Demographics Gender
The distribution of individuals based on their gender
within a population.

Socio-economic Mean Income
The average income earned by individuals within a specified
population or geographic area.

Socio-economic
Educational Attainment,
at Least Completed Primary,
Population 25+ Years

The percentage of the population aged 25 years and older who
have completed at least primary education.

Socio-economic Literacy Rate
The percentage of the population that can read and write at a
specified age.

Socio-economic Employment to Population
Ratio, 15+

The proportion of the working-age population
(15 years and older) that is employed.

Socio-economic Prevalence of
Undernourishment

The percentage of the population experiencing
undernourishment, indicating insufficient food intake to meet
dietary energy requirements.

Socio-economic
Prevalence of Moderate
or Severe Food Insecurity
in the Population

The percentage of the population experiencing moderate
to severe levels of food insecurity, indicating inadequate
access to food due to financial constraints or other factors.

Socio-economic Crime Index
A measure of the level of crime and safety within a given
area, typically based on reported crime rates and perceptions
of safety.

Health System
Resilience Medical Doctors

The number of medical doctors available per unit area or
population size.

Health System
Resilience Hospital Beds The number of beds available in hospitals for patient care.

Health System
Resilience

Healthcare Access
and Quality Index

An index measuring the overall accessibility and quality of
healthcare services within a region.

Health System
Resilience

Percentage of Population
Covered by Insurance

The proportion of the population covered by health insurance
plans.

Health System
Resilience

Out-of-Pocket Expenditure
per Capita

The average healthcare expenses paid directly by individuals
at the point of service per person within a specified time frame.

Individual Resilience Individuals Using the
Internet (% of Population)

The percentage of the population with access to and usage of
the internet.
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Table C.3: Continued

Domain Indicator Name Explanation

Health System
Resilience

Health Capacity in Clinics,
Hospitals, and Community
Care Centers

The capacity of healthcare facilities, including clinics, hospitals,
and community care centers, to provide medical services and
support to the population.

Health System
Resilience

Supply Chain for Health
System and Healthcare
Workers

The efficiency and effectiveness of the supply chain management
system for healthcare-related goods and services.

Health System
Resilience Healthcare Access

The ease of access to healthcare services, including barriers such
as geographical distance, financial constraints, and availability
of services.

Health System
Resilience Prevention

Measures taken to prevent the occurrence or spread of diseases and
health-related problems within a population.

Health System
Resilience Detection and Reporting

Systems and processes in place to detect, monitor, and report health-
related events and diseases within a population.

Health System
Resilience Rapid Response

The ability of the healthcare system to respond promptly and
effectively to health emergencies and crises.

Health System
Resilience Risk Environment

The conditions and factors within the environment that contribute
to health risks and vulnerabilities within a population.

Economic Health Spending US$
per Capita Total health spending per capita

Individual Resilience Political Rights
The extent to which individuals within a society enjoy political
rights such as freedom of speech, assembly, and participation in
political processes.

Individual Resilience Freedom of Peaceful
Assembly

The degree to which individuals are free to assemble peacefully
without interference or repression from authorities.

Individual Resilience Freedom Over Life
Choices

The extent to which individuals have autonomy and freedom in
making life choices such as marriage, employment, and religion.

Individual Resilience Count on Help
The level of trust and confidence individuals have in receiving
help and support from others when needed.

Individual Resilience Discrimination and
Violence Against Minorities

The prevalence of discrimination and violence directed towards
minority groups within society.

Individual Resilience Equal Access Index
An index measuring the level of equality and fairness in access
to opportunities and resources within society.

Individual Resilience Interpersonal Violence
The incidence and prevalence of violence occurring between
individuals within society.

Institutional
Resilience

Constraints on Government
Power

The extent to which there are checks and balances on government
authority and power.

Institutional
Resilience Open Government

The degree of transparency, accountability, and openness of
government institutions and processes.

Institutional
Resilience Fundamental Rights

The extent to which fundamental rights and freedoms are protected
and respected within society.

Institutional
Resilience Order and Security

The level of public order and security within society, including
crime rates and law enforcement effectiveness.

Institutional
Resilience Regulatory Enforcement

The effectiveness of regulatory agencies in enforcing laws and
regulations within society.

Institutional
Resilience State Legitimacy

The perceived legitimacy and authority of the state government
among the population.
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D Formulas Statistical tests

A Paired t-test

The t-statistics and p-values for the paired t-test are calculated using formula 2.

t =
∑d√

∑d2−(∑d
n )

2

n−1

(2)

where:
• t is the calculated t-statistic,
• ∑d is the sum of the differences between paired observations,
• ∑d2 is the sum of the squared differences between paired observations, and
• n is the number of paired observations.

B Pearson correlation test

The pearson correlation is calculated by the following formula:

r =
n∑xy− (∑x)(∑y)√

[n∑x2 − (∑x)2][n∑y2 − (∑y)2]
(3)

where:
• n = the number of data points, i.e., (x, y) pairs, in the data set.
• ∑xy = the sum of the product of the x-value and y-value for each point in the data set.
• ∑x = the sum of the x-values in the data set.
• ∑y = the sum of the y-values in the data set.
• ∑x2 = the sum of the squares of the x-values in the data set.
• ∑y2 = the sum of the squares of the y-values in the data set.

C Linear Regression test

The coefficients for the linear regression model are calculated using formula 4.

b = (XT X)−1XT y (4)

where:
• b is the vector of estimated coefficients,
• X is the matrix of input features,
• XT is the transpose of the matrix of input features,
• (XT X)−1 is the inverse of the product of XT and X, and
• y is the vector of observed outputs.
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E Visualisation results

A Yearly data - Cholera

(a) Cholera incidence against people affected by floods per year in Mozambique

(b) Cholera incidence against people affected by floods per year in Nigeria

(c) Cholera incidence against people affected by floods per year in Tanzania

Figure E.5: Caption for all subfigures
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B Yearly data - Malaria

(a) Malaria incidence against people affected by floods
per year in Mozambique

(b) Malaria incidence against people affected by floods
per year in Nigeria

(c) Malaria incidence against people affected by floods
per year in Tanzania

(d) Malaria incidence against people affected by floods
per year in Pakistan

(e) Malaria incidence against people affected by floods
per year in Dominican Republic

(f) Malaria incidence against people affected by floods
per year in China

(g) Malaria incidence against people affected by floods
per year in South Sudan

Figure E.6: Reported number of malaria cases /1000 population at risk versus number of affected
people by floods, 2000 - 2022 (various countries)
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C Monthly and weekly data - Dengue

(a) Dengue incidence and flood events in 2021, 2022 and 2023 in Peru

(b) Dengue incidence and flood events in 2010, 2011, 2013, 2022, 2023 in Australia

Figure E.7: Monthly and weekly data - Dengue (Peru and Australia)
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(c) Dengue incidence and flood events in 2010, 2013, 2017 and 2018 in Sri Lanka

(d) Dengue incidence and flood events in 2019, 2021 and 2022 in the Philippines

Figure E.7: Monthly and weekly data - Dengue (Sri Lanka and Philippines
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D Monthly and weekly data - Leptospirosis and ADD

(a) Leptospirosis incidence and flood events in 2010, 2011, 2013, 2022, 2023 in Australia

(b) Leptospirosis incidence and flood events in 2010, 2013, 2017 and 2018 in Sri Lanka

Figure E.8: Monthly and weekly data - Leptospirosis (Australia and Sri Lanka)



APPENDICES 117

(c) Leptospirosis incidence and flood events in 2019, 2021 and 2022 in Philippines

(d) ADD incidence and flood events in 2019, 2021 and 2022 in Bangladesh

Figure E.8: Monthly and weekly data - Leptospirosis and ADD (Philippines, Bangladesh)
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(a) Scatter plot Nigeria Cholera (b) Scatter plot Tanzania Cholera

(c) Scatter plot Mozambique cholera

Figure F.10: Scatter plots of Waterborne disease - Cholera, for Nigeria, Tanzania and Mozambique

F Scatter plots

(a) Scatter plot of results of regression analysis,
number of malaria cases per 1000 population at
risk vs people affected in Mozambique

(b) Scatter plot of results of regression analysis,
number of malaria cases per 1000 population at risk
vs people affected in Tanzania

Figure F.9: Example of scatter plots with suspected linear relationship (a) and without suspected
linear relationship (b)
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(a) Scatter plot Nigeria Malaria (b) Scatter plot Tanzania Malaria

(c) Scatter plot Pakistan Malaria (d) Scatter plot China Malaria

(e) Scatter plot South Sudan Malaria (f) Scatter plot Dominican Republic Malaria

Figure F.11: Scatter plots of Vector-borne disease - Malaria, for Nigeria, Tanzania and Mozambique,
Pakistan, China, South Sudan and Dominican Republic
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G Descriptive statistics - histograms

Figure G.12: Histograms of indicator data
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Figure H.14: Continued
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Table G.6: Summary of descriptive statistics for key indicators

Indicator mean std min max
Annual expected exposed people to coastal floods 7.1 2.5 3.2 10.0
Annual expected exposed people to river floods 7.5 2.8 2.6 10.0
Population density 7.1 2.3 1.7 10.0
Population living in urban areas 4.8 2.0 1.9 8.6
flood frequency 3.0 2.1 1.3 8.4
Epidemic risk index - Vector-borne 8.7 2.0 4.0 10.0
Epidemic risk index - Waterborne 3.9 1.5 1.1 6.9
Quality of water and sanitation system 2.9 2.4 0.0 6.6
Housing overcrowding rate 44.7 25.8 2.0 77.0
Land use - artificial surfaces 0.8 0.6 0.1 1.8
People using at least basic sanitation services (% of population) 68.1 24.5 31.8 100.0
Household Size 5.7 2.5 1.2 10.0
Current health expenditure per capita 1818.7 3696.4 99.1 11702.4
Multidimensional Poverty Index 7.5 1.7 3.9 9.5
Prevalence of undernourishment 13.2 9.0 2.4 30.5
Adult literacy rate, population 15+ years 3.6 2.7 0.0 7.3
GDP per capita 14891.6 27626.0 541.5 76398.6
Physicians Density 11.8 12.0 0.5 41.3
Access to healthcare index 5.0 2.7 0.2 9.3
Government Effectiveness 5.3 1.6 2.0 7.0
Corruption Perception Inde 6.2 1.8 2.5 7.6
State legitimacy inde 6.2 2.3 0.4 8.2
Public services inde 6.7 2.4 2.2 9.7
Individuals using the internet (% of population) 51.7 25.6 17.4 96.2
Happiness score 5.1 1.2 3.8 7.1
Urban population 48.4 20.2 19.0 86.0
Median Age 27.0 7.5 17.2 38.5
Gender 99.5 3.7 93.0 106.7
Mean Income 6109.7 9368.5 947.0 25583.0
Educational attainment, at least completed primary, population 25+ years 67.9 18.6 42.1 99.9
Literacy rate 80.5 15.3 58.0 100.0
Employment to population ratio, 15+ 60.1 9.8 48.0 79.0
Prevalence of undernourishment.1 13.4 9.1 3.0 31.0
Prevalence of moderate or severe food insecurity in the population 40.2 24.1 7.8 75.4
Crime Inde 50.8 10.2 38.3 65.8
Hospital beds 15.3 13.6 4.4 40.2
Healthcare access and quality index 57.8 16.1 43.0 89.8
Percentage of population covered by insurance 41.8 40.7 1.4 100.0
Out of pocket expenditure per capita 296.6 388.1 10.5 1235.3
Individuals using the internet (% of population).1 66.0 9.4 50.1 80.4
Health capacity in clinics, hospitals and community care centres 29.3 23.7 1.1 72.2
Supply chain for health system and health care workers 32.3 21.6 0.0 72.2
Healthcare access 46.7 14.8 19.2 58.5
Prevention 30.5 21.4 15.4 79.4
Detection and reporting 44.5 19.8 25.6 82.2
Rapid response 35.8 15.2 18.8 65.7
Risk environment 54.0 13.0 40.5 76.0
Health spending US$ per capita 1853.2 3957.3 37.0 12012.0
Government health spending % Health spending 36.4 17.8 13.3 76.0
Priority to health (GGHE-D%CHE) 9.5 6.7 3.1 21.4
Political Rights 56.4 22.0 30.0 95.0
Freedom of peaceful assembly 63.4 18.6 34.8 92.4
Freedom over life choices 74.3 13.0 44.0 90.5
Count on help 64.5 20.0 27.3 90.9
Discrimination and violence against minorities 29.3 21.5 7.8 78.9
Equal access inde 59.4 20.0 31.1 87.5
Interpersonal violence 72.7 11.8 42.3 84.6
Constraints on government power 0.5 0.1 0.4 0.8
Open government 0.5 0.2 0.3 0.8
Fundamental rights 0.5 0.1 0.3 0.8
Order and security 0.6 0.2 0.3 0.9
Regulatory enforcement 0.5 0.1 0.4 0.8
State legitimacy 6.2 2.3 0.4 8.2
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H Correlation matrix of exposure indicators

Figure H.14: Correlation matrix of indicators describing level of exposure to floods and disease

I Shapiro Wilk

Table I.7: Results of Shapiro-Wilk test for all indicators included in the PCA, indicating rejecting of
H0

Indicator Shapiro-Wilk
Test Statistic p-value Normally distributed?

(fails to reject H0)
Education attainment 0.935 0.4941 Yes
Literacy rate 0.906 0.2540 Yes
Prevalence of HIV 0.668 0.0003 No
Under 5 mortality 0.9094 0.2767 Yes
Urban population 0.8692 0.0979 Yes
Children under 5 0.8697 0.0991 Yes
Access to healthcare index 0.9017 0.2290 Yes
Hospital beds 0.7438 0.0030 No
Population covered by insurance 0.8463 0.0524 Yes
Health capacity in clinics, hospitals and community care centers 0.8984 0.2102 Yes
Supply chain for health system and health care workers 0.9241 0.3928 Yes
Individual Political Freedom 0.9127 0.2998 Yes
Individual autonomy and safety 0.9281 0.4298 Yes
Regulatory enforcement 0.8734 0.1095 Yes
State legitimacy 0.6928 0.0007 No
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