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Abstract

This dissertation examines the high burden of infectious diseases and factors
influencing health outcomes in rural Madagascar through the lens of the One Health
Disparities (OHD) framework. Using a multi-dimensional approach. I identified how
variation in exposure and susceptibility contributes to infection risk. Specifically, I
found that Blastocystis exposure is associated with hand hygiene practices, while
decreased sleep efficiency is linked to greater infection susceptibility. I also investigated
the association of sleep, stress, and hypertension and did not identify an association
between sleep and stress or between sleep and hypertension, but I did identify gender
and age-related health outcomes. First, in Chapter 2, I investigated Blastocystis infection
in a low-resource setting, focusing on wealth, hand hygiene, and animal contact, as
potential predictors of infection. Among 783 participants, 76.5% were infected with
Blastocystis. Overall, I identified individuals who washed their hands without soap had
higher odds of infection, while gender disparities also played a role, with women having
higher odds of infection. This study underscores the importance of hand hygiene and
access to clean water in reducing infection risk and highlights gaps in our understanding
of Blastocystis pathways of transmission. Next, in Chapter 3, I explored the relationship
between sleep, stress, and hypertension. Using actigraphy-based measurements from 33
participants, I found that while perceived stress did not correlate with sleep, significant
gender differences in sleep patterns emerged. Additionally, age was associated with
elevated blood pressure, with cases observed as early as 20 years old. These findings
highlight the importance of early hypertension screening and further research on the

sociocultural drivers of cardiovascular risk in young adults. Finally, in Chapter 4, |

iv



examined the role of sleep in infection susceptibility using actigraphy data and
serological analysis. I identified a significant negative association between sleep
efficiency and antibody richness, suggesting that better sleep quality may support
immune resilience. These findings emphasize the importance of incorporating sleep

quality into global health research.
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1. Introduction

1.1.Social Determinants of Health and Evolutionary History

Social determinants of health (SDH) are defined by the World Health Organization as “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” (WHO, 2024). These social conditions can vary both within
and between countries; one condition may be beneficial, while another may be detrimental,
leading to health consequences (WHO, 2024). Social factors that positively and negatively affect
human health include those influencing income, education, job security, food security, housing,
and social inclusion (WHO, 2024).

The term "health disparity," first introduced in the U.S. during the 1990s, originally
referred to adverse health outcomes observed among socially disadvantaged groups based on
race, ethnicity, and low socioeconomic status (Braveman 2014). Over time, the definition has
broadened to encompass additional populations who systematically face greater social and
economic barriers, including race, ethnicity, and socioeconomic status, along with gender, age,
mental health, religion, cognitive or sensory impairments, physical disabilities, sexual orientation,
gender identity, and geographic location (Braveman 2014). The physical and sociocultural
environments affect the health and well-being of disadvantaged populations (Morgan, Stern et al.
2022). Socially and economically disadvantaged populations are more likely to experience poor
health, thus contributing to health disparities(Morgan, Stern et al. 2022).

One of the earliest studies that measured social differences between populations and
characterized the direct association between social status and health was the Whitehall study of
British Servants (Stringhini, Berkman et al. 2012). This study commenced in 1964 and was
among the first to describe how the variation in social environment was associated with health.
The understanding of social determinants of health was further solidified through later research

on the Chinese famine (1959-1961) and the Dutch Hunger Winter (1944-1945). The Chinese



famine was one of the world’s largest famines in which approximately 30-40 million Chinese
starved to death (Smil 1999). Notable differences in height, weight, and educational attainment
were documented in children who were young children or were in utero during the famine (Lay
and Norling 2020). Similar life course outcomes were identified in adults who were young
children or in-utero during the Dutch Hunger Famine (Lumey and Van Poppel 1994, Smil 1999).

Research focused on understanding and identifying health consequences in relation to the
social environment is in its infancy. Two fundamental questions that persist today are why human
health is shaped by the social environment and how these effects are mediated. These outstanding
questions within the field of public and global health can be addressed by studying non-human
primates and other social mammals to identify the evolutionary origin of traits. It is difficult to
measure the degree of impact that the social environment has on human health due to various
sociocultural confounds, and studying non-human primates provides a window into the
evolutionary history of human health.

A prominent question in human biology is understanding the evolutionary origins of
sociality and the fitness benefits of sociality. An approach to investigate the role of sociality on
fitness benefits and consequences in humans is a comparative approach across non-human
primates. Overall, primatology research has shown that social status and social integration predict
morbidity and mortality across the life course (Holt-Lunstad, Smith et al. 2010, Snyder-Mackler,
Burger et al. 2020). Strong social integration is overwhelmingly associated with survival in pro-
social animals. Individual non-human primates that experience week social bonds have
significantly shorter lifespans (Campos, Villavicencio et al. 2020). Non-human primates who are
of lower social status have more cortisol expression, inflammation, and methylation than primates
of higher social status (Snyder-Mackler, Burger et al. 2020). This translates to the understanding
of why humans who experience adverse social conditions and lower social status exhibit higher
rates of stroke, asthma, and heart disease and tend to have shorter lifespans (Snyder-Mackler,

Burger et al. 2020).



Another approach to further understanding social determinants of health in non-
industrialized settings is to study hunter-gatherer, semi-nomadic, and agriculturalist societies and
the varying relationship between health and social status. Research has revealed a strong
association between social environments and social status and health across cultures. For
example, the Hadza are an Indigenous ethnic group of hunter-gatherers located in Northern
Tanzania. In small-scale egalitarian hunter-gatherer societies, social status is based more on
factors like social prestige, including popularity and foraging reputation, rather than material
wealth (Fedurek, Lacroix et al. 2020, Fedurek, Lehmann et al. 2023). Additionally, status does
not predict stress levels in either women or men (Fedurek, Lacroix et al. 2020, Fedurek, Lehmann
et al. 2023). A different pattern is found in the Daasanach pastoralists in northern Kenya, who
have lived in semi-arid environments for approximately 1,000 years (Hildebrand, Grillo et al.
2018). Daasanach pastoralists have adapted to semi-arid environments and alleviated water
scarcity by frequent mobility of herds, confining herd size, and selling necessary livestock during
times of restricted water access (Ford, Bethancourt et al. 2022). Water insecurity coping strategies
vary by social status and social networks, and water insecurity is associated with psychosocial
distress (Achore and Bisung 2022). These studies provide a broad understanding of the variation
of perceived social status while also highlighting the population-specific benefit of social status.

However, there are also costs to higher social status in urban settings. The impact of
adverse social environments is amplified in urban areas, where inequality, discrimination, racism,
and colonialism contribute to higher global rates of morbidity and mortality (Gurven, Sarrieddine
et al. 2024). For example, the Turkana of northwest Kenya are traditional pastoralists who are
transitioning towards urban market integration and found that increased material wealth, as a
proxy for socio-economic status, was associated with improved self-reported health but worse
cardiometabolic health (Lea, Martins et al. 2020, Lea, Waigwa et al. 2021). A similar association
is seen among lowland Bolivia's Tsimane and Moseten communities. The Tsimane and Moseten

are ethnically related; however, the Moseten have greater market wealth and are more integrated

3



into the market economy than the Tsimane (Gatz, Mack et al. 2023). Despite this, they exhibit
higher rates of elevated blood pressure and obesity (Kraft, Stieglitz et al. 2018). This evolutionary
mismatch, resulting from a changing social environment, may trigger physiological costs such as
stress and elevate “allostatic load,” a maladaptive response to prolonged exposure to novel
stressors (Seeman, McEwen et al. 2001). Chronic stress has additional cascading consequences,
such as dampened immune response, and altered physiological responses, such as changes in
systolic blood pressure and C-reactive protein (Yang, Boen et al. 2016, Yang, Schorpp et al.
2018). In summary, while greater wealth can indicate high socio-economic status and potentially
higher social status, it also entails costs, such as adverse effects on mental health, cardiovascular

health, sleep, and immune function.

1.2. Dissertation Outline

To synthesize social characteristics in a way that informs health outcomes related to
infectious diseases, | developed the One Health Disparities (OHD) framework (Solis and Nunn,
2021). My dissertation builds on this framework to explore how variations in the social
environment contribute to differences in both exposure to and susceptibility to infection and
disease. The OHD framework enhances our understanding of the social and systemic factors
driving these disparities in vulnerable populations.

The OHD framework integrates social determinants with the One Health framework,
emphasizing the interconnectedness of human, animal, and environmental health. When applying
this framework, we examine disparities in three key components of disease transmission:
exposure, susceptibility, and disease expression. Exposure disparities arise from variations in
contact with the pathogen. Meanwhile, disparities in susceptibility and disease expression are
shaped by both biological and social factors, such as diabetes and obesity, as well as differences
in access to healthcare. By taking this comprehensive approach, we can better identify the factors

contributing to unequal health outcomes during pandemics.



In Chapter 2: One Health Disparities and Blastocystis Infection among Smallholder
Farmers in Northeastern Madagascar, [ focus on understanding the transmission of Blastocystis, a
globally transmitted gastrointestinal protozoan that commonly infects people living in low- and
middle-income countries. However, the specific factors that influence infection in low-resource,
rural settings remain unclear. I applied the One Health Disparities framework to consider the
interconnectedness of human, nonhuman animal, and environmental health to investigate
disparities in Blastocystis exposure and infection in rural northeastern Madagascar. I focused on a
suite of predictors, including wealth, animal contact, hand hygiene, and demographic factors.
First, I investigated the hypothesis that lower SES is associated with increased infection risk due
to limited access to healthcare and safe housing infrastructure. Second, I investigated whether
people acquire Blastocystis from animals by testing the prediction that people who report higher
rates of animal interactions exhibit a higher risk of Blastocystis infection. This hypothesis is
based on the wide host range of Blastocystis and the close contact between humans and other
animals in our study population. Finally, I investigated the hypothesis that people’s understanding
of disease transmission impacts infection risk, predicting that poorer hygiene practices and
limited understanding of zoonotic diseases are associated with a greater risk of Blastocystis

infection.

In my later chapters, I investigate sleep as a connector between the social environment
and health outcomes. Evolutionary history provides insights into why humans are susceptible to
physical and mental health consequences when sleep is insufficient (Nunn, Samson et al. 2016).
Among primates, humans require the least amount of sleep, averaging only seven hours per night.
However, a phylogenetic predictive model estimates that humans should sleep approximately
9.55 hours based on factors like body mass, brain size, predation risk, foraging demands, diet, and
sexual selection (Nunn and Samson 2018). This 36% reduction in sleep, known as the “Human

Sleep Paradox,” is thought to be an adaptive response to predation, crucial for early human



migration out of Africa and survival in diverse environments with varying light and temperature
conditions (Samson 2021). Since humans had to significantly shorten sleep it is more efficient
compared to other primates, as described by the sleep intensity hypothesis (Samson and Nunn
2015). Thus, when humans lose sleep by even one hour, it can significantly elevate the risk of

acute myocardial infarction (e.g., heart attack) (Sandhu, Seth et al. 2014).

In Chapter 3: Sleep, stress, and Hypertension in a Small-scale Agricultural Community in
Madagascar, I delve deeper into the connection between sleep, stress, and hypertension to
investigate the broader link between social environments and health. Sleep disparities, often
resulting from stressful environments, are a recognized risk factor for hypertension in high-
income countries (Jackson, Walker et al. 2020). However, these associations remain understudied
in low- and middle-income countries, where most hypertension cases are found (Lim, Najafi et al.
2023). To address this gap, I investigated the relationship between sleep quality, stress, and blood
pressure among rural agriculturalists in Madagascar. Using actigraphs, I measured sleep duration,
sleep efficiency, fragmentation, and variation, and with survey instruments, I evaluated stress and
daytime sleepiness. First, I tested the hypothesis that increased stress is associated with decreased
sleep quantity (duration), decreased quality (efficiency, variability, fragmentation, and
satisfaction), and increased daytime sleepiness. | predicted that individuals who report
experiencing higher perceived stress will have shorter sleep durations, decreased efficiency,
greater sleep fragmentation, higher sleep variability, less satisfaction with their sleep, and higher
daytime sleepiness. Second, based on existing knowledge of the connections between sleep and
blood pressure, I hypothesized that decreased sleep quality, quantity, and increased daytime
sleepiness are associated with increased blood pressure. I predicted that individuals who
experience shorter sleep durations, decreased efficiency, greater sleep fragmentation, higher sleep
variability, less satisfaction, and higher daytime sleepiness will have higher systolic and diastolic

blood pressure readings. Finally, I hypothesized that people with reported sleep disorder



symptoms will have lower quality and quantity of sleep more daytime sleepiness, and less
satisfaction with sleep. When testing these predictions, I controlled for the influence of age and
gender on the response variables. This chapter highlights the impact of the social environment on
stress, its effects on sleep, and its role in shaping the risk of hypertension. By exploring these
relationships, I aim to highlight how social conditions and sleep health contribute to the

development of comorbidities.

The next chapter evaluates the role of sleep in influencing exposure and susceptibility to
infection. While Chapter 2 delves into the factors that drive exposure to infectious diseases, it is
important to recognize that exposure does not necessarily lead to infection. The likelihood of
infection is influenced by variations in the host’s immunological response. As observed in the
One Health Disparities (OHD) framework for COVID-19, individuals with more comorbidities or
those who were immunocompromised were more likely to become infected and faced higher rates

of morbidity and mortality.

Chapter 4: Rest and Resistance: Sleep and Infection Susceptibility in a Small-Scale
Agricultural Community in Madagascar, explores the relationship between infectious disease risk
and sleep. This chapter utilizes the One Health Disparities (OHD) framework to examine how
social determinants affect disease susceptibility, contributing to sleep disparities in rural
Madagascar. Sleep, essential for immune function and overall well-being, has significant
evolutionary importance but is often disrupted by social and environmental changes. Poor sleep
not only increases the risk of non-communicable diseases but also undermines immune defenses.
In high-income countries, sleep disparities among marginalized populations are often associated
with social determinants such as discrimination and low socioeconomic status. This study extends
these findings to Madagascar, where rapid social and environmental changes impact sleep health.

I investigated the effects of sleep disruption on disease susceptibility through a combination of



actigraphy data, health surveys, and serological analyses. I assessed sleep's role in exposure and
susceptibility to infection, emphasizing the need to address sleep disparities to promote health
equity in low-resource settings.

Chapter 5: Conclusion synthesizes the findings of my dissertation, providing a broader
context and discussing caveats in the methodology. I further evaluate the outstanding questions

and highlight future research directions.

1.3. Conclusions

This dissertation emphasizes the intricate connections between social, environmental, and
biological factors in shaping health outcomes. Through three research chapters, I illustrate how
the social environment affects health among farmers in northeast Madagascar. I found a high
prevalence of Blastocystis infections and significant rates of hypertension, as well as assessed five
dimensions of sleep. Together, these findings enhance the understanding of the factors driving
pathogen exposure and hand hygiene practices while also linking an understudied aspect of sleep
to infection susceptibility. Additionally, I discuss the limitations of my research and describe the
value of One Health Disparities, presenting opportunities to improve the application of this

framework.



2. One Health Disparities and Blastocystis infection among
smallholder farmers in northeastern Madagascar

2.1. Introduction

Blastocystis is a globally distributed, enteric protozoan that infects humans and a wide
range of non-human animals (hereafter, “animals”) that include mammals, amphibians, reptiles,
and arthropods (Wawrzyniak, Poirier et al. 2013, Khorshidvand, Khazaei et al. 2021), making it
one of the most common gastrointestinal protozoa (Khorshidvand, Khazaei et al. 2021).
Approximately 1 billion people worldwide are infected with Blastocystis (Ramirez, Florez et al.
2017), although prevalence is especially high in low-income countries (Wawrzyniak, Poirier et al.
2013, Popruk, Adao et al. 2021). Research on Blastocystis infection is concentrated in Europe,
Asia, and Latin America, and data on prevalence and diversity in Africa remains limited, leaving
critical questions about the prevalence of infection and transmission dynamics in rural settings
unanswered (Khaled, Gantois et al. 2020).

Identifying Blastocystis infection is challenging due to the wide range of symptoms and
high rate of asymptomatic infections. Blastocystis infections are often asymptomatic, though
symptoms can include gastrointestinal distress such as diarrhea, abdominal pain, vomiting,
excessive gas, and bloating (Boorom, Smith et al. 2008, Tan, Mirza et al. 2010, Clark, van der
Giezen et al. 2013). The variation in symptoms may be partially attributed to the broad genetic
diversity of the parasite (Clark, van der Giezen et al. 2013, Skotarczak 2018), which arises from
Blastocystis’ wide geographic and host distributions. To date, 28 unique subtypes (ST) have been
identified (Delshad, Saraei et al. 2020, Jiménez, Muiioz et al. 2022), of which 15 are associated
with both human and animal hosts (Alfellani, Taner-Mulla et al. 2013). STs 1-4 are commonly
reported in people, with ST3 being the most common, followed by ST1 (Tan, Mirza et al. 2010,

Jiménez, Muioz et al. 2022).



Determining the transmission route of Blastocystis is complicated by this genetic
diversity and the range of potential factors associated with physical, biotic, and social
environments. Commonly proposed risk factors for Blastocystis infection include consumption of
contaminated water and interactions with infected animals (Popruk, Adao et al. 2021, Shams,
Shamsi et al. 2022). Due to the risk of transmission via consumption of contaminated water,
limited access to adequate hygiene infrastructure may also influence transmission (Pietrzak-
Makyta, Korzeniewski et al. 2023). Infected individuals shed Blastocystis in feces, providing
opportunities for transmission via the fecal-oral route (Clark, van der Giezen et al. 2013, Ramirez,
Florez et al. 2017, Attah, Sanggari et al. 2023) , and diagnosis is made through stool samples
(Clark, van der Giezen et al. 2013). Due to variation in symptoms and lack of testing, the
prevalence and burden of Blastocystis is likely underestimated, especially in low-resource settings
where health authorities lack the resources to diagnose infection (Matovelle, Tejedor et al. 2022).

Understanding Blastocystis transmission requires considering interconnected factors
among humans, animals, and the environment, a concept embodied in the One Health approach
(Zinsstag, Schelling et al. 2011). Integrating the human social environment, the One Health
Disparities (OHD) framework adds another dimension (Solis and Nunn 2021). While One Health
highlights the interconnectedness of human, animal, and environmental health (Lerner and Berg
2015), it often overlooks the sociocultural environment's impact on human-animal-environment
interactions (Morgan, Stern et al. 2022). Addressing these gaps is crucial for mitigating disease
because factors like access to clean water, sanitation, and healthcare play a significant role in
disease risk (Morgan, Stern et al. 2022). Similarly, sociocultural factors influence human-animal
interactions, such as pet ownership, raising livestock, food handling, and consumption (Morgan,
Stern et al. 2022). This study applies the OHD framework to investigate the variation of a
gastrointestinal pathogen, Blastocystis, infection among smallholder farmers in northeast
Madagascar, focusing on hypotheses that assess characteristics of wealth, hygiene practices, and

human-animal interactions.
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Farmers in northeast Madagascar have a high level of animal interaction, variable access
to clean water, and limited availability of high-quality hygiene products like soap, all of which
may influence the risk of Blastocystis infection. Rural populations in low- and middle-income
countries (LMICs) often have limited access to healthcare compared to more readily available
health resources in urban settings (Chen, Orom et al. 2019, R.A. Kramer 2023). In addition,
access to improved housing materials, including floors that are constructed from purchased
materials rather than naturally sourced materials, are associated with lower odds of infection with
enteric parasites (Legge, Pullan et al. 2023), potentially because earthen walls or floors may be
more hospitable environments for parasite survival. Moreover, low socioeconomic status (SES) is
linked to food insecurity and malnutrition, which can increase susceptibility to infectious diseases
(Cai 2023). Overall, low SES is a key determinant of health associated with increased morbidity
and mortality (Barakat and Konstantinidis 2023).

To improve understanding of Blastocystis transmission and OHD in low-income settings,
we investigated three hypotheses. First, we investigated the hypothesis that lower SES is
associated with increased infection risk due to limited access to healthcare and safe housing
infrastructure. Second, we investigated whether people acquire Blastocystis from animals by
testing the prediction that people who report higher rates of animal interactions exhibit higher risk
of Blastocystis infection. This hypothesis is based on the wide host range of Blastocystis and the
close contact between humans and other animals in our study population. Finally, we investigated
the hypothesis that people’s understanding and education of disease transmission impacts
infection risk, predicting that poorer hygiene practices and limited understanding of zoonotic
diseases is associated with greater risk of Blastocystis infection. In addition to the variables listed
above, we investigated age and gender as demographic factors that explain variation in

Blastocystis infection.

11



2.2. Methods

2.2.1. Ethical Statement

The Institutional Review Board of Duke University (IRB: 2019-0560) and the Malagasy
Ethics Panel (Permit Number 114 MSANP/AGMED/CERBM) approved the protocol used in this
study. Surveys were conducted in the local Malagasy language by trained research assistants, and
survey responses were recorded on Samsung tablets using Qualtrics software (Barrett, Titcomb et
al. 2024). All survey participants were 18 years of age or older and provided oral and written

informed consent. Participants were compensated with pre-paid mobile phone credits.

2.2.2. Study Area and Population

Data collection occurred between 2019 and 2023 across three villages in
northeastern Madagascar on the periphery of Marojejy National Park. For community
privacy, hereafter the village sites will be described as Village A, Village S, and Village
M. The three villages are small-scale farmer communities with varying population sizes,

ranging from 900 to 2,700 people.

2.2.3. Survey Questions

We developed a survey instrument to capture wealth, animal contact patterns, and
hygiene practices (S1: supplemental). We used two proxy numerical variables to assess wealth.
First, we asked three questions about the material used for a household’s outer wall, roof, and
floor. The three questions had the same options: thatch, compacted earth, burnt brick, metal
sheets (iron, aluminum), mud, mud brick, concrete/cement, bamboo, wood planks, travelers palm,
raffia palm. We excluded participants who selected "other" due to the insufficient number of
individuals in that category. The material used for each of the three categories was numerically
ranked from 1 to 4 based on whether the materials could be sourced locally and their costs

(Liebert, Snodgrass et al. 2013, Barrett, Titcomb et al. 2024). We then summed across the three
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questions to create the housing material index score, potentially ranging from 3 to 12 (S2 Fig).
The second wealth index variable captured the sum of commercial goods and land owned. For
this, we asked participants whether their household owned any of the following durable goods:
mobile phone, radio/CD, television, computer, refrigerator, generator, bicycle,
motorcycle/scooter, car/truck, boat, animal drawn cart (Bindon, Knight et al. 1997, Barrett,
Titcomb et al. 2024). We also asked if they owned land, scored as a binary variable. We then
summed across all responses to create the sum of goods and land owned index score, potentially
ranging from 0 to 12.

To test our second hypothesis involving human-animal interactions, we used two
numerical variables to measure the sum of animal contact and sum of all animal interactions (Li,
Mendelsohn et al. 2019). First, we asked questions about eight types of animal interactions:
owning a pet, seeing an animal inside their dwelling, handling live animals, raising an animal,
eating raw or undercooked animal tissues, eating an animal that was sick, sharing a water source
with animal(s) for washing, and seeing animal feces in or near their food prior to eating. These
questions further requested participants to specify the animals they interact with, drawing from 11
categories: rodents/shrews, tenrecs, wild birds, carnivores, poultry, goats/sheep, domestic pigs,
bush pig, cattle, dogs, or cats (S1 Fig).

From the eight questions, we created two numerical variables to measure human-animal
contact. First, we calculated the total number of animal species with which a person interacted,
which hereafter is called animal richness and had a potential range from 0 to 11. Second, we
calculated the total number of types of animal interactions reported by a participant, which we
hereafter call animal interactions, with a potential range from 0 to 8.

To assess hygiene practice and zoonotic disease literacy we incorporated two variables. First, to
create the Zoonoses Awareness variable, we asked if participants were aware of human-animal
disease transmission, scored as a binary (yes/no) variable. In addition, to create the Handwashing

Practice variable, we asked how they typically wash their hands, with the following responses as
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options: soap, ash, sand, water only, or do not wash hands. No respondents reported using ash,
sand, or none. Socio-demographic characteristics included in all our models were gender
measured as a binary categorical variable (M/F), age (years), and education as a binary
categorical variable scored as either “primary education or less” versus “secondary education or

higher,” and village.

2.2.4. Blastocystis DNA Extraction and Sequencing

Fecal samples were collected by participants and transferred into a 2ml Eppendorf tube
with Zymo DNA/RNA Shield or nucleic acid preservation (NAP) buffer (Camacho-Sanchez,
Burraco et al. 2013) then stored at room temperature for up to 7 days before being transferred to
the Duke Lemur Center office in Sambava and stored at -20°C.

To detect Blastocystis among survey participants, DNA was extracted from fecal samples
using Zymo Miniprep Fecal Kits (Zymo Research, Irvine, California) and DNA was amplified,
using polymerase chain reaction (PCR) Guanine-quadruplex (G4) primer set for protozoan
organisms, which targets the hypervariable regions of the 18S ribosomal RNA (Krogsgaard,
Andersen et al. 2018, Gogarten, Calvignac-Spencer et al. 2020). PCR reactions were performed
with dual-indexed barcodes of 8 nucleotide primers carried out in 15uL volumes that consisted of
the following: 3uL of forward primer (2mM stock concentration), 3uL. of reverse primer (2mM
stock concentration), 2uL. of template DNA, and 7uL. of Mastermix (0.7uL of Amplitaq Gold
polymerase, 1uL MgCl12, 150uL Amplitaq Gold buffer, 12uL. BSA, 6pL. DMSO, and 344pL
water). PCR cycling conditions for the G4 primer set were: 10min hot-start activation, 35x cycles
of 15s at 95°C, 30s at 57°C, 40s at 72°C, with a final 5-minute extension at 72°C.

After amplification, final DNA concentrations were measured using Promega One
Quantifluor kits on a Tecan plate reader. PCR product concentrations were adjusted to 7ng/mL
before pooling, and the product was cleaned using MinElute columns and magnetic bead cleanup

with a bead:DNA ratio of 8:10. The final libraries were multiplexed together before sequencing at
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the UC Davis Genome Center, and [llumina adapters were ligated to the final library. For
sufficient read depth, three repeated sequencing runs on an [llumina MiSeq (v3 2x300bp, 25M
reads) were performed, with a PhiX spike-in of 15% per run.

Individual samples were then demultiplexed using cutadapt with zero error tolerance
(Martin 2011). Further filtering steps were then performed using the dada2 R package workflow
(Callahan, McMurdie et al. 2016) to remove errors, dereplicate, trim and filter amplicons
(minimum length = 100, 15% PhiX removed), merge pairs, and finally determine amplicon
sequence variants (ASVs) with the pseudo-pooling method (Gogarten, Calvignac-Spencer et al.
2020). The relative read abundance of each ASV in each sample was calculated. To avoid
potential sequencing errors or tag jumps, ASVs that had less than 2% of a sample’s relative read
abundance were removed.

To assign taxonomy to all ASVs, we compared results from the assignTaxonomy
function in dada2 to the IdTaxa function in the DECIPHER package in R to identify consensus
Blastocystis IDs (Murali, Bhargava et al. 2018). We then used the NCBI GenBank database
identify Blastosystis STs using the blastn function. We calculated the mean percent identity for
each taxonomic identification derived from the top 100 hits and the ST with highest percent

identity was assigned to each ASV.

2.2.5.Statistical Analysis

All statistical analyses were performed using R version 4.3.2 (R.Core.Team 2023). We fit
five generalized linear models (GLMs) to test our hypotheses, with the following response
variables: (a) Blastocystis infection with any subtype as a binary response (0,1), (b) ST richness
(sum of infections with ST1, ST2, and ST3) as a numerical response, and (c) infection (0,1) with,
and only with, each of the subtypes ST1, ST2, and ST3 (i.e., we excluded participants who were
coinfected with 2 or more ST infections). We focused on individuals with only one ST to avoid

any interactions that might occur among sub-types in co-infection. All five models included the
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same predictive variables (e.g., Response Variable ~ Gender+ Age +Education + Housing
Material + Sum of Good Owned + Handwashing + Zoonotic Literacy +Animal Interactions +
Animal Richness + Village). For the binary-response models, we used GLMs fit to binomial
distributions to predict the odds of Blastocystis infection. For analyses of ST richness, we fit the
GLMs to a Poisson distribution to predict the number of infections and co-infections with ST1,
ST2, and ST3. Using the GLM coefficients, we calculated odds ratios (OR) for the logistic
regressions and rate ratios (RRs) for the Poisson regressions, as well as 95% confidence intervals
(CI) and standard p-values < 0.05 to determine statistical significance.

To evaluate the statistical models, we first conducted a multicollinearity analysis among
the predictor variables using the car package (Fox and Weisberg 2019), using the Variance
Inflation Factor (VIF) score. The model’s overall fit was evaluated using Pseudo R-squared
values using the pscl package (Jackmon 2024) and for the Poisson regression model, we further
assessed the model for overdispersion by calculating the dispersion ratio using the MASS package

(Venables and Ripley 2022) .

2.3. Results

2.3.1. Participant Characteristics and Blastocystis Screening

We sampled 776 adult participants from villages A, S, and M. Table 1 provides a
summary of socio-demographic details and variation in predictor variables used to test
hypotheses). We screened 776 individuals’ fecal samples, of which we detected Blastocystis in
583 (76.5%) people. Blastocystis screening was conducted on all 776 fecal samples from
participants across three villages: Village M (n=171), Village S (n=220), and Village A (n=385)
(Table 1). Overall, 583 (76.5%) participants were infected with Blastocystis, and we identified
three main subtypes: ST1, ST2, and ST3 (Figure 1). Of the infected people, 19% (n=147) were

co-infected with two or more subtypes.
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Figure 1: Prevalence (%) of Blastocystis infection and prevalence of infection by
subtype (ST) 1-3 by village.

Prevalence of participants who were positive for Blastocystis infection across all subtypes
(ST) indicated by village. Additionally, the prevalence of participants positive for ST1, ST2, and
ST3 infection reported for each village. Infection status was determined using DNA

metabarcoding of fecal samples, and subtype was identified using GenBank database.

17



Table 1: Demographic characteristics and survey summary responses across all three

villages

Total (N=776") A (N=385") S (N=220") M (N=171")
Gender
Female 370 (48%) 191 (50%) 96 (44%) 83 (49%)
Male 406 (52%) 194 (50%) 124 (56%) 88 (51%)
Age

34 [25,49] 34 [25,48] 30 [23,46] 40 [31,54]
[Education
</=Primary Education [386 (51%) 179 (47%) 96 (44%) 111 (65%)
>Primary Education {390 (50%) 206 (54%) 124 (56%) 60 (35%)
[Handwashing
Water only 348 (45%) 158 (41%) 73 (33%) 117 (68%)
Soap and Water 428 (55%) 227 (59%) 147 (67%) 54 (32%)
Zoonoses Awareness

Yes 591 (76%) 308 (80%) 162 (74%) 121 (71%)
No 185 (23%) 77 (20%) 54 (25%) 50 (29%)

Housing Material Score

6.00[4.00,8.00] 6.00[4.00,8.00] 7.00[5.75,8.00] 5.00[4.00,8.00]
Sum of Goods Owned

3.00[2.00,4.00] 3.00[2.00,4.00] 3.00[2.00,4.00] 3.00[2.00,4.00]
lAnimal Interactions

5.00[4.00,6.00] 5.00[4.00,6.00] 5.00[4.00,6.00] 5.00[4.00,6.00]
lAnimal Richness

5.00[4.00,6.00] 5.00[4.00,5.00] 5.00[4.00,6.00] 5.00[4.00,6.00]

'n (%); Median [IQR]
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2.3.2. Predictors of Blastocystis Infection

The binomial logistic regression model of infection that predicted infection showed that
men had lower odds of infection than women (OR = 0.72, Clys = [0.50, 1.01]) and participants
from both Village A and Village S had twice the odds of infection compared to Village M (OR =
2.16, Clos[1.42,3.29], OR=2.31, Clos[1.43,3.75]; Table 2). In tests of our first and second
hypotheses, we did not find a significant effect of housing material, sum of goods and land, and
animal interactions. In tests of our third hypothesis, respondents that reported handwashing with
only water had 1.39 odds of infection (Clos = [0.98, 1.99]) compared to washing hands with soap

and water, while zoonotic literacy was not significantly associated with Blastocystis infection.
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Table 2: GLM results for Blastocystis binomial infection (1,0) and richness (sum of

ST’s)

Binomial Infection

ST Richness

Variable Odds Ratio [95% Rate Ratio [95%
CI) C1]

Intercept 0.98[0.32,3.03] 0.66[0.39,1.11]

Male 0.72[0.50,1.01]" 0.95[0.81,1.11]

Age 1.01[1.00,1.02] 1.00[1.00,1.01]

Education Level

> Primary Education

1.13[0.78,1.64]

1.07[0.91,1.26]

Housing Material

0.99[0.90,1.09]

0.98[0.94,1.03]

Sum of Goods Owned

1.05[0.93,1.19]

1.02[0.97,1.08]

Soap

Handwashing without

1.39[0.98,1.99]

1.11[0.95,1.30]

Zoonotic Literacy

0.90[0.60,1.34]

0.95[0.80,1.14]

Animal Interactions

1.03{0.97,1.10]

1.02[0.99,1.04]

Animal Richness

0.98[0.81,1.18]

0.97[0.89,1.06]

Village A

2.16[1.42,3.29] *

1.23[1.01,1.52] *

Village S

2.31[1.43,3.75] *

1.34[1.07,1.68] *

*p <0.05; 'p <0.1

Next, we investigated whether any of these variables predicted ST richness by fitting a

Poisson GLM to the number of different Blastocystis subtypes that were isolated from each
person (Table 2). We only identified support for an effect of village, with no statistical support

for the variables predicted by our hypotheses. The effect was the same as in the main analysis,
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with higher ST richness in Villages A (RR = 1.41, Clos[1.18,1.71]), and S (RR = 1.45,
Clos[1.18,1.79]), compared to Village M.

Finally, we investigated the predictors of infection with each subtype of Blastocystis
(Table 3). Washing hands with only water, as compared to soap and water, increased the risk of
infection for ST1 (OR = 1.81, Clys[1.10,3.01]) and ST2 (OR = 1.70, Clo5[1.01,2.89]). In addition,
males had a lower risk (OR = 0.52, Clos[0.33,0.80]) of infection than females for ST3. Age had a
marginal effect in increasing the odds of infection for ST3. We also identified that Village A and
Village S had higher odds of infection compared to Village M for all three subtypes. None of the

other variables were statistically significant.

Table 3: GLM results for infection of ST1, ST2, and ST3

ST1 (n=138) ST2 (n=103) ST3(n=173)
Variable ~ Odds Ratio [95% CI] Odds Ratio [95% CI] Odds Ratio [95% CI]
Intercept 0.40[0.08,1.97] 0.34[0.06,1.96] 0.21[0.04,0.97]
Male 0.78(0.49,1.26] 1.09[0.65,1.82] * 0.52[0.33,0.80] *
Age 1.00[0.98,1.01] 0.99[0.97,1.00] 1.01[1.00,1.03]"

Education Level
>Primary

Education

0.93(0.56,1.53]

0.88[0.50,1.54]

0.98[0.61,1.57]

Housing Material

1.03[0.90,1.18]

0.98[0.84,1.14]

1.03 [0.91,1.17]

Sum of Good Owed

1.03[0.87,1.21]

1.13[0.95,1.35]

1.07(0.92,1.35]

Handwashing w/o

soap

1.86[1.16,2.99] *

1.70[1.01,2.89] *

1.09[0.69,1.72]

Zoonoses Literacy

0.73[0.44,1.22]

0.90[0.50,1.64]

1.32[0.78,2.25]

Animal Interactions

0.84[0.69,1.02]

0.92[0.74,1.15]

0.87[0.72,1.05]
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Animal Richness 1.18[0.97,1.45] 1.1170.90,1.38] 1.12[0.92,1.35]

Village A 2.18[1.24,3.94] * 1.59[0.85,3.05] 2.23[1.27,3.97] *

Village S 1.99[1.03,3.89] * 1.93[0.94,4.04]1 2.81[1.51,5.35] *

*p <0.05; p <0.1

2.4. Discussion

We applied the One Health Disparities (OHD) framework to investigate the predictors of
Blastocystis infection among rural farmers in northeast Madagascar. This framework expands on
the One Health concept by integrating the human social environment, allowing us to assess the
influence of sociocultural factors on zoonotic disease transmission. Understanding these
sociocultural influences is crucial for effectively reducing disease risk. Overall, we identified
76.5% overall infection prevalence of Blastocystis across three villages, which is comparable to a
study that identified 64.5% Blastocystis prevalence in an urban area of northwest Madagascar
(Greigert, Abou-Bacar et al. 2018). We tested a priori hypotheses related to wealth, animal
interaction, and hygiene behaviors, along with relevant demographic variables, aiming to reveal
the social factors that influence transmission, including differences among villages. Finally, we
explored infection status by ST, focusing on individuals with only one ST to avoid any
interactions that might occur among sub-types in co-infection. Through this stratified approach,
we were able to identify handwashing and gender to be uniquely associated with different STs.
We identified that both ST1 and ST2 were associated with increased odds of infection in people
who reported washing their hands with only water. Females and older individuals had increased
odds of ST3 infection. Notably, across all models we identified a strong effect for village.

First, found no evidence supporting our wealth hypothesis, as neither wealth index

variable significantly influenced the odds of infection. Our results align with a previous study that
also did not identify commercial goods or household infrastructure as significant predictors of

infection (Barrett, Titcomb et al. 2024). Future research could include additional wealth metrics,
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such as measures of agricultural wealth, as prior research has suggested that material goods asset
assessments may be less effective at capturing wealth in rural settings (Hadley, Maxfield et al.
2019, Lachaud, Hruschka et al. 2020, Hackman, Hruschka et al. 2021, Hoke and McCabe 2022).
It is also important to note that the population studied represents a relatively narrow range of
wealth, with most individuals being relatively poor in a global context. This may indicate that the
wealth gap relevant to influencing odds of infection may emerge at higher levels of wealth
disparity. Incorporating individuals from more diverse economic backgrounds in future studies
could offer valuable insights into whether significant differences in infection odds occur within
urban areas and between urban and rural populations.

We also failed to find an association between Blastocystis infection and contact with
potential animal reservoirs (Barrett, Titcomb et al. 2024). To further understand the role of
human-animal transmission of Blastocystis, future research could sample a subset of the most
common animals for specific Blastocystis STs. For example, participants often reported
interactions with poultry, cats, and dogs, as well as observing rodents inside their homes and
consuming food in proximity to fecal matter (Fig. S1). A limitation of our analysis was that we
analyzed the number of different types of interactions rather than the intensity of interactions,
either in terms of frequency or number of specific animals of a given species with whom an
individual interacts (Klim, William et al. 2023). Since transmission is the product of contact rate
and probability of infection given contact, a future metric could obtain data on the frequency of
contact with animals and feces, along with details on the number of individual animals involved.

We found some associations between handwashing and infection status. Study
participants who reported using only water, as compared to soap and water, to wash their hands
had increased odds of infection for ST1 and ST2. Our results align with an ongoing issue
throughout Madagascar. From 2000 to 2020, Madagascar has not seen any significant changes in
access to clean water, with approximately 80% of the rural population having limited or no access

to water for hygiene (WHO/UNICEF/JMP 2023). Hand washing with soap is essential for human
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health and is protective against GI and respiratory diseases (Aiello, Coulborn et al. 2008).
However, low-income countries face inadequate access to soap and water (Brauer, Zhao et al.
2020, Freeman and Caruso 2020). Globally, approximately 2.3 billion people lack household
handwashing facilities with soap and water (Gizaw, Demissie et al. 2023). Limited access to
water and soap has been previously identified as a significant contributor to limited practice of
effective hand hygiene in rural communities (Dobe, Mandal et al. 2013, Soboksa 2022, Gizaw,
Demissie et al. 2023). Future research could investigate barriers to accessing soap, in addition to
increasing understanding about handwashing frequency, source of water used to practice hand
hygiene, and pathogen occurrence in the water sources used to wash hands, dishes, and clothing.

Overall, we identified the highest infection rate of ST3 (39%), followed by ST1 (35%),
consistent with other studies that report ST3 as being highly prevalent in humans, with ST1 being
the second-most common (Rudzinska and Sikorska 2023). This pattern was not consistent in
Village A, where ST1 had a slightly higher prevalence than ST3. Due to the high global
prevalence of ST3 in humans, it is considered to be the most human-specific ST and is thought to
predominantly transmit via human-to-human contact (Rudzinska and Sikorska 2023). ST3 has
been described to have less intra-subtype genetic diversity compared to other subtypes (Rojas-
Velazquez, Maloney et al. 2019, Sarzhanov, Dogruman-Al et al. 2021, Hernandez, Maloney et al.
2023). This reduced diversity may be attributed to its host specificity in humans, while a greater
diversity in ST1 and ST2 may be explained by their broader host range and varied transmission
modes. This may explain the observed gender difference in ST3 infection, with females showing
a higher risk of infection than males. This disparity could be attributed to unmeasured gender
roles, such as caregiving responsibilities, which may increase human-to-human transmission of
Blastocystis (citation).

In conclusion, we identified a high prevalence of infection with the protozoan
Blastocystis in rural Malagasy farmers. Our findings provide further evidence about the risk of
microbial transmission pathways in rural farmers through inadequate hand hygiene practices, but
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less evidence for effects of interspecies interactions. Investigating the determinants of disease
exposure is crucial because rural populations face severe health inequities exacerbated by limited
access to clean water and basic sanitation services. Our findings suggest that access to clean water
and hygiene products plays a critical role in reducing the risk of Blastocystis infection in this
region of Madagascar. In addition, a social network analysis in the same villages found that
shared environments, both within and between villages, predicted infection risk of Blastocystis,
likely due to environmental transmission through shared water sources (Barrett, Titcomb et al.
2024). By leveraging the OHD framework, future studies could further explore the social and
systemic barriers that restrict access to clean water and sanitation in rural areas. Notably, ensuring
clean water and sanitation aligns with Sustainable Development Goal 6 of the United Nations. In
2022, Madagascar received $2.2 million in National Water Project funding from The World
Bank to increase access to clean water in the capital city Antananarivo and surrounding areas
(GWP 2021). However, additional efforts are needed to address the challenges highlighted by our

study in rural regions globally.
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3. Sleep, stress, and hypertension in a small-scale agricultural
community in Madagascar

3.1 Introduction

Sleep is essential to human health due to its association with multiple neurological and
physiological processes, including immune function, growth and healing, and mental health (Lim,
Najafi et al. 2023, Sharon, Ben Simon et al. 2024). The adverse health implications of insufficient
sleep (6 hours or less per day) are associated with an increased risk of cardiometabolic
dysfunction and mental health conditions, including obesity, type 2 diabetes, cardiovascular
disease, and depression (Chattu, Manzar et al. 2018, Keene and Duboue 2018, Jackson, Walker et
al. 2020, Ahn, Lobo et al. 2021, Lim, Najafi et al. 2023). In addition, sleep disorders are
estimated to affect up to 70% of the global population, with insomnia and obstructive sleep apnea
being the most prevalent (Canever, Zurman et al. 2024). Notably, insomnia and obstructive sleep
apnea are strongly associated with cognitive decline, such as Alzheimer’s disease (Canever,
Zurman et al. 2024).

Sleep health encompasses multiple sleep dimensions (duration, efficiency/fragmentation,
regularity/variability, timing, alertness/sleepiness, and satisfaction) and captures how sleep
impacts physical and mental health (Buysse 2014, Lim, Najafi et al. 2023). Good sleep health is
assessed based on subjective satisfaction, adequate duration and efficiency, sustained daytime
alertness, and appropriate timing (Buysse 2014). These dimensions have been studied
independently and in combination to explore the environmental and social factors influencing
sleep and evaluate health outcomes. For example, disrupted sleep continuity, which is
characterized by reduced efficiency and increased fragmentation, is associated with impaired
cognition, whereas an inconsistent sleep schedule, measured through regularity/variability (the
day-to-day variation in sleep hours) and timing (the placement of sleep within a 24-hour day), is
linked to higher blood pressure (Benkirane et al. 2022). Despite the established connection

between sleep and overall health, sleep is often overlooked in global public health, leading to
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significant gaps in understanding the social determinants that affect sleep and the importance of
sleep in addressing global health challenges.

Sleep is closely connected to the social environment, with sleep deficiency resulting from
adverse social factors, such as discrimination, hunger, threats to safety, occupational demands,
adverse childhood experiences, and the stress of assimilating into a new culture (Jackson, Walker
et al. 2020, Ahn, Lobo et al. 2021, Healy, Jean-Louis et al. 2022). The accumulation of
challenging social conditions can heighten the stress response and elevate levels of the stress
hormone cortisol, which typically follows a natural diurnal pattern aligned with the body’s
circadian rhythm (Mohd Azmi, Juliana et al. 2021). However, prolonged stress can lead to
persistently elevated cortisol levels, dysregulating the natural cortisol fluctuation and interfering
with the body’s circadian rhythm (Elverson and Wilson 2005, Stephens and Wand 2012, Sharon,
Ben Simon et al. 2024). Therefore, stress serves as a valuable indicator of an adverse social
environment and is crucial for understanding why some individuals receive sufficient sleep while
others do not.

An understanding of sleep is important for addressing hypertension. An estimated 1.28
billion adults worldwide have hypertension, with low- and middle-income countries (LMICs)
accounting for nearly two-thirds of global cases of hypertension (WHO 2023, Randrianarisoa,
Randrianambininjanahary et al. 2025). Sleep affects both the hypothalamic adrenal pathway and
the sympathetic nervous system, contributing to increased blood pressure (Krause, Simon et al.
2017, Sharon, Ben Simon et al. 2024). Following decades of research that have demonstrated
relationships between sleep characteristics and cardiovascular health, the American Heart
Association added sleep as one of “Life’s Essential Eight” for heart health (Lloyd-Jones, Ning et
al. 2022). Despite the well-documented relationship between sleep and hypertension in high-
income countries, there remains a significant research gap in understanding the relationship

between sleep and hypertension in LMICs.
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To investigate the relationship between sleep, hypertension, and stress in LMICs, we
focused on Madagascar, where high rates of hypertension have been recorded in a rural farming
community and urban settings (Manus, Bloomfield et al. 2018, Randrianarisoa,
Randrianambininjanahary et al. 2025). In the same rural study population examined by Manus et
al. (2018), which reported high rates of hypertension, a separate study found an average sleep
duration of 6.5 hours and a sleep efficiency of only 66% (Samson, Manus et al. 2017). However,
the role of sleep in explaining the high rates of hypertension in rural Madagascar populations has
yet to be explored. Moreover, the northeastern region of Madagascar, where these studies took
place, has undergone significant social and economic changes, including increased urbanization,
greater market integration, and increased access to artificial light via greater access to electricity,
all of which may be contributing to changes in sleep characteristics (Gurven, Sarrieddine et al.
2024, Watowich, Arner et al. 2024).

To improve understanding of sleep and health in low-income settings, we used actigraphy
devices, which were previously validated against polysomnography as a reliable tool for
quantifying sleep characteristics (Elbaz, Yauy et al. 2012, Marino, Li et al. 2013) and have been
previously used to assess sleep characteristics among a rural farming community in northeast
Madagascar (Samson, Manus et al. 2017). Using the actigraphy data, we quantified four sleep
characteristics (duration, efficiency, variability, and fragmentation). Additionally, through
surveys, we inquired about participants' sleep satisfaction, daytime sleepiness, and symptoms
associated with two sleep disorders (sleep apnea and restless leg syndrome).

We investigated three hypotheses. First, we tested the hypothesis that increased stress is
associated with decreased sleep quantity (duration), quality (efficiency, variability, fragmentation,
and satisfaction), and increased daytime sleepiness. We predicted that individuals who report
experiencing higher perceived stress would have shorter sleep durations, decreased efficiency,
greater sleep fragmentation, higher sleep variability, less satisfaction with their sleep, and higher

daytime sleepiness. Second, based on existing knowledge of the connections between sleep and
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blood pressure, we hypothesized that decreased metrics of sleep health are associated with
increased blood pressure. Thus, we predicted that individuals who experience shorter sleep
durations, decreased efficiency, greater sleep fragmentation, higher sleep variability, less
satisfaction, and higher daytime sleepiness would have higher systolic and diastolic blood
pressure readings. Finally, we hypothesized that people with reported sleep disorder symptoms
will have lower quality and quantity of sleep, more daytime sleepiness, and less satisfaction with
sleep. When testing these predictions, we controlled for the influence of age and gender on the

response variables.

3.2 Methods
3.2.1 Study Area and Population

Data collection occurred between July and August 2023 in a village in northeastern
Madagascar on the periphery of Marojejy National Park. For community privacy, the village sites
will be described as Village A. The village is a small farmer community with an approximate

population of 900 people.

3.2.2 Ethical Statement

The Institutional Review Board at Duke University (IRB: 2019-0560) and the Malagasy
Ethics Panel (Permit Number 114 MSANP/AGMED/CERBM) approved the protocol. Surveys
were administered in the local Malagasy dialect by trained research assistants from the region,
and deidentified survey responses were recorded using Samsung tablets with Duke Qualtrics
software. All survey participants were 18 years or older and provided written informed consent.

Participants received compensation via prepaid mobile phone credits.

3.2.3 Sleep Survey and Blood Pressure Collection
Using the Epworth Sleepiness Survey, the survey instrument aimed to capture sleep
health-related metrics, including sleep satisfaction, sleep apnea, restless leg syndrome, and

daytime sleepiness (Johns 1991). The survey was previously validated and deployed to a
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neighboring small-scale agriculturist society in Madagascar (Samson, Manus et al. 2017). First,
we asked each participant if they were satisfied with their sleep (yes/no). Then, to assess potential
sleep disorders, we asked three questions about sleep apnea (do you snore or have been told you
snore, wake up choking or gasping, and have been told you stop breathing in your sleep?) and one
question about restless leg syndrome (do you have problems keeping leg still at night or need to
move them around to feel comfortable?) (S1). The ordinal (four-scale) responses to these
questions were summed to create separate sleep apnea and restless leg scores. To measure
daytime sleepiness, we used the Epworth Sleepiness Scale survey and used the standardized
protocol to create a daytime sleepiness score (Johns 1991). We measured stress through the
Perceived Stress Scale (PSS) survey and scored it numerically based on a standardized protocol
(Cohen, Kamarck et al. 1983). We also collected data on gender (male, female) and self-reported
age.

Blood pressure readings were taken using an Omron 10 Series Upper Arm Blood
Pressure Monitor (Omron Healthcare, Inc.). All participants were required to sit during the
readings, and blood pressure was recorded three times with five-minute intervals between
readings. The three readings were averaged to create a single systolic (mm Hg) and diastolic (mm

Hg) blood pressure reading for each participant.

3.2.4 Actigraphy Data Collection and Scoring

We used the Motionwatch 8 actigraph (CamNtech) using a built-in bi-axial sleep mode
accelerometer with 30s epoch data collection intervals. We set sleep and nap parameters as
previously described (Samson, Manus et al. 2017, McKinnon, Samson et al. 2022). Following
previous guidelines, we used the algorithmic high-sensitivity settings (20 counts threshold) to
distinguish sleep from periods of awakeness (Kanady, Drummond et al. 2011, Samson, Manus et
al. 2017). Participants were asked to wear the devices for up to 21 days on their non-dominant

wrist. Data was scored using CamNtech Montionware analysis software, which generated sleep
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variables used in the analysis, namely sleep duration, sleep efficiency (%) (the percentage of
sleep duration over the time in bed), and fragmentation index (calculated as the sum of two
percentages: (a) the percentage of sleep epochs spent moving and (b) the percentage of immobile
bouts that last < 1 minute, this serves as a quantitative index of restlessness during the sleep
period). The fragmentation index measure reflects the degree of sleep fragmentation and can be
used to assess sleep quality (or poor sleep quality) where a higher value suggests more
fragmentation, indicating lower sleep quality due to frequent movement and short periods of
stillness. To measure sleep variability, we converted sleep duration to minutes, and measured the

standard deviation from the mean for each participant.

3.2.5 Statistical Analysis

All statistical analyses were conducted using R version 4.3.2. To test the first hypothesis,
we fit three generalized mixed models using data on nights for each sleep characteristic: sleep
duration, efficiency, and fragmentation index, utilizing the /me4 package (Bates, Méchler et al.
2015) while adjusting for gender and age in each model. We scaled age and perceived stress
scores and controlled for repeated measures by including the participants’ unique ID as a random
effect (e.g., Sleep Characteristic ~ Perceived Stress Score + Age +Gender + (1|UniquelD)). We
also fit three more generalized linear models using a single measure for sleep variability, sleep
satisfaction, and daytime sleepiness scores, adjusting for gender and age in each model. We
employed categorical responses for sleep satisfaction (yes/no) (e.g., Sleep Characteristic ~
Perceived Stress Score + Age + Gender).

To test our second hypothesis, we fit six generalized linear models, using a single
measure, for systolic (mm Hg) and diastolic (mm Hg) blood pressure, adjusting for gender and
age in each model. We first averaged sleep characteristics with repeated measures across nights
(sleep duration, fragmentation index, and efficiency). Then, we scaled all numerical responses

and predictor variables (diastolic blood pressure, systolic blood pressure, sleep duration,

31



fragmentation index, efficiency, sleep variability, daytime sleepiness, and age). We used
categorical responses for sleep satisfaction (yes/no) and gender (M/F) (e.g., Diastolic (mmHg) ~
Averaged Sleep Characteristic + Age + Gender; Systolic (mmHg) ~ Averaged Sleep
Characteristic + Age + Gender).

Finally, for the third hypothesis, we fit three generalized mixed models, using total nights
of data) for sleep duration, efficiency, and fragmentation using the /me4 package (Bates, Méchler
et al. 2015). We used the following predictor variables: gender, age, sleep apnea score (single
unit), and restless leg score (single unit). We scaled the sleep apnea score, restless leg score, and
age. We controlled for repeated measures by including participants’ unique ID as a random effect
(e.g., Sleep Characteristic ~ Sleep Apnea Score+ Restless Leg Score + Age +Gender +
1|UniquelD). In addition, we fit three additional generalized linear models, using a single
measure, for sleep variability, sleep satisfaction, and daytime sleepiness score with the following
predictor variables: sleep apnea score, restless leg score, gender, and age (e.g., Sleep
Characteristic ~ Sleep Apnea Score+ Restless Leg Score + Age +Gender).

We used a p-value of 0.05 to assess statistical significance for all models and used 95%

confidence intervals when assessing effect sizes.

3.3 Results
3.3.1 Participant Demographic, Sleep, and Health Characteristics

The study included 33 participants composed of 10 men and 23 women, with a median
age of 29 years (Table 1). In total, we had 454 nights of actigraphy sleep data with a minimum of
2 nights and maximum of 19 nights. The median sleep duration was 7.2 hours of sleep with 80%
sleep efficiency. The median sleep fragmentation index was 31 and sleep variability (standard
deviation of sleep duration) was 74 min. Sleep satisfaction was reported by 42% of participants,

while 66% experienced a daytime sleepiness score (ESS) of 10 (out of 24 maximum), indicating
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significant daytime sleepiness. The majority (52%) of participants reported experiencing sleep
apnea related symptoms of “often to very often” and 72% reported experiencing the restless leg
related symptom of “often to very often”. The median perceived stress score (PSS) was 17 (out of
40 maximum), which indicates a “moderate” stress level. Blood pressure levels had a median
systolic pressure of 126 mmHg and diastolic pressure of 87 mmHg.

Table 4: Demographic, sleep health, stress, and blood pressure of study population

Characteristic Overall, N = 33’
Gender
Male 10 (30%)
Female 23 (70%)
Age 29 (22, 44)
Sleep Duration (hours) 7.20 (6.57,7.73)
Sleep Efficiency (%) 80 (77, 84)
Sleep Fragmentation 31 (26,37)
Sleep Variability (min) 73 (53,103)

Sleep Satisfaction

Yes 14 (42%)

No 19 (57%)
Daytime Sleepiness Score 10 (8, 12)
Restless Leg Score 1(0,3)
Sometimes or less 9 (27%)
Often to Very Often 24(73%)
Sleep Apnea Score 7 (5,8)
Sometimes or less 16 (48%)
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Often to Very Often 17 (52%)

Stress (PSS Score) 17 (14, 21)
Diastolic (mmHg) 87 (78, 97)
Systolic (mmHg) 126 (114, 143)
"1 (%) or median (IQR)

3.3.2 Stress and Sleep Quantity, Quality, and Daytime Sleepiness

In tests of the first hypothesis that increased stress was linked to sleep characteristics and
sleepiness, we did not identify an association (Figure 1). However, our analyses revealed that
gender and age were associated with different sleep characteristics. Thus, compared to women,
sleep variability was significantly higher in men ( =0.93,Clos [0.23 — 1.62], p = 0.009) and
experienced significantly less daytime sleepiness (f = -0.81, Clos[-1.52 —-0.11], p = 0.03). We
also identified a trend that men experienced less sleep satisfaction (f =-0.26, Clos[-0.65 — 0.13], p
=0.19), and a trend that men had less sleep duration ( = -0.34, Clos[-0.80, 0.12], p=0.14) than
women. We did not identify a significant difference in sleep efficiency and fragmentation
between men and women. Older participants exhibited significantly higher daytime sleepiness
(B=0.35, Clos[0.04 — 0.67] p = 0.035,) and significantly higher sleep fragmentation (=0.02,
Clss[0.00 — 0.03], p = 0.033). Older participants also had a trend of less sleep variation (=-0.24,
Clos[-0.55 - 0.07], p = 0.135). We did not identify a significant effect of age on sleep duration,

sleep efficiency, and sleep satisfaction.
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Perceived Stress and Sleep Characteristics

Sleep Duration

Sleep Efficiency

Stress 'y Stress %2
Age — —
J O..OO Age 0..01
Men -0.34 Sex [M] -0.04
-1 -05 0 0.5 1 -1 -0.5 0 0.5
Estimates with 95% CI Estimates with 95% ClI
Fragmentation Index Sleep Variation
0.02 -0.05
Stress - Stress -
0.02* 024
Age ° Age —_——
Men —-0.00 Men 0.93
-1 -05 0 0.5 1 -1 05 0 05 1 15
Estimates with 95% CI Estimates with 95% CI
Daytime Sleepiness Sleep Satisfaction
0.00
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Age 0.35" Age -0.10
Men -0.81" Men -0.26
-2 -15 -1 -05 0 05 1 -1 -0.5 0 05

Estimates with 95% CI

Estimates with 95% CI

Figure 2: Association between predictor variables (age, gender, and perceived stress score) and
sleep outcomes in a sample population. Points represent the estimated effects of each predictor on
sleep duration, efficiency, fragmentation, variability, satisfaction, and daytime sleepiness. Error
bars indicate 95% confidence intervals. The models for sleep duration, efficiency, and
fragmentation include participants’ unique ID as a random effect to account for repeated
measures, while models for sleep variability, satisfaction, and daytime sleepiness do not include a
random effect. *p-values < 0.05.
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3.3.3 Systolic and Diastolic Blood Pressure and Sleep

In tests of the hypothesis that sleep characteristics are associated with higher blood
pressure, adjusted for age and gender, we did not identify statistical support for this hypothesis
evaluating the association between diastolic (Fig. 2) and systolic (Fig. 3) blood pressure. We did
identify a statistically significant effect of age for both systolic and diastolic blood pressure. First
for diastolic, we identified increased aged was associated with higher diastolic blood pressure in
all model adjusting for sleep duration (f= 0.46,Clos [0.15 — 0.77], p=0.04), efficiency (p=
0.50,Clos [0.18 — 0.83], p=0.002), fragmentation index (= 0.50,Clos [0.16 — 0.84], p=0.004),
variation (B= 0.50,Clos [0.17 — 0.82], p=0.003), daytime sleepiness (= 0.43,Clos [0.09 —0.77],
p=0.014), and sleep satisfaction (= 0.47,Clos [0.14 — 0.80], p=0.005). We identified a further
support for the association between age and increase systolic blood pressure, with a higher effect
estimate in comparison to the diastolic models. Age was associated with high systolic blood
pressure in all model adjusting for sleep duration (f= 0.64, Clos [0.37 — 0.92], p=0.001),
efficiency (= 0.66,Clos [0.38 — 0.95], p=0.001), fragmentation index (= 0.66,Clos [0.37 — 0.96],
p=0.001), variation (= 0.67,Clos [0.39 — 0.95], p=0.001), daytime sleepiness (= 0.66,Clos
[0.36 — 0.95], p=0.001), and sleep satisfaction (f= 0.67,Clos [0.39 — 0.95], p=0.001). with
increased age being associated with increased diastolic blood pressure in all models. We did not
identify a significant difference in blood pressure, both diastolic and systolic, for men and

women.
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Diastolic (nmHg) Blood Pressure Predicted by Sleep Characteristics
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Figure 3: Systolic blood pressure (mmHg) and predictor variables: sleep duration, efficiency,
fragmentation, variability, satisfaction (reference: no), daytime sleepiness, age (reference:
women), and gender. Error bars indicate 95% confidence intervals. The models for sleep

duration, efficiency, and fragmentation include participants’ unique ID as a random effect to

account for repeated measures, while models for sleep variability, satisfaction, and daytime
sleepiness do not include a random effect. *p-values < 0.05.
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Systolic (mmHg) Blood Pressure Predicted by Sleep Characteristics
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Figure 4: Systolic blood pressure (mmHg) and predictor variables: sleep duration, efficiency,
fragmentation, variability, satisfaction (reference: no), daytime sleepiness, age (reference:
women), and gender. Error bars indicate 95% confidence intervals. The models for sleep

duration, efficiency, and fragmentation include participants’ unique ID as a random effect to

account for repeated measures, while models for sleep variability, satisfaction, and daytime
sleepiness do not include a random effect. *p-values < 0.05.
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3.3.4 Sleep Disorders and Sleep Characteristics

In tests of the third hypothesis, we did not find statistical support for the association
between sleep characteristics with reported sleep disorder symptoms of sleep apnea and restless
leg syndrome (Fig. 5). We did find that increased age was associated with increased sleep
fragmentation (= 0.02, Clos [0.00 — 0.03], p=0.04) and daytime sleepiness ($=0.32,
Clo5[0.00 — 0.63], p = 0.05). We also found that men had significantly more sleep variation than
women (f=1.01, Clos[0.29 — 1.74], p = 0.006) but less daytime sleepiness (f = -0.79, Clos[-
1.53 —-0.06] p = 0.03) and a trend towards less sleep satisfaction (f = -0.38, Clos[0.01 — 0.54], p

= 0.06). All other variables did not have a strong effect size or statistical significance.

3.4 Discussion

Sleep duration was similar to what is found in industrialized United States populations
and a small-scale agriculturalist Maya population (McKinnon, Samson et al. 2022). Sleep was
more efficient than the Hadza hunter-gatherers (68.9%), Himba pastoralists (66.4%), and
Malagasy small-scale agriculturalists (70.7%) situated in a nearby village (Samson, Crittenden et
al. 2017, Prall, Yetish et al. 2018). In addition, the fragmentation index was 31, which is
suggestive of restless sleep, in comparison to an average fragmentation index of 6.1 in the United
States, but lower than the fragmentation index of 45 previously described in rural Madagascar
(Dashti, Zuurbier et al. 2016, McKinnon, Samson et al. 2022). In addition, sleep duration varied
by over 1 hour, which is associated with higher BMI in industrialized populations (Jaiswal, Quer
et al. 2020). The majority (57%) of participants reported being unsatisfied with their sleep and
daytime sleepiness levels, which vary from normal sleepiness (score of 0-9) to excessive daytime
sleepiness (score of 16-24), suggestive of potential sleep disorders (Johns 1991).

Our hypotheses received mixed support. First, we did not identify strong support for our
first hypothesis; increased stress was not associated with decreased sleep quantity, quality, and

daytime sleepiness. Notably, based on the PSS score, all individuals either had a score in the
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“moderate” or “low” perceived stress category with no scores in the “high” stress category.
Previous research investigating the association between PSS score and sleep characteristics
identified an association among individuals with a PSS score of 28 or higher categorized as “high
stress” with short sleep duration (Rebello, Kallingappa et al. 2018). In our study population, the
highest stress score reported was 25, out of the maximum of 40, suggesting that this study
population experiences stress, but those stressors may not be high enough to limit productivity.
Nonetheless, future research could investigate the factors contributing to stress, such as the
vanilla harvest, food insecurity, and ecological changes like natural disasters and climate change.
For instance, climate change poses an increasing threat to the physical and mental well-being of
farmers (Talukder, van Loon et al. 2021). Although current stress levels are low to moderate,
within the study population, the escalating impacts of climate change—including rising
temperatures, more frequent natural disasters, and reduced precipitation—will impact farmers’
livelihoods. Their ability to adapt to environmental stressors is likely to be limited. (Barrett,
Soarimalala et al. 2025)These factors may provide a more nuanced understanding of the broader
environmental and sociocultural influences on sleep and cardiovascular health in the future.

In tests of the second hypothesis, measuring the association between high blood pressure
and decreased sleep quantity, quality, and daytime sleepiness, we did not identify support for the
effects of sleep characteristics on blood pressure readings. We also found no significant
difference in blood pressure between men and women, consistent with previous research in rural
Madagascar (Ratovoson, Rasetarinera et al. 2015, Manus, Yu et al. 2017). However, we found
blood pressure significantly increases with age, consistent with findings from multiple studies.
(Buford 2016, Rodgers, Jones et al. 2019, Mills, Stefanescu et al. 2020). The risk of hypertension
significantly increases after the age of 40 years old (Rodgers, Jones et al. 2019) , and individuals
in our study population exhibited elevated blood pressure as early as age 20 years old (S3). While
blood pressure typically rises with age, the onset of hypertension in this study population appears

to occur significantly earlier than in other Western populations (Mills, Stefanescu et al. 2020).

40



Additional factors contributing to the risk of hypertension are worth exploring. For example, age-
related increases in blood pressure are not identified among the Tsimane but instead are strongly
associated with factors such as distance to market and body mass index (Gurven, Blackwell et al.
2012). Based on our limited study population, we identified a moderate trend between BMI,
diastolic, and systolic blood pressure (S3). Future research can examine how urbanization and
dietary changes influence hypertension risk, providing insight into potential evolutionary
mismatch.

For our third hypothesis, self-reported symptoms of sleep apnea and restless leg
syndromes were not significantly related to sleep characteristics. Remarkably, however, most of
our participants experienced symptoms related to sleep disorders (S1), and future studies can
further evaluate sleep quality using well-established questionnaires such as the Pittsburgh Sleep
Quality Index or the Sleep Quality Scale, which could provide a more comprehensive assessment
of sleep health (Buysse, Reynolds et al. 1989, Snyder, Cai et al. 2018). In addition, our study did
not include questions related to insomnia, which could be an important factor to address in future
studies to fully capture the spectrum of sleep disorders, as sleep apnea and insomnia are the two
most common sleep disorders globally (Ong, Crawford et al. 2021). Finally, to further evaluate
sleep apnea, the use of the Calgary Sleep Apnea Quality of Life Index or the Sleep Disorders
Questionnaire could offer insights into how sleep-disordered breathing may contribute to sleep
and cardiovascular outcomes (Douglass, Bornstein et al. 1994, Flemons and Reimer 1998).

In addition, our analyses did reveal sleep differences between men and women. Men, in
comparison to women, experienced more sleep variation, less daytime sleepiness, and a trend of
shorter sleep duration. More sleep variation in men could be explained by potential gendered
labor roles and social norms within the community. For example, men have more sleep variability
than women in the Kaqchikel Maya community, where women have early morning domestic
responsibilities, such as cooking, and men socialize at night driving and have a more variable

sleep schedule than women (McKinnon, Samson et al. 2022). Among Bolivian Tsimane forager-
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horticulturalists, sleep patterns vary by gender, with women sleeping longer than men likely due
to gendered differences in hunting and fishing activities (Yetish, Kaplan et al. 2018). Notably,
although men had more variable sleep and exhibited a trend toward shorter sleep duration, they
reported less daytime sleepiness. This could suggest that although men’s sleep is shorter and
more variable, they are still getting sufficient sleep. Alternatively, there has also been evidence
describing the underreporting of daytime sleepiness by men and the overreporting of daytime
sleepiness by women using the Epworth Sleepiness Scale (ESS) (Packard, Bautista et al. 2021).
To augment the understanding of gendered differences in daytime sleepiness, future research
could include the use of a sleep diary to capture daily differences in sleep quality (Carney, Buysse
et al. 2012).

Our study had numerous caveats, including limited sample size, limited observations
across gender and age groups, and reliance on a single blood pressure measurement. These
limitations reduced our statistical power to detect effects, yet they also reflect the challenges of
working in rural low-resource settings. These constraints may have impacted the generalizability
of our findings, and future studies with larger, more diverse samples and multiple blood pressure
measurements would be beneficial.

In conclusion, our study expands our understanding of sleep health, stress, and
hypertension in rural settings while highlighting limitations of sleep research, and they offer a
valuable baseline for further investigation into the high burden of cardiovascular disease and its
predictors in Madagascar. In a global health context, the WHO aims to reduce the prevalence of
hypertension by 33% between 2010 and 2030 (WHO 2023). While the WHO identifies several
well-established risk factors for high blood pressure, such as age, genetics, weight, physical
activity, high-salt diet, and alcohol consumption, sleep is not currently recognized as a
contributing factor (WHO 2023, WHO 2023). This omission presents an opportunity for future
research to investigate the role of sleep in the development and management of hypertension in

LMICs.
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4. Rest and Resistance: The Relationship between Sleep and
Infection

4.1 Introduction

The COVID-19 pandemic has demonstrated that disease exposure, susceptibility, and
disease outcomes are unevenly distributed. A new framework coined ‘One Health Disparities’
describes recent efforts to understand socially driven health disparities in a One Health context,
with a focus on how these disparities are generated through variation in disease exposure,
susceptibility, and morbidity (Solis and Nunn 2021). Recent research has made important steps in
illustrating how variation in these outcomes is mediated by disparities in occupation, housing, co-
morbidities, stressful environments, pollutant exposure, and healthcare access (Allen, Williams et
al. 2017, Patel, Nielsen et al. 2020, Mena, Martinez et al. 2021, Miller, Wherry et al. 2021, Solis
and Nunn 2021). Sleep, which accounts for about one-third of human life, is a critical yet under-
explored dimension to human health. It is inexorably tied to social factors, and it also shapes
variation in exposure, susceptibility, and morbidity of infection. Integrating sleep into this
framework will, therefore, deepen understanding of how the social environment influences
disease risk and health outcomes across diverse populations.

Sleep is an evolutionarily conserved process essential for health, yet social and
environmental factors can significantly shape its duration and quality, leading to disparities that
impact overall health. Adequate sleep has functional benefits such as energy conservation,
supporting a robust immune system, and memory consolidation (Berger and Phillips 1995,
Besedovsky, Lange et al. 2012, Rasch and Born 2013, Keene and Duboue 2018). Across species,
proposed benefits for sleeping less are the increased need for foraging and increased predation
risk (Eban-Rothschild, Giardino et al. 2017, Keene and Duboue 2018). Humans have the shortest
sleep of all primates, which likely results from increased predation in open habitats and the

benefits of wakefulness for social learning and material culture (Nunn and Samson AJBA).
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The same adaptations for sleeping less can become detrimental in societies where chronic
stress and night-shift occupations interfere with sleep health (Piccolo, Yang et al. 2013, Nunn,
Samson et al. 2016, Jackson, Walker et al. 2020). In the United States, sleep disparities are
especially tangible in Black and Hispanic communities, who report shorter sleep duration (<6
hours per night) and poor sleep quality in comparison to white populations (Chen, Wang et al.
2015). These disparities often arise due to housing in noisy areas, racial discrimination, low
socio-economic status, and adverse childhood experiences (Jackson, Hu et al. 2014, Chen, Wang
etal. 2015, Ahn, Lobo et al. 2021, Ahn, Lobo et al. 2021).

A growing body of evidence describes potential mechanisms in which short sleep
durations contribute to both non-communicable and communicable disease susceptibility. Sleep
loss and sleep deprivation have significant costs to overall health, including cardiometabolic
dysfunctions such as obesity, type 2 diabetes, and cardiovascular disease (Jackson, Walker et al.
2020). In addition, sleep deprivation has been linked to an altered immune response to infectious
disease and has been demonstrated to impact disease susceptibility to both the common cold and
rhinovirus in experimental studies (Cohen, Doyle et al. 2009, Irwin 2012), while sleep loss has
been reported to suppress immunological responses in both hepatitis B and pneumonia (Patel,
Malhotra et al. 2012). Inadequate sleep impacts the central nervous system, which has cascading
effects on the hypothalamic pituitary adrenal (HPA) axis and the sympathetic nervous system
(SNS). Change in SNS signaling upregulates transcription of pro-inflammatory cytokines,
including /L1B, TNF, and /L6 (Cole, Arevalo et al. 2010). HPA is a major signaling pathway that
mediates the human stress response, and a change in the HPA axis inhibits antiviral and pro-
inflammatory genes (Stephens and Wand 2012).

We investigated the relationship between sleep and disease susceptibility in Madagascar.
Studying this question in rural Madagascar is important given the high incidence of infectious
diseases in this low-income country, including outbreaks of measles and plague (Ratovonjato,

Rajerison et al. 2014, Nimpa, Andrianirinarison et al. 2020), and the Malagasy population is
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impacted by pathogens that are environmentally transmitted and infect mammals (rodents,
domestic animals, and livestock)(Herrera, Wickenkamp et al. 2020). Moreover, the shift toward
urban lifestyles may impact sleep patterns through increased exposure to artificial light, noise
pollution, and stress (O, Pugh-Jones et al. 2021). Understanding the relationship between sleep,
pathogen exposure, and disease susceptibility in Madagascar is a pressing public health concern,
particularly for village communities and farmers, given their exposure to animals and, thus,
elevated risk of zoonotic disease spillover.

This study aimed to investigate the association between sleep and zoonotic disease
susceptibility by (a) measuring four dimensions of sleep metrics and (b) using blood spots for
serological analysis to determine infection history. To capture sleep characteristics, we used
actigraphy devices, which were previously validated against polysomnography as a reliable tool
for quantifying sleep characteristics (Marino et al. 2013; Elbaz et al. 2012). Using the actigraphy
data, we quantified four sleep characteristics (duration, efficiency, variability, and
fragmentation).

To assess infection history we used Phage-ImmunoPrecipitation Sequencing (PhIP-Seq)
(Tiu, Zhu et al. 2022). PhIP-Seq is a high-throughput assay that provides a broad assessment of
infection history by screening for antibodies. This approach allows us to quantify antibody
richness, the sum of detected viral antibodies, which may reflect variation in immune function.
We used dried blood spots (DBS) as a minimally invasive and easily stored alternative to whole
blood collection. By combining DBS with PhIP-Seq, this approach provides a detailed profile of
past viral infections.

We hypothesized that decreased sleep duration and quality are associated with increased
susceptibility to infection. We predicted that individuals with lower sleep quantity and poorer
sleep quality would have a higher antibody richness. When testing predictions involving sleep

duration, we controlled for variation in exposure by accounting for home range size, as it can
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covary with sleep duration and influence infection risk. Additionally, age and gender were
included as covariates in all models to account for their potential effects on immune function and

sleep patterns.

4.2 Methods

4.2.1 Study Area and Population

Data collection occurred during July through August of 2023 in a village in northeastern
Madagascar on the periphery of Marojejy National Park. For community privacy, hereafter the
village sites will be described as Village S. The village is a small-scale farmer community with

an approximate population size of 900 people.

4.2.2 Ethical Statement

The Institutional Review Board of Duke University (IRB: 2019-0560) and the Malagasy
Ethics Panel (Permit Number 114 MSANP/AGMED/CERBM) approved the protocol used in this
study. Surveys were conducted in the local Malagasy language by trained research assistants, and
survey responses were recorded on Samsung tablets using Qualtrics software (Barrett, Titcomb et
al. 2024, Barrett, Titcomb et al. 2024). All survey participants were 18 years of age or older and
provided oral and written informed consent. Participants were compensated with pre-paid mobile

phone credits.

4.2.4 GPS and Home Range Size

To calculate home range size, we used GPS data. To collect GPS data, we distributed
GPS trackers (iGot-U 120; Mobile Action, New Taipei City, Taiwan) to consenting participants
(n=22). The average reported location estimation accuracy across varying degrees of cover for
the iGot-U 120 is 9.2 m (+0.2 m), and they were set to record the participant’s location every 3
minutes. The devices were attached to a lanyard and were distributed to participants on Fridays
and Saturdays and collected one week later. Participants were asked to wear the GPS tracker all

day and to set it close by during times such as sleeping or bathing. Using the GPS data, we
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calculated the home range size (km?) as previously described by Kauffiman and colleagues
(Kauffman, Wemer et al. 2022). Home Range size is defined as the area a person moved within
over the course of GPS monitors. We then calculated the 95% utilization distribution for the time

participants wore GPS devices.

4.2.5 Actigraphy Collection and Data Scoring

We used the Motionwatch 8 actigraph (CamNtech) using a built-in bi-axial sleep mode
accelerometer with 30s epoch data collection intervals. We set sleep and nap parameters as
previously described in studies (Samson, Manus et al. 2016, Samson, Manus et al. 2017,
McKinnon, Samson et al. 2022). Following previous guidelines, we used the algorithmic high-
sensitivity settings (20 counts threshold) to distinguish sleep from periods of awakeness
(Kanady, Drummond et al. 2011, Samson, Manus et al. 2017). Participants were asked to wear
the devices for up to 21 days on their non-dominant wrist. Data was scored using CamNtech
Montionware analysis software, which generated sleep variables used in the analysis, namely
sleep duration, sleep efficiency (%) (the percentage of sleep duration over the time in bed), and
fragmentation index (calculated as the sum of two percentages: (a) the percentage of sleep epochs
spent moving and (b) the percentage of immobile bouts that last <1 minute, this serves as a
quantitative index of restlessness during the sleep period). The fragmentation index measure
reflects the degree of sleep fragmentation and can be used to assess sleep quality (or poor sleep
quality), where a higher value suggests more fragmentation, indicating lower sleep quality due to
frequent movement and short periods of stillness. To measure sleep variability, we converted
sleep duration to minutes and measured the standard deviation from the mean for each

participant.

4.2.6 Phage Immunoprecipitation Sequencing (PhIP-Seq)
Dried blood spots were collected by a Malagasy-trained healthcare worker and stored on

W903 cards. W903 cards were stored at -80C until processed using PhIP-Seq to analyze antiviral
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antibodies (Xu, Kula et al. 2015, Tiu, Zhu et al. 2022). PhIP-Seq incorporates four elements:
DNA customization using sequences of all known human viruses, T7 bacteriophage display (1
viral epitope displayed by each phage particle), immunoprecipitation of reactive phages, and Next
Gen Seq of the immunoprecipitated phages. This approach was applied to establish a
comprehensive analysis of viral antibodies, including 206 different viruses across multiple viral
families including: Adenoviridae, Coronoviridae, Herpeseviridae, Hantaviridae, and
Retroviridae. A library of protein sequences was downloaded from open-source UniProt
[https://www.uniprot.org/uniprot/?query=orthohantavirus&sort=score]. For analysis, first PBS
negative controls were averaged for each oligopeptide using normalized counts data, and then
samples were analyzed against the negative controls to calculate fold over Tukey’s Higher Fence

(FOBO), i.e. fold change values to identify outliers (positives) and determine a cutoff value.

4.2.7 Statistical Analysis

All statistical analyses were performed using R version 4.3.2. To test our hypothesis, we
fit six generalized linear models to a Poisson distribution to predict antibody richness by each
sleep characteristic: sleep duration, efficiency, fragmentation, sleep variability, daytime
sleepiness, and sleep satisfaction. For everyone, we averaged their sleep duration, efficiency, and
fragmentation to use a single measure in each model. Then, we scaled numerical predictors, sleep
characteristics, and age. We used the following model: Antibody Richness ~ Sleep
Characteristic + Gender + Age. We further evaluated the effect of sleep duration on antibody
richness by including home range size as a potential confounder with the following model:
Antibody Richness ~ Sleep Duration + Home Range Size (km?) + Gender + Age. We then
measured potential collinearity between sleep duration and home range size using the car
package (Fox and Weisberg 2011), where collinearity would be indicated by a variance inflation
factor greater than 5. Then, using the GLM coefficients, we calculated the risk ratios (RR) for the

Poisson regression, as well at 95% confidence intervals (CI) and standard p-values < 0.05 to
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determine statistical significance. The model’s overall fit was evaluated using Pseudo R-squared
values using the pscl package (Jackmon 2024), and for the Poisson regression model, we further
assessed the model for overdispersion by calculating the dispersion ratio using the MASS package

(Venables and Ripley 2022).

4.3 Results

4.3.2 Participant Demographic, Sleep, and Health Characteristics

The study included 33 participants composed of 10 men and 23 women, with a median
age of 29 years (Table 5). In total, we had 454 nights of actigraphy sleep data. The median sleep
duration was 7.2 hours of sleep with 80% sleep efficiency. Fragmentation median was 31 per
night and sleep varied by 74 min.

Table 5: Sleep and demographic characteristics for all study participants and a subset who wore

GPS devices.

Characteristic Overall, N = 33’ Virscan + GPS, N= 23!
Gender

Male 10 (30%) 6 (26%)

Female 23 (70%) 17 (74%)
Age 29 (22, 44) 26 (19,42)
Sleep Duration (hours) 7.20 (6.57,7.73) 7.24 (6.62,7.74)
Sleep Efficiency (%) 80 (77, 84) 80 (77, 84)
Sleep Fragmentation 31(26,37) 29 (25, 37)
Sleep Variability (min) 73 (53,103) 72 (52, 108)
Home Range Size (km?) - 0.031 (0.016,0.149)
Antibody Richness 2(1,4) 2(1,4)
"1 (%) or median (IQR)
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4.3.3 PhIP-Seq Antibody Detection and Richness

Total Number of People with Antibody by Virus Species

10
0 IIIII.-.........

Virus Species

Number of People

Human cytomegalovirus

Orf virus

Human herpesvirus 8

Human respiratory syncytial virus
Influenza A virus

Vaccinia virus

Epstein-Barr virus

Hepatitis B virus

Human herpesvirus 7

Human herpesvirus 6A
Cercopithecine herpesvirus 1
Human herpesvirus 1

Tanapox virus

Cowpox virus

Horsepox virus

Human adenovirus A serotype 18
Human parainfluenza 1 virus
Human respiratory syncytial virus B
Influenza C virus

Pseudocowpox virus

Puumala virus

Rotavirus A

Rotavirus B

Yaba monkey tumor virus

Molluscum contagiosum virus subtype 1

Figure 5: Total Number of People with Antibodies by Virus Species. 25 unique viral sequence
proteins for antibodies detected in order from most to least frequently detected among study
participants.

Of the 206 viruses included in PhIP-Seq, antibodies to 25 were detected (Fig. 5). Most people
had antibodies against Human cytomegalovirus, orf virus, human herpesvirus 8, Epstein-Barr
virus, influenza A, vaccinia virus, and human respiratory syncytial virus (Fig. 5). We identified
low prevalence, with just one person with the antibody, for 19 viruses. The distribution of virus

antibodies detected was skewed, with a small number of viruses accounting for most of the

antibody richness. Antibody richness varied from a minimum of 0 to a maximum of 10 antibodies

(Fig. 6).
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Figure 6: Antibody Richness across the study population with a minimum of 0 and maximum of
10 and an average of 3.
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4.3.4 Home Range Size

Histogram of Home Range Size

101

Frequency
[@)]

0O.OO 0.05 0.10 0.15 0.20 0.25 0.30

Home Range (km?)

Figure 7: Estimated Home Range (km?) size, the area a person moves within over time, calculated
based on the 95% utilization distribution (UD) of all time points when the participant wore the
GPS. The majority of individuals exhibit small home ranges (0.00-0.05 km?)

The distribution of home range size (km?) among individuals was skewed, with most
individuals exhibiting small home ranges (0.00—0.05 km?) (Fig. 7). This suggests that most

participants tend to remain within restricted spatial areas. A smaller subset of individuals had

larger home ranges (0.10-0.30 km?), indicating greater mobility.
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4.3.5 Association between Sleep, Antibody Richness, and Home Range Size

Relationship Between Antibody Richness, Sleep Duration, and
Home Range Size (km?)

A Antibody Richness
Sleep Duration 225—
0.83
Age ——
1.03
Men e a—
0.1 0.2 0.5 1 2 5 10

Estimate with 95% CI

B Antibody Richness
Sleep Duration 199
094
Home Range Size (km?)
084
Age
Men 088
0.1 0.2 0.5 1 2 5 10
Estimate with 95% CI
C Home Range Size (km?)
-0.04
Sleep Duration _._0 O
0.02*
Age
Men _OL
-1 -0.5 0 05 1

Estimate with 95% CI

Figure 8: (A) Association between antibody richness and predictor variables (sleep duration, age,
and gender), (B) additional analysis predicting antibody richness and predictor variables (sleep
duration, age, and gender) and adjusting for home range size (km?) as a confounding variable, and
(C) The association between sleep duration and home range size (km?). Points represent the
estimated effects of each predictor on antibody richness. Error bars indicate 95% confidence
intervals. Blue indicates positive trend and red indicates negative trend. *p-values < 0.05

In tests of our hypothesis, we did not find evidence for a significant association between
sleep duration and antibody richness (Fig 8). In addition, to further evaluate the relationship

between sleep and antibody richness, we included home range size (km?) in the model as a
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potential confounder. Home range size (km?) was also not a significant predictor of antibody
richness (RR = 0.94, Clys[0.69, 1.23], p = 0.665), suggesting that home range patterns do not
strongly influence viral exposure in these models. In tests of collinearity, sleep duration had a
VIF score of 1.15, and Home range size had a VIF of 1.24, thus consistent with no collinearity.
We also did not find an association between sleep duration and home range size (= -0.04, Clos [-
0.14 — 0.06], p=0.454). We identified a modest trend with age, with increased age being
negatively associated with antibody richness. We also found that increased age was significantly
associated with larger home range size (= 0.03, Clos [0.02 — 0.03], p=0.001). We did not identify

an effect of gender in any model.
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4.3.5 Association between Sleep Efficiency, Fragmentation, and Duration
Variability and Antibody Richness

Antibody Richness Predicted by Sleep
Characteristics

- 076 *
A Sleep Efficiency
0.75
Age —_—
0.76
Men ®
0.1 0.2 0.5 1 2 5

Estimate with 95% CI

B Fragmentation Index 1.02
e
Age 0.82
0.78
Men @
0.1 0.2 0.5 1 2 5

Estimate with 95% CI

C Sleep Variation 0.83
0.81
Age
Men 0.g1
0.1 02 05 1 5 5 0

Estimate with 95% CI

Figure 9: Association between antibody richness and predictor variables (sleep duration, sleep
efficiency, home range size (km2), age, and gender). Points represent the estimated effects of
each predictor on antibody richness. Error bars indicate 95% confidence intervals. Blue indicates
positive trend and red indicates negative trend.
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Next, we investigated whether sleep efficiency was negatively associated with richness.
In support of the hypothesis, individuals with higher sleep efficiency had lower antibody richness
(RR =0.76, Cly5[0.59, 0.99], p = 0.040) (Figure 9). However, we did not identify the effects of
sleep fragmentation (RR = 1.02, Clos[0.79, 1.31], p = 0.884) or sleep variation (RR = 0.83,
Clos[0.61, 1.09], p = 0.199) on antibody richness. We identified a negative trend between age and
antibody richness, with older individuals showing lower antibody richness in the sleep efficiency
model (RR = 0.75, Clos[0.53, 1.00], p = 0.073), the fragmentation model (RR = 0.82, Clys[0.60,
1.07], p = 0.168), and the sleep variability model (RR = 0.81, Clos[0.61, 1.05], p = 0.132). Gender
was not significantly associated with antibody richness in any model, with men and women

having similar antibody richness values.

4.4 Discussion

In this population, the observed sleep duration aligns with the recommended amount of 7
hours or more (Watson, Badr et al. 2015). However, sleep was relatively inefficient (80%) based
on a U.S. recommendation of at least 85% but more efficient than previously described in
Malagasy small-scale agriculturalists (70.7%) and among Hadza hunter-gatherers (68.9%). The
sleep fragmentation index was 31, suggestive of restless sleep, and sleep varied by 73 minutes,
which is associated with decreased physical activity and metabolic dysfunction in industrialized
populations (Morales-Ghinaglia and Fernandez-Mendoza 2023). Moreover, we identified a
diversity of 25 antigen-specific viral antibodies among participants, with antibody richness
ranging from 0 to 10 per individual. We further identified unique associations between sleep
efficiency and antibody richness.

Overall, we identified a diverse viral infection history with varying seroprevalence and
transmission routes, with some results in line with other studies. For example, antibodies to
human cytomegalovirus were found in 42% of people, which is less than the estimated global

seroprevalence of 83% (Zuhair, Smit et al. 2019). In most adult studies in Africa, seroprevalence
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is estimated to be close to 100% (Bates and Brantsaeter 2016). In addition, we identified viruses
with different forms of transmission. For example, cytomegalovirus is transmitted human-to-
human through bodily fluids (i.e., blood, saliva, urine, and breast milk) (Zuhair, Smit et al. 2019),
while Orf Virus is a zoonotic virus that infects hooved animals, including goats and sheep
(Coradduzza, Scarpa et al. 2024). The results from PhIPSeq provide a foundation to conduct
additional research on specific viruses of interest and ask tailored questions in relation to
symptoms, animal contact, and hygiene. PhIPSeq provides a breath of information, but additional
analyses (e.g., ELISA) are necessary to confirm each virus, especially in cases where only a
single person has detectable antibodies for a given virus.

Our study provided mixed support for the overarching hypothesis that we tested. We found
that increased sleep efficiency was negatively associated with antibody richness, indicating that
individuals with higher sleep efficiency had lower antibody richness. Sleep efficiency is an
important metric of sleep quality that quantifies the percentage of time that a person is asleep
while in bed. This aligns with previous research identifying the important role sleep quality has
on immune function and the lasting impact decreased quality has on the function and stability of
immune cells (Cohen, Doyle et al. 2009, Garbarino, Lanteri et al. 2021, Kohyama 2021,
McAlpine, Kiss et al. 2022). Counter to our predictions, however, we identified no association
between sleep duration and antibody richness. The observed sleep duration among the study
population was an average of 7 hours, which aligns with the recommended amount to promote a
regulated and robust immune response (Garbarino, Lanteri et al. 2021, [zuhara, Matsui et al.
2023, Spiegel, Rey et al. 2023). However, sleep efficiency, at 80%, is 5 percentage points lower
than the recommended amount (Kohyama 2021). So, although sleep duration is considered
adequate, it is also inefficient in this population. This highlights the importance of including sleep
quality parameters in sleep research.

Sleep duration variability was not associated with antibody richness. The observed sleep

variability of 72 min is considered to increase the risk of obesity, cardiovascular disease, and
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type-2 diabetes. However, there is conflicting literature on the threshold of recommended
variability, from 45 minutes or more having adverse effects up to 120 minutes(Huang, Mariani et
al. 2020) being associated with adverse health outcomes (Huang, Mariani et al. 2020). This makes
the interpretability of the results difficult. In addition, given the limited number of nights in our
dataset, ranging from 3-19 nights for each participant, conflicting research suggests 3-5 nights of
data is sufficient to asses sleep variability, but other research suggests it is fine to use 14 days of
data (Bei, Wiley et al. 2016, Huang, Mariani et al. 2020, Scott, Lechat et al. 2023). Moreover, the
interpretation of variability is further complicated due to research reporting different dimensions
of sleep variability, including variability of time going to bed, sleep duration, or time in bed
(Okun, Reynolds et al. 2011). Future research with additional nights of data is needed to obtain a
more accurate measure of sleep variability among rural farmers in Madagascar and understand
the population-level meaning of sleep variability. Future directions can also investigate how
environmental variables regulate both sleep and daytime activity, as previous research has found
that seasonal changes affect sleep patterns in non-industrial populations (Yetish, Kaplan et al.
2015). Sleep schedules may be naturally regulated and help stabilize circadian rhythms through
cues such as sunlight and limited access to artificial light (Wright, McHill et al. 2013, Samson,
Manus et al. 2017).

The limitations of our study include a small sample size, limited observations across
gender and age groups, and a reliance on serological data as the metric for disease susceptibility.
Additionally, we did not include any daytime data on napping periods and did not consider the
level of activity and its potential association with sleep. Furthermore, our study did not measure
inflammatory markers such as C-reactive protein or pro-inflammatory cytokines, which can
indicate a direct mechanism between decreased sleep and changes in immune response. These
constraints may have affected the generalizability of our findings, and future studies with larger,
more diverse samples and additional metrics of infection history would aid in testing the

hypothesis that poor sleep increases disease susceptibility in this low-resource setting
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5. Conclusion

5.1 Overview of Major Findings

The findings from this dissertation highlight the significant burden of infectious disease
in Madagascar and the factors influencing infection. I found a considerable prevalence of
Blastocystis and evidence of previous infections with numerous viruses. By applying the One
Health Disparities (OHD) framework, I identified how variations in both exposure and
susceptibility increase the risk of infection. I discovered that the risk of Blastocystis exposure is
associated with hand hygiene practices, while decreased sleep quality was linked to greater
susceptibility to infection. These studies enhance our understanding of the disease burden in rural
Madagascar. They also emphasize the unique social conditions that contribute to health

disparities by increasing exposure and susceptibility to infections.

5.1.1 Chapter 2: Blastocystis

In the first chapter, I investigated Blastocystis, a globally transmitted gastrointestinal
protozoan that commonly infects people living in low- and middle-income countries.
Transmission is thought to occur through the consumption of contaminated water or food and
contact with infected animals. However, the specific factors influencing infection in low-
resource, rural settings remain unclear. [ applied the OHD framework, which considers the
interconnectedness of human, nonhuman animal, and environmental health, to examine
disparities in Blastocystis spp. infections in rural northeastern Madagascar. This research focused
on various predictors, including wealth, animal contact, hand hygiene, and demographic factors.
Overall, 76.5% of 783 participants were infected with at least one of three subtypes of
Blastocystis, and 19% were co-infected with two or more subtypes (ST1, ST2, and ST3). I found
that men had a lower risk of infection than women, while individuals who reported washing their
hands without soap had higher odds of infection across all subtypes. Within a single subtype,

soap use remained significant for both ST1 and ST2, while the effect of gender continued to be
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significant for ST3. However, wealth and animal interactions showed no significant associations
with infection. This study illuminates gender disparities and underscores the importance of hand
hygiene in explaining variations in Blastocystis infection in rural Madagascar, while not
supporting hypotheses based on socioeconomic status and exposure to domesticated animal
disease reservoirs. The findings also highlight the significance of gastrointestinal infections in
vulnerable rural populations in Madagascar and stress the need for approaches to address health
equity and environmental justice in rural, low-resource settings. 5.1.2 Chapter 3: Sleep, blood

pressure, and stress.

5.1.3 Chapter 3: Sleep and hypertension

Next, in Chapter 3, I examined the relationship between decreased sleep quantity and
quality, stress, and hypertension. Reduced sleep is linked to stressful physical and social
environments and corresponds to a higher risk of hypertension. However, research on the
connection between sleep, stress, and hypertension in low- and middle-income countries, which
account for nearly two-thirds of global hypertension cases, remains limited. This study explored
whether sleep quantity and quality are related to increased stress and higher blood pressure
among rural agriculturalists in Madagascar. Sleep was assessed using actigraphy-based estimates
of total sleep duration, sleep efficiency (%)- the percentage of sleep duration over time in bed-
and fragmentation. The index is calculated as the sum of two percentages: (a) the percentage of
sleep epochs spent moving and (b) the percentage of immobile bouts lasting < 1 minute. This
serves as a quantitative measure of restlessness during the sleep period. Sleep duration variability,
defined as the standard deviation of sleep duration for each participant. Stress was measured
using the Perceived Stress Scale (PSS), while daytime sleepiness was assessed via the Epworth
Sleepiness Scale (ESS). Analyzing 452 nights of actigraphy data from 33 adults, we found that
the average sleep duration was 7 hours, with a sleep efficiency of 80%, a fragmentation index of

31, and sleep availability exceeding 1 hour. The majority (57%) of participants reported
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dissatisfaction with their sleep. Daytime sleepiness levels varied from normal sleepiness (scores
of 0-9) to excessive daytime sleepiness (scores of 16-24). We determined that perceived stress

levels were low to moderate, with a maximum score of 25 out of 40.

We found no association between stress and any aspect of sleep. Additionally, we did not
identify a connection between sleep and high blood pressure. However, we observed gender
differences in sleep patterns, with men, compared to women, experiencing greater sleep variation,
less daytime sleepiness, and a tendency toward shorter sleep duration. These gender differences
may be explained by variations in labor roles and social norms within a community. Furthermore,
we identified a positive relationship between age and elevated blood pressure, which was noted as
early as 20 years old; thus, it is important to explore the social drivers of elevated blood pressure
in young adults. Future research could investigate how urbanization and dietary changes impact
hypertension risk, offering insights into potential evolutionary risks. Overall, our findings
establish a foundation for understanding stress and hypertension while informing different
relationships to sleep in Madagascar, highlighting the limitations of sleep research in rural

settings, and providing guidance for future research efforts studies.

5.1.3 Chapter 4: Rest and Resistance to Infectious Disease Susceptibility
Finally, in the fourth chapter, I investigated sleep as an important variable for
understanding disease susceptibility. Sleep is shaped by ecological constraints and evolutionary
adaptations and is essential for health. Inadequate sleep is linked to an increased risk of
communicable diseases due to changes in immune response. We investigated the relationship
between sleep and infectious disease susceptibility in Madagascar. I hypothesized that reduced
sleep quantity (shorter duration) and sleep quality (lower efficiency, higher variability, greater
fragmentation) would be associated with increased susceptibility to zoonotic disease infections. I
predicted that individuals with shorter, less efficient, more fragmented sleep and greater sleep

duration variability would have higher antibody richness. Sleep characteristics were measured
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using actigraphy devices, and infection history was assessed through Phage-Immunoprecipitation
Sequencing serological analysis on dried blood spots. I identified a diversity of 25 antigen-
specific viral antibodies among participants with antibody richness ranging from 0 to 10 per
individual. I further identified a significant negative association between sleep efficiency and
antibody richness, where increased sleep efficiency was associated with less antibody richness.
However, there was no significant association between sleep duration, fragmentation, and sleep
duration variability with antibody richness. Our study highlights the importance of incorporating
sleep quality as an important dimension in sleep research and the limitations and interpretability
of sleep health in a global setting where sleep health is largely understudied. These findings
underscore the importance of sleep in shaping health outcomes and highlight the need to further

research sleep as an important variable in One Health to understand disease susceptibility.

5.2 Research Findings’ Implications for Policy and Public Health

These findings offer valuable insights to inform policy decisions. For instance,
access to clean water remains a major challenge in Madagascar, and my research highlights how
this barrier, along with limited access to soap, contributes to the high burden of Blastocystis
infection. Addressing these structural issues could help reduce infection rates and improve overall
public health. Additionally, my research reinforces evidence of high hypertension prevalence
among a physically active population of farmers with low BMI. While aging is commonly
associated with elevated blood pressure, I document hypertension among relatively young
farmers in their 20s, underscoring the need for targeted public health interventions and increased
hypertension screening in rural communities. Moreover, sleep research has predominantly
focused on high-income countries, limiting global understanding of sleep characteristics. This
study not only examines sleep in an understudied population but also provides a multi-
dimensional perspective on sleep, considering its links to infectious disease susceptibility, mental

health, and hypertension. As the field of sleep research grows and global recommendations
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evolve, it is essential to recognize how sleep may differ across populations and how sleep can
serve as a critical factor in infectious disease research. By sharing these research findings with
local communities and policymakers, I aim to encourage the development of culturally relevant

public health strategies that address both communicable and non-communicable diseases.

5.3 One Health Disparities: Application and Limitations

Moreover, the OHD framework was a foundational aspect of my dissertation
research, incorporating social determinants of health to understand exposure disparities and
susceptibility disparities related to disease outcomes. Each chapter contributes uniquely to the
OHD framework by supporting, expanding, and providing areas for refinement. First, the
findings from Blastocystis exposure reinforce the OHD framework by demonstrating that limited
access to clean water and variation in soap use, likely driven by social barriers, increases
pathogen exposure. Next, sleep was associated with disease susceptibility; however, sleep itself
was not linked to stress, which serves as a proxy for adverse social conditions. Nonetheless, we
identified underlying gender disparities in sleep. Although the OHD framework was developed to
address variations in communicable disease outcomes, it can also be applied to understand the
risk of non-communicable diseases such as hypertension. Given this, further research is needed to
evaluate “exposure risk” to heart disease, such as increased access to processed foods, to better
understand the “susceptibility” to developing hypertension at such a young age. Furthermore,
elevated blood pressure is also connected to the traditional One Health framework, where heat
stress can raise blood pressure, and increased zoonotic transmission of helminths is associated
with high blood pressure, warranting further exploration in Madagascar. However, the application
of OHD is limited for non-communicable diseases such as pulmonary. diseases, but non-

communicable diseases should still be evaluated using the exposure, susceptibility, and

health outcomes.
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In conclusion, this study enhances our understanding of the burden of communicable
diseases, sleep health, stress, and hypertension in rural settings while also acknowledging its
limitations and key future directions. Our findings offer a valuable baseline for future
investigations into variations in hand hygiene, the high burden of hypertension, and
communicable diseases. Furthermore, this dissertation delivers a multidimensional understanding
of sleep in rural environments, thereby contributing to the existing sleep literature. By integrating
sleep research into global health discussions, public health policies can more effectively address
the complex interactions between social determinants, infectious diseases, and chronic health

outcomes in underserved populations.
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Appendix A
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S2: Scored (1-4) household material used floor, roof, and walls across all three villages. Circle
size and color correspond to count/frequency.
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Appendix B

(A) Do you snore or have been told that you snore? (B) Do you wakeup chocking or gasping?
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S3: Sleep Apnea question categorical responses (A-C) and the calculated Sleep Apnea Score (D).
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S4: Reported sleep satisfaction (A) and reported daytime sleepiness score based on Epworth
Sleepiness Scale survey (B).
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S5: Linear regression between Blood pressure, BMI, age. The upper two quadrants shows
the trend between BMI and diastolic and systolic blood pressure with 95% CI. Bottom two
quadrants indicate the significant relationship between age and systolic and diastolic blood

pressure with 95% CI.
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