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ABSTRACT

A history of exposure to infectious diseases has influenced the biology of
Mesoamericans. From the urbanization of Mesoamerican communities to colonial
contact in the 15 century, immune response to various pathogens have shaped the
available diversity at various genomic loci providing immunological resistance to
pathogens. This dissertation explores the population history of Mesoamerican
populations as it relates to exposures to and immunity against infectious diseases. | use
an evolutionary lens to look at three time scales: 1) archaic introgression in immune
response pathways that took place thousands of years prior to the peopling of the
Americas 30,000 years ago, 2) signatures of natural selection in immune response
genes from the establishment of city-states to colonial contact, shaped 10,000 years
ago to the 15" century, 3) epidemiological risk factors for dengue-infection in
Guatemala between the years 2018 and 2019.

| use publicly available DNA sequences from Indigenous Americans, SNP array
genotype data, and ethnographic surveys to answer the following questions: 1) Are the
detectable regions of archaic introgression in modern Mesoamericans related to
immunity? 2) Are we able to detect signatures of natural selection in Mesoamericans at
immune response loci? 3) What risk factors contribute to dengue-infection in

Mesoamerican populations today?



The introgression analysis in an indigenous American population from Mexico
finds that multiple genes lying in the TGF-f signaling pathway were introgressed by
Neanderthals. Similarly, various genes associated with cytoplasm and exosomes, part
of the innate immune system, were introgressed by Denisovans. The presence of those
segments in important immune response pathways and responses highlights that
variants deep in evolutionary history may continue to be relevant today.

Similarly, our natural selection scan in a Mesoamerican cohort demonstrated that
the Major Histocompatibility Complex (MHC) and the peroxisome proliferator-activated
receptor gamma (PPAR-y) signaling pathway showed signatures of positive selection.
This demonstrates that in the more recent past, various pathogens including smallpox
exerted strong evolutionary pressure on the human genome, thus shaping host
responses to infection.

Our epidemiological survey demonstrated various risk factors for dengue
infection in Guatemalan populations of Mesoamerican ancestry. We found that factors
related to water accumulation including water security, water storage, and nearby trash
increased the risk for dengue-infection likely by providing additional breeding grounds
for mosquito. This study suggests where the Ministry of Public Health should focus their
efforts for dengue prevention. Furthermore, it identifies the epidemiological risk-factors
that future studies of dengue infection should account for in Guatemala.

This dissertation highlights the importance of adaptation on immunity among
Mesoamerican populations whether deep in our evolutionary past, as recent as colonial

contact, or even continuously shaped by more recent infectious diseases like dengue.

Xi



Furthermore, it demonstrates how to prioritize candidate genomic regions influencing host
susceptibility or resistance to modern infectious disease using an evolutionary approach.
This emphasis on compiling outlying genes will be particularly beneficial to studies
conducted on smaller sample sizes as it provides greater statistical power given that
these outlying genes have greater effects physiologically more so than other genomic

regions.
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Chapter 1: Introduction and Background

Approaches to medicine based on evolution provide a more holistic view for
understanding modern health and disease. The framework entangling both medicine
and evolution is known as evolutionary medicine or Darwininan medicine. Evolutionary
medicine seeks to incorporate perspectives from medicine, public health, and
anthropology (among other fields) to understand how humans evolve, how we continue
evolving, and how this affects our overall health in the present (Nesse and Stearns
2008). This framework allows scholars to understand both susceptibility and resistance
to modern disease, discover more about human physiology, and better treat disease —
not just the symptoms presented. As Dobhzansky famously claimed, “nothing in biology
makes sense except in light of evolution” (Dobzhansky 1973).

This dissertation explores the population history of Mesoamerican populations
with respect to immunity and exposures to infectious diseases through an evolutionary
lens. It draws on the growing literature of human evolutionary history and expands on it.
It demonstrates how to leverage knowledge of archaic adaptive introgression and past
events of natural selection to incorporate evolution into the study of infectious disease.
These same approaches can be expanded to include autoimmune disorders, cardiac
health, among others.

In more ways than one, this dissertation is a deeply personal journey into

Mesoamerican history, given my family ties to Guatemala—part of the admixed local



population known as Ladinos. Observing the blatant health disparities that are apparent
in both Guatemala and Latinx populations in the US, | attempted to understand health
and disease from an evolutionary perspective. Representation in genomics has
improved over the last decade. Nonetheless, there remains a critical gap in studies
focusing on Latinx populations and even more so on populations of Indigenous
American ancestry (Popejoy and Fullerton 2016). This dissertation incorporates an
evolutionary framework in order to holistically understand the origin and impact of
Indigenous American genomic variation on modern immune response.

Mesoamerica most commonly refers to the geographic region encompassing
modern-day Northern/Central Mexico to parts of Costa Rica. Today there are roughly 6
major Indigenous civilizations or ethnicities who speak languages belonging to one of
13 separate language families. Early crop domestication including maize and cacao led
to the establishment of agriculture (Flannery 2019). This in turn led to population
growth. By 3,000 years ago, Mesoamericans established powerful, dense, and
populous city-states (Flannery 2019). The urbanization of Mesoamerican city states
allowed for the circulation of infectious diseases including: chagas, tuberculosis,
syphilis, and hepatitis (Bos et al. 2014; Klaus et al. 2010; Merbs 1992; Steverding
2014). This environment undoubtedly played a role in shaping indigenous
Mesoamerican population’s genomes through natural selection by shifting the
frequencies of advantageous alleles that conferred resistance to pathogenic infection

(Mummert et al. 2011; Smith 2016).



Fast forward in history to the year 1492, the year European colonization of the
Americas began. Colonial expansion brought a devastating blow to the population.
Along with contact came novel infectious diseases. Historical records describe
symptoms consistent with smallpox that devastated Mesoamerican communities. In
fact, several scholars estimate that up to 90% of the population was decimated
(Feldman 1999; Leon-Portilla 2011; Lockhart 1992; Restall et al. 2005). Again, allele
frequencies that conferred resistance to infection shifted from a neutral distribution to
being positively selected, and those advantageous alleles would be present at higher
frequencies in the surviving segments of the population.

Today, globalizing economies and rapid urbanization coupled with substandard
infrastructure of Latin American cities has introduced modern day Mesoamerican
populations to novel infectious diseases (Alirol et al. 2011; Gubler 2011). Trade,
particularly of ships carrying used tires, spread new infectious diseases as the stagnant
water in the tires was a prime breeding ground for mosquito vectors (Sprenger 1987).
Now, climate change expands and threatens populations with novel, emerging
infectious diseases as the ecological niche of the vectors also expands (Reiter 2001).
Underlying genetic variation in a population will ultimately influence the immune
response to infection. Among Mesoamericans, this underlying genetic variation
undoubtedly has been shaped by the cyclical history of exposure to infectious diseases

over time.



Immune system

In order to understand how the immune system is shaped by pathogens, we
must understand it within a broad framework of evolutionary pressures. This framework
posits hosts and pathogens locked in an arms race for survival, which in turn drives
evolutionary change. This concept is known as the Red Queen Hypothesis (Smith 1976;
Van Valen 1973). Hosts and pathogens push each other to adapt, either one defeats
the other or they both co-exist. The pathogen lifecycle is much shorter; therefore, it can
evolve rapidly. Human hosts on the other hand have much longer lifespans. To
overcompensate for having a longer lifespan than the pathogen, humans have evolved
more complex immune systems. With complex immune systems, they are better
equipped to fight the development of the rapidly evolving pathogens.

The immune system is complex and diverse—necessarily so, to ensure individual
survivability. The immune system forms is composed of both innate and adaptive
factors that work together to respond to infection with pathogens (Galli et al. 2011).
Some of these factors such as ion channels, receptors like the macrophage mannose
receptor, among others are inborn. The genome has coded that various forms of these
receptors or ion channels on the cells will be physically present. Others like antibodies
are acquired throughout an organism’s lifetime, some within an acute response to the
pathogen, others as part of the immunological memory of infection. Within anthropology,
there has been an increased focus on the plasticity and shaping of the immune system,

specifically how early life exposures affect downstream health—particularly within the



framework known as life-history theory (Gluckman et al. 2010; Kuzawa and Thayer
2011; Silveira et al. 2007; Thayer and Kuzawa 2014).

Life-history assumes a zero-sum game of energy, where the body has a set
amount of energy to allocate between growth, maintenance, and reproduction (McDade
2003). The immune system forms a subsection of maintenance in the body and the
energy devoted to it must trade-off with another subsection. An example of this tradeoff
is when an individual has too high a pathogen load, then the energy the body devotes to
fighting off infections then generally reduces the energy available for growth (McDade
2003). When we consider the overall health development of individuals, we can see
how it begins to affect the population as a whole and most cost-effective ways of
fighting off infection will be selected for in a population. One of the ways that the body
attempts to fight off unknown pathogens is by developing a generalized immune system
that is plastic, that is a varied phenotype dependant on the environment.

The amount of plasticity of a specific trait is dependent on genetic variation (Auld
et al. 2010). Without genetic variation allowing such a flexibility in a particular trait, then
the desired phenotype is not possible. Even so, not every trait can be plastic as
plasticity itself may have costs. For example, possessing a smaller range of plasticity for
phenotypes is perhaps more cost effective with respect to energy (Auld et al. 2010).
According to the phenotype first hypothesis, plasticity is only a short-term response.
Should that trait be favorable and pressures for maintaining that phenotype remain for
multiple generations, genetic change would follow —selecting for mutations that hard-

wire for that trait (Kuzawa and Bragg 2012). With respect to immunity, when a pathogen



has persisted in a population then we see that genetic change or signature of selection
for a trait that protects against infection. We are interested in disentangling that
underlying genetic variation that influences the immune system and using computational

methods to detect signatures of natural selection.

Signatures of Natural Selection

When infectious diseases shape the immune system, they leave distinctive
patterns in the population known as signatures of natural selection—thereby altering the
genetic diversity found at those loci. Deep down beneath the functions of the immune
system, genetics remain a major part of immune-response phenotypes whether
contributing to innate or adaptive mechanisms as part of the entanglement of genetics,
culture, and the environment (Baker 1997).

Natural selection acts on the variation available to it selecting for adaptive
phenotypes. These adaptive phenotypes are shaped by underlying alleles that are
functionally different than wild-type alleles. The entire process of selection leaves
behind unique signatures of selection that can be teased apart statistically from the rest
of the neutrally evolving genome (Fumagalli et al. 2015; Wisser et al. 2008). Consistent
with evolutionary theory, these patterns demonstrate that infectious disease, skin color,
and metabolic traits show the strongest selection signatures in the genome —traits that
manifest themselves physiologically thus improving chances of survival and
reproduction (Bamshad and Wooding 2003; Grossman et al. 2013; Jablonski and

Chaplin 2000, 2013; Sabeti et al. 2007).



Two examples of selection are positive selection and balancing selection.
Positive selection or directional selection refers to when a particular trait is
advantageous, therefore the frequency of that trait and the underlying advantageous
alleles increase dramatically. Furthermore, not just the advantageous allele increases,
so does the region surrounding that allele as they are physically linked on a particular
chromosome. Balancing selection refers to when an advantageous trait is encoded by
more than one allele, therefore the patterns keep both in the population at optimum
frequencies. Many genes that have been subject to local positive natural selection (e.g.
CD40) or balancing natural selection (e.g. CCR5, genes of the MHC complex) are
associated with susceptibility to infectious disease (Bamshad et al. 2002; Hughes and
Yeager 1998a; Sabeti et al. 2002). Identifying signatures of natural selection in immune
response genes is a means to prioritize candidate genes based on evolutionary
signatures of selection.

Selection mapping, which is the process of detecting signatures of selection in
the genome, can be used to identify risk alleles for the same infectious disease that
acted as the selective pressure. Here if a particular disease has persisted throughout
various generations and the evolutionary pressures are strong, evolutionary processes
would have left a signature around loci. For example, Karlsson et al. (2013) combined
selection and association studies to identify risk alleles for cholera infection.

However, selection mapping can also be used to identify risk alleles to modern
pathogens that were not the selective agent. Since immune function is also generalized,

a protective trait for one infectious disease can also prove to be protective to a newly



introduced infectious disease. In this particular case the previous infectious disease
would have been responsible for leaving a signature, even though it is protective
against the newer infectious disease. For example, HIV is a recently evolved human
pathogen that has existed for less than 100 years in Europe. Studies on HIV
demonstrated that a deletion mutation in the chemokine C-C motif receptor 5 known as
the CCR5-A32 allele provides protection from HIV infection (Liu et al. 1996). The region
containing the CCR5-A32 deletion demonstrates a pattern of selection in Northern
Europeans (Galvani and Novembre 2005). Given that the pathogen has existed for less
than 100 years, it would not be responsible for leaving such a strong signature in the
population, a previous pathogen would have been responsible for leaving it. HIV just
benefited from how generalized immune response is to pathogen response. Through
the reconstruction of historical events, scholars hypothesize smallpox to be the leading
candidate for the selective agent (Galvani and Slatkin 2003). This example highlights
that variation selected in the past affect disease susceptibility to modern infectious
diseases.

The work presented in this dissertation takes a complimentary but opposite
approach. Instead of retroactively looking for signatures of selection around loci
associated with a particular infectious disease, we directly apply signatures of selection
to identify susceptibility or resistance loci to a modern pathogen, dengue virus. Our
hypothesis that these signatures of selection affect immune response to dengue
infection, rests on the previous literature of genetic immune response and how the

immune system is generalized and prepared to fight unknown pathogens. In this



approach, we are certain that dengue virus did not shape genetic variation in
Mesoamerican populations given that dengue has existed in the Americas at epidemic
proportions for only two generations. Through selection mapping, the effects of natural
selection can be inferred from patterns of variation and used to: 1) find functional
alleles, those alleles that are different from wild-type alleles, 2) determine which alleles
might be most useful in association studies, by prioritizing those alleles to the study of
current infectious diseases affecting Mesoamerican populations, and 3) identify alleles
that contribute to disease susceptibility, by nominating the signatures of selection as
candidate loci to study with dengue infection.

From here we can create a list of candidate genes to prioritize based on the map

of selection signatures.

Overview of Dissertation
The dissertation is organized into three parts that trace portions of Mesoamerican
evolutionary history, in particular with respect to how infectious diseases shape the

population. Each chapter seeks to answer one of the following research questions:

1. Are the detectable regions of archaic introgression in modern Mesoamericans

related to immunity?

To answer this question, we explore a few periods of time in Chapter 2. The first

looks at Neanderthal and Denisovan introgression in Indigenous American genomes.



Neanderthal introgression into Eurasian populations occurred 52,000-58,000 years
ago, although potentially more pulses of admixture occurred later into Asian populations
after their split from European populations (Villanea and Schraiber 2019). Denisovan
introgression occurred around 50,000 years ago (Browning et al. 2018b). Ongoing
investigations continue to resolve our understanding of archaic introgression.
Introgression in Indigenous American genomes would have occurred prior to the
peopling of the Americas, occurred as early as 33,000 years ago and certainly prior to
20,000 years ago (Ardelean et al. 2020).

We determined introgression using IBDMix, a novel program for detecting
introgression, in a cohort of indigenous Americans from Mexico that are part of the
Simons Genome Diversity Project (Chen et al. 2020; Mallick et al. 2016). This statistic
was run twice, once using the Atlai Neanderthal genome to represent Neanderthals,
and the second using the Denisovan genomes. We pulled out all introgressed segments
over 50 kb segment length and had an sLOD score of at least four. We retained
segments that overlapped in at least five individuals so that our results were more likely
to be representative of being at a higher frequency in the population as described by
Chen et al. (2020). These regions were then annotated and run through DAVID 6.8
pathway analysis to determine overrepresented pathways and gene categories (Huang
da et al. 2009a, b). Here we determine that both Neanderthals and Denisovan
introgression has persisted in genomic regions associated with immune response and

are therefore potentially examples of adaptive introgression in Mesoamericans today.
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2. Are we able to detect signatures of natural selection in Mesoamericans given the

prevalent history of exposure to infectious diseases left?

For Chapter 3, we used statistical tools aimed at detecting natural selection in a
Mesoamerican cohort from various populations in southern Mexico. Our first steps
before conducting the scan included addressing the admixture in our Mesoamerican
cohort. To do this, we ran global estimates of admixture using fastStructure and refined
the regions of admixture by assigning the ancestral population to each haplotype using
RFmix, a program for determining localized admixture on each chromosome. Then, we
removed all haplotypes assigned to non-indigenous American ancestry and imputed
them using a panel of indigenous Americans from throughout the Americas. Our last
step was to run the natural selection scan, for which we ran LSBL, XP-EHH, and iHS,
statistics to determine natural selection and departure from neutral expectations. We
paired each of the haplotype tests (XP-EHH and iHS) with an allele frequency test
(LSBL) in order to reduce false positives. These regions were then annotated and run
through DAVID 6.8 pathway analysis to determine overrepresented pathways and gene
categories (Huang da et al. 2009a, b). Here, we were able to demonstrate various
pathways and genes that were under selection, some of which have been previously
associated with infectious diseases in other populations, which were known to be

prevalent throughout the history of Mesoamericans.
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3. What risk factors contribute to Dengue-Infection in a modern Mesoamerican

population today?

For Chapter 4, we looked at epidemiological data collected in Guatemala during
the 2018-2019 rainy season. The participants were of indigenous American ancestry,
either self-identifying as Ladino, the name used for Mestizo in Guatemala, or Maya.
Here we conducted epidemiological surveys, using the standardized questionnaires
from the Ministry of Public Health and Social Assistance of Guatemala for cases. These
questionnaires were replicated for a set of controls. From there, we conducted t-tests,
chi-squared, calculated odds ratios, and ran a combined logistic regression to determine
whether there were certain risk factors between the cases and controls. Here, we found
that certain social factors such as waste on property or water security play a significant
role in the risk for infection. This study identifies what risk factors need closer attention

in order to reduce the risk of dengue transmission.

Significance

This dissertation highlights the importance of immunity and adaptation among
Mesoamerican populations whether deep in our evolutionary past, recent colonial
contact, or still being shaped by more recent infectious diseases. Anthropological
perspectives to applications of the study on modern health and disease place the
population within a particular place and time—which provides greater context to modern

ailments. Our work incorporating evolutionary perspectives to the study of infectious

12



diseases will ultimately aid in understanding the pathways associated with DENV-
infection, facilitate the identification of different antigens targeting specific biological
pathways for treatment and prevention measures such as in-vitro mouse models and
ultimately vaccines. Our study will provide the groundwork for participant stratification
based on DENV-infection susceptibility in future vaccine trials.

Modern humans have been recently shaped by selection more than previously
thought—and immune response is only a small portion of it (Hawks et al. 2007; Sabeti
et al. 2006). Furthermore, many diseases could be the result of risk variants being
proximate to regions selected for and therefore those regions warrant a closer look, an
example is the identification of heart disease loci in previously selected regions (Ko et
al. 2014; Zanetti et al. 2015). This dissertation demonstrates how to prioritize outlying
regions in studies of modern infectious diseases in Mesoamerican population: 1)
regions from archaic populations like Neanderthals or Denisovans, 2) regions
demonstrating strong signatures from previous natural selection.

By using approaches that incorporate introgressed regions or loci under recent
natural selection as candidate loci for studies, these candidate loci will ultimately
contribute to understanding gene function by tying genotype to phenotype. The
identification of immune response pathways under selection will aid in understanding
human physiology in response to infection. Furthermore, this approach will also aid
future endeavors to reconstruct population history and evolution particularly relating to
the adaptations of indigenous American communities —specifically Mesoamericans.

The context in which this project is formulated will inform researchers investigating the

13



intersections of shared ancestry and how they are tied to the environmental and political
history in the “local biologies” of Mesoamerica (Lock and Nguyen 2010). For instance,
the dissertation ties in political history and epidemiological data to demonstrate
environmental risk factors which go hand in hand with genetic factors that contribute
overall to the overall response. In more ways than one, historical events (past and
present) that manifest themselves on a cultural or structural level are deeply embedded
in the genomic history of populations contributing to how bodies today respond to
infection with modern pathogens. Our results show the effect of past selection and
introgression on immune response pathways thus bridging the gap between the
medicine and anthropology —and directions to which anthropology can steer the

conversation towards evolutionary framing.
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Chapter 2: Neanderthal and Denisovan Introgression Shape Imnmune Response
Genes in the Americas

ABSTRACT

We identified archaic introgression using IBDMix in a cohort of indigenous Americans
from Mexico that are part of the Simons Genome Diversity Project (SGDP). We tested for
Neanderthal introgression using the Atlai Neanderthal genome and for Denisovan
introgression using the Denisovan genomes. We applied a segment length cut off of 50
kb with a sLOD score of at least four. We further limited our findings to regions that were
overlapping in at least five individuals from our study population. These regions were
annotated and run through DAVID 6.8 pathway analysis to determine overrepresented
pathways and gene categories. We found evidence for Neanderthal introgression into the
TGF-f signaling pathway with 17 genes identified as potentially adaptively introgressed.
We also identified various loci related to cytoplasm and exosomes that were introgressed
by Denisovans. These findings demonstrate that events of introgression played a role in

shaping Mesoamerican genetic diversity with respect to immune response.

INTRODUCTION
Recent advancements in ancient genomics have unpinned our understanding of
population history —particularly with the sequencing of Neanderthal and Denisovan

genomes. These developments have demonstrated not only that we are able to

15



sequence the genomes of extinct Hominini revealing the extent of diversity within and
between ancient hominins, but also that admixture occurred between modern humans
and others from the genus Homo (Green et al. 2010; Green et al. 2006; Meyer et al.
2012; Prufer et al. 2014). These events of admixture are known as introgression, and
they have been detected across global human populations. Estimates of Neanderthal
introgression in non-African populations fall between 1-2% (Green et al., 2010; Prufer et
al., 2014), whereas estimates of Denisovan ancestry range from 0.2% in East Asians to
3% in Oceanians (Reich et al., 2010; Meyer et al., 2012; Prufer et al., 2014).

Studies of archaic introgression have highlighted the role of adaptive
introgression in shaping the human genome (Racimo et al. 2017; Racimo et al. 2015).
Adaptive introgression is characterized by genomic regions introduced by archaic
populations such as Neanderthals or Denisovans into the human gene pool at some
point in the past that led to increased fitness for the carrier in a specific environment.
One particularly noteworthy study demonstrated that the Tibetan version of EPAST, a
gene involved in oxygen sensing and metabolism that contributes to high-altitude
adaptation, most likely introgressed into Tibetan populations from Denisovans or
populations closely related to them. The introgressed version of EPAST1 that is found at
high frequency in Tibetans is one of the first examples of selection acting to increase
the frequency of an introgressed variant that increases the fitness of the carrier (Huerta-
Sanchez et al. 2014). Adaptive introgression also has been identified in immune
response genes including the MHC complex and toll like receptors (TLRs) across

populations from Europe and Asia (Abi-Rached et al. 2011; Dannemann et al. 2016;
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Mendez et al. 2012b). These findings highlight the importance of adaptive introgression
in shaping modern resistance to infectious diseases. However, it is important to stress
that not every introgressed segment has a selective advantage. Rather, several studies
have demonstrated that potentially introgressed regions into European and Turkish
populations from Neanderthals or Denisovans may be involved in metabolic or
autoimmune disorders (Lin et al. 2015; Taskent et al. 2017). Together, these findings
highlight the impact of both advantageous and deleterious introgressed variation in
shaping modern human phenotypic variation and disease susceptibility.

Despite recent advances in our understanding of the functional impact of
introgressed variation, considerable gaps in our knowledge remain concerning the
amount and phenotypic impact of adaptive introgression in most human populations.
One particularly understudied region with respect to archaic introgression is the
Americas. Introgression from both Neanderthals and Denisovans has been documented
among populations from the Americas (Chen et al. 2020; Racimo et al. 2017;
Sankararaman et al. 2014). However, our understanding of introgression among
Indigenous American populations is limited to grouping Indigenous Americans together
as a single continental group. Doing so ignores population-specific evolutionary events
that have shaped introgression levels on a local scale. Rather, introgression should be
determined on a population-by-population basis. Characterizing population-specific
introgression is an important step in understanding the impact of introgression in
particular populations. Furthermore, results from population-level analyses will highlight

the unique histories of populations that followed the peopling of the Americas.
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To date, we do not have a clear understanding of the specific introgressed
segments that have been maintained in particular populations. As demonstrated in
populations from outside of the Americas, introgression has biological consequences on
health, whether it is adaptive or predisposes to different conditions. Determining the
regions that have been introgressed into Mesoamerican populations will shed light on
their unique evolutionary history and contribute to our understanding of gene function in
a modern environment.

Given that other studies have pointed to adaptive introgression in immunity, we
were particularly interested in understanding the overall genomic profile of immunity for
Mesoamericans given their unique history of exposure to infectious diseases. This
history ranges from early city-states, to the diseases brought by colonial contact, to
modern infectious diseases. Here we ask whether we are able to detect an
representation of introgression at immune response genes in Mesoamerican
populations. To answer our research question, we joined together and formed a cohort
of 11 Indigenous American individuals from Mexico that were sequenced as part of the
Simons Genome Diversity Project (SGDP) (Mallick et al. 2016) to identify regions of

introgression in Mesoamericans,

METHODS
Archaic Populations: The Altai Neanderthal was obtained from the Max Planck Institute
through the Neanderthal Genome Project

http://cdna.eva.mpg.de/neandertal/altai/AltaiNeandertal/VCF/ (Prufer et al. 2014). The
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Denisova genome also was obtained from the Max Planck Institute through their online

repository http:/cdna.eva.mpg.de/denisova/VCF/hg19 1000g/ (Meyer et al. 2012). The

Neanderthal and Denisova map35_50 minimal filters were downloaded and applied to

the dataset https://bioinf.eva.mpg.de/altai minimal filters/. The filter used required that

50% of the segments used to align the archaic genome, which had a minimum base
pair length of 35, could not have a matching position to any other portion of the genome,
but could have up to one mismatch (Prufer et al. 2014). These filters are to reduce the

probability of mapping errors influencing the data observed.

Modern Populations: We obtained 11 fully public Indigenous Americans from Mexico
(gVCFs) from the Simons Diversity Genome Project (SGDP) available through the
Seven Bridges Cancer Genomics Cloud (Lau et al. 2017; Mallick et al. 2016). These
include: 2 Maya, 3 Mixe, 2 Mixtec, 2 Pima, and 2 Zapotec. We limited our analysis to
Indigenous Americans from Mexico to be representative of Mesoamerica and thus
reduced the potential effects of population structure that could have been present had
we included other distantly related Indigenous Americans populations in the SGDP. This
sample size is sufficient to determine population based signals of introgression, given
that Chen and colleagues determined the recommended sample size for the IBDmix
method we applied here to be ten individuals (Chen et al. 2020). All markers flagged as
“Low Quality” by the assembly process for the SGDP samples by Mallick et al. (2016)
were dropped. For analysis, we kept only those markers which were successfully

genotyped in a minimum of ten of the 11 individuals. The gVCFs were checked against
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the HG19/GRCh37 with decoy sequences obtained at: ftp://fip-

trace.ncbi.nih.gov/1000genomes/ftp/technical/reference/phase? reference assembly s

equence/hs37d5.fa.gz.

Indels and Segmental Duplications: To prepare the files for introgression analysis, all
indels and multi-allelic SNVs were removed and trimmed (+/- 5 bp) from both the
archaic and modern humans and the following steps were taken as recommended by
Chen et al. (2020). First, the Neanderthal and Denisovan indels were queried directly
from the gVCF. Second, the indels for the SGDP samples were queried from the BGT

files using the FermiKit small variant calls available at: https://github.com/Ih3/sgdp-fermi.

Third, segmental duplications were obtained from the UCSC genome browser and
removed from all humans

http://hgdownload.cse.ucsc.edu/goldenPath/hg19/database/genomicSuperDups.txt.gz.

Genome Preparation: Files were manipulated and prepared for introgression analysis
using VCFtools, BCFtools, and bedtools (Danecek et al. 2011; Li et al. 2009; Quinlan

2014; Quinlan and Hall 2010).

Introgression analysis: We used IBDMix, which is based on the principles of Identity by
Descent (IBD), to calculate the Logarithm of the Odds (LOD) score for regions, better
represented as a sLOD score, or the average of LOD for a segment (s) (Chen et al.

2020). We ran one archaic individual, whether it was the Denisovan or Neanderthal, in
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comparison with the 11 indigenous American individuals from Mexico. CpG regions
were masked in our analysis by preparing a bed file containing all CpG islands from the

UCSC genome browser: http://hgdownload.soe.ucsc.edu/goldenPath/hg19/database/.

We considered all segments longer than 50 kb with a sSLOD score higher than four as
candidates for introgression. Chen and colleagues previously determined that 50 kb
length paired with a sLOD score of four was powered to detect introgressed segments
in the population while reducing the amount of false positives (Chen et al. 2020). In
pedigree studies, a LOD score of three is considered to be significant as it means that
the odds are one thousand to one (103) that the segment was inherited through identity
by descent. In this case, an sLOD score of four means that the odds are ten thousand

to one (10%) that the segment was inherited by identity by descent.

Annotation of Regions: Windows were annotated for genes using the bedmaps option

from BEDOPS tools (Neph et al. 2012).

RESULTS

We determined introgression using IBDMix (Chen et al. 2020) in a cohort of 11
Indigenous Americans from Mexico obtained from the SGDP. The IBDMix statistical
program was run twice, once using the Atlai Neanderthal genome to represent
Neanderthals and again using the Denisovan genome. To reduce false positives, we
pulled out all introgressed segments that were over 50 kb in length and that had an
sLOD score of at least four as optimized by Chen et al. (2020). We retained segments

that overlapped in at least five individuals so that our results were more likely to
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represent regions of adaptive introgression in the population as described by Chen et al.
(2020). Neanderthal and Denisovan introgression were detected on all of the
autosomes (Figure 2.1). On average the frequency of Denisovan introgression in our 11
individuals was higher (1.68% of the genome) than our estimate of Neanderthal

introgression (0.68% of the genome) (Table 2.1).
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Figure 2.1. Composite map of the proposed regions of introgression across all 11

Indigenous American individuals from Mexico. Neanderthal and Denisovan

introgression were detected on all chromosomes. Fragment size differs per individual
and the start and end coordinates are staggered and overlapping at different ends.
There are no overlapping Neanderthal and Denisovan segments as those were

previously removed to control for incomplete lineage sorting.

Table 2.1. Total Amount of Introgression Characteristics for Indigenous Americans from

Mexico
% of Average
Autosomes St. Dev Mbp St. Dev
Neanderthal 0.86 0.08 24.85 2.43
Denisovan 1.68 0.46 48.43 13.15

Mbp, Mega base pair
St.Dev, Standard deviation
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Segment Lengths

Introgressed segment lengths differed by archaic genome. With the exception of
a few outliers, Neanderthal segment lengths were longer than Denisovan segment
lengths (Figure 2.2). Neanderthal segment lengths ranged from 50,001 to 1,300,492 bp
with a median length of 12,1130, whereas Denisovan segment lengths ranged from
50,188 to 24,982,278 bp with a median length of 107,450 bp (Figure 2.2). We
determined that the segment length inherited across individuals was similar for both
Neanderthal and Denisovan introgression (Figure 2.3a, b). Individuals inherited similar
total amounts of Neanderthal sequences, but the range for inherited Denisovan
sequences was much larger (Figure 2.3c). Neanderthal introgression ranged from 20.87
to 29.49 mega base pairs (Mbp). Denisovan ranged from 28.39 to 63.49 Mbp. Given
that there were several outlying segment lengths for Denisovan introgression, these
were plotted to observe the distribution across segment lengths by sLOD scores (Figure
2.4). We identified 7 outlying segments for Denisovan introgression that ranged from
24.98 Mbp to 23.85 Mbp in length. They ranged in sLOD score from 5.02 to 18.15.
These may be artifacts of incomplete lineage sorting as the lengths are incredibly large

and outside the normal distribution of values.
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Figure 2.2. Neanderthal and Denisovan fragment lengths in Indigenous Americans from
Mesoamerica. The overall distribution of introgressed fragment lengths detected in
Indigenous Americans from the SGDP from Denisovan (yellow) and Neanderthal (blue).
Fragment length is depicted on the x-axis and is scaled in kb. The inset is a zoomed in
view of the overall distribution of introgressed fragment lengths, looking at the y-axis
from 0-500. There are 152 total data points missing in the inset from the original figure.
The inset highlights that the Neanderthal fragment lengths are on average longer than
the Denisovan fragment lengths
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Figure 2.3. Total amount of Neanderthal and Denisovan introgressed sequences across
individuals. Violin plot showing the amounts of introgression per individual. The thicker
parts of the plot demonstrate a higher density of introgressed segments for that length.
A. Neanderthal introgressed segment lengths in each Indigenous American individual in
kilo base-pair length. Individual sample IDs are provided on the x-axis. Overall, the
density is higher for shorter fragments. B. Denisovan introgressed segment lengths in
each Indigenous American individual in kilo base-pair length. Overall, the density is
higher for shorter fragments. C. The total amount of introgressed sequences per
individual represented in Mbp.
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Figure 2.4. Distribution of LOD score and segment length for Denisovan introgression
into indigenous Americans from Mexico. The distribution of the sLOD values (x-axis)
with segment length (y-axis) for Denisovans. The black line is the line of best fit for the
data. Of note are the few outlying segments in the upper right corner. These may be
artifacts of incomplete lineage sorting. Higher LOD scores determine that there is a
higher probability that the segment was introgressed into Mesoamericans.
Pathway Analysis

Introgressed regions were annotated and run through DAVID 6.8 to determine
overrepresented pathways and gene categories (Huang da et al. 2009a, b). Our
annotations were limited to genes within the windows of introgression in order increase
chances that the introgressed segment will be functional. For Neanderthal introgression,
we identified 36 GO term categories (Table 2.2). We identified the following categories

of interest among Indigenous Americans with respect to immune function: “response to

virus” consisting of 7 genes, “lipid catabolic process” consisting of 6 genes, “insulin
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secretion” consisting of 4 genes, and the “negative regulation of TGF-3 receptor

pathway”, consisting of 6 genes. We chose to highlight these categories given the

importance of the TGF-B pathway for both protective immunity as well as its role in

regulating insulin and metabolic disorders (Batlle and Massague 2019; Worthington et

al. 2012; Yadav et al. 2011).

Table 2.2. Gene Ontology grouping and annotations of the Neanderthal introgressed

regions.

receptor localization to
synapse

collagen catabolic
process

negative regulation of
cardiac muscle cell
proliferation
coenzyme
biosynthetic process

translesion synthesis

positive regulation of
apoptotic process
serotonin metabolic
process

activation of GTPase
activity
establishment of
protein localization

release of cytochrome
¢ from mitochondria
negative regulation of
transforming growth
factor beta receptor
signaling pathway

16

NLGN1, NRXN1, DLG2,

NETO1

MMP10, MMPZ20, COL19A1,
COL13A1, MMP8, MMPZ27,

MMP3, MMP1

TGFBR2, GJA1, KCNK2,

TP73

PANK1, SLC25A16, PPCDC
RFC3, POLI, DTL, POLD2,

UBE2L6
ING5, AIFM2, BCL2A1,

ARHGEF16, ARHGEF12,
ECT2, ST20, PDCD1, TP73,

PDCD2, ITGASG, IRFS5,
C1QBP, BOK, PDCD5,
GADD45A

RNF180, HTR1A, BTBD9
EVI5, GPR65, ARHGEF16,
TBC1D1, TBC1D30, ECT2,

USP6NL

ITGA8, NLGN1, NRXN1,

PHLDB2, USH2A

GGCT, BOK, BCL2A1, ST20

TGFBR2, ONECUT2,

SMAD3, TGFBR3, PRDM16,

PBLD

16.22

4.56

14.60

15.64

5.07

1.95

13.69

3.23

4.56

6.35

3.42

0.002

0.002

0.002

0.014

0.016

0.018

0.019

0.021

0.023

0.024

0.030

0.93

0.80

0.72

1.00

1.00

1.00

0.99

0.99

0.99

0.99

0.99
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protein targeting to
membrane

oxidative
demethylation
locomotory exploration
behavior

extracellular matrix
organization
heterophilic cell-cell
adhesion via plasma
membrane cell
adhesion molecules
protein localization to
synapse

biosynthetic process

insulin secretion
formate metabolic
process

regulation of cellular
localization

positive regulation of
protein oligomerization
telomere maintenance
via recombination
extracellular matrix
disassembly

skeletal muscle tissue
regeneration

DNA strand elongation
involved in DNA
replication

activation of cysteine-
type endopeptidase
activity involved in
apoptotic process

vesicle fusion
regulation of cilium
assembly

synaptic vesicle
clustering

response to virus

lipid catabolic process

11

RTP5, PARD3, ATG4B,
ATG3

ALKBH1, CYP1A2, TET1

SLC4A10, LSAMP, DPP4
NPHP3, COL9A1, SMOC2,
LAMBS3, COL19A1, ITGAS,
COL13A1, ITGA8, MYF5,
CCDC80, KDR

REG3A, NECTIN1, NLGN1,
NRXN1, CD200

NLGN1, NRXN1, PCLO
AADAT, SPTLC2, APMAP,
PBLD

CPLX3, RAPGEF4,
EIF2AK3, PCLO

MTHFS, MTHFD1L
PARD3, CAMK2D

TRABD2B, MMP3, MMP1
DNA2, RFC3, POLE,
POLD2

MMP10, MMP20, LAMBS3,
MMP8, MMP3, MMP1

MYF6, EYS, GJA1

GINS1, RFC3, POLD2

NOD1, BOK, SMADS3,
EIF2AKS3, NLRP1, PDCD2
C2CD5, SYT14, SYTL2,
YKT6, TSNARE1

EVI5, TBC1D1, ATGS,
USP6NL

NLGN1, NRXN1

IFITS, IFIT1, IFIH1,
CREBZF, PRKRA, CXCL12,
DCLK1

NCEH1, PLCB4, LRCOL1,
LIPH, PLCXD2, OC90

5.62

9.13

9.13

2.05

3.65

8.42

4.87

4.71

36.50

36.50

7.82

4.56

2.88

7.30

7.30

2.64

3.09

3.95

24.34

2.32

2.58

0.033

0.041

0.041

0.043

0.047

0.048

0.048

0.052

0.054

0.054

0.055

0.056

0.057

0.062

0.062

0.077

0.078

0.080

0.080

0.081

0.083

0.99

1.00

1.00

1.00

1.00

1.00

0.99

1.00

0.99

0.99

0.99

0.99

0.99

0.99

0.99

1.00

1.00

1.00

1.00

1.00

1.00
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cell differentiation

memory

chloride transport

19

4

CPLX2, VIPAS39,
COL13A1, CCDC169-
SOHLH2, ONECUTZ2,
TGFBR2, SPATASB1ET,
SPATA31C2, SPATA31C1,
SOHLH2, NKAPL, PTPRQ,
CYLC2, COL19A1,
SPATA16, SLC9C1, BRDT,

CSK, ATOH7 1.50 0.084
ITGAS, LMX1A, KCNK2,

NETO1, KCNK10 2.94 0.089
SLC4A10, GABRGS,

GABRAS5, ANO7 3.65 0.095

1.00

1.00

1.00

For Denisovan introgression, we identified 24 GO term categories (Table 3). Of

these categories, five play a crucial role in immunity. They include “cytoplasm” with 219

genes associated, “cytosol” with 133 genes, “cilium” with 12 genes, “primary cilium” with

8 genes, and “extracellular exosome” with 123 genes associated (Table 3). For

example, exosome signaling, and the cytoplasm are part of the innate immune system

(Baquir and Hancock 2017; Kagan 2012). Our combined results demonstrate the

importance of introgression to immune response loci and point to their adaptive

importance for the environments of the evolutionary past through to the present.

Table 2.3. Gene Ontology grouping and annotations of the Denisovan introgressed

regions.

intermediate
filament

25

KRTAP15-1, KRT12, KRTAP13-4,
KRTAP13-3, KRT10, KRTAP27-1,
KRT20, KRT23, KRTAP13-2,
KRTAP13-1, KRTAP26-1, KRT24,
KRT26, KRT39, KRT25, KRTZ28,
KRT27, KRTAP25-1, KRT40,
KRTAP23-1, KRT222, KRTAP19-3,
KRTAP19-4, KRTAP19-1, KRTAP19-

2

6.20 0.00

0.00

31



synapse

cytoplasm

16

219

PPFIA2, GABRA2, CPEB3, CADM2,
GABRB2, WASF1, SDK1, PCDH15,
GRIN3A, NRCAM, TULP1, PACSIN1,
RAPSN, SNTB2, CYFIP1, UNC5C 2.48 0.00
CTHRC1, RP9, CMTR1, PTPNZ20,
TECRL, RBM8A, VPS4A, EIF2B3,
LRRC7, SYK, NAA25, KRT10, OPTN,
CTNNA2, GRB10, DCAF6, RFC1,
ROR1, PDE4DIP, HAS3, DNAH12,
ASB14, KRT20, TIPRL, KRT24,
DTD1, KRT25, KRT28, TMEM50A,
KRT27, RCHY1, PABPC1, OLFM2,
DHX8, RANBP17, SMAD5, DUSP22,
PCDH15, RPS8, PTPN11, PXDNL,
SRSF3, RNF8, CBLB, CCT4,
BTBD10, FAM161A, MAP7, RGSL1,
RIT2, GRK2, BTBD11, DPPS3,
CREBRF, MTRNR2L5, LXN, CPEBS,
NAAA, NFKB1, CFAP36, RSPHA4A,
NSMCES, EEF2K, FBXL12, DPPS8,
HHIP, ADCY10, TUBB1, LOC653513,
ALS2CL, NIP7, PRSS50, KCTD20,
CDR2, MAST2, BNIP1, ADM,
FANCD2, PLEKHHZ2, NUP205,
MAP3K19, SIAH1, ARL4D, CRYBAT,
PPFIA2, NBPF20, CEP128, NUFIP2,
MLF1, WDR19, ANKS6, WDR11,
BCASS3, AGL, LRSAM1, NBPF10,
NASP, SRGAP2C, APPL1, SVIL,
RBM14, NBPF19, MPHOSPHS,
RBM14-RBM4, UBXN4, PGK2,
ALDH1L1, STK38, NIT2, RBMA4, IDE,
LRRC4C, MCM10, WNT1, PACSINT,
KLHL5, PACSIN3, DNAJCY, CPOX,
LIX1L, TWF1, MADD, NUDTS3,
ARNTL, PNPLA1, TNKS2, MRE11,
PSMA2, ANKRD13D, FAM72B,
FAM72C, FAM72D, SNTG1, HSPB1,
LRRK2, FILIP1L, ARFGAP2,
MRPS16, HACD3, PKHD1, SSH3,
PNPT1, SNX4, WT1, COMMD10,
IRAK4, ZNF322, EIF3E, NPM1,
HECTD4, RPL10A, RHEBL1,
ZMYM2, ZMYM5, BRCA1, PLKS,
PSMC3, SPTBN2, MYLK, PC,
HECW1, TACR3, FIGNL1, GABBR2,
LARP1, AKR1C3, AKR1C2, DCAF13,
FRMD6, AKR1C4, DDX60, HEY?2,
ARHGAP1, SNTB2, NBPF4, CNTLN,
NBPF6, NBPF9, NBPF8, PPIALA4C,
IRAK2, PPIAL4A, PPIALA4G,
STXBP4, DDN, CTH, AKR1C8P,
ERN1, KPNA5, COMMD1, EMC2, 1.18 0.00

0.38

0.36
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collagen
trimer

extracellular
exosome

10

123

UBAP2, SLC7A60S, BCLAF1,
CDH1, CDH3, DNAH5, UBEZ2R2,
TUBGCP5, ROPN1B, ECD,
PPP1R12A, PNPO, CCS, BDH2,
TNPO1, TERF2, GEMIN5, PPP4R3B,
TXNIP, IPP, CENPE, UBL5, RGS20,
ACTRT2, RSRC1, PSPC1, IRF4,
URI1

MARCO, C1QTNF9B, CTHRC1,
COL21A1, P4HA1, SFTPA2, SFTPD,
COL12A1, SFTPA1, ADIPOQ 3.05 0.01
RARRES1, ALDH1L1, CHMPA4C,
NIT2, GABRB2, RAB3GAP1, CUL3,
WNT1, PACSING, TGFBI, ST3GALS,
RPL26L1, DYNC2H1, COL12A1,
VPS4A, RPL12, ITFG1, CRISPS3,
NUDT3, CHTF8, ERP29, KRT12,
ABCC11, KRT10, ACTN3, CFAP70,
PSMA2, NPC1, RFC1, NBR1,
TMEM106A, F2, HSPB1, RPS10,
LRRK2, MDHZ2, FAM171A1, GC,
PKHD1, ACP2, RIMS2, EPHBI1,
KRT24, ALCAM, KRT26, KRT25,
KRT28, UBE2D3, KRT27, EIF3E,
PABPC1, SCARB2, RPL10A,
ACMSD, PCDH15, RPS8, SERPINI2,
CCT4, CYFIP1, MYLK, UQCRC2,
DPP3, LXN, NAAA, FIGNL1,
PRKAG1, AKR1C3, ART3, AKR1CA4,
ARHGAP1, SNTB2, TUBB1,
TUBAT1A, CNTLN, TUBAT1B,
AKR1C1, PPIAL4C, KNG1, DDC,
PPIAL4A, CTSZ, SDK1, ATP6V1H,
STXBP4, ALK, VAT1, C1QTNF9B,
CTH, CNTN1, COMMD1, CTSH,
PROS1, CTSF, PPFIA2, GPR180,
FKBP5, CDH1, SPHKAP, ANXA?,
AKR1A1, PNPO, BRK1, SUCNR1, 1.23 0.01

0.46

0.60
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cilium

primary
cilium

focal
adhesion
lamellar
body
SCAR
complex
lysosomal
lumen
cytoplasmic
microtubule
ubiquitin
ligase
complex
postsynaps
e

12

23

BDH2, COL8A1, TNPO1, DNM3,
GSTA3, PLA2G15, TMC5, FBN1,
RPL27, SCRAN2, APPL1, MAN1CT1,
ADIPOQ, PEX11B, PLSCR1,
YWHAG, EYS, MUC19, MPHOSPHS,
PGK2

CFAP70, TULP1, WDR19, DNAH12,
CCP110, PKHD1, GPR161, BBS9,
ANKS6, DYNC2LI1, ADCY10,
ARL13B

WDR19, PKHD1, GPR161,
DYNC2LI1, DYNC2H1, GRK2,
TNPO1, ARL13B

TWF1, HACD3, WASF1, RPL27,
CDH1, ACTN3, HMGA1, RPSS,
ALCAM, YWHAG, DCAF6, RPLE,
SVIL, NPM1, PPP1R12A, SNTB2,
CYFIP1, HSPB1, RPS10, RPL10A,
PABPC1, RPL12, SCARB2

SFTPA2, SFTPD, SFTPA1

WASF1, CYFIP1, BRK1

GC, GPC5, NAAA, GPC6, ACP2,
SCARB2, MANBA, CTSF

KIF2C, RGS20, DYNC2LI1, BCASS,
TUBA1A, TUBA1B

MEDG6, RNF8, FBXL12, ASB14,
RCHY1, RNF20, BRCA1,
MPHOSPHS8, DCUN1D5

GABRA2, RAB3GAP1, NPAS4,
LRRK2

2.23

2.88

1.65

10.51

10.51

2.64

3.30

2.34

5.10

0.02

0.02

0.02

0.03

0.03

0.03

0.03

0.04

0.04

0.77

0.74

0.73

0.79

0.79

0.76

0.76

0.77

0.77
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motile cilium
intracellular
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complex

cell junction
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c density
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endosome
membrane

cytosol

10

24

12

133

WDR19, RSPH4A, ROPN1B,
DYNC2LI1, MKKS, ADCY10,
ARL13B 2.58 0.05

MRPL10, NPM1, SNRPD1, RPL27,

PABPC1, RBM14, LRRK2, BRCAT,

RBM14-RBM4, RPS8 2.06 0.05
SLCB8A3, SVOP, GABRA2, GABRB2,

CPEB3, DLGAP2, SYT12, SDKT1,

CDH1, GABBR2, LRRC4C, GRINSA,

RIMS2, TULP1, DCAF13, PACSIN1,

RAPSN, DDB2, SPTBN2, KCTD16,

UNC5C, LRRK2, OLFM2, LRRC7 1.47 0.06
NETO2, DNM3, GRM3, RGSZ20,

DAB1, DLGAP2, CPEB3, EEF2K,

GRIN3A, LRP4, LRRC7, CTNNA2 1.83 0.07
BBS1, RSPH4A, DYNC2LI1,

DYNC2H1, TCTEX1D4, DNAHS5,

ARL13B 2.45 0.07
NPC1, ANXA8, CHMP4C, SNX16,

VPS4A, ADAM30, OSBPL11,

SCARB2 2.22 0.07
RNASEL, CNOTS8, ALDH1L1,

CHMP4C, GABRB2, DYNC2LI1, IDE,

SNRPD1, CNOT4, CUL3, MAP3K5,

PACSIN1, DAB1, RBM8A, RPL26L1,

DYNC2H1, VPS4A, PELI3, RPL12,

EIF2B3, SYK, ROCK1, MADD,

NUDT3, ACTNS3, OPTN, MRE11,

TNKS2, CTNNA2, PSMA2, GRB10,

SULT1B1, RIOK3, RASGRF1, NBR1,

HSPB1, RPS10, LRRK2, GC,

ARFGAP2, ERBB4, BBS9, CEP164,

EPHB1, IFI35, PIN1, IRAK4,

UBE2D3, RPL6, EIF3E, NPM1,

PABPC1, RPL10A, ZMYM2, AGBL1,

CKAP5, OSBPL7, SMAD5, ACMSD,

RPS8, PTPN11, TULP1, CBLB,

CDKN1A, CCT4, PSMC3, SPTBNZ2,

CYFIP1, GRK2, MYLK, PC, HECW1,

PHKB, PRKAG1, MYBPC3, NFKBI1,

AKR1C3, KIF2C, AKR1C4, PRMT?7,

ARHGAP1, EEF2K, MKKS,

SULT1E1, RHOD, ADCY10,

TUBAT1A, CABLES1, AKR1C1,

IRAK2, DDC, ATP6V1H, PDE10A,

HMGAT1, LDLRAP1, BBS1, CTH,

EIF4A2, KPNAS, SIAH1, CTSH,

PPFIA2, SNX16, ATG13, PRDM16,

DCT, ANXA7, ANXA8, TUBGCP5,

AKR1A1, PPP3CB, PPP1R12A,

PNPO, CCS, BRK1, BDH2, TNPO1,

AGL, GEMIN5, TXNIP, GSTAS, 1.12 0.08

0.83

0.81

0.84

0.83

0.81

0.81

0.86
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CCP110, VHL, RPL27, POLR3GL,
CENPE, APPL1, POLR3E, PLSCR1,
YWHAG, SP6, ALOX5, IRF4

ciliary BBS1, GPR161, BBS9, HHIP,

membrane 5 ARL13B 2.98 0.09 0.85
large

ribosomal

subunit 3 RPL26L1, RPL10A, MRPL32 6.01 0.09 0.84

clathrin-
coated

endocytic
vesicle 3 SFTPA2, SFTPD, SFTPA1 5.61 0.10 0.87

DISCUSSION

Determining archaic introgression, or the contribution of genetic material from
other Homo subspecies to our own, can prove useful for identifying population specific
genomic regions that effect human health and disease. In fact, as has been shown in
several studies of immunity and autoimmune disorders, identifying adaptively
introgressed segments can be used as a tool to prioritize loci with functional phenotypic

effects (Dannemann et al. 2016; Lin et al. 2015; Mendez et al. 2012a; Pajic et al. 2016;
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Taskent et al. 2017). These loci could be adaptive at the present time or were adaptive
at some point in the past. If the latter, changing environments would have rendered their
former adaptive significance neutral. These regions can be better understood and
classified as adaptive when gene function is determined and tied to introgressed alleles.
Similar to approaches identifying outlying genes subject to past natural selection, these
outlying introgressed loci could be nominated as candidate loci for the study of
infectious diseases susceptibility or autoimmune disorders given that they are high
frequency haplotypes that are potentially different from haplotypes present in other
populations.

Our study demonstrated the importance of the persistence of genes from
Neanderthal and Denisovan populations that are related to immune response. Here we
propose the TGF- signaling pathway introgressed from Neanderthal populations as an
important mediator of immunity and metabolic pathways. Furthermore, we propose that
innate immunity via cytoplasm related mechanisms and exosome signaling has been
shaped by introgressed segments of Denisovan origins.

For the TGF-B signaling pathway, we found various categories associated with
this particular pathway. For instance, in our pathway analysis we identified a group of
genes associated with the negative regulation of this pathway. Additionally, we identified
genes falling into categories of metabolism and insulin sensitivity as well as viral
response. To date, the TGF-f signaling pathway has been studied broadly in Mexican
and Mexican American populations with heart disease, metabolic disorders, and

cancers (Fragoso et al. 2012; Martinez-Campos et al. 2019; Zavala et al. 2013). Further
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studies on immune response and the TGF-B signaling pathway have focused primarily
on Hepatitis C infection in Mexico (Fierro et al. 2017). No research has been devoted to
understanding the role of this pathway in T-cell regulated immune response in Mexican
or Mexican American populations despite the fact that this pathway has been largely
documented to regulate T-cells with respect to infectious diseases like Chagas and HIV
in other global populations (Reed 1999; Worthington et al. 2012). Clarifying the
importance of this pathway in related indigenous populations is important given that
Indigenous Americans from Mexico faced pressures of infections from Chagas in their
city states and still continue to have exposure to Chagas. Understanding outlying genes
due to adaptive introgression may potentially improve treatments and infection
outcomes.

Our DAVID pathway analysis of Denisovan introgression revealed the GO
Terms “cytoplasm” and “exosome and cytosol” as the categories with the highest
number of genes. Cytoplasm had over 200 genes and exosome and cytosol had over
100 genes showing evidence of Denisovan introgression. Both of these GO Terms are
important regulators of the immune response. The cytoplasm is involved in innate
immunity. It contains proteins that scrutinize incoming pathogens, identify them as either
viral or bacterial, and classify them as a threat (Kagan 2012). Exosomes function as
part of the immune system by transporting, merging, or binding to receptors, and
signaling between cells (Baquir and Hancock 2017). They are primarily associated with
transporting MHC Class | or Il peptides (Robbins and Morelli 2014). Given the

evolutionary importance of the MHC complex in response to infectious diseases and the
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prolific exposure of Indigenous Americans to infectious diseases during the Colonial
era, understanding the genetic variation that was introgressed and how it influences the
innate immune system, would aid in better understanding and treating infections in
certain populations.

There are various methods to detect events of introgression. They include the
four population statistic test, the D statistic (ABBA-BABA), the S* Statistic, and most
recently IBDMix (Chen et al. 2020; Green et al. 2010; Plagnol and Wall 2006; Reich et
al. 2009; Vernot and Akey 2014). The D-statistic is the most commonly used measure of
introgression. However, when this statistic is applied to humans, it makes the
assumption that African populations contain no Neanderthal or Denisovan introgression.
Furthermore, it is performed on individual genomes rather than population-level data.
We employed the newest statistic, IBDMix, to determine regions of introgression in a
population of indigenous Americans. This method does not require an outgroup such as
statistics like the D statistic (Chen et al. 2020), thus allowing for the potential to discover
novel regions of introgression previously masked by an outgroup.

In our indigenous American cohort from Mexico, we found a smaller amount of
Neanderthal introgression, 24.85 Mbp, than previously reported by other studies for
Indigenous Americans (Figure 2.2, Table 2.1). For instance, Chen et al. (2020) reported
that there was on average ~50 Mbp per individual among 1000 Genomes Americas
population. This discrepancy could be explained in several ways. First, it may be the
result of an artifact of modern-day admixture in the 1000 Genomes American

populations. Second, it could be the result of variable levels of introgression across
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different populations as demonstrated by Racimo et al. (2017). In that study, Peruvians
from Lima were identified as having the highest amount of introgressed sequences in
the Americas. Therefore, since estimates are provided for the continent, the averages
for all of the Americas may be inflated by differing levels of detectable introgression
across various indigenous populations. Third, another potential explanation for our
smaller than average Neanderthal introgression is population substructure within the
Indigenous Mexican population studied here. In fact, Mexican indigenous groups exhibit
genetic differentiation and are characterized by small effective population sizes
(Moreno-Estrada et al. 2014). For a region to be considered introgressed, it had to fulfill
the threshold of being present in five individuals from the study population. This criterion
may have affected our introgression estimate. This could be addressed in future studies
that estimate introgression in a single, more homogenous population.

Our Denisovan estimate for introgression (1.68%) was higher than the previous
estimates for the Americas that placed it at 0.05% of autosomes (Sankararaman et al.
2016). We did expect to detect novel regions with more refined techniques of
introgression such as IBDmix used here. However, we suspect that our higher
percentage is an artifact of the parameters set forth in IBDmix, which have not been
optimized for Denisovan populations. Given that introgression estimates for Denisovans
are hypothesized to have occurred before Neanderthal admixture, we would expect
shorter segments on average than Neanderthals. The pattern holds mostly true (Figure
2.2). However, we identified several outlying Denisovan segments that were much

longer than the average distribution (Figure 2.4). Therefore, these segments most likely
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would be false positives and could be artifacts of incomplete lineage sorting (ILS). To
further optimize the results, we suggest the following: 1) Apply a stricter threshold for
sLOD scores to be greater than four. Just a small shift towards using a stricter sLOD
score such as five or six would remove the outlying points. 2) Remove any African-
Denisovan introgression results to account for ILS, at least initially until results have
been verified by D-Statistics. 3) Optimize the results using an already verified method,
such as D-statistics in order to optimize the fragment length and LOD scores to get a
consensus of introgressed regions. Implementation of #3 would obviate the need for
#2, as one may be masking actual introgressed regions introduced into the African
population as a result of back-migrations from other populations (Chen et al. 2020).
These suggestions are outside of the scope of this project and will require it to be
optimized not only in one population but across multiple global populations. | plan to
explore these further in the future with an expanded dataset.

Our study adds to the growing number of studies on archaic introgression and
demonstrates that there are varying degrees of introgression in genes related to
immunity and metabolism in an Indigenous American population from Mexico.
Furthermore, we have created a catalogue of candidate genes with evidence of
adaptive introgression. This catalog will be useful in future studies whose aim is to
characterize the functional impact of adaptive introgression, and it may be useful in
efforts to characterize gene function. Finally, our results shed light on the potential

impact of adaptive introgression in the evolutionary history of Indigenous Americans.
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We have identified candidate regions of adaptive introgression among
Indigenous Americans from Mexico, thus laying the groundwork for determining the
function of shared alleles between archaic hominins and modern Mesoamerican
populations. Characterizing the function of specific haplotypes will allow us to create
better targeted approaches to understanding infectious diseases response, immunity,
cancer, and metabolic disorders among others. The goal is not to stop at identifying
these alleles, but at tying genotype to phenotype in the near future. Refining the regions
of introgression and identifying their functional effects will allow us to reconstruct
population history to understand the present and will lead to clearer understandings of
the molecular mechanisms underlying phenotypic diversity. Furthermore, functional

analysis of introgressed variants will determine how they impact health today.
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Chapter 3: Inmune Response Genes Under Selection in a Mesoamerican Cohort

ABSTRACT

Infectious diseases are among the strongest selective pressures on the human
genome; and past selective events influence host susceptibility and resistance to
modern diseases. Therefore, searching for signatures of natural selection in genes
related to immune function is a particularly attractive strategy to identify host factors for
infectious disease. To characterize host risk factors in a Mesoamerican population, we
interrogated 525,467 SNPs assayed using the Affymetrix 6.0 genotyping array for
signatures of natural selection in immune response genes. The Mesoamerican
populations included: 25 Maya and 14 Mesoamericans from Mexico. Additionally, we
used available data from 60 Europeans of northern European ancestry and 90 East
Asians from China and Japan. We applied three statistical tests to identify signatures of
natural selection: locus specific branch length (LSBL), the Cross-Population Extended
Haplotype Homozygosity (XP-EHH), and the Integrated Haplotype Score (iHS). Each of
the Haplotype tests (XP-EHH and iHS) were paired with an allele frequency test and
significance was determined at the 1% level. For the paired analyses, we identified 55
statistically significant windows for XP-EHH/LSBL and 70 statistically significant
windows for iIHS/LSBL. Among our top immune response loci, we find significant

associations with the Major Histocompatibility Complex (MHC) and the peroxisome

43



proliferator-activated receptor gamma (PPAR-y) signaling pathway. These findings
illustrate that Mesoamerican populations immunity has been shaped by exposures to

infectious disease.

INTRODUCTION

In the current genomic era, we have begun to disentangle population
evolutionary history—learning how the environment shapes genetic histories. Despite
advances in understanding evolutionary histories of worldwide populations, such as
migration routes, admixture, and natural selection, there remains a dearth in knowledge
concerning Indigenous Americans. Based on what is known to date of population history
and historical records, we hold the assumption that two major events contributed to the
genomic architecture of Indigenous Americans: 1) migration and subsequent settling of
populations to the Americas 20,000 years ago, and 2) colonial contact starting in the
15t century.

After crossing over into the American continents, Indigenous Americans
encountered new environments ranging from tropics to tundra and from low to high
altitude. These ecologies shaped their genomes through adaptations to local selective
pressures (Reich et al. 2012; Wang et al. 2007). Several genomic studies have
demonstrated local adaptation among various populations from the Americas including
high-altitude adaptation among Andean highlanders, dietary and cold adaptations

among the Inuit and descendant populations, adaptation to physical endurance in
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Mexico, and immune adaptation among various Indigenous American groups (Amorim
et al. 2017; Avila-Arcos et al. 2020; Bigham et al. 2010; Reynolds et al. 2019).

Given the urbanization and high population density of Mesoamericans during
pre-colonial times, infectious disease was likely a strong evolutionary pressure in this
region (Mummert et al. 2011; Smith 2016). However, the diversity of infectious diseases
present in the Americas prior to colonial contact differed from the infectious diseases of
Afro-Eurasia and Oceania. This was an outcome of both geographic isolation and
differences in zoonotic biota (e.g. insects and fauna) that served as vectors. Therefore,
selection likely did not act on the genomes of Indigenous Americans for variants that
protected them from the “Old World” infectious diseases. Rather, pre-colonial
populations in the Americas adapted to diseases that were locally prevalent. Examples
of diseases confirmed to have been present in the Americas prior to European contact,
such as Chagas, tuberculosis, syphilis, and hepatitis, would therefore be responsible for
leaving signatures of selection in the population prior to colonial contact (Bos et al.
2014; Klaus et al. 2010; Merbs 1992; Steverding 2014).

Indigenous Americans’ isolation from Old World diseases ended with devastating
effects from European colonial contact in the late 15t century. Historical records
indicate that infectious disease killed upwards of 90% of Mesoamerican communities
(Feldman 1999; Leon-Portilla 2011; Lockhart 1992; Restall et al. 2005). Mitochondrial
DNA data corroborate these historical accounts by demonstrating a population
bottleneck 500 years ago coincident with European contact (O'Fallon and Fehren-

Schmitz 2011). Accordingly, the evolutionary pressures for survival were strong.
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However, our knowledge of Indigenous American genetic variation in general and at loci
related to infectious disease and immune response in particular is limited. To date, only
a few studies have identified immune response genes under selection in Indigenous
American populations (Avila-Arcos et al. 2020; Lindo et al. 2016; Mychalecky;j et al.
2017; Reynolds et al. 2019). Together, these studies demonstrate that the combination
of precolonial and postcolonial history shaped Indigenous Americans genomes,
particularly in response to infectious diseases.

Here, we interrogated the genomes of Indigenous Mesoamericans for evidence
of natural selection at immune response loci. We expected to find evidence of selection
as a result of the historical burden of infectious diseases in Mesoamerican populations.
Furthermore, we hypothesized that colonial contact would have left strong signatures of
natural selection in their genomes given the high mortality rate from novel infectious
diseases (e.g. variola virus that causes smallpox) during the colonial era. In particular,
we expected to identify a high proportion of immune response genes and pathways
under natural selection given the history of infectious disease exposure among
Mesoamericans across time. These genes under selection can provide valuable insight
into population history and also serve as candidate loci for studying localized, biological

responses to modern infectious and autoimmune disease.

METHODS

Populations: Our Mesoamerican cohort included a total of 39 individuals representing

the following populations: Twenty-five Maya from the Yucatan Peninsula of Mexico, two

46



Nahua, seven Mixtec, and five Tlapanec speakers from Guerrero, Mexico previously
described in (Bigham et al. 2010). We obtained publicly available data from the 1000
Genomes Project for the following control populations: Sixty Europeans of Northern and
Western European ancestry (CEU), ninety East Asians from Beijing, China (CHB) and
Tokyo, Japan (JPT), and ninety Yorubans from Ibadan, Nigeria (YRI) (International

HapMap 2003).

Genome-wide SNP data: All samples were previously genotyped using the Affymetrix
Genome-Wide Human SNP Array 6.0 containing 906,600 SNPs (Bigham et al., 2010).
We analyzed autosomal SNPs with call rates >95% and that had ancestral allele
information available from the 1000 Genomes Project. The X and Y-chromosome as
well as mitochondrial DNA (mtDNA) SNPs were excluded from our analyses as we
chose to focus on the autosomes. No SNPs were removed based on departure from
Hardy-Weinberg equilibrium (HWE) as this could potentially remove SNPs under
selection that would mimic HWE departures. After QC, we carried out statistical analysis

using 525,467 autosomal SNPs.

Phasing and File Manipulation: All files were haplotype-phased using Beagle 5.1,
processed using PLINK 1.9/2.0, and manipulated using VCFtools, BCFtools, and
bedtools (Browning et al. 2018a; Browning and Browning 2007; Chang et al. 2015;

Danecek et al. 2011; Li et al. 2009; Purcell et al. 2007; Quinlan 2014; Quinlan and Hall
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2010). 1000 Genomes Project phase 3 populations were used for phasing the SNP data

(Genomes Project et al. 2015).

Relatedness: We calculated relatedness using kinship coefficients as estimated with the
Kinship-based INference for Genome-wide association studies (KING) (Manichaikul et
al. 2010). We removed six individuals from our dataset that were first, second, and third-

degree relatives, leaving us with a sample size of n = 33 individuals.

Admixture analysis: We obtained twenty-two Indigenous American genomes from the
Simons Diversity Genome Project (SGDP) to use as a reference panel for our admixture
and imputation analysis in our Mesoamerican cohort. This panel was comprised of one
Chane, three Karitiana, two Maya, three Mixe, two Mixtec, two Piapoco, two Pima, three
Quechua, two Surui, and two Zapotec (Mallick et al. 2016). We used fastSTRUCTURE
(K = 4) to obtain a global estimate of admixture for each Mesoamerican individual (n =
39) (Pritchard et al. 2000; Raj et al. 2014). We had previously removed six related
individuals, leaving us with n = 33. We then proceeded to remove two individuals whose
levels of non-indigenous admixture were estimated in the 30s as their admixture levels
were outliers to the rest of our dataset. This also ensured minimal imputation of missing
genotypes in our dataset. This left us with a sample size of n = 31 individuals, with only
four samples with admixture levels in the 20s. To further determine chromosomal
segment ancestry, we utilized RFMix 2 (Maples et al. 2013). For RFMix 2, we assumed

approximately 20 generations since initial admixture, which corresponds to admixture
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on Spanish encomiendas in the Yucatan (Machuca Gallegos 2016). Haplotypes
demonstrating admixture were extracted using bedtools, set as missing, and
imputed/phased in Beagle 5.1 using the Indigenous American population as a reference
panel from the SGDP (Browning et al. 2018a; Browning and Browning 2007; Mallick et

al. 2016; Quinlan 2014; Quinlan and Hall 2010).

Ancestral alleles: Ancestral alleles were queried from the 1000 Genomes Project phase
3 VCF files using BCFtools (Li et al. 2009). VCF files were recoded using PLINK 2.0 in

order to preserve phasing information (Chang et al. 2015; Purcell et al. 2007).

Identifying genomic signatures of selection among Indigenous Americans: We
employed three statistics to identify regions in the genome showing statistical evidence
of natural selection. They included: 1) Locus specific branch length (LSBL) (Shriver et
al. 2004). 2) Cross-population extended haplotype homozygosity (XP-EHH) (Pickrell et
al. 2009; Sabeti et al. 2007), and 3) Integrated haplotype score (iHS) (Voight et al.
2006).

LSBL compared Mesoamericans against European Americans and East Asians.
Fst values were computed for each SNP using Weir-Cockerham’s equation (Akey 2009;
Bigham et al. 2010; Shriver et al. 2004; Weir and Cockerham 1984). Statistical
significance was determined using an empirical distribution. Pe(x) = (humber of

loci>x)/(total number loci) using a significance threshold of a = 0.01 (Akey et al. 2002).
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LSBL results were then aggregated into 200 kilobase pair windows, that matched with
the XP-EHH and iHS coordinates.

XP-EHH was calculated in Selscan (Szpiech and Hernandez 2014). We
standardized this statistic based on allele frequency bins using the norm function of
Selscan. We then used non-overlapping windows of 200 kilobase pairs (kb). We
identified regions with the longest haplotypes reaching significance thresholds of a =
0.01. We compared Mesoamericans to East Asians to look specifically for haplotypes
present in Mesoamerican populations that arose after their split from Asian populations.

iHS was calculated and normalized using allele frequency bins in Selscan
(Szpiech and Hernandez 2014). iHS values were grouped into 200 kilobase pair (kb)
non-overlapping windows. These windows were then binned by number of SNPs for
quantile estimation of percentile using selscan’s norm function. iHS scores were not
computed for a MAF < 0.05. Windows with fewer than 10 SNPs were dropped from

analysis. Only windows in the 1% tail of bin distribution were considered.

Annotation of Regions: Windows were annotated for genes using the bedmaps option

from BEDOPS tools (Neph et al. 2012).

RESULTS
Estimating Individual Admixture
To conduct our selection scan in our Mesoamerican cohort, we first needed to address

potential admixture in the population. We estimated global ancestry using fastStructure
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(Pritchard et al. 2000). We tested for four-way admixture in the population including
ancestry from the Americas, Europe, Africa, and East Asia. Ancestry estimates are
reported in Table 3.1. Individual admixture estimates ranged from a maximum of 100%
Indigenous American ancestry to a minimum of 74% Indigenous American ancestry.
European admixture was detected in 15 individuals, ranging from 1% to 24%. Ten
individuals had detectable East Asian ancestry ranging from 1% to 5%. African Ancestry
was detected in two individuals at 5% and 2%, respectively. Part A of Figure 3.1 shows
the global ancestry estimates of all Mesoamericans (39), alongside the East Asians,
European Americans, and Yorubans. These results indicate that Mesoamericans
primarily have European admixture. Part B of Figure 3.1 shows the amount of admixture
present in each Mesoamerican individual, after the removal of any potential relatives

and the removal of two participants with only 74% Indigenous American ancestry.

Table 3.1. Mesoamerican Global Ancestry Estimates

Indigenous
Sample Population American CEU YRI EAS
MX004 Mexico 0.97 0.03 0.00 0.00
MX019 Mexico 1.00 0.00 0.00 0.00
MX024 Mexico 1.00 0.00 0.00 0.00
MX034 Mexico 1.00 0.00 0.00 0.00
MX035 Mexico 1.00 0.00 0.00 0.00
MX037 Mexico 1.00 0.00 0.00 0.00
MX040 Mexico 1.00 0.00 0.00 0.00
MX042 Mexico 1.00 0.00 0.00 0.00
MX043 Mexico 1.00 0.00 0.00 0.00
MX045 Mexico 0.96 0.00 0.00 0.04
MX050 Mexico 1.00 0.00 0.00 0.00
MX056 Mexico 1.00 0.00 0.00 0.00
MX059 Mexico 0.91 0.06 0.00 0.03
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MX062

MYNOO1
MYNOO2
MYNOO3
MYNOO4
MYNOO6
MYNOO7
MYNOO8
MYNOO09
MYNO10
MYNO11
MYNO12
MYNO13
MYNO14
MYNO15
MYNO18
MYNO19
MYNO20
MYNO21
MYNO22
MYNO23
MYNO24
MYNO25
MYNO27
MYNO28
MYNO30

Mexico
Mexico
Mexico
Mexico
Mexico
Mexico
Mexico
Mexico
Mexico
Mexico
Mexico
Mexico
Mexico
Mexico
Mexico
Mexico
Mexico
Mexico
Mexico
Mexico
Mexico
Mexico
Mexico
Mexico
Mexico
Mexico

1.00
0.74
0.89
0.83
0.97
0.88
0.74
1.00
0.98
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Figure 3.1. Individual Ancestry Estimates. Individual ancestry was estimated for
Mesoamerican study participants using fastStructure. A. fastStructure global estimates
of ancestry at K=4 for Mesoamericans, CEPH Europeans (CEU), East Asians (EAS),
and Yoruba (YRI). B. Detailed image of the global ancestry estimates for Mesoamerican
participants that were selected to proceed to the RFMix analysis and then in the
downstream selection scan (N=31). Criteria for exclusion were high levels of admixture
or relatedness to our other participants. C. fastStructure results, K = 4, after removing
admixed segments and imputing missing genotypes from Indigenous American SGDP
genomes.

Given the identification of non-Indigenous American ancestry within a subset of
our study participants, we assigned locus-specific ancestry to each chromosomal

segment/haplotype using RFMix (Maples et al. 2013). We set non-Indigenous American
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ancestry segments to missing and imputed the missing genotypes using the SGDP
Indigenous Americans in Beagle 5.1 (Browning et al. 2018a; Browning and Browning
2007). We chose to use the SGDP Indigenous Americans given the diversity of the
populations representing indigenous populations across the Americas. Furthermore, the
SGDP populations were preferable to the 1000 Genomes Project populations given
their low level of admixture. We then re-ran fastStructure on the masked and imputed
Mesoamerican dataset. The results indicated that this analysis effectively eliminated
European, East Asian, and African ancestry from the Mesoamerican genomes (Figure

10).

Selection Scan: Major findings

We identified genomic signals of natural selection using three statistics including: 1)
LSBL (Shriver et al. 2004), 2) XP-EHH (Pickrell et al. 2009; Sabeti et al. 2007), and 3)
iHS (Voight et al. 2006). LSBL identified 4,047 SNPs falling in the top 1% of the
empirical distribution. XP-EHH and iHS identified 141 and 101 statistically significant
windows at the 1% level, respectively. Figure 3.2 depicts the results for each of the

three tests for individual SNP values after data normalization.
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Figure 3.2. Manhattan Plots of Selection-Scan Statistics. For each plot, the value of the
statistic is represented on the y-axis. Chromosome location is depicted along the x-axis.
Yellow lines indicate the 1% significance level for each test statistic, with the exception
of XP-EHH, which shows the axis. A. Distribution of LSBL values across the genome for
Mesoamerican branch length calculated using East Asians and CEPH European
Americans as outgroups. B. Plot of the absolute value of iHS scores for
Mesoamericans. C. Plot of XP-EHH comparing Mesoamericans to East Asians. Values
above 0 indicate directional selection in the Mesoamerican population.
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To reduce false positives, we identified regions of the genome showing statistical
significance for LSBL and at least one of the two haplotype tests, XP-EHH and iHS. The
following results are the windows identified that passed the 1% thresholds for both the
haplotype test and the allele frequency test. Chromosome 6 contained the most
significant regions of any chromosome for both the XP-EHH/LSBL and iHS/LSBL
analysis (Figure 3.3). For XP-EHH/LSBL, chromosome 6 had 14 windows that passed
the 1% threshold for both tests. Similarly, for iIHS/LSBL, chromosome 6 had 12 outlying
windows on chromosome 6. Given the presence of the Major Histocompatibility
Complex (MHC) on chromosome 6, this result was anticipated. In fact, the majority of
the significant results for this region were identified in and around the MHC region. In
addition to the MHC region, we identified clusters of statistically significant results on the

q arm of chromosome 6.
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Figure 3.3. Distribution of 1% windows when paired with LSBL. iHS/LSBL regions are
shown in yellow and XP-EHH/LSBL regions are shown in red. For both of the combined
statistical tests, the majority of windows were found on chromosome 6, followed by
chromosome 3.
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In addition to our findings on chromosome six, we identified several other
chromosomal regions containing windows with significant results. Our most compelling
result was found on chromosome 3 (chr3:12,200,001 — 12,800,001). This region
consisted of three, back-to-back significant 200 kb-windows contained a significant
fraction of both LSBLs and iHS values in the top 1% of results. Here, our highest LSBL
value was 0.68 and the highest iHS value was 3.68. This region contains the following
genes: PPARG, SYN2, TIMP4, MKRN2, MKRN20OS, TSEN2, RAF1, and TMEM40.

A second compelling result was a 200 kb-window on chromosome five (chr5:
15,3800,001-15,4000,001) with both a significant fraction of LSBLs and XP-EHH values
in the 1% of results. Here our highest LSBL value for the window was 0.57 and the
highest XP-EHH value was 4.63. This window contained the following genes:
GALNT10, HAND1, MIR314, SAP30L, SAP30L-AS1.

In addition to these results, we identified several other genes involved in immune
response pathways that stood out given what is known about Mesoamerican population
history. These were identified by looking at the top windows with extreme values of our
selection scan and then doing a literature review of those genes in the top windows.
These potentially may be related to infections with smallpox, tuberculosis, or other

important immune signaling pathways. This is summarized in Table 3.2.
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Table 3.2. Immune response genes significant for LSBL/XP-EHH or LSBL/ iHS.

Gene max max
Name Window (hg19/) Test LSBL Test Info
IL-1 receptor activity and IL-
33 activity; IL18R1 has been
IL18R1, associated with adverse
IL1RL1, Chr2:102800001- effects of the Smallpox
IL1RL2 103000001 3.79 0.68 XP-EHH vaccine.
Chr6:159400001- NF-kB pathway; regulates
SFI1 159600001 2.3 0.43 iHS inflammation
ILRUN interacts with IRF3 as
part of the IFN- y production
and the NF-KB pathways by
inhibiting IRF3 and
regulating cytokine
Chr6:34400001- production; associated with
ILRUN 34600001 3.64 0.46 XP-EHH antiviral response
Part of TLR signaling;
Chr8:59400001- previously associated with
CYP7A1 59600001 3.73 0.74 XP-EHH Tuberculosis
IL-6-type cytokine receptor
Chr12:58000001- ligand genes; part of the
AGAP2 58200001 2.91 0.35 iHS TGF- ( signaling
In the HLA region; regulates
Chr16:10800001- MHC class | gene
CIITA 11200001 3.06 0.51 XP-EHH transcription
Pathway Analysis

We used gene ontology pathway enrichment analysis in DAVID to determine

overrepresented associations of genes and gene groups. We focused on regions that

were significant for the LSBL/XP-EHH or the LSBL/iIHS analysis. For LSBL/XP-EHH,

DAVID analysis identified eight functional-related gene groups (Table 3.3). Fold

Enrichment in our tables represented how many times the category was

overrepresented in the database over random chance.
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Table 3.3. LSBL and XP-EHH 1% genes nominally in overrepresented pathways.

GO Term

chromosome condensation

DNA packaging

chitin catabolic process

glucocorticoid receptor
signaling pathway
positive regulation of
chemokine secretion

cardiac septum
morphogenesis

process

negative regulation of
proteasomal ubiquitin-
dependent protein catabolic

immune response

Genes

PRM3, PRM1,
PRM2
PRM1, PRM2

OVGP1, CHIA

YWHAH,
NCOA6
CHIA, IL1RL1

CHD7, HAND1
CLEC16A,
SDCBP

CIITA, IL18R1,
CHIA, IL1RL1,
TINAG

Count

3

2

Fold
Enrich.

71.97

79.96
68.54
53.31

53.31

47.98

21.81

2.85

P-val

0.001

0.024
0.028
0.036

0.036

0.040

0.087

0.095

Benjamini
0.277

0.996
0.986
0.984

0.984
0.974

0.999

0.998

GO, Gene Ontology

For the LSBL/iIHS analysis, DAVID analysis identified enriched 13 GO terms (Table 3.4).

For each DAVID analysis, the p-value did not remain significant after correcting for

multiple tests.
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Table 3.4. LSBL and iHS 1% genes nominally in overrepresented pathways.

Fold
Term Genes Count Enrich. P-val Benjamini
detection of light
stimulus involved in ATP8A2, CNGB1,
visual perception RGS9BP 3 26.70 0.005 0.971
amino acid
transmembrane SLC38A4, SLC7A9,
transport SLC7A10 3 18.15 0.012 0.977
SLC38A4, SLC7A9,
amino acid transport  SLC7A10 3 12.97 0.022 0.992
cellular response to
hyperoxia ATG7, PPARG 2 43.22 0.045 0.999
negative regulation of SERPINAS,
endopeptidase SERPINA4,
activity SERPINA3, TIMP4 4 5.00 0.045 0.998
negative regulation of
cAMP-dependent
protein kinase activity PRKARZ2B, PKIB 2 37.82 0.051 0.997
L-serine transport SERINC1, SLC7A10 2 33.62 0.057 0.996
cilium CEP89, PKHD1,
morphogenesis CFAP20, AVIL 4 4.45 0.060 0.993
vitamin D metabolic
process CUBN, CYP27B1 2 30.26 0.064 0.991
DIS3, ANKRDZ27,
RSU1, TAGAP,
ARHGEF25,
positive regulation of ARHGAP15,
GTPase activity AGAP2, DEPDC5 8 2.14 0.078 0.995
neutral amino acid
transport SLC7A9, SLC7A10 2 23.27 0.082 0.994
white fat cell
differentiation CEBPA, PPARG 2 23.27 0.082 0.994
lipoprotein transport ~ CUBN, PPARG 2 20.17 0.094 0.995
DISCUSSION

Our results confirmed our hypothesis that natural selection at immune response

genes is central to the evolutionary history of Mesoamerican populations and was

shaped by their history of exposures to infectious diseases. We were able to

demonstrate that patterns of genomic diversity at the population level show convincing
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evidence of past natural selection. Our findings thus add additional support to previous
studies of selection that identified in Indigenous American ancestry.

We identified signatures of natural selection at several chromosomal locations
that contained clusters of immune response genes. Our most compelling result was
found on chromosome 3 (chr3:12,200,001- 12,800,001). Within this region, we found
the following genes: PPARG, SYNZ2, TIMP4, MKRN2, MKRN20OS, TSENZ2, RAF1, and
TMEMA40. Of this group, PPARG, RAF1, and MKRN are part of various immune
response pathways. As part of the PPAR-y signaling pathway PPARG, or Peroxisome
Proliferator Activated Receptor Gamma, would be the most likely candidate for selection
in response to pathogenic infection. This gene is a ligand-activated transcription factor
that contributes to gene regulation. The PPAR-y signaling pathway regulates lipid and
glucose metabolism through the expression of cytokines and chemokines (Le Menn
and Neels 2018). Importantly, the PPAR-y signaling pathway has known immune
functions by activating both pro- and anti- inflammatory macrophages (Chawla 2010).
However, it should be cautioned, given the continuous legacy of infectious disease
exposure in Mesoamerica, any of the genes in this region could have been the target of
selection.

A second significant region located on chromosome 5 contained five genes:
GALNT10, HAND1, MIR314, SAP30L, and SAP30L-AS1. Of these genes, GALNT10is
known to be responsible for regulating CD4+T cells infiltration and decreasing
granzyme B expression in CD8+ T cells (Zhang et al. 2020). T cell regulation is crucial

for an adequate immune response. For instance, CD8 cells are essential for protection
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against viruses, intracellular bacterial infection, and tumor cells, while CD4+T cells are
crucial to immune memory (Worthington et al. 2012). GALNT10 also is known to interact
with the MHC complex genes including various interleukin cytokines (Kakoola et al.
2014).

Chromosome 6 contained the highest number of significant LSBL/XP-EHH and
LSBL/iHS windows. This is likely the result of the MHC, a region of known high genomic
diversity (de Bakker et al. 2006; Trowsdale 1993). MHC is a complex that contains 224
genes, largely related to immunity (MHC sequencing consortium 1999). The MHC
complex has been largely detected in natural selection scans, not only in populations
outside the Americas, but also across many other mammalian and aquatic species
(Hughes and Yeager 1998b).

We identified several other genes under selection that belong to various cell-
signaling pathways that have been associated with immune response to infections such
as tuberculosis, intestinal parasites, and variola in other populations. These genes
include IL18R1, CYP7A1, and CIITA among others. This highlights the importance of
immunity and adaptation among Mesoamerican populations whether deep in our
evolutionary past, as recent as colonial contact, or even continuously shaped by more
recent infectious diseases.

Our selection scan was designed to identify outlying genes in Mesoamericans
when compared to the other distantly related populations, in this particular case East
Asians and Europeans. Given the lack of publicly available data for larger cohorts of

Indigenous American populations, we did not compare Mesoamerican genomes to other
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Indigenous American genomes to identify region-specific selective events. Therefore,
this particular design was not be able to distinguish if a selective event was specific to
Mesoamericans or affected Indigenous American populations more broadly. An
example of this is our identification of CIITA as an outlying immune response gene in
Mesoamericans. This gene also has been demonstrated to be under selection in Brazil
(Mychaleckyj et al. 2017). This could very well be due to shared demographic history or
the result of selection at this locus occurring prior to the population split of these two
groups.

Similarly, we identified evidence of selection for a cluster of three genes, IL18R1,
ILTRL1, and IL1RL2 located on chromosome three, that are part of the IL-1 and IL-33
cytokine activity. Reynolds et al. (2019) identified IL1R1, a related gene to IL1TRL1 and
belonging to the same pathway, as part of the selection scan performed for an
indigenous population of the southeastern United States. This is further evidence that
not all of the outlying genes identified by our selection scan are due to a shared past,
but rather it highlights the possibility that similar pathogens may have affected local
populations. In this particular case, similar pathogenic exposure could have influenced
genes along the IL-1 and IL-33 pathway without necessarily affecting the same genes.
Furthermore, it highlights the importance of cytokines and/or the cytokine pathway in the
body's defense system against pathogenic infection and as targets of past natural
selection across human populations.

There are several limitations to our study. First, our results could be influenced

by SNP design and ascertainment bias of the Affymetrix 6.0 chip. For instance, the
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design of the Affymetrix chip was designed to capture the diversity and haplotypes from
the HapMap Project, which source populations were the European Americans, East
Asians, and Yorubans. Therefore, linkage disequilibrium blocks and distribution of SNPs
would be different in Mesoamerican populations. Second, given that our haplotype tests
require ancestral allele information, many SNPs without this information were dropped
from analysis. Therefore, many regions were excluded from the XP-EHH and iHS
analysis due to insufficient SNP density in a given window. Either a better designed
SNP chip or the interrogation of sequencing data would remedy these caveats in future
studies.

Studying variation in outlying regions shaped by natural selection would be
beneficial to studies of current pathogens. Within the bounds of human evolution,
evolutionary theory predicts that genes in pathways that control the body’s response to
infectious disease, climate, altitude, and metabolic traits show the strongest selection
signatures in the genome—as they are traits that manifest themselves physiologically,
thus improving chances of survival and reproduction (Grossman et al. 2013; Sabeti et
al. 2007). Therefore, these genes under selection are more likely than other parts of the
neutrally evolving genome to have some sort of phenotypic effect (Fumagalli et al. 2010;
Wisser et al. 2008). Therefore, this makes proposing regions under selection to the
study of modern infectious disease an attractive strategy, given that they will manifest
themselves physiologically and are known to be differentiated from other global
populations. This strategy would work as our immune system is highly redundant and

compensates for factors such as novel genetic variation that may be detrimental to
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specific pathways. Therefore, any small changes manifest themselves physiologically
are worthy of study (Nish and Medzhitov 2011). Focusing on genes under selection has
proven to be beneficial in smaller sample sizes as demonstrated by several studies
taking this approach (Karlsson et al. 2013; Park et al. 2012; Perry et al. 2014;
Schwarzenbacher et al. 2012). Hence, we recommend that studies with a limited-sized
study population whose goal is to identify susceptibility or resistance factors for
infectious diseases such as dengue, zika, chikungunya, or coronavirus should start off
by targeting genes under natural selection. Similarly, targeting immune response genes
subject to past natural selection can aid in the study of population specific variants
related to auto-immune diseases or cancer given that many of the pathways are
overlapping.

Our results are not only useful in studies related to immunity. Many of these
genes identified here also are associated with various metabolic traits such as
cholesterol and insulin. For example, PPARG and CYP7A1 regulate cholesterol
homeostasis and metabolism (Baker et al. 2010; Chinetti et al. 2001; Li et al. 2013).
High cholesterol in Latinx populations in the US have been documented as risk factors
for heart disease (Daviglus et al. 2012; Li et al. 2017). However, an evolutionary past
could have selected for those traits, given that cholesterol also plays a role in activating
the TLR signaling pathways as part of the innate immune system (Bjérkbacka et al.
2004; Ghosh 2011). Using signatures of natural selection to study modern health
problems was implemented in a heart disease study among a Mexican population. Ko

and colleagues pulled out SNPs whose allele frequencies differed from European
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populations for the focus of their analysis (Ko et al. 2014). In so doing, they were able to
successfully identify genes and risk alleles involved in dyslipidemia that were under
selection. Follow-up studies to our selection scan using highly differentiated alleles in
populations of Mesoamerican ancestry would aid in the identification of genotype-
phenotype associations by increasing the power to find associations with such

metabolic traits.
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Chapter 4: Epidemiological Risk Factors for Dengue-Infection in Guatemala

NOTA BENE

Originally, this chapter was structured to be a continuation of the other chapters, by
nominating the signatures of selection as candidate loci and test our hypothesis that
these outlying alleles do affect modern infectious diseases immune response by looking
at dengue infection in a modern Mesoamerican cohort. Furthermore, we were hoping to
not only find allelic associations with dengue, but also tie genotype to phenotype by
looking at cytokine response to infection and how our statistically significant alleles may
affect cytokine expression. Unfortunately, lab closures due to a novel infectious disease,
SARS-CoV-2 hindered our ability to finish this project. Here we present the data that we

were able to analyze in the midst of a pandemic that paralyzed the world.

ABSTRACT

Dengue Virus (DENV) is a mosquito borne infectious disease that has expanded
exponentially in Latin America in the last 50 years. In Guatemala, a country located in
Central America, DENV-infection has exponentially grown in the last 50 years as a
result of rapid urbanization, substandard infrastructure, the of widening socio-economic
gaps, and the cessation of vector controls by the Pan American Health Organization.
Furthermore, nearly half of the Guatemalan population lives below the established

poverty line, and dengue infection is known to disproportionately affect those living in
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poverty given that several worldwide risk factors for DENV are tied to water security,
water storage, and nearby trash. This study identifies the epidemiological risk factors
plaguing Guatemalan populations that increase their risk for DENV infection, by looking
at epidemiological surveys in a case-control cohort. Our cohort consisted of 82
participants with dengue symptomology and 159 uninfected controls recruited in 2018-
2019. Each question asked on the epidemiological surveys were analyzed for
differences in the case-control cohort using Welch Two Sample t-test and Pearson's
Chi-squared test with Yates' continuity correction. Furthermore, we also combined the
variables into a single model using logistic regression. We find that waste on property is
the greatest risk factor for dengue-infection across all models. These findings will aid
the Ministry of Public Health and Social Assistance of Guatemala in determining where

to direct their efforts in dengue prevention.

INTRODUCTION

Dengue Virus (DENV) is a mosquito-borne RNA virus belonging to the family
Flaviviridae. DENV is widespread in subtropic and tropic environments, with estimates
as high as 390 million infections each year, of which 25,000 result in death (Horstick et
al. 2015). It results in wide variation of clinical presentations and outcomes. As outlined
in the classic model of DENV-infection, phenotypes range from asymptomatic infection
to dengue fever (DF) to dengue hemorraghic fever/dengue shock syndrome
(DHF/DSS). Recently, the WHO proposed revisions to this classification system by

focusing on the fever inducing stages to improve clinical treatment outcomes and curb

68



disease progression. The new system has the following categories: dengue infection
without warning signs, dengue with warning signs, and severe dengue (Diseases 2009).

Four confirmed DENV serotypes (DENV-1, 2, 3, 4) exist, with a possible fifth
discovered within the last four years (Normile 2013). Infection with one serotype
typically results in asymptomatic infection and provides long-lasting host immunity to
that strain. Heterotypic secondary infection demonstrates the same clinical course as
infection with one serotype, but with increased risk of developing DHF/DSS or severe
dengue phenotypes (Holmes and Twiddy 2003; Whitehorn and Simmons 2011).

Dengue, formerly characterized as a neglected infectious disease, is now
characterized as an emerging infectious disease given its wide distribution and
increasing prevalence in “developing” countries of Southeast Asia and Latin America.
According to the World Health Organization (WHO), the incidence of DENV-infections
has increased 30-fold over the past 50 years, reaching epidemic proportions in Asia and
Latin America (Navarro-Sanchez et al. 2005). Today, rates of infection in Latin America
are growing at the fastest rate in the world, with complete coverage over all the tropics
and subtropics in a little over 30 years (Kyle and Harris 2008).

In Guatemala, a country in Central America, DENV was first reported in 1978,
after an epidemic in Honduras that spread to nearby countries (Brathwaite Dick et al.
2012; Pinheiro and Corber 1997). Today, DENV continues to grow exponentially.
Several factors have contributed to its growth. First, a major earthquake in Guatemala in
1976 left 1.2 million people homeless (Riding 1977). As people struggled to remake

their lives, they fled to cities, leading to the rapid expansion of urban environments
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without proper infrastructure such as running water (Oliver-Smith 1991). This created a
prime environment for the Aedes mosquito to flourish in Guatemala. Concurrently the
global market and trade in Latin America blossomed, and trade through ships
expanded. Unfortunately, simultaneous with trade was the spread of the vectors and
novel infectious diseases, as ships contained stagnant water through which mosquitos
bred (Sprenger 1987). Second, government cuts to funding exacerbated infection rates.
For instance, the rapid expansion of DENV-infection in Guatemala in particular and
Latin American more generally is attributable to the 1970’s cessation of a Pan American
Health Organization campaign to eradicate the Aedes mosquito (Gubler and Clark
1995; Kendall et al. 1991).

Most recently, cases tripled from the year 2018 to the year 2019 based on
statistics from the Ministry of Public Health. This is in large part the result of changes to
climatic conditions that influence risk. In Guatemala, risk is no longer cyclical, in sync
with the rainy season, but year-round. This highlights how climate change increases the
incidence of disease in areas previously affected seasonally. More broadly, climate
change has contributed to range expansions of the Aedes aegypti mosquito, DENV’s
primary vector, causing DENV and other related diseases, such as Yellow Fever and
Chikungunya, to spread to novel populations (Muehlenbein 2010).

We established this study in Guatemala to determine the risk factors contributing
to dengue infection. Determining these social factors will ultimately assist public health
officials in issuing prevention strategies and will bring to light the much-needed

infrastructure both in quality of life and in healthcare. Reducing risk is necessary as it
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not only affects the odds of infection, but repeat and chronic exposures also affect
overall health outcomes at the point of infection.

Despite the Ministry of Public Health and Social Assistance’s work to prevent
dengue infection, we predict that water-based sources remain a major factor in risk for
dengue infection. Here we partnered with the Ministry of Public Health and Social
Assistance of Guatemala to document and survey risk factors for water security, water
storage, household density, waste on property, and waste near property, to determine

the risk factors contributing to dengue infection in Guatemala.

PARTICIPANTS AND METHODS
This study and all its materials were approved by the University of Michigan’s
Institutional Review Board and the National Committee of Ethics from the Ministry of

Public Health and Social Assistance from the Republic of Guatemala.

Study participants

In a collaboration with the Ministry of Public Health and Social Assistance of
Guatemala, we recruited participants primarily in two urban centers, Guatemala City
and Chiquimula, using a national hospital and a few public health posts. In order to be
included in our study, participants needed to be over the age of 18 and either Maya or
Ladino. Maya participants are those indigenous to Guatemala, who have maintained
their linguistic and cultural traditions. Ladino represents the category known in other

parts of Latin America as “mestizo”. Ladino’s are an admixed population with both
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European and Indigenous American ancestry. However, the category of Ladino is a
social category that is not always indicative of ancestry. For example, Maya individuals
may assimilate into the Ladino population within their lifetime if they shed their cultural
and linguistic ties (Berghe 1968). Similarly, Maya individuals may be admixed, but still
be identified as Maya as long as they were primarily raised in an indigenous community

and keep their linguistic and cultural practices.

Interviews for Epidemiological risk factors
Our participants were of similar socioeconomic status; however, we saw it necessary to
tease apart specific risk factors associated with dengue-infection. All cases and controls
were interviewed to collect a demographic information about specific risk factors for
dengue infection. Here, we tested several factors for increased risk to dengue infection
including, water storage, water security, improper storage of waste, and proximity to
cemetery or scrap shops. The exact translations of questions asked were as follows:

1) Do you store water in uncovered water basins, barrels, or other recipients?

2) Number of people in your household?

3) Are there scraps, useless containers, and/or tires on your patio or surrounding it?

4) Do you live less than 100 meters from a cemetery, junk yard, or tire yard?

5) Do you have running water in your household?

Statistics
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For continuous variables, we used the Welch Two Sample t-test to test for differences
between cases and controls. These tests were conducted in R using the package
“dplyr.”

For categorical variables, we used the Pearson's Chi-squared test with Yates'
continuity correction to test for deviations from expectations in cases and controls. For
sex, we set the case/control status as the outcome and male/female as the exposure
variable. For the epidemiological risk factors (i.e. household density, water availability,
water storage, waste on property, and waste near property), we set the risk factor as the
exposure variable in order to determine the odds for people contracting dengue as the
outcome variable. When the relationship was significant, we calculated the odds ratio
(OR) for the statistic. These tests were conducted in R using the “MASS” package for
Chi-squared and the “oddsratio” package for Odds Ratio. Lastly, we tested all the
variables in a single model using logistic regression. The logistic regression was

modeled in R using the package “aod.”

RESULTS

Participant Characteristics

Our study participants came from six Guatemalan departamentos or states, with five
participants from Honduras who were recruited in Guatemala. The states included
Guatemala, Chiquimula, Jalapa, Zacapa, Alta Verapaz, and Jutiapa (Figure 4.1). We
recruited 82 participants with dengue symptomology and 159 uninfected controls (Table

4.1). The majority of participants (n = 149) were recruited in Chiquimula, followed by 69
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participants recruited in Guatemala. Six, six, four and two participants were recruited in
Jalapa, Zacapa, Alta Verapaz, and Jutiapa, respectively. (Table 2). Five cases were
residents of a border town in Honduras, Copan Ruinas, just a 1.5-hour drive to the
Chiguimula hospital. These participants were recruited in Chiquimula. Through the C-4
agreement, Guatemala, El Salvador, Honduras, and Nicaragua, share open borders.

Therefore, people go to the closest hospital even if it is across an international border.

A
1
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Figure 4.1 Study sites across Guatemala. The six departmentos where study
participants were from are indicated in green. The stars represent the two primary city
locations where recruitment was performed. The dark green dot underneath the name
Chiquimula, shows the approximate location of the five cases who came from the
Honduran town, Copan Ruinas.

Table 4.1 Participants’ departamento of origin

Guatemala 12 57 69
Chiquimula 59 90 149
Jalapa 4 2 6
Zacapa 0 6 6
Alta Verapaz 1 3 4
Jutiapa 1 1 2
Honduras 5 0 5
Total 82 159 241

Participants from each recruitment location came from various geographic backgrounds,
as all the states are a mixture of urban, rural, and urban-rural. Urban-Rural communities
were small dense communities that were surrounded by farmlands. We conducted a
Pearson's Chi-squared test with Yates' continuity correction to determine if there was a
difference between different types of living communities in our cohort (i.e. urban, rural,
and urban-rural). We set the case/control status as the outcome variable and the living
location as the exposure variable. Although the living locations are different, the
participants would be from roughly similar socioeconomic status. We found a significant
difference between cases and controls for the three groups (x?= 43.06, p < 0.001)

(Table 4.2).

Table 4.2 Participant Characteristics
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Urban % 39+10.98 77 +£6.5
Rural % 20+ 8.95 15+5.56
Urban-Rural % 41+11.04 8+4.11
Age, yr 39.8+19 36.8+17.7
Female % 71+9.85 73+£6.90
Household Size, persons | 5.7 + 2.29 5.32+2.68

All characteristics are reported as the mean + the standard deviation or the 95%
confidence interval for proportions.

Cases and controls had similar age ranges and mean ages (Figure 4.2). Our
case population was slightly older on average with a mean age of 39.8 years old. The
age range for cases was from 18 to 81. Our control population age ranged from 18 to 92
with a mean age of 36.8 (Table 4.2). There was no difference in the means for age in
our case-control cohort (T-test = -1.1857 (95%CI: -7.98-1.99), p = 0.23) (Table 4.2). We
recruited 174 female participants and 67 male participants. However, cases and

controls were not different by sex (x2= 0.05, p = 0.83)

Status Control E3 Case

801

60

Age

401

20

Control Case
Group
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Figure 4.2. Box Plot of age in cases and controls. This boxplot shows the distribution of
age in our cases and controls. In the left, we have a mean age of 36.8 for controls. In
the right, we have a mean age of 39.8 for cases. The differences between the two
groups were determined not to be significant.

Epidemiological Risk Factors

Several practices common in Guatemala can increase the risk for the mosquito vector
to reproduce, thus increasing the chance of dengue transmission. Through participant
interviews, we gathered data on five epidemiological risk factors including: people in

household, running water to household, water storage, waste on property, and waste

near property.

People in Household

The amount of people in a household can be a potential risk factor as it increases
the population density in an area, allowing for easier transmission via the Aedes
mosquito. Cases and controls reported similar numbers of people living in their
household (Figure 4.3). Cases had a mean of 5.70 individuals in their household,
whereas controls reported a mean of 5.32 individuals in their household (Table 4.2).
Cases and controls were not different for this risk factor (t-test =-1.08 (95% CI -1.07 -

0.32), p = 0.283).
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Status Control E Case

Number of People in Household
oo

Control Case
Group

Figure 4.3. Box Plot of the number of people per household in cases and controls. This
boxplot shows the distribution of Number of People in Household in our cases and
controls. In the left, we have a mean number of 5.32 people living in a household for
controls. In the right, we have a mean number of 5.70 people living in a household for
cases. The differences between the two groups were determined not to be significant.
Water Security

Water security can be an important risk factor contributing to infection rates for
mosquito-borne diseases. Without access to running water, individuals must obtain
water outside of the home and store it in containers. This stored water remains stagnant
and is a known breeding ground for mosquitos. Furthermore, a lack of water security
can be indicative of and a proxy for high poverty levels. Here, we assessed water
security by determining if study participants had running water in their household. Cases

and controls were significantly different in their access to running water in their

households (x = 7.76, p < 0.005) (Table 4.3). The odds of dengue infection for people
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with water security were smaller than the odds of those without water security (OR =

0.35, p-value < 0.004) (Table 4.3).

Table 4.3 Epidemiological risk factors for dengue infection

Water Security* 52 140 0.35 0.37
Water Storage** 52 135 0.30 0.39
Waste on

Property** o8 16 5.32 1.75
Waste Near

Property 20 40 NR NR

Values for cases and controls represent the number of study participants who answered
“yes” to the presence of the epidemiological variable.

Odds of dengue (ORs) are reported for the presence of the epidemiological factor

*p <0.005

**p < 0.001

OR, odds ratio; NR, not reported

Water Storage

Water storage in uncovered containers is an important risk factor as it can be a
breeding ground for the mosquito vector. Since people do not receive water every day,
they will collect water to account for shortages the following days. We asked if
participants stored water in water basins, barrels, or other uncovered receptacles in
their household. We found a significant difference between the groups (x°>=12.79, p <
0.001) (Table 4.3). Next, we found that the odds of dengue infection for people with
uncovered water storage were smaller than the odds of dengue infection for people

without uncovered water storage (OR = 0.30, p-value < 0.003) (Table 4.3).
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Waste on Property

Waste on property is considered a risk factor because they can accumulate water when

it rains, and mosquitos can breed in those locations. We determined if study participants

had scrap metal, useless containers, and/or used tires in their yard or surroundings.
Here we found a significant association between the groups (x?= 23.07, p < 0.001)
(Table 4.3). We found that the odds of dengue for people that store waste on their

property were greater than the odds of those without waste on their property (OR

5.32, p <0.001) (Table 4.3).

Waste Near Property

Similar to waste on property, being proximate to a tire yard, cemetery, or scrap yard,
places where water can accumulate through rainfall, can be a risk factor for dengue

infection. We determined if study participants lived with waste near their property by

specifically asking if they lived less than 100 meters from a cemetery, scrap metal yard,

or tire yard. We failed to find any difference between the two groups (x?= 4.678e-30).

Logistic Regression for all the variables combined

Table 4.4 Epidemiological risk factors for dengue infection based on logistic regression

(Intercept)™™ -2.92 0.92 -3.19 1.4e-3
Sex -0.26 0.41 -0.63 0.52
Age* 0.02 0.01 2.21 0.03
Community*** 0.91 0.23 3.98 6.89e-5
Household 0.09 0.08 1.11 0.27
Water Storage** -1.44 0.47 -3.10 1.91e-3
Water Security -0.20 0.51 -0.39 0.69
Waste on Property*** | 2.21 0.46 4.76 1.91e-6
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Waste near Property | -0.07 0.44 -0.163 0.87
Values for cases and controls represent the number of study participants who answered
“yes” to the presence of the epidemiological variable. Community was coded by
decreasing population density, with Urban as the base, followed by Urban-Rural, and
finally with Rural.

*p<0.05
**p <0.01
***p < 0.001

Our combined model results demonstrate that Community and Waste on Property are
the biggest contributors to risk of dengue infection, followed by Water Storage and Age.
This is mostly supported by our previous analysis looking at each variable at a time in
cases and controls. The biggest contributor to risk was waste on property with an odds
of 2.21 for dengue infection (p < 0.001). The living type community plays a risk in the
risk of infection, with 0.91 increased odds for each unit step up, from Urban to Urban-
Rural to Rural (p < 0.001). For those that answered that they store water in uncovered
containers had 1.44 decreased odds for dengue infection (p < 0.01). We find that there
is a decreased risk for dengue infection. For age, we find a very small 0.02 increase in

odds for risk of dengue infection for every increment in age values (p-val < 0.05).

DISCUSSION

In conjunction with the Ministry of Public Health and Social Assistance, we
recruited 82 dengue-infected participants and 159 uninfected controls. We determined
the social factors that contributed to the risk of dengue infection in our cohort.
Understanding these social factors will aid public health officials in identifying risk

factors for dengue infection and help to develop their efforts for mitigating that risk.
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The largest contributing factors to dengue infection are social living conditions
and practices that grew out of rapid urbanization with substandard infrastructure. In
Guatemala, socioeconomic class dictates whether you will have running water or
consistent water supply. These notions were further confirmed by the significant
associations primarily with type of community they live in, scrap metal on property, and
storage of uncovered water. We determined that a high number of densities in the
household and living near property with large amounts of trash such as junk yards were
not contributors to dengue infection in our study cohort.

For water security, we found that the odds of those with no water security was
2.8 times greater than those with water security. However, this association was not
supported by our logistic regression model. Some participants described having to
purchase water from trucks carrying water once a week to their communities, while
others described having to collect tap water from a community tap in order to obtain
water for their household. It is important to note, that not everyone who had water
security in their home, had water running every day. Instead, based on conversations
with participants, they reported a consistent water supply that they received once to
twice a week. They stored water until the next time they could collect water.

For water storage, we found that people that do not store water in uncovered
water containers were at greater risk of contracting dengue than those that do. This
data was supported by both analyses. This is inconsistent with other studies of dengue
risk factors in Latin America that have found that uncovered water containers were

breeding grounds for mosquitos placing people at increased risk for dengue infection
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(San Martin and Brathwaite-Dick 2007; Villegas-Trejo et al. 2011). However, given the
tight living conditions of people in urbanized locations, this question does not get to the
practices of neighbors who may be improperly storing water as well. Alternatively,
based on interviews with participants, it may be that the Ministry of Public Health’s
strategy of visiting the urban neighborhoods every few months and putting an
insecticide in the water basins and barrels to reduce risk is paying off. Furthermore,
these participants with water containers were more likely to receive instructional
materials from Ministry of Public Health officials for reducing dengue risk. These efforts
not only equalize this risk factor, but greatly reduce the odds of infection. This result can
be juxtaposed with the storage of waste and metal scraps on the property, which have
not received the same amount of attention or require more effort for developing
preventative strategies from the Ministry of Public Health.

The odds for dengue-infection for those that store scraps, useless containers,
and/or tires was significantly larger than those that did not. In fact, the logistic
regression model demonstrated that the event of infection was 2.2x more likely to occur.
Metal scraps and tires generally store small amounts of water that provide enough
space for breeding of the Aedes mosquito (Nogueira et al. 1999). Unlike the water
storage, the pools of water might be smaller in these breeding grounds and therefore
are less likely to receive attention from the Ministry of Public Health and Social
Assistance. Therefore, the removal of or aiding in properly storing them should be a

priority for the Guatemalan government.
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The limitations of our study were the nature of the questions and study sample
size. Our questions were limited to those that were already approved by the Ministry of
Public Health and Social Assistance for their epidemiological survey of risk factors,
which we then extended to asking the control participants. Better ethnographic methods
would increase our understanding about their responses to these questions. Another
limitation was that we primarily were focused on urban centers and did not capture as
many people living in rural communities. Therefore, our statistics of difference between
the groups was most likely a reflection of recruitment strategy. Finally, even though we
are able to identify significant associations between risk factors, a larger sample size
would allow us to further break down the categories and fine map the risk categories
within different segments of the population.

This study found that certain social risk factors contribute to the overall risk of
dengue infection. Poverty levels were indicative of immune function and immunity, as
the stress on the bodies ultimately might shift resources from developing a robust
immune system as a trade off with other forms of growth, development, and
reproduction (Baker 1997; Chen et al. 2003; McDade 2003; Owen et al. 2003). This
study can be expanded to look at serum for immune response with those that reported
certain risk factors as a proxy for socioeconomic status and determine if there is a
difference in this population for dengue infection outcome. This study not only provides
associations which will be helpful to public health officials as to what to target to reduce
the risk of infection in these sectors of Guatemala, but it also identifies several potential

covariates for future genomic and serological studies on dengue-infection.
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Chapter 5: Concluding Remarks

This dissertation explored the population history of Mesoamerican populations
with respect to immunity and exposures to infectious diseases. In order to capture
snapshots of the Mesoamerican immune response over time, we focused on three
events that span deep into the evolutionary past through to the present.

This dissertation was presented in a chronological order. Chapter 2 focused on
archaic introgression from Neanderthals and Denisovans that were still detectable today
in Mesoamerican populations. Chapter 3 identified signatures of natural selection in
Mesoamerican populations as they adapted to their local environment as well as those
that were potentially left behind by colonial contact. Chapter 4 focused on
epidemiological risk factors for dengue infection. This dissertation contributes to the
idea that the past experiences of human populations are embodied, continuing to have
biological effects today (Lock and Nguyen 2010). These chapters demonstrate that we

have addressed our overarching research questions as follows:

1. Are the detectable regions of archaic introgression in modern Mesoamericans
related to immunity?
In Chapter 2, we identified two archaic introgression events within genic regions

of immune response genes. We identified the transforming growth factor-g (TGF-f3)
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signaling pathway as introgressed from Neanderthal or Neanderthal-like populations into
the ancestral populations to Mesoamericans. This evolutionary ancient pathway
regulates gene expression, and it is an important mediator of immunity and metabolic
pathways. The TGF-B signaling pathway involves at least 87 genes, of which our
introgression analysis identified 17 as potentially adaptively introgressed. Our results
contribute to an understanding of the evolutionarily important loci that today shape the
distribution of heart disease, metabolic disorders, cancer, and infectious diseases in
populations of Mesoamerican ancestry (Fierro et al. 2017; Fragoso et al. 2012; Martinez-
Campos et al. 2019; Zavala et al. 2013). We also identified various loci related to
cytoplasm and exosomes that were introgressed by Denisovan or Denisovan-like
populations. In addition to their roles in cellular homeostasis, these loci are involved in
the body’s innate immune response. Their involvement in innate immunity warrants
further investigation identifying their functional role in Mesoamerican populations
(Robbins and Morelli 2014). Understanding the functional role of adaptively introgressed
genesion may potentially provide the basis for novel treatments options for disease and

therefore improve infection outcomes.

2. Are we able to detect signatures of natural selection in Mesoamericans at
immune response loci?
Chapter 3’s findings indicated that Mesoamerican population history has been
shaped by the pressures of infectious disease during the recent evolutionary past. Our

analysis winnowed down hundreds of immune response genes to identify only a handful
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that exhibit evidence of positive directional selection. Mirroring findings from other global
populations, our results indicate that as in other populations that the MHC complex has
been shaped by natural selection in Mesoamerican populations as it remains the region
with the most significant results. We also found that the peroxisome proliferator-
activated receptor gamma (PPAR-y) signaling pathway, which regulates the expression
of cytokines and chemokines, shows evidence of recent directional selection (Le Menn
and Neels 2018). These genes are an excellent starting point for future research

studying immune response in modern day Mesoamerican populations.

3. What risk factors contribute to dengue-infection in Mesoamerican populations
today?

In our final research chapter, we identified that a lack of water security, storage of
uncovered water, and storage of scrap metals and tires all contributed to individual risk
for dengue infection. This finding will contribute to ongoing public health initiatives in the
region whose goal is to reduce dengue infection rates by highlighting which intervention
strategies are working and which ones need to be improved. The risk factors that we
identified are generally correlated with lower socioeconomic status and poverty. Future
studies devoted to identifying the biological risk factors (e.g. genetic, serological) for

dengue infection and disease severity should include these potential covariates.
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Future directions

As a follow-up to the epidemiological analysis of dengue, we will be conducting a
case-control analysis of exome sequencing data and measuring pro-inflammatory
cytokines in serum. We will incorporate the epidemiological risk factors for dengue
infection that we identified in chapter 4 into our genetic and cytokine analyses. This will
allow us to more accurately model biological factors contributing to dengue susceptibility
and disease severity. In our analysis, we will nominate the regions and pathways
identified by both the selection scan and the introgression analysis as candidate loci for
study. By focusing our efforts on these candidate loci, we will potentially identify
functional variants that will give us insights into modern not only in the present, but a
glimpse at our evolutionary past. This will result in a new understanding of how
infectious disease shaped the genomes of Mesoamericans over time and how
evolutionary events affect their immune response to modern pathogenic infection. We
hope that our future efforts will provide a framework for incorporating an evolutionary

perspective into the study of modern infectious diseases.
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