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ABSTRACT

It is well established that the ancestors of modern human populations have been exposed to multiple selective
pressures during their migrations across the globe. This led different Homo sapiens populations to evolve local
genetic adaptations, which enabled our species to thrive in diverse environmental settings. Nevertheless, the
genetic bases of polygenic/complex adaptive traits, which are supposed to be responsible for the evolution of
rapid adaptations, are still understudied due to the lack of proper methodological approaches. Here, we set up
and fine-tuned a pipeline of analyses aimed at detecting genomic signatures ascribable to polygenic
adaptations, which enabled the identification of functionally related gene networks pervasively targeted by the
action of natural positive selection. The reliability of such integrated approach was tested on a large panel of
whole genome sequence data belonging to several world-wide populations. Among the most compelling
results, we detected polygenic selection signatures at loci modulating immune reactions of West Africans to
endemic infections (e.g. VTN), and regulating cold-induced physiological responses in Eurasians (e.g. THRB)
and Native Americans (e.g. IRS1), which also potentially led to dis-adaptations in some ethnic groups form
the latter genetic cluster due to recent environmental/dietary shifts. Moreover, polygenic bases of adaptations
to hypobaric hypoxia were explored by detecting novel patterns of Denisovan adaptive introgression in a
Tibetan population and genomic signatures of convergent evolution between Himalayan and Andean high-
altitude populations involving pathways with pro-angiogenic/cardiovascular protective roles. Signatures of
adaptive introgression were detected in the Siberian Yakut population as well and were found to have shaped
their cold-induced adaptive responses mediated by insulin/lipid metabolisms. Overall, the present thesis
proposes an alternative methodological workflow to investigate the evolution of human polygenic adaptations
and provides new insights into the complex genetic architecture of adaptive traits evolved by our species to

cope with a multitude of selective pressures.






1. INTRODUCTION

1.1 Investigating the genetic bases of human biological adaptations

The study of the genetic bases underpinning biological adaptations evolved by modern human populations
constitutes a fascinating topic in the field of molecular anthropology and evolutionary genomics. Currently, it
is well established that modern humans originated in Africa, in a time interval spanning from 300,000 (Stringer
and Galway-Witham 2017) to 200,000 years ago (ya) (Stringer 2016), and subsequently migrated across the
globe within a relatively short evolutionary timeframe (Oppenheimer 2012; Scheinfeldt and Tishkoff 2013;
Willerslev and Meltzer 2021). During these migrations, the ancestors of non-African populations have had to
progressively face a wide range of new selective pressures, including those induced by different climates,
limited types of nutritional resources available, endemic pathogens, as well as in some cases extreme
environmental conditions, such as those related to high-altitude (Scheinfeldt and Tishkoff 2013; Fan et al.
2016). Furthermore, multiple lines of evidence support extensive migrations of Homo sapiens across Africa as
well (Rito et al. 2019; Bergstrom et al. 2021; Miller and Wang 2022), indicating a complex pattern of
movements and interactions among early human populations. Given the vast diversity of biomes observable
across the African continent, which encompass tropical, subtropical, arid, hyper-arid, and Mediterranean-type
climates (Midgley and Bond 2015), we can hypothesize that also ancestral African populations have been
exposed to a wide range of selective pressures throughout their evolutionary history, which led to the evolution
of different local adaptations. To date, several studies successfully identified genes/genomic regions presenting
signatures ascribable to the action of natural selection that likely concurred to the development of adaptive

traits in modern humans (Figure 1.1).

- MCM6 CPTIA EGLN! B i FADS loci

) @wb @ EPAS] 0 @

"R THADA
_~ PRKGI \
-
Polygen l |
|
. 3 e
VAV3 ) B P
ARNT2 [ V
THRE e / k.
._me
EGLNI
APOLI \_ 4";\
5 \“’
CISH . MCM6
DOCK3 — - 4 -
STATS 0 =3
HESX] CREBRF
POUIFI ﬁs“”” . o
P H58 o> 4SINT

GYPA .___"‘.‘ e

GYPB <

GYPC
Key

\
(Y @

Lactase persistence Height Arctic environment High-fat diet Thick hair Starchy food

S B @ €

Skin pigmentation High altitude Trypanosome resistance Malaria Toxic arsenic-rich environments Increased BMI

Figure 1.1. Map of the most well-known local adaptations evolved by modern human
populations. Schematic representation of human local adaptations, each of them is labelled with the putative
adaptive phenotype and/or the selective pressure that was hypothesized to have represented the evolutionary
driving-force behind the signatures ascribable to the action of natural selection identified at the reported genes.
The figure has been taken from Fan et al. (2016).



In this context, cardinal examples are represented by the footprints left by natural selection at loci linked to
light skin pigmentation (Harding et al. 2000; Yang et al. 2018; Lamason et al.), pathogen-driven adaptations
(Fumagalli et al. 2011; Couto-Silva et al. 2023), as well as the regulation of physiological and/or metabolic
responses induced by climate (Hancock et al. 2011) and high-altitude (Bigham et al. 2010; Yi et al. 2010; Peng
et al. 2011) (Figure 1.1). Notably, some of these traits (e.g. malaria resistance and metabolic adaptations to
cold climates) have been also proposed to modulate convergent adaptations among modern human populations
(Kwiatkowski 2005; Edwards et al. 2010; Balentine and Bolnick 2022), where convergent evolution refers to
the independent emergence of similar biological traits in distinct species/populations as a result of similar
selective pressures (Stern 2013). Nevertheless, most of these studies provided evidence concerning the
occurrence of strong selective events (i.e. adaptations mediated by classical selective sweeps), which are
evolutionary mechanisms that have been recently proposed to be relatively rare in our species (Hernandez et
al. 2011).

1.2 Models describing the genomic footprints of natural selection

So far, multiple models capable of describing the patterns of genetic variability expected after the action of
natural selection have been extensively developed. Primary, these models could be essentially divided in two
groups: those accounting for classical selective sweeps (i.e. hard and soft selective sweeps) and those instead
focused on the evolution of polygenic adaptations (Figure 1.2) (Scheinfeldt and Tishkoff 2013).

In detail, the hard selective sweep model describes adaptive events that took place after the occurrence of a
single genetic mutation in a given population, which is highly beneficial and has a strong impact on a given
phenotypic trait (Figure 1.2a) (Pritchard et al. 2010; Fu and Akey 2013; Scheinfeldt and Tishkoff 2013). The
rapid rising in frequency of such beneficial mutation due to the action of positive natural selection comports a
drastic reduction in the haplotypic variability surrounding the selected site due to the elevated linkage
disequilibrium (LD) among adjacent single nucleotide variants (SNVs) (Figure 1.2a) (Pritchard et al. 2010; Fu
and Akey 2013; Scheinfeldt and Tishkoff 2013). Due to these assumptions, hard selective sweeps are believed
to have occurred relatively rarely throughout evolutionary history of human populations. Such selective events,
in fact, require a substantial amount of time to evolve. Therefore, it is unlikely that multiple independent hard
sweep events are responsible for driving complex adaptations to highly diverse environments in a species with
a low mutation rate per generation and a low effective population size such as Homo sapiens (Terhorst et al.
2017). The soft selective sweep model assumes instead the existence of multiple positively selected
variants/haplotypes, which could have been evolved neutrally for many generations and that, in the current
environment, become beneficial (i.e. selection on standing genetic variation) (Figure 1.2b) (Pritchard et al.
2010; Fu and Akey 2013; Scheinfeldt and Tishkoff 2013). According to such a model, beneficial variants also
rise quite rapidly in frequency into the population, comporting, however, a less marked loss in haplotype

variability with respect to what assumed by the hard selective sweep model (Figure 1.2b). Given these



assumptions, the soft selective sweep model describes a more plausible pattern of adaptive evolution for

populations belonging to our species.
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Figure 1.2. Schematic representation of changes of haplotype variability according to multiple
selection models. Each panel displays the shifts in frequency of variants over time during and after the action
of natural selection. For all the panels, variants are displayed as circles on horizontal genomic segments (i.e.
chromosomes) and advantageous mutations are represented with a star. (a) Illustration of the classical hard
selective sweep model, according to which a novel adaptive variant arises in the population and rapidly
increases in frequency until it approaches fixation. This process drastically reduces haplotype variability
around the beneficial mutation due to the strong LD among nearby nucleotide sites and/or limited
recombination over such a short timescale. (b) Selection on standing variation model, also known as soft
selective sweep model, assumes that a single mutation (as reported in the example) and/or few more SNVSs,
already present in the gene pool of the population become advantageous in a new environment and increases
in frequency over time until reaching moderate to elevated frequencies. Since such variants are carried by
different haplotypes, genetic variation after soft selective sweep events is better preserved with respect to what
happen when hard selective sweeps occur. (c) Selection on complex/polygenic traits involves multiple adaptive
genetic loci on different chromosomes (i.e. segments reported with different colours) that lowly impact
complex phenotypic traits as single units but that, collectively, are able to modulate polygenic adaptations.
When such variants become advantageous, they increase in frequency as a set, leaving more subtle signatures
of adaptation, which are characterized particularly by slight shifts in allele frequencies at multiple loci. The
figure has been taken from Scheinfeldt & Tishkoff (2013).
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Nevertheless, the scientific community largely agrees that adaptations occurred according to the polygenic
model (Figure 1.2c¢) are increasingly supposed to represent the majority of the adaptive traits evolved by
modern human populations to cope with a diversified range of selective pressures (Pritchard et al. 2010;
Pritchard and Di Rienzo 2010; Barghi et al. 2020). Such a model, in fact, describes a more realistic theoretical
framework, which is capable to explain also very rapid adaptations, that have plausibly played a crucial role
during the expansion of our species around the globe (Pritchard et al. 2010). Particularly, the model of
polygenic adaptation assumes the existence of several putatively adaptive variants, which can be located in
diverse portions of a gene or even in different chromosomes, and that singularly have a low impact on
phenotypic traits but, conjointly, can mediate the expression of complex biological traits (Figure 1.2¢)
(Pritchard et al. 2010; Pritchard and Di Rienzo 2010; Fu and Akey 2013; Scheinfeldt and Tishkoff 2013; Barghi
et al. 2020). Furthermore, such combination of adaptive variants can differ among individuals from the same
population, thus not necessarily implying great shifts in frequency of beneficial variants (Figure 1.2c)
(Pritchard et al. 2010; Pritchard and Di Rienzo 2010; Fu and Akey 2013; Scheinfeldt and Tishkoff 2013; Barghi
et al. 2020). Given all the features described above, polygenic adaptations are thought to be characterized by
subtle genomic footprints left by the action of natural selection, which are extremely challenging to be detected
(Pritchard et al. 2010; Scheinfeldt and Tishkoff 2013; Barghi et al. 2020), especially by adopting traditional
selection scans alone (e.g. iHS, XP-EHH, PBS, nSL, DIND, etc.) (Sabeti et al. 2007; Yi et al. 2010; Ferrer-
Admetlla et al. 2014).

Furthermore, a recent review by Barghi et al. (2020), introduced two important aspects that significantly
contribute to describe the theoretical framework of polygenic adaptations. Particularly, such features are the
non-parallelism and the loci heterogeneity due to events of redundancy. In detail, non-parallelism is defined
as the acquisition of a certain adaptive phenotypes in populations subjected to similar selective pressures (i.e.
replicate populations), which takes place throughout different alleles/loci (Barghi et al. 2020). This is a direct
consequence of traits redundancy and loci heterogeneity. In fact, the redundancy is an evolutionary
phenomenon according to which different combinations of alleles/loci produce the same phenotypic outcome
(Nowak et al. 1997; Barghi et al. 2019; Barghi et al. 2020). In replicate populations, this causes polygenic
adaptations to take place throughout heterogenous allele frequency shifts at the same and/or different loci
(Figure 1.3) (Barghi et al. 2019; Barghi et al. 2020). Therefore, loci heterogeneity strictly depends on the
original frequency of beneficial alleles in the populations, and hence by the populations’ ancestral genomic
backgrounds (Figure 1.3) (Barghi et al. 2019; Barghi et al. 2020). According to such a scenario, alleles with a
starting higher frequency have a greater probability of reaching elevated frequency in the populations after the
action of natural selection, potentially leading to a variation pattern resembling an incomplete selective sweep
and/or soft selective sweep (i.e. selective sweep-like patterns) (Barghi et al. 2020). Rare and/or low frequency
alleles will be instead likely characterized by more subtle frequency shifts, thus further contributing to

frequency heterogeneity of loci involved in polygenic adaptations (Barghi et al. 2020).
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Figure 1.3. Non-parallelism, genetic redundancy and heterogeneity among loci are main
characteristics of polygenic adaptations. For both panels, each line shows the trajectory of the frequency
of each allele (y-axis) through time (x-axis), contributing to the selected complex trait in different simulated
populations (a-b). Genetic redundancy results in non-parallel signatures of adaptation across replicate
populations. Therefore, replicate populations reach the same trait optimum (i.e. evolve polygenic adaptation)
using different alleles and/or genes, thus augmenting the heterogeneity of loci contributing to complex
adaptations. The figure has been adapted from Barghi et al. (2020).

Therefore, based on these concepts, polygenic adaptation in replicate populations is achieved throughout the
contribution of different genes/alleles that, nonetheless, regulate the same complex trait. Moreover, the same
adaptive loci may contribute differently to complex adaptations due to the differences in the initial frequencies

of the beneficial alleles in replicate populations.

1.3 Statistical approaches to investigate the evolution of polygenic adaptive traits

To date, several studies have been aimed at identifying SNVs associated to complex adaptive traits (Robinson
et al. 2015; Bycroft et al. 2018; Adhikari et al. 2019; Ju and Mathieson 2021; Seo et al. 2022; He et al. 2023;
Sohail et al. 2023) and/or entire genomic regions putatively involved in the evolution of polygenic adaptations
(Hsieh et al. 2017; Gnecchi-Ruscone et al. 2018; Ojeda-Granados et al. 2022). However, the majority of them
relied mainly on results obtained by means of genome-wide association studies (GWAS), which are known to
have been designed according to the unrealistic common disease-common variant (CD-CV) hypothesis and
have thus failed to describe an exhaustive picture of the genetic architecture of complex traits/diseases (Wang
et al. 2005). Particularly, GWAS are a specific category of studies designed to detect significant associations
between genetic markers and complex traits by comparing cohorts of cases (i.e. individuals presenting a given
disease and/or trait) with defined control groups (Visscher et al. 2021). An example of GWAS output,
particularly concerning the genetic variants found to be associated to light-skin pigmentation in Latin

American populations, is displayed in Figure 1.4 (Adhikari et al. 2019).
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Figure 1.4. Genome-wide significant associations to pigmentation traits in Latin American
populations. For all the plots, the x-axis reports the genomic location of the considered SNVs, while the y-
axis on its left side shows their association P-value. The top of the plots indicates the traits for which the
association was tested (i.e. skin pigmentation measured using reflectometry to evaluate the melanin index and
skin saturation). In each chromosomal interval, index SNVs (i.e. genetic variants showing the highest P-value
for the association to a given trait in a certain genomic region) are highlighted with a purple diamond. The
colours for other SNVs represent the strength of LD between that variant and the index SNV. Local
recombination rate between SNVs is shown as a continuous blue line (i.e. right y-axis). Genes in each region,
as well as their intron/exon structure, are shown in the middle of each panel. At the bottom, a pairwise LD
heatmap across all SNVs in a region is displayed (i.e. with red colours indicating r>=1 and white colours
indicating r?=0). The figure has been adapted from Adhikari et al. (2019).

As briefly mentioned before, GWAS are based on the CD-CV hypothesis, which posits that the relatively high
prevalence of complex common diseases is due to the high frequency of the related risk variants in the
population (Schork et al. 2009). This comports that disease susceptibility resulted from the conjunctive action
of several common variants, and that, unrelated affected individuals share a significant proportion of such risk
alleles (Schork et al. 2009). Therefore, GWAS should be capable of identifying genetic markers at high
frequency in cases and that significantly differ in terms of frequency with respect to control groups.
Accordingly, adopting the GWAS framework to investigate the evolution of polygenic adaptations could
represent a strategy capable of detecting common variants (i.e. SNVs putatively favoured by the action of
natural selection) among populations known to be biologically adapted to a given environment (e.g. high-
altitude human groups from the Himalayas) and/or characterized by known adaptive traits (e.g. light-skin
pigmentation in non-African populations). Nevertheless, the validity of the common disease-common variant
hypothesis in fully explaining the genetic susceptibility to complex diseases has been substantially criticized
(Wang et al. 2005; Schork et al. 2009). Therefore, applying the GWAS framework to the study of polygenic
adaptations introduces several limitations and potential conceptual biases in the reconstruction of the adaptive
history of human populations.

Specifically, one of the major limitations of GWAS-based approaches is the need to adopt a high level of
statistical significance to account for the bias related to multiple testing procedures (Tam et al. 2019). Usually,
this is accomplished thought the Bonferroni correction to maintain the genome-wide false-positive rate at 5%,
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which however results in a reduced power to detect all the possible associations (Tam et al. 2019). Moreover,
focusing only on highly significant associations means that only adaptive SNVs with a large effect on the
considered trait, and thus having been targeted by strong natural selection, could be detected. A simple way to
overcome such limitation is to increase the sample size of both case and control cohorts (Tam et al. 2019).
However, assembling large cohorts, particularly when composed of individuals with largely shared genetic
backgrounds, is often challenging. This, in fact, leads to another important concern in GWAS, which is
represented by the potential for spurious associations arising due to population stratification rather than
according to true genetic risk differences between cases and controls (McClellan and King 2010; Tam et al.
2019; Barghi et al. 2020). In fact, such false-positive signals often result from major differences in terms of
ancestry between and/or within the studied cohorts (McClellan and King 2010; Tam et al. 2019; Barghi et al.
2020).

As concerning the conceptual limitations, GWAS identify variants that affect a trait irrespective of whether
they are beneficial or deleterious (Barghi et al. 2020). Moreover, to result significantly associated to a trait,
genetic variants need to present great shifts in frequency in the cases with respect to the controls, thus not
likely resembling the nature of alleles that are expected to play a relevant role in the evolution of polygenic
adaptations (Scheinfeldt and Tishkoff 2013). Finally, GWAS are not free from a priori assumptions since, in
order to be tested, a complex trait has to be firstly defined and characterized in the studied cohorts of
individuals, thus imposing important constraints to the range of adaptive traits that could be potentially
investigated.

Another type of statistical approaches which is, however, strictly related to GWAS, is that based on the
calculation of polygenic scores (PGS) for a complex trait. PGS is the results of a weighted measure according
to which all the SNVs found to be associated to a given trait according to GWAS results, even though they do
not pass the stringent significance threshold corrected for multiple testing, are considered (Barghi et al. 2020;
Lewis and Vassos 2020). Specifically, unlike GWAS, PGS-based studies do not treat each SNV equally, but
they weight each variant according to the amount of phenotypic variance it explains (Barghi et al. 2020; Ma
and Zhou 2021). This approach can potentially account for studying a larger fraction of phenotypic variation
that is often missed when considering only GWAS significant markers (Barghi et al. 2020; Ma and Zhou 2021).
Nevertheless, given the strong dependence of polygenic scores on GWAS results, they are basically
characterized by the same conceptual limitations (Lewis and Vassos 2020; Ma and Zhou 2021).

An alternative, and quite independent, strategy to investigate the genetic bases of polygenic adaptations is
instead constituted by statical approaches aimed at detecting networks of genes significantly enriched in
signatures ascribable to the action of natural selection (Figure 1.5) (Daub et al. 2013; Gouy et al. 2017).
Remarkably, such methods do not require large sample sizes to obtain significant results, thus avoiding the
need for adopting stringent P-value thresholds and the bias potentially introduced by population stratification.
However, these approaches present two main limitations. Firstly, the lack of a direct link between putative
adaptive loci and phenotypes comports some uncertainty about the nature of the selected traits (Barghi et al.

2020). Secondly, there is ambiguity in classifying the detected signatures as a single selective event acting on
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a set of genes regulating a specific trait, as assumed under the model of polygenic adaptation, or as multiple
independent sweep-like selective events acting on a set of correlated traits (Barghi et al. 2020). Despite these
limitations, the genomic signatures detected by these methods represent some of the best proxies available of
selective events occurred under a reliable approximation of a model of polygenic adaptation and are notably
less affected by false-positive associations caused by the genetic substructure of the investigated populations
(Barghi et al. 2020).

Figure 1.5. Networks of genes showing selection signatures likely involved in the evolution of
polygenic adaptations in high-altitude Sherpa populations. The reported networks resulted
significantly impacted by the action of natural selection and were identified at first by calculating the Fisher
combined score (Fcs) to account for results from different selection scans (Deschamps et al. 2016) and
secondly by using genome-wide distribution of this score to inform the signet network-based method (Gouy
et al. 2017). Such a combined approach was aimed at detecting genomic signatures of polygenic adaptations.
Genes participating to the Hypoxia inducible factor (HIF) 1a and 2o pathways are connected by blue lines.
Loci within the pro-angiogenetic integrin pathways are connected by aquamarine lines. Genes belonging to
the Glucocorticoid receptor regulatory and to the Interleukin-1 signalling pathways are connected by purple
and green lines, respectively. Members of the P63 pathway are connected by orange lines, while those
belonging to both P53 and P73 regulatory pathways are connected by black lines. Both the colour intensity
and the size of the circles are proportional to the Fcs score calculated for each gene, which specifically ranged
from ~9.0 to ~29.0. The figure has been taken from Gnecchi-Ruscone et al. (2018).
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1.4 Inbreeding with archaic hominins: the role of adaptive introgression in shaping biological
adaptations of modern humans

Admixture with extinct hominin species constitutes another important evolutionary aspect that has potentially
influenced patterns of adaptive variability (included those of complex adaptive traits) of modern human
populations (Sachdeva and Barton 2018; Barghi et al. 2020). In fact, such a process has been proposed to affect
loci heterogeneity within the framework of polygenic adaptations, particularly resulting in large heterogeneous
allele frequency shifts of introgressed haplotypes (Sachdeva and Barton 2018).

To date, a variety of studies have identified traces of inbreeding events between our species, Neanderthals, and
Denisovans by analysing whole genome sequence/genome-wide data from modern human populations and/or
by comparing modern and archaic genomes (Green et al. 2010; Marnetto and Huerta-Sanchez 2017; Bergstrom
et al. 2020). Notably, some of these putative introgressed genomic segments were also proved to have been
subjected to the action of natural selection in present-day populations, thereby illustrating events of adaptive
introgression (Huerta-Sanchez et al. 2014; Gittelman et al. 2016; Racimo et al. 2017; Gouy and Excoffier
2020). Particularly, such findings concern genes linked to high-altitude adaptations (Huerta-Sanchez et al.
2014), immune-related loci, as well as genes regulating skin pigmentation (Gittelman et al. 2016).

Among the loci whose adaptive evolution was significantly influenced by archaic introgression events, EPAS1
represents a cardinal example, having likely resulted from the admixture between the Denisovan species and
the ancestors of present-day Tibetan highlanders (Figure 1.6) (Huerta-Sanchez et al. 2024). In fact, multiple
independent studies have identified signatures of both archaic introgression (Huerta-Sanchez et al. 2014;
Zhang et al. 2021) and positive selection (Beall 2007; Bigham et al. 2010; Yi et al. 2010; Peng et al. 2011; Xu
etal. 2011) at the EPAS1 genomic variation observed in high-altitude populations of Tibetan ancestry, with all
signals appearing to be concentrated within a specific 32.7 kb region of the gene (Figure 1.6).

Nevertheless, these studies were again aimed at identifying classical hard selective sweeps, for which the
putative adaptive variants/haplotypes are found in archaic hominin species as well, thus potentially identifying
introduced genomic segments in the gene pool of Homo sapiens populations that have been then subjected to
selective sweeps. However, these lines of evidence do not account at all for complex adaptive traits and thus
explain just a limited portion of the adaptive introgression events evolved by our species, suggesting that
additional biological functions and/or loci may have been affected by introgression and then involved in the
evolution also of well-characterized adaptive phenotypes. In this context, few recent studies have developed
sophisticated statistical approaches capable to test more realistic models of adaptive introgression, in which
both admixture and selection events are evaluated simultaneously (Setter et al. 2020; Gower et al. 2021; Zhang
et al. 2023). For instance, MaLAdapt (Zhang et al. 2023) and VolcanoFinder (Setter et al. 2020) statistics allow
to test for the weak action of natural selection on putative introgressed standing genetic variation, thus allowing
for the potential identification of the genetic determinants of polygenic adaptive introgression events.
Therefore, the utilization of such approaches to investigate signatures of polygenic adaptive introgression in
specific case-studies could enable to expand our knowledge concerning such a complex evolutionary process,

which is, so far, still relatively understudied.
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Figure 1.6. Haplotype structure at the EPAS1 putative adaptive introgressed genomic region in
high-altitude Tibetan and worldwide human populations. The haplotypes were defined from all the
SNVs present in both the sequenced 1000 Genomes and Tibetan samples within a specific region (i.e. spanning
32.7kb) of the EPAS1 gene, which was pinpointed as carrying candidate adaptive variants in high-altitude
Tibetans that are also observed in the Denisovan genome. The Denisovan haplotypes (forest green) were added
to the set of modern haplotypes in order to evaluate the number of pairwise differences among them. Each pie
chart represents one unique haplotype, labelled with Roman numbers, and the radius of the pie chart is
proportional to the frequency of that haplotype. The sections in the pie provide the breakdown of the haplotype
representation among populations. The width of the edges connecting the pie charts is proportional to the
number of pairwise differences between the joined haplotypes. The legend shows all the possible haplotypes
among the analysed populations (see Auton et al. 2010 for label information). The numbers next to the edge
in the bottom right are the number of pairwise differences between the corresponding haplotypes. The figure
also shows an edge connecting the Tibetan haplotype XXXIII and its closest non-Denisovan haplotype (XXI)
to indicate its divergence from the other modern human groups. The figure has been taken from Huerta-
Séanchez et al. (2014).
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2. AIMS OF THE STUDY

During its evolutionary history, populations of the Homo sapiens species progressively occupied a variety of
geographical areas, thus having to survive and reproduce in a multitude of environments characterized by
remarkably different selective pressures, such as endemic pathogens, specific food sources and extreme
climatic conditions (Fumagalli et al. 2011; Hancock et al. 2011; Ojeda-Granados et al. 2022). Polygenic
adaptations (rather than traditional models describing the action of natural selection) are increasingly supposed
to represent the main mechanisms having mediated the evolution of adaptive traits in the ancestors of modern
human populations, enabling their rapid biological adaptation to such a diversified range of environments
(Pritchard and Di Rienzo 2010; Barghi et al. 2020). However, evidence concerning this type of adaptations are
still limited and mainly results from genome-wide association studies, which can be underpowered in cohorts
with reduced sample size and/or biased by internal genetic substructure (i.e. population stratification) and/or
by incorrect matching between case and control groups of appreciably different ancestry (Tam et al. 2019).
Such a scarcity of evidence is also due to the lack of proper statistical methodologies aimed at testing a realistic
approximation of the model of polygenic adaptation. Concomitantly, inbreeding with archaic hominin species
was proved to constitute an important evolutionary process having influenced the adaptive variability of
modern human populations (Laurent et al. 2011; Vernot and Akey 2014; Huerta-Sanchez et al. 2014; Prifer et
al. 2014; Sankararaman et al. 2014; Gittelman et al. 2016; Dannemann and Racimo 2018; Enard and Petrov
2018; Racimo et al. 2018), thus further complicating the reconstruction of a comprehensive picture able to
pinpoint the genetic bases of complex adaptations evolved by our species.

To overcome these limitations, the present project primarily aimed at developing a pipeline of analyses capable
of detecting genomic signatures left by the action of natural selection and potentially ascribable to the model
of polygenic adaptation. Furthermore, the project attempted to test the reliability of such a methodological
workflow on whole genome sequence (WGS) data belonging to several populations roughly representative of
the world-wide human biodiversity. Briefly, rather than relying on a unique approach, the assembled pipeline
was designed to result from the combination of three different methods (Gouy et al. 2017; Mughal and
DeGiorgio 2019; Harris and DeGiorgio 2020), which are overall capable to identify genomic patterns
ascribable to both strong and moderate-to-weak selective events. Moreover, the adopted approach was
conceived to enable the evaluation of different aspects of the genomic variation resembling a pervasive action
of natural selection on functionally related loci, thus conferring consistency to the results validated by all the
steps of the pipeline.

In addition, the present project secondly aimed at investigating archaic adaptive introgression events, by
examining them from a polygenic point of view (i.e. by focusing on the evolution of complex adaptive traits).
For this purpose, two specific human groups were considered as valuable case studies: high-altitude
populations of Tibetan ancestry and Yakut people from Northern Siberia. Particularly, the study of these

populations was thought to be especially relevant in the contest of the investigation of adaptive introgression
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mechanisms because: i) these human groups are still currently subjected to severe selective pressures (i.e.
hypobaric hypoxia and sub-arctic climate, respectively) and ii) previous studies reported consistent evidence
of gene flow occurred between the ancestors of these populations and the Denisovan species (Huerta-Sanchez
et al. 2014; Bergstrom et al. 2020; Zhang et al. 2021). Based on these considerations, it is likely to hypothesize
that at least a portion of their genomic variability impacted by archaic introgression was involved also in the

evolution of complex adaptations to high altitude/extreme cold environments.

14



3. MATERIALS & METHODS

3.1 Dataset composition and curation

The publicly available high-coverage Whole Genome Sequence (WGS) data analysed in the present study
were collected from different repositories and merged into single datasets by performing a series of Quality
Check (QC) operations aimed at testing for data consistency and avoiding the introduction of potential bias
due to low-quality variant calling.

In detail, the considered WGS data mainly included those generated in the studies by Auton et al. (2015) within
the framework of the 1000 Genomes Project, by Bergstrém et al. (2020), which focused on the samples
belonging to the Human Genome Diversity Panel (HGDP), and by Sazzini et al. (2020), which sequenced
individuals from the Italian peninsula. Overall, these studies provided high-resolution genomic data
representative of several human groups of Northern and Sub-Saharan African, Continental and
Southern/Mediterranean European, as well as Central and Northern/Eastern Asian ancestries. These data also
included very few samples belonging to Oceanian and non-admixed Native American populations. That being
S0, to improve the representativeness of this latter group of populations, we also took advantage from WGS
data for indigenous populations from Mexico (Jiménez-Kaufmann et al. 2022), which have been made
available thanks to the collaboration with Dr. Andrés Moreno Estrada, director of the Human Population
Genomics Lab of the LANGEBIO - Centro de Investigaciéon y de Estudios Avanzados (Irapuato, México),
where | conducted my PhD period abroad. In particular, these WGS data completed those for samples of Native
and admixed populations from Mexico, Peru, Colombia and Puerto Rico included in the HGDP and in 1000
Genomes Project panels.

An additional dataset made up of genome-wide (i.e. DNA microarray-based) data for indigenous populations
from South America was also assembled in order to contextualize genomic variation of high-altitude Andean
Aymara WGS generated by (Lindo et al. 2018) and to select low-altitude control populations to perform the
analyses described in Ferraretti et al. (2025) (see Supplementary Table S1 reported in Ferraretti et al. 2025 for
details). In particular, this study - whose results will be briefly discussed in the present thesis - was aimed at
investigating the genetic bases of complex adaptive traits evolved by high-altitude Andean groups in response
to the stress induced by hypobaric hypoxia and at identifying convergent adaptations shared with Himalayan
populations. For this purpose, a further ad-hoc dataset suitable for the genetic contextualization of Tibetan
WGS data retrieved from Jeong et al. (2018) was assembled. Such a dataset enabled to carry out the analyses
described in Ferraretti et al. (2024) (see Supplementary Table S1 reported in Ferraretti et al. 2024 for details),
which were aimed at disclosing the impact of introgression of Denisovan alleles in modulating the adaptive
responses evolved by high-altitude populations from the Himalayas.

Overall, the obtained extended dataset included 3,430 WGS for individuals belonging to 73 world-wide human
populations and was then subdivided to obtain different sub-datasets representative of the main geographical

macro-areas considered and of specific case-studies, such as those focused on high-altitude groups from
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Andean and Himalayan regions. Once assembled, all these sub-datasets were separately subjected again to QC
procedures specifically designed for the types of analyses to be performed. In detail, we prepared the datasets
to be subjected to genotype-based population structure analyses, such as Principal Components Analyses
(PCA) and ADMIXTURE, by retaining those SNVs that: i) presented less than 5% of missing data, ii)
respected the Hardy-Weinberg Equilibrium (HWE) according to the stringent p-value threshold obtained after
Bonferroni correction for multiple testing, iii) presented a Minor Allele Frequency (MAF) greater than 1%,
and iv) were in low Linkage Disequilibrium (LD) between each other (i.e. showing a r? score minor or equal
to 0.2). We also excluded from subsequent analyses those individuals that presented more than 5% of missing
data and identity-by-descent (IBD) kinship scores (PiHat) greater than 0.27 after estimation of the degree of
recent shared ancestry for each pair of subjects based on identity-by-state (IBS) calculations, to remove closely
related individuals to the second degree, as suggested for datasets including populations with relatively low
effective population size and appreciable inbreeding levels (Ojeda-Granados et al. 2022).

In parallel, to carry out haplotype-based population structure analyses by means of the ChromoPainter and
fineSSTRUCTURE algorithms, we phased the following datasets: i) the extended merged dataset obtained by
the combination of samples from the studies by Auton et al. (2015), Bergstrom et al. (2020) and Sazzini et al.
(2020), and ii) the sub-dataset assembled specifically for the investigation of adaptive evolution of populations
of Native American ancestry. For the phasing procedure, differently than for genotype-based analyses, were
retained low-frequency variants (i.e. showing MAF < 1%) and SNVs in LD (i.e. showing a r? score above 0.2).
The extended merged dataset was subdivided in three sub-datasets to obtain phased copies of WGS data
representative of African, European and North/East Asian geographical macro-areas. Schematic representation
of these methodological steps is reported in Figure 3.1. The phasing procedure was performed using the
SHAPEIT software v2.r904 (Delaneau et al. 2013), as well as HapMap phase 3 recombination maps and the
1000 Genomes Project dataset as a reference panel (Auton et al. 2015).

Furthermore, in order to avoid loss of data (in terms of numbers of available SNVs) due to the described
merging procedure, phased WGS data for filtered individuals belonging to the same population and who
resulted genetically homogeneous according to haplotype-based structure analyses were directly extracted
from their respective original datasets and then submitted to subsequent analyses (e.g. SMC++ and selection
scans). On these data we finally applied the following QCs to remove SNVs: i) with more than 5% of missing
data, ii) showing significant deviation from the HWE, iii) presenting ambiguous A/T or G/C alleles, iv) with

mapping quality <20, and v) with values of sequence depth < 30.
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Figure 3.1. Overview of the composition of the datasets and of the population structure analyses
performed. Scheme summarizing i) the reference studies used to collect WGS data, ii) the sub-datasets
specifically assembled for each of the considered geographical macro-area and iii) the population structure
analyses carried out on both the unphased and phased copies of the sub-datasets. From left to right: samples
generated in the studies by Auton et al. (2015), Bergstrém et al. (2020), and Sazzini et al. (2020) were merged
and subjected to QC procedures. Such extended dataset was then subdivided to obtain the unphased copies of
the sub-datasets assembled for the African, European and North/East Asian geographical macro-areas, which
were submitted to genotype-based population structure analyses. In parallel, the extended dataset was phased
and subdivided to obtain the phased copies of the African, European and North/East Asian datasets, on which
ChromoPainter and fineSSTRUCTURE fine-scale population structure analyses were performed. Admixed
American samples from Auton et. al. (2015), as well as WGS data for Native American populations from
Bergstrom et al. (2020), were merged with genomic data generated by Jiménez-Kaufmann et al. (2022), which
contained 50 WGS for individuals of indigenous un-admixed Mexican populations. Such a dataset was
subjected to QC, PCA and ADMIXTURE analyses, as well as to phasing procedures and haplotype-based
structure analyses. Finally, the datasets on which the studies by Ferraretti et al. (2024) and Ferraretti et al.
(2025) were conducted were used to contextualize the genomic variation of Tibetan (Jeong et al. 2018) and
Aymara (Lindo et al. 2018) high-altitude populations.

3.2 Genotype- and haplotyped-based population structure analyses

The unphased datasets were subjected to genotype-based PCA and ADMIXTURE analyses to check for data
consistency after the merging procedure and to investigate broad patterns of population genetic structure.
Specifically, PCA was carried out by employing the smartpca function implemented in the EIGENSOFT
package (Patterson et al. 2006), while ADMIXTURE analysis was run using the ADMIXTURE software

version 1.3.0 (Alexander et al. 2009) by considering a progressively increasing number of hypothetic ancestry
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components (Ks) ranging from 2 to 13 and by choosing the configuration that best fits to the data based on the
lowest 5-fold cross-validation (CV) error associated to each K.

Haplotype-based ChromoPainter and fineSSTRUCTURE analyses were then performed to explore patterns of
fine scale population structure and to identify genetically homogeneous populations to be submitted to
downstream analyses. In detail, the ChromoPainter pipeline consists of two main steps (i.e. estimate and run
phases). As concerns the estimate step, the phased datasets were used to infer the mutation rate (mu) and the
effective population size (Ne) parameters by using the —in and —iM flags implemented in the ChromoPainterv2
software (Lawson et al. 2012) based on a subset of four representative chromosomes (i.e. 4, 10, 15, and 22)
and five representative individuals for each population. Subsequentially, during the run step, the average Ne
and mu values calculated for each individual and for each chromosome were used to process the data of all the
22 chromosomes included in each phased dataset.

More in detail, for processing the datasets of African, European and North/East Asian macro-areas the average
mu and Ne values estimated on the extended merged dataset were used. On the other hand, for processing the
Native American dataset ad-hoc average estimates were calculated on all the available samples, as well as on
10 individuals belonging to the Yoruba, CEPH and Han Chinese populations in order to account the African,
European and East Asian ancestry components potentially present in the genomes of admixed Americans.
Subsequentially, the run step was carried out on the same individuals, with each group in turn being considered
as donor and recipient populations by using the 0 0 -a 0 0 option. The obtained ChromoPainter co-ancestry
matrices were then submitted to the fineSTRUCTURE algorithm version 2.1.3 with the aim of identifying
population clusters characterized by high internal genetic homogeneity by relying on haplotype sharing
patterns between pairs of individuals.

In detail, the estimation of the fineSTRUCTURE algorithm were corrected on the base of the ¢ value previously
calculated with ChomoPainter. Moreover, the flags -x, -y and -z were respectively set at 3,000,000, 2,000,000
and 10,000 for the primary step of the analysis. Finally, for the run step required for the estimation of the tree

topology, the —x and —t flags were set at 1,000,000 iterations.

3.3 Inferring effective population size fluctuations in genetically homogeneous groups

To infer Ne history in genetically homogeneous populations, their respective datasets were analysed with the
SMC++ algorithm (Terhorst et al. 2017). Among the methods that rely on Sequentially Markovian Coalescent
(SMC) approaches for estimating the demographic history of populations, SMC++ is indeed preferred to
process large datasets since it is capable to analyse hundreds unphased genomes simultaneously (Terhorst et
al. 2017). Initially, each genomic dataset was converted to the required format using the vcf2smc function by
incorporating six different distinguished lineages following indications by Bergstrém et al. (2020).

Furthermore, the negative mask files relative to the 1000 Genomes and HGDP panels were used to inform the
SMC++ algorithm about the location of chromosomal intervals that were not covered in the input files, thus

avoiding the introduction of inferential bias due to fictitious long run of homozygosity.
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The mask files were obtained by complementing the positive masks available at:
e https://ftp.1000genomes.ebi.ac.uk/voll/ftp/data_collections/1000_genomes_project/working/201606
22_genome_mask_GRCh38/StrictMask/
e https://ngs.sanger.ac.uk/production/hgdp/hgdp_wgs.20190516/accessibility-mask/

Subsequently, the estimate function was applied to fit a population size history to each dataset, by considering
a mutation rate of 1.25 x 10°® per site per generation (Terhorst et al. 2017).

Finally, the analysis spanned a period between 1,000,000 and 1,000 years ago, corresponding to 34,000 and
34 generations respectively, assuming a generation time of 29 years (Bergstrém et al. 2020).

3.4 Integrating multiple methods to detect genomic signatures of adaptive evolution
To detect genomic signatures ascribable to a wide range of selective events, an integrated pipeline of analyses
was assembled by relying on likelihood-, network-, and Machine Learning (ML)-based methods (Figure 3.2).

2. 3.
LASSI (Harris & DeGiorgio 2020) |—) | Signet (Gouy et al. 2017) ‘—) | Trendsetter (Mughal & DeGiorgio 2019) ‘

Genomic distribution of selection statistical values
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Filtered LASSI results indicative of ~—> Significant networks of functionally related —> Candidate adaptive genes supported

soft sweeps genes affected by soft sweeps by Trendsetter results
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Candidate adaptive genes putative involved in

the modulation of Polygenic Adaptations

Figure 3.2. Integrated pipeline of analyses aimed at detecting genomic signatures ascribable to
selective events under the polygenic adaptation model. The LASSI method developed by Harris &
DeGiorgio (2020) was primarily run on phased data representative of each of the genetically homogeneous
populations identified by population structure analyses. The obtained results were filtered in function of the m
parameter in order to exclude likelihood values informative of genomic regions affected by hard selective
sweeps and were subsequentially submitted to the signet analysis developed by Gouy et al. (2017). The signet
method was thus used to point out biological functions modulated by groups of functionally related genes
previously supposed to have been targeted by weak-to-moderate natural selection according to the LASSI
analysis. The Trendsetter approach (Mughal and DeGiorgio 2019) was finally used to validate candidate
adaptive genes pointed out by signet analysis or to detect additional adaptive loci contributing to the
same/related biological functions. Overall, the described pipeline of analyses was assembled to pinpoint the
possible genetic determinants of complex adaptive traits involved in the modulation of polygenic adaptations.
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These approaches were combined to pinpoint the genetic determinants of biological traits plausibly impacted
by the action of positive natural selection, including complex ones whose adaptive evolution was enabled by
natural selection having simultaneously targeted many loci contributing to the modulation of the same
biological function (Pritchard et al. 2010; Pritchard and Di Rienzo 2010; Barghi et al. 2020).

The results obtained have been also contextualized from a functional perspective, first through the
implementation of STRING enrichment analyses and then through a meticulous literature search regarding the

functional roles of single genes putatively involved in polygenic adaptations.

3.4.1 Likelihood Approach for Selective Sweep Inference - LASSI

Firstly, it was implemented the Likelihood Approach for Selective Sweep Inference (LASSI) developed by
Harris & DeGiorgio (2020), which can distinguish between strong and weak footprints left by natural selection
(i.e. hard and soft selective sweeps) on the base of the investigation of the haplotype frequency spectrum
calculated for sliding genomic windows. This approach was applied on the phased data obtained for each of
the identified genetically homogeneous populations. The schematic representation of haplotype frequency
spectra evaluated by the LASSI statistic is reported in Figure 3.3.

Briefly, the rationale of the LASSI approach is the identification of the modification of the haplotype frequency
spectrum of a given genomic region resulted after the action of natural selection on it (Harris and DeGiorgio
2020; Ferraretti et al. 2024). In detail, by considering the hard selective sweep model, according to which in
the population arises a beneficial mutation with very strong impact on a given phenotypic trait, the expected
haplotype frequency spectrum of such a genomic region will be characterized by a large decrease in haplotype
variation. This determines that just a single haplotype carrying the putative adaptive variant and with an
extremely elevated frequency is detectable in the population (i.e. sweeping haplotype) (Figure 3.3).
Accordingly, the other haplotypes whether they exist, are expected to be found at very low frequency in the
studied population. On the other hand, when considering the soft selective sweep model, which assumes that
natural selection acts on a few new variants on a single gene and with low functional impact or on standing
(i.e. pre-existing) genetic variation, again, at a single gene, the resulted haplotype frequency spectrum will be
characterized by the existence of two or few more haplotypes that reach moderate frequency in the population
(Harris and DeGiorgio 2020) (Figure 3.3).

In opposite, the haplotype frequency spectrum expected under neutrality presents multiple haplotypes at low
frequency in the population. In particular, a single reference neutral spectrum can be obtained for each
population by averaging the frequency values of each haplotype class obtained for the spectra calculated across
the entire genome (Harris and DeGiorgio 2020) (Figure 3.3). Finally, through the comparisons between the
neutral reference spectra, a likelihood statistic (i.e. LASSI T statistic) is calculated for each empiric spectrum,
where positive values support the hypothesis of adaptive evolution for a given genomic window (Harris and
DeGiorgio 2020).
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Figure 3.3. Schematic representation of the haplotype variation patterns tested by the LASSI
approach. The figure reports simulated haplotype frequency spectra for genomic windows characterized by
neutral evolution or adaptive evolution according to the hard sweep and soft sweep models. The number of
simulated sweeping haplotypes (i.e. v) utilized for distinguishing between hard and soft sweeps is reported on
the top of the figure. Under neutrality (i.e. top grey), the many sampled haplotypes inferred in the analysed
genomic window exist at low frequency. In contrast, spectra associated to selective sweeps are characterized
by high-frequency haplotypes and fewer total haplotypes (i.e. top light pink and lilac). The middle panel reports
the truncated spectra generated in order to congruently compare the diverse haplotype spectra obtained along
the genome. Overall, haplotype spectra preserve their shape relative to the untruncated spectra above. The
bottom panel finally reports the distorted neutral spectrum computed from sampled haplotypes to yield spectra
corresponding to alternative models (i.e. purple). In such spectra, the mass of non-sweeping classes is
transferred to sweeping classes, resembling the expected pattern under a true selection event. The figure has
been taken from Harris & DeGiorgio (2020).

21



The LASSI method was chosen among several statistical approaches because: i) it was demonstrated to have
an improved power with respect to traditional selection scans (e.g. H12 and nSL) in the identification of
selective events under a vast range of selection coefficients and demographic models (Harris and DeGiorgio
2020); ii) it can be used to easily distinguish hard selective sweeps from other selective events by filtering
results in function of the m parameter (i.e. the number of inferred sweeping haplotypes that are supposed to
carry adaptive variants, which is > 2 for soft selective sweeps). Moreover, the LASSI method requires a certain
number of variants to define the length of the windows for which the haplotype spectra are reconstructed. To
avoid setting a random number for this user-defined parameter, the --blocks function implemented in the
PLINK v1.90b5.2 package (Chang et al. 2015) was run on the unphased datasets to infer haplotype blocks and
the number of SNVs included in each of them. This procedure was performed for each homogenous population
and the average number of SNVs calculated by taking into account all the inferred haplotype blocks specific
of each human group was used to divide the genome into the sliding windows considered by the LASSI
algorithm.

The overall distribution obtained for the LASSI statistic was then filtered according to the m parameter (i.e. by
considering m > 2) to exclude genomic windows affected by hard selective sweeps (by supposing they are not
involved in the evolution of complex adaptive traits, whose identification was the main goal of the present
study) and by retaining chromosomal intervals showing the greatest likelihood values associated to each gene.
This filtering step indeed allowed to obtain a statistical distribution of values informative for signatures of
weak-to-moderate natural selection, which constitute those more likely involved in the modulation of
polygenic adaptations. Such distribution was then used to build the required input data for running the signet
algorithm, which was chosen to investigate the potential interaction of multiple adaptive loci overall
contributing to polygenic adaptations (Gouy et al. 2017).

3.4.2 Signet gene-networks reconstruction

The signet method is a statistical approach that can be used to detect genomic signatures ascribable to selective
events occurred under the model of polygenic adaptation by pinpointing networks of genes contributing to the
same functional pathway (i.e. likely modulating the same biological function) and whose variation patterns
have been collectively shaped by the action of natural selection (Gouy et al. 2017) (Figure 3.4).

Thanks to the implementation of such an approach on the genomic distributions obtained by means of LASSI
and indicative of weak-to-moderate selective events, significant signet networks have been considered as
groups of genes simultaneously targeted by natural selection in the considered population, thus having
potentially contributed to the evolution of complex adaptive traits.

In detail, the signet method crosschecks information contained in the input list (i.e. the greatest likelihood score
computed for each gene identified by LASSI has putatively targeted by weak-to-moderate natural selection)
with those collected in reference databases as regards the composition of annotated functional pathways, such

as the Kyoto Encyclopaedia of Genes and Genomes (KEGG), using a simulated annealing algorithm approach
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to define High Scoring Subnetworks (HSS) within each biological pathway (Gouy and Excoffier 2020;
Ferraretti et al. 2025).

Basically, the HSS are networks made up of genes capable to maximize the signet output normalized score
associated to each of these networks. To calculate such a score, the algorithm starts building random networks
and iteratively modifies them by adding or removing one gene at a time, then recalculating the normalized
score after each change, and repeating the process until it identifies the networks with the highest normalized
scores. Finally, to test if scores of the estimated HSS are significantly larger than what would be expected by
chance, a null distribution of HSS scores is generated and compared to the empirical signet values obtained
for each network.

Gene networks showing p-values < 0.05 were retained as significant groups of candidate adaptive loci
contributing to the same functional pathway according to information stored in the Kyoto Encyclopedia of
Genes and Genomes (KEGG) database. Furthermore, barely and/or not significant results (i.e. p-value < 0.06)
were also briefly described in the Results/Discussion sections, but only when the same networks resulted
significant for other populations showing related ancestry with that under investigation.

The signet algorithm was run using the R version 3.6.3 and by performing 20,000 iterations to generate the
null distributions of the highest scoring subnetwork (Gnecchi-Ruscone et al. 2018; Ferraretti et al. 2025).
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Figure 3.4. Standard representation of significant gene networks identified with the signet
approach. Example of partially overlapped significant gene networks included in related functional pathways
annotated in National Cancer Institute (NCI) (A) and KEGG (B) databases. The color intensity and size of the
circles (i.e. gene/nodes) are proportional to the gene score (i.e. the statistical values associated to each gene in
the input list). The figure has been adapted from Gouy et al. (2017).
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3.4.3 Trendsetter supervised multinomial regression classifier

The last step of the implemented pipeline consisted in the utilization of the supervised multinomial regression
classifier Trendsetter, which evaluates the distribution of diverse selection/summary statistics across genomic
windows to predict signatures ascribable to both strong and weak natural selection (Mughal and DeGiorgio
2019) (Figure 3.5). In detail, these statistics comprehend r? (Hill and Robertson 1968) and = (Tajima 1983)
that are capable to interrogate different aspects of genetic variation, such as patterns of LD decay among
adjacent SNPs and alterations in the site frequency spectrum, respectively (Mughal and DeGiorgio 2019).
Moreover, the Trendsetter method evaluates the genomic distributions of the number of haplotypes (Nhaps),
as well as of the H1, H12, and H2/H1 statistics (Garud et al. 2015), which have been demonstrated to exhibit
high power to detect both hard and soft selective sweeps and to collectively enable accurate distinction between
them (Mughal and DeGiorgio 2019).

Such an approach was used to further validate at single gene level the selection signals identified with the
combination of LASSI and signet methods and/or to point out additional putative adaptive loci which are
proposed to participate to the same or related biological processes.
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Figure 3.5. Schematic steps followed by Trendsetter method to train the machine-learning
classifier. Each summary statistic (e.g. the expected haplotype homozygosity H1) is computed across
genomic windows for a set of simulations representative of neutral, hard selective sweep, and soft selective
sweep scenarios (left panel). The distributions of statistical values are then standardized at each genomic
position, so that different summary statistics become comparable (middle panel). For instance, the standardized
H1 yields strong negative values for simulations representative of neutral evolution and positive values for
simulations informative of hard selective sweep occurred near a target SNP. Accordingly, simulations
representative of soft selective sweeps exhibit intermediate values between the neutral and hard selective
sweep scenarios. The model then performs trend filtering on the spatial distribution obtained for each summary
statistic and for each class. This leads to the definition of curves describing the spatial distribution of summary
statistics around a target SNP and for each evolutionary scenario (right panel). In such a case, the curve reported
for the H1 statistic dramatically reduces for the neutral class near the centre of the genomic window, while is
elevated near the target SNP for the hard selective sweep class, resembling the standardized distribution
pattern. These curves are finally used to train the classifier algorithm. The figure has been adapted from Mughal
& DeGiorgio (2019).
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This methodological choice was primarily guided by evidence supporting enhanced power of the Trendsetter
algorithm in the identification of selective events with respect to LASSI and traditional selection statistics
(Harris and DeGiorgio 2020). Furthermore, such a method is capable to test more complex evolutionary
scenarios with respect to most approaches used to investigate the action of natural selection because it
considers also the Ne fluctuations of the population under investigation and the resulting modifications of
genomic variation patterns due to population contraction/expansion when inferring adaptive processes. In fact,
the Trendsetter pipeline consists of a training phase in which the algorithm learns how to distinguish the
distributions assumed by selection/summary statistics by exploiting simulated genomic data. Particularly,
simulated data incudes three classes of evolutionary scenarios: hard selective sweeps, soft selective sweeps
and genomic regions with neutral evolution (see the following section for further details). Therefore,
Trendsetter classifiers were trained using three sets of simulations, which were built for each population and
for each possible predictable class, and comprising 5,000 simulations each (Mughal and DeGiorgio 2019).
Moreover, three additional test sets were generated, each including 1,000 simulations for each class, in order
to build calibration curves and to evaluate the accuracy of the trained classifiers by using the calibration and
metrics packages implemented in the Scikit-learn Python library (Pedregosa et al. 2011). Finally, the trained
algorithms were run on the real datasets assembled for the studied populations to classify genomic regions as
affected by hard selective sweeps, soft selective sweeps or having undergone neutral evolution.

Due to the prolonged computational time required for this machine learning-based work-flow, the described
integrated pipeline made up of LASSI, signet and Trendsetter approaches was implemented by performing
also the Trendsetter validation step for human groups belonging to the Yoruba, Han Chinese, Tibetan, Yakut,
Russian, Maya, Nahua and Pima populations, as well as for CEPH individuals, by considering these human
groups as a reliable proxy of genomic variation observable at the diverse geographical macro-areas considered.
The first two steps of the pipeline (i.e. LASSI + signet) were instead performed on all the genetically
homogeneous populations/clusters identified by means of genotype- and haplotype-based structure analyses
(see Figure 4.4 in the Results section). Furthermore, genomic windows presenting values of the LASSI statistic
falling in the top 1% and/or top 5% of the likelihood distributions obtained for Tibetan, Maya and Sardinian
populations were also explored. This was done because: 1) as concerns results pertaining to Tibetans, this
further approach enabled to deepen finings previously published in the study by Ferraretti et al. (2024), and 2)
to further investigate results potentially linked to selective pressures that are known to have acted specifically
on Sardinian and Mayan populations, such as endemic malaria (Kosoy et al. 2011) and Trypanosoma cruzi
infection (Gamboa-Ledn et al. 2014).

3.5 Generating simulated datasets to train the Trendsetter classifiers
Simulated genomic data used to train the Trendsetter classifiers were generated with the software discoal (Kern
and Schrider 2016) by considering Ne values estimated with the SMC++ method. In detail, for each possible

evolutionary scenario, the number of haplotypes for each population (i.e. Yoruba, Han Chinese, Yakut, Russian
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and CEPH) with a chosen length of 1.1 Mb were simulated (Mughal and DeGiorgio 2019). For human groups
subjected to prolonged isolation and characterized by very low effective population size, such as Native
Americans and Tibetans, the length of simulated haplotypes was augmented in order to obtain the minimum
number of SNVs required by Trendsetter to analyse simulated genomic windows. In particular, the haplotype
length was set at 3.3 Mb and at 2.2 Mb for Native American and Tibetan populations, respectively.
Furthermore, according to Mughal and DeGiorgio (2019), the mutation rate (theta) was set at 1.25 x 10 per
site per generation, and the population recombination rate (rho) was set at 1 x 10®. The values of both theta
and rho were scaled by the length of the simulated haplotype and by the current effective population size (No).
In addition to these basic parameters, all the simulated scenarios required population size changes to be
specified. To do so, the -en flags were used to simulate instantaneous population size changes according to the
obtained SMC++ results.

Generating simulations informative of soft and hard selective sweeps also demand the definition of specific
parameters able to distinguish adaptive from neutral evolution. In detail, soft and hard selective sweeps were
modelled as stochastic events, with beneficial mutations introduced at the centre of the simulated region and
assuming they have been subjected to the action of natural selection with a per-generation selection coefficient
(i.e. s) randomly drawn from a uniform distribution within the range [0.005 - 0.5] (Mughal and DeGiorgio
2019).

Furthermore, for all selection simulations, the timing of fixation of the adaptive allele tau (i.e. 7) was randomly
selected from a uniform distribution spanning from 0 (i.e. present) to 1,200 generations before the present for
Han Chinese, Russian and CEPH populations, analogously to what was previously set for Eurasian human
groups (Mughal and DeGiorgio 2019). In particular, such boundary should allow to detect biological
adaptations developed by human populations after out of Africa migrations of H. sapiens.

For the Yoruba population, the lower limit of 7'was set by considering the split time estimation between West
(i.e. Yoruba) and Central-East (i.e. Mbuti) African populations calculated in the study by (Bergstrom et al.
2020), which is equal to 69k years ago. The motivation that guided such a choice was to consider a plausibly
interval of time indicative of the occupation of West Africa by modern human populations, allowing
consequentially to identify complex biological adaptations specifically evolved in response to the selective
pressures imposed by equatorial-type rainforest environments. According to such a rationale, for the Yakut,
Native American and Tibetan populations the inferior tau limit was set respectively at 1,034, 507 and 172
generations in the past, which represent the periods indicative of the first traces of modern humans’ presence
in the Yakutia region (Pitulko et al. 2004), the American continent colonization by H. sapiens (Becerra-
Valdivia and Higham 2020), and the human permanent settlement on the Tibetan Plateau (Li et al. 2019).
Finally, to simulate datasets informative of soft selective sweeps from standing genetic variation, the initial
frequency of the beneficial allele was randomly sampled from a uniform distribution within the interval [0.01
- 0.10] (Mughal and DeGiorgio 2019).
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4. RESULTS

4.1 Composition of the datasets after QC procedures

The composition of each dataset in terms of included populations after the QC procedures implemented for
each of the considered macro-areas is summarized in Supplementary Table S1. These subsets included samples
characterized for the following numbers of SNVs, resulting from the merging of the overall dataset.

e African macro-area subset: 4,628,037 SNVs after QC performed prior to the phasing procedure and
477,038 SNVs after QC filtering for genotype-based population structure analyses.

e European macro-area subset: 5,112,378 SNVs after QC performed prior to the phasing procedure and
398,194 SNVs after QC filtering for genotype-based population structure analyses.

e North/East Asian macro-area subset: 5,056,113 SNVs after QC performed prior to the phasing
procedure and 345,021 SNVs after QC filtering for genotype-based population structure analyses.

e American macro-area subset: 4,384,696 SNVs after QC performed prior to the phasing procedure and

294,443 SNVs after QC filters for genotype-based population cluster analyses.

For further details concerning the composition of the datasets including high-altitude populations of Tibetan
and Aymara ancestries, please see Supplementary Table S1 from Ferraretti et al. (2024) and Supplementary
Table S1 from Ferraretti et al. (2025), respectively.

4.2 Genotype- and haplotype-based population structure analyses

Genotype-based PCA was firstly performed separately on datasets assembled for each macro-area and allowed
us to demonstrate the reliability of the performed merging procedures (in terms of representativeness of the
data), as well as to preliminarily investigate the genomic variability of the human populations under
investigation (Figure 4.1 and Supplementary Figure S1).

In fact, all the obtained PCA plots highlighted that individuals belonging to a given population clustered near
to each other, forming in most of the cases easy-recognizable groups (Figure 4.1 and Supplementary Figure
S1). Furthermore, human populations supposed to present largely shared evolutionary histories were found to

be localized in proximity in the PCA genetic space (Figure 4.1 and Supplementary Figure S1).
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Figure 4.1. PCA plots obtained for (a) African and (b) European macro-areas. For all the plots in
the figure, from left to right, are displayed the intersections between PC1 vs PC2 and PC2 vs PC3. (a) PC1
describes the differences between the investigated African populations and the “reference” non-African
populations included in the dataset for the sake of comparison (i.e. from top to bottom CEPH, Brahui, Maya,
Pima and Han Chinese human groups). In the PC1 vs PC2 plot, diverse groups of samples representative of
different African populations are well recognizable. In particular, from left to right are displayed the Mozabite,
Luhya, Mbuti, Easan, Baika, Gambian, and Yoruba populations. However, some individuals that can be
defined as genetic outliers with respect to their population of origin are also visible (e.g. four samples belonging
to the Mozabite population) since they appreciably deviated from the primary group of samples from that
population. Accordingly, samples labelled as African_Ancestry SW (i.e. red square) and African Caribbean
(i.e. orange circle) included genomic data for individuals that cannot be assigned to a certain ethnic group,
which indeed presented internal genetic substructure. PC2 summarizes the genetic differences among the non-
African human groups, while PC3 describes the genetic isolation and low level of genomic variability of the
Maya and Pima indigenous American populations. Finally, samples belonging to the Bedouin population were
found to localize between CEPH and North African Mozabite populations. (b) PC1 illustrates the gradient of
variation between the considered non-African populations and “reference” African groups included for the
sake of comparison (i.e. Luhya and Yoruba). PC2 instead portrays the variability observed between European
populations and both East Asian and Native American “reference” groups. On the top right of the plot are
localized the European samples, which in order are those representative of Sardinian, Basque, Iberian, North
Italian, South Italian, Orcadian, Finnish and Russian populations. Again, in this plot the Bedouins were found
to cluster between African and European populations. Finally, PC3 depicts the variability observed between
“reference” Native American groups and all the other populations considered.
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In line with the picture emerged from PCA, ADMIXTURE analysis also showed the aggregation of single
individuals belonging to the same population into genetically homogenous groups based on the inferred
profiles of ancestry components (Figure 4.2 and Figure 4.3, Supplementary Figures S2, S3 and S4). The
obtained cross-validation (CV) errors associated to each K are displayed in Supplementary Figure S5. For
instance, Figure 4.2 and Figure 4.3 report two examples of the results obtained. In particular, Figure 4.2
displays the ADMIXTURE profiles of individuals included in the dataset representative of the North/East
Asian macro-area. These results especially contributed to contextualize the genomic variability of the Yakut
ethnic group, which has been extensively examined in the study by Ferraretti et al. (under review), which has
been drafted during the last year of the PhD Programme and that was focused on the investigation of complex
adaptations to extreme cold environments evolved by high-latitude Eurasian populations. The related
manuscript is attached to the present thesis in the appendix section. Moreover, results obtained in the context
of such a study were further detailed in section 4.5.3.3 of the thesis.
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Figure 4.2. ADMIXTURE profiles inferred for the individuals representative of the North/East
Asian macro-area. The plot shows ADMIXTURE estimates for the inferred ancestry components for K
values ranging from 2 to 7. Each row corresponds to the number of Ks, while the coloured columns identify
single individuals belonging to a certain population. The labels of each population are reported at the bottom
of the plot. The K=4 configuration was identified as the optimal configuration for data of the North/East Asian
macro-area based on the minimization of the associated CV error. Particularly, Yakut samples from North
Siberia were found to be characterized by the predominant blue ancestry component, which reaches
appreciable proportions also in most of the populations from East Asia (e.g. Xibo), Central Asia (e.g. Burusho),
and Russia. The ancestry component reaching the greatest frequency in East Asian populations (i.e. light-blue)
was instead detectable in minimal proportions in the Yakuts. Additionally, the typical European (i.e. grey) and
Native American (i.e. green) components turned out to be recognizable in the Yakut ethnic group as well.
Except for few outliers, ADMIXTURE profiles of single individuals turned out to be congruent with those of
their specific populations, suggesting the overall genetic homogeneity of the human populations investigated.
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Figure 4.3 instead displays another example of the results obtained by means of the ADMIXTURE analysis.
In detail, the figure visualizes the averaged proportions of the ancestry components inferred for the best
ADMIXTURE configuration (i.e. K=7) obtained for data representative of the American macro-area,

especially for the considered Native American populations along with the geographic location of the performed
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Figure 4.3. ADMIXTURE results for the individuals representative of the American macro-
area. Map displaying the geographical location and the ADMIXTURE profiles (i.e. pie charts) of indigenous
populations from Central and South America. Population samples labelled with the asterisk have been retrieved
from the Mexican Biobank dataset. Specifically, the plot reports averaged ancestry proportions obtained for
the best configuration (K=7) according to the minimum value of the CV error. The ADMIXTURE profiles
clearly enable to distinguish the Mexican indigenous populations (which are overall characterized by greater
proportions of the blue ancestry component) from those of South America, which present almost fixed
proportions of the purple ancestry component, while the blue one is still recognizable at very low frequencies.
The Maya (blue), Nahua (pink) and Pima (red) human groups constituted the populations presenting an
adequate sample size and/or inbreeding levels to be further analysed. The Surui and Karitiana populations -
which included individuals characterized by P-HAT greater than 0.27- were not included in the datasets
subjected to the developed pipeline of analyses described in section 3.4 in order to avoid the introduction of
bias in the obtained results due to elevated levels of inbreeding.

Finally, to assess the genetic homogeneity of each population with an even greater level of resolution, we
investigated it by estimating the degree of shared haplotype chunks/blocks between pairs of individuals, as
enabled by the Chromopainter and fineSTRUCTURE approaches (Supplementary Figures S6, S8, S9 and S10).
Overall, according to these results we obtained a total of 24 filtered populations presenting a suitable sample
size to be subjected to further analyses. Specifically, eight of these populations originated from Africa, eight
from Europe, four from North and East Asia, and four from Central and South America (Figure 4.4,
Supplementary Figures S6, S8, S9 and S10).
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Figure 4.4. Map showing the geographic locations of the populations filtered according to the
results from Chromopainter/fineSTRUCTURE clustering analysis. Labels: High-altitude Aymara
(AYM); Bantu Kenya (BNT_K); Bantu South Africa (BNT_S); British (BRT); Basque (BSQ); CEPH
individuals (CEU); Dai Chinese (DAI); Esan (ESN); Finnish (FIN); Gambian (GMB); Han Chinese (HAN);
Iberian (IBR); Luhya (LHY); Maya (MAY); Mende (MND); Mozabite (MOZ); Nahua (NAH); Pima (PIM);
Russian (RUS); Sardinian (SAR); Tibetans (T1B); Tuscan (TSI); Yakut (YKT); Yoruba (YRI). For the African
macro-area (i.e. red) a total of eight populations were obtained of which one from North, four from West, two
from East and one from South Africa. The individuals belonging to BNT_S and BNT_K populations where
unified based on their shared ethnolinguistic origins and according to Chromopainter/fineSTRUCTURE
results reported in Supplementary Figures S6 and S7. The dataset representative of the European macro-area
includes eight populations: Northern Europeans (Finnish and Russian), the British, continental Europeans
(CEU), North Italians (Tuscans), Sardinians, and Western Europeans (Basques and Iberians). The populations
belonging to the North/East Asian and American macro-areas comprehend three human groups living in
extreme environments (i.e. the Yakuts from sub-arctic climates, high-altitude Tibetans and the high-altitude
Aymara population). These macro-areas also include two East Asian populations (i.e. Han and Dai Chinese)
and three groups of indigenous populations from Mexico (i.e. Pima, Maya and Nahua), respectively.

Particularly, some of the groups finally analysed to infer their adaptive evolution resulted from the
consolidation of different population clusters pointed out by ChromoPainter/fineSTRUCTURE analyses,
which included individuals from the same population and/or from the same ethnolinguistic group (Figure 4.5
and Supplementary Figure S7). Specifically, haplotype variation within these populations was further
investigated through PCA by assessing genetic differences based on the number of shared haplotype chunks
between individuals. This analysis, based on ChromoPainter results, supported the merging of some Iberian,

Tuscan and Bantu clusters into single analytical units (Figure 4.5 and Supplementary Figure S7).
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Figure 4.5. PCA evaluating the levels of shared haplotype chunks among European populations.
PCL1 visualizes the separation between Finnish, Sardinian and part of the North Italian samples (Sazzini et al.
2020) from the rest of the considered human groups. PC2 describes the differences among Iberians and the
macro cluster localized at the top left of the plot, including British, Tuscan, North Italian, Russian, Basque and
CEPH individuals. PC3 shows the gradient of variation observable across Tuscan individuals according to
which 16 of these samples were found to localize near to the British population. The red and blue rectangles
highlight the final set of individuals included in the Iberian and Tuscan clusters, respectively, which have been
retained according to these results and that have been reported in Figure 4.4.

Furthermore, the clusters obtained for both Han and Dai Chinese populations, which included genomic data
generated in the context of two different reference studies (Auton et al. 2015; Bergstrom et al. 2020), were
further filtered in order to avoid the introduction of potential bias in results from SMC++ analysis due to the
improper utilization of specific defined mask files. This procedure resulted in the identification of the final
Han and Dai Chinese filtered groups as including 33 and 22 samples, which have been respectively retrieved
from the HGDP and 1000 Genomes panels (Figure 4.4). Collectively, the majority of the datasets reported in
Figure 4.4 were subjected to SMC++ analyses (by using the unphased copy of the dataset when available),
while all of them were submitted to the LASSI-signet pipeline of analyses. More in detail, the SMC++ method,
which constitutes a primary step required for the fulfilment of both discoal and Trendsetter pipeline, was
performed on the populations reported in Figure 4.6 because of the long computational times required for the
overall pipeline and especially for the generation of population-specific genomic simulations. In fact, to
evaluate Trendsetter's reliability across human populations with diverse ancestries, while also respecting the
time constraints of the PhD, we applied this pipeline to at least one representative population from each
geographic macro-area (Table 1) rather than on all the available populations. The number of retained SNVs in

both the phased and unphased copies of the datasets obtained for each filtered population is listed in Tablel.
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Table 1. SNVs retained after QC procedures for the datasets assembled for each filtered population.
Columns: (1) Population analysed; the number of SNVs included in (2) phased and (3) unphased datasets after
QC filtering procedures. The number of SNVs included in the unphased copy of the datasets is not reported
for the WGS generated in the study by Auton et al. (2015) since the authors released only the phased copy of
the complete reference panel. This information is not described also for high-altitude Aymara samples since
the corresponding unphased dataset was not utilized for genotype-based population structure analyses and
neither for implementing the SMC++ method. Genetically homogenous populations belonging to Native
Mexican human groups (i.e. Maya, Nahua and Pima) are characterized by the same number of SNVs since
these subsets were extracted from both the phased and unphased merged datasets representative of the
American macro-area. The populations reported in bold are those subjected to the Trendsetter pipeline while
all the human groups listed were submitted to LASSI-signet analyses. Particularly, the phased copies of the

datasets were used to perform LASSI-signet as well as Trendsetter pipelines.

Population SNVs (Phased Dataset) SNVs (Unphased Dataset)
Bantu 9,913,946 9,941,097
Esan 12,698,558
Gambian 12,608,797
Luhya 11,542,269
Mende 14,399,195
Mozabite 7,426,081 7,446,628
Yoruba 14,491,062
CEPH 8,966,260
Basque 6,264,285 6,276,401
British 7,655,754
Finnish 7,467,975
Iberian 11,145,731
Russian 7,482,199 7,510,297
Sardinian 6,596,032 6,610,269
Tuscan 8,383,990
Dai 6,803,291
Han 6,386,345 7,188,871
Tibetan 6,921,628 7,968,372
Yakut 6,691,957 6,715,004
Aymara 6,920,659
Maya 4,040,155 4,040,155
Nahua 4,040,155 4,040,155
Pima 4,040,155 4,040,155
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4.3 Effective population size inference in genetically homogeneous populations

Almost the entire set of genetically homogenous populations identified by fine-scale
ChromoPainter/fineSTRUCTURE clustering analysis were then subjected to the SMC++ method to infer Ne
fluctuations, as required for the generation of genomic simulations. Overall, all the human groups analysed
showed comparable Ne values around 20,000 estimated individuals until 100 thousand years ago (kya). From

this period, the effective population size trends started to diverge among populations (Figure 4.6).
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Figure 4.6. Ne fluctuations inferred for African (a), European (b), North/Est Asian (c) and
Native American (d) populations. (a) African human groups (except the Mozabite population) display
bland decrease in Ne around 100-60 kya and slow population expansion since approximately 50 kya and
peaking at 10 kya. During this period, Ne values are of about 100,000 estimated individuals. In more recent
times, almost all African populations were found to be characterized by moderate decline in Ne, which finally
presented values ranging from 6k to 20k estimated individuals. On the other hand, the Luhya presented Ne
values equal to 100k around 1 kya. (b-c) Eurasian populations were found to be collectively characterized by
consistent decrease in Ne from 100 up to 30 kya and by rapid population expansion. The latter process is
severely blunted in the Yakut, high-altitude Tibetan, Sardinian, Finnish and Basque relatively isolated human
groups. (d) Ne trends obtained for indigenous populations from Central and South America reflected the low
level of genetic diversity previously advanced for these human groups. In fact, starting from 10 kya Ne values
for these populations settled down at 1,000 estimated individuals.
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In particular, the African groups were found to have experienced relatively mild bottlenecks followed by Ne
growth, which reached its peak at 10 kya, as previously attested (Terhorst et al. 2017) (Figure 4.6a). Among
these populations, only the Mozabite presented a more consistent decrease in Ne (at 3,000 estimated
individuals) starting from 70 to 40 kya, possibly due to the reduced sample size of this specific subset (i.e. 14
individuals) with respect to the other African groups considered (Terhorst et al. 2017) (Figure 4.6a).

Human populations from European and North/East Asian macro-areas were instead found to be characterized
by a more significant decline of Ne, which dropped at 2,000 estimated individuals around 60 kya and then
started to recover only around 30 kya (Figure 4.6b and 4.6c¢), reflecting the loss of genetic diversity during the
Out of Africa migrations. Furthermore, the Eurasian populations, except for the particularly isolated groups of
high-altitude Tibetans, Yakuts, Basque, Finnish and Sardinians, resulted to be collectively characterized by
recent and rapid demographic expansions starting approximately 10-15 kya (Figure 4.6b and 4.6c).

Finally, Native American populations presented Ne estimations that are concordant with those obtained for
Eurasian groups until ~60 kya. However, Ne values inferred for these populations did not support demographic
expansion after this period, attesting the great level of isolation and progressive reduction in genetic variability
of indigenous populations from Central and South America (Figure 4.6d). Overall, the described SMC++
estimates were in line with those proposed in previous studies (Terhorst et al. 2017; Bergstrom et al. 2020),
thus corroborating the consistency of the obtained results.

4.4 Evaluating the reliability of the trained multinomial classifiers

The inferred Ne values (Terhorst et al. 2017) were used to generate genomic simulations (Kern and Schrider
2016) for the filtered populations subjected to the Trendsetter pipeline. In particular, a total of 5,000 genomic
simulations for each of the three evolutionary scenarios (i.e. classes) tested by the Trendsetter approach were
generated for the Yoruba, CEPH, Russian, Han Chinese, high-altitude Tibetan, Yakut, Maya, Pima and Nahua
populations and used for the training step of the related pipeline of analyses. Particularly, these human groups
were selected to represent each geographical macro-area, allowing for the evaluation of Trendsetter reliability
across populations with diverse ancestries. The reduction in the number of analysed populations by using the
Trendsetter pipeline was due to the long computational times required particularly for generating population-
specific genomic simulations.

Furthermore, validation sets containing 1,000 additional simulations for each tested class were obtained for
the same populations and by setting the same parameters used to simulate the training subsets. Specifically,
these additional sets of simulations were used to evaluate the accuracy and reliability of the trained algorithms,
as well as to visualize calibration/reliability curves of the estimated output probabilities. Overall, reliability
plots showed the good calibration achieved for the predicted output probabilities according to what expected
for linear multinomial regression classifiers (Figure 4.7, Supplementary Figures S11, S12 and S13) (Mughal
and DeGiorgio 2019).
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Figure 4.7. Trendsetter calibration plots obtained for CEPH (a) and Yakut (b) populations.
Calibration/reliability curves of Trendsetter inferred probabilities resulted after the application of the trained
models to the validation sets built for both the CEPH and Yakut groups. The curves corresponding to each
tested class (from left to right: adaptive evolution mediated by hard selective sweeps, adaptive evolution
mediated by soft selective sweeps and neutral evolutionary scenarios) well fit with the diagonal thus indicating
that no further calibration was needed. The curves were built by dividing the values of the class
frequency/predicted Trendsetter probabilities in 15 bins.

Moreover, accuracy values were found to be collectively elevated for most of the models, attesting particularly
the capacity of the trained classifiers in distinguishing neutrally evolving genomic regions from those having
experienced adaptive evolution (Figure 4.8, Supplementary Figure S14 and Supplementary Table S2). In
detail, such values varied among 0.95 (i.e. YRI and TIB populations) and 0.69 (i.e. Maya) (Supplementary
Table S2). Values of precision, recall and f1-score metrices obtained for all the populations analysed were
overall elevated in all the tested classes as well, with greater values being obtained for the neutral one
(Supplementary Table S3). In detail, these latter values ranged from 0.8 to 0.98, supporting greater efficiency
of the trained Trendsetter classifiers in distinguishing genomic regions that evolved neutrally from those
subjected to selective pressures rather than distinguishing between hard and soft selective sweep classes
(Figure 4.8, Supplementary Figure S14 and Supplementary Table S3).
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Figure 4.8. Confusion matrices displaying the reliability of the trained Trendsetter classifiers
obtained for African, European and North/East Asian populations. Confusion matrices were built
by relaying on results obtained after the application of the trained Trendsetter classifiers on the validation sets
of genomic simulations. Along the diagonal are reported the numbers of correct classifications assigned by the
algorithm, while in the remaining rows/columns are shown the misclassifications. The top of the figure displays
the confusion matrices resulted for Yoruba (YRI), CEPH and Russian (RUS) individuals, while the bottom of
the figure reports those resulted for Yakut (YKT), high-altitude Tibetan (TIB) and Han Chinese (HAN)
populations.

4.5 Genomic signatures of polygenic adaptations in world-wide human populations

The subsequent sections of the thesis report the principal findings emerged from the analyses performed to
identify genomic regions whose variation patterns have been remarkably shaped by the action of natural
selection according to a model of polygenic adaptation, and that turned out to have adaptively evolved
specifically in a given human group and/or in a set of populations with shared ancestry. These results, which
will be presented for each of the considered geographical macro-areas, pertain firstly to gene networks
identified through the combined LASSI-signet approach as pervasively targeted by positive selection, and
secondly, to the outcomes derived from the Trendsetter method used as validation analysis. Collectively,
biological functions putatively implicated in the modulation of polygenic adaptations are listed in
Supplementary Table S4 along with relative P-values and gene-networks. Moreover, the main findings
published in the studies by Ferraretti et al. (2024) and Ferraretti et al. (2025) have been integrated in sections
4.5.3.2.1and 4.5.4.2, respectively.
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4.5.1 Adaptive evolution of populations from the African macro-area

4.5.1.1 Results from LASSI-signet analyses

As regards West African populations (i.e. ESN, GMB, MND and YRI) and the cluster of Bantu groups,
combination of the LASSI-signet methods allowed the identification of putative adaptive networks of genes
belonging to the ECM-receptor interaction and Focal adhesion pathways (Supplementary Table S4a).
Although these pathways regulate broad cellular/physiological functions such as cell adhesion, migration,
differentiation, proliferation, and apoptosis (Kanehisa and Goto 2000), the genes comprised in the
reconstructed networks are known to be involved more specifically in the modulation of immune response to
diverse infections, such as Malaria (i.e. VTN, THBS2, THBS3, THBS4, and FN1 genes) (Roberts et al. 1985;
Eda and Sherman 2004; Tougan et al. 2018), Amoebiasis (e.g. VCL and FN1) (Vaazquez et al. 1995; Espinosa-
Cantellano et al. 2000), and Salmonella infection (e.g. FLNB, FLNC) (Kanehisa and Goto 2000) (Figure 4.9a).
Particularly, the FLNB and FLNC genes were included in the Focal adhesion network obtained for the Bantu
populations, while VCL resulted a putative adaptive gene in both Bantu and Mende groups (Supplementary
Table S4a). Furthermore, signatures of positive selection at the VTN and THBS2/3/4 genes were detected in
Yoruba, Gambian, Mende and Esan, while those concerning FN1 were obtained for Mende, Gambian and
Bantu groups (Supplementary Table S4a). In line with this finding, we also identified a significant network
belonging to the JAK-STAT signalling pathway in both Gambian and Yoruba populations, which particularly
included multiple immune-related genes (i.e. codifying for interleukins and related receptors and/or involved
in the activation of cytokine responses), such as IL15, IL19, IL22RA2 and IFNAG (Figure 4.9b, Supplementary
Table S4a).

A significant gene-network belonging to the Tuberculosis pathway and including several HLA genes (i.e. HLA-
DPA1, HLA-DPBL1, HLA-DRB1, HLA-DRB5) was also found for the Yoruba population (Figure 4.9c). Finally,
the CD36 gene, which has been previously proposed to be involved in the modulation of Malaria infection
(Omi et al. 2003; Sinha et al. 2008; Cabrera et al. 2014), was found to participate to the significant gene-
network obtained for Gambians and belonging to the AMPK signalling pathway (Supplementary Table S4a).
Conversely, signatures of polygenic adaptations in North African Mozabite were instead related to sugar
metabolism, as suggested by the significant gene-network belonging to the Starch and sucrose metabolism
pathway (Supplementary Table S4a). In detail, this network includes genes such as PYGL, GYS2, S| and
MGAM, which codify for specific enzymes implicated in glycogen new synthesis and degradation, as well as

in starch digestion (Sayers et al. 2022) (Supplementary Figure S15).
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Figure 4.9. Gene-networks targeted by natural selection in West African populations and in the
Bantu ethnic group. All the reported networks of genes were build using the STRING tool (available at
https://string-db.org/) and by setting the confidence score to predict gene-gene associations (i.e. edges) at 0.9.
Functional associations among genes were inferred by considering co-expression (i.e. black edges),
experimental (i.e. pink edges) and database (i.e. light-blue edges) evidence. (a) Gene-networks belonging to
the ECM-receptor interaction/Focal adhesion pathways observed in West African and Bantu populations.
Genes that play a role in modulating diverse stages of Malaria infection are displayed in red, while VCL and
FLNB/C genes, which have been annotated respectively in Amoebiasis and Salmonella Infection pathways are
reported as orange and yellow circles. (b) Gene-network within the JAK-STAT signalling pathway obtained
for Yoruba and Gambian populations. Genes enriched in the Cytokine-cytokine receptor interaction pathway
(FDR = 6.23e-18) are displayed with dark green circles. Genes related with activation/modulation of immune
responses according to literature evidence (Sayers et al. 2022) are reported in light green. (c) Significant
network obtained for the Yoruba group encompassing HLA genes and comprised in the Tuberculosis pathway.

4.5.1.2 Selection signatures validated in the Yoruba population

As previously mentioned, the full selection pipeline including the Trendsetter validation step, has so far been
applied only to some populations highlighted in bold in Table 1, due to the extended computational time
required to generate population-specific genomic simulations. More specifically, these human groups were
selected as examples of the overall human biodiversity and includes also two valuable case-studies to
investigate human adaptations to extreme environments (i.e. Yakuts and high-altitude Tibetans).
Concerning the African macro-area, the Trendsetter approach was completed for the Yoruba population and
partially recapitulates the adaptive signals identified with the LASSI-signet methods. More specifically,
several genomic windows located within or near the VTN, HLA-DRB5, HLA-DRB1, HLA-DOB, HLA-DPAL,
HLA-DPB1, and IL15 genes exhibited extremely low probabilities of being classified as either neutral genomic

regions or as chromosomal segments having experienced hard selective sweeps, with the highest obtained
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probabilities pointing to their belonging to the soft selective sweep class (Figure 4.10, Figure 4.11,
Supplementary Figure S16 and Supplementary Table S4a). In detail, 72 out of 100 genomic windows
comprised in the VTN gene and in its surrounding genomic regions were classified as affected by soft selective
sweeps (Figure 4.10). Several of these windows presented output probabilities for neutral evolution of ~10%,
compared to ~ 0.85% of being classified as soft selective sweeps and they localize particularly in both up and

downstream genomic regions and within the VTN gene as well (Figure 4.10).
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Figure 4.10. Trendsetter predicted probabilities at the VTN gene and its surrounding genomic
regions for the Yoruba population. Distribution of Trendsetter output probabilities for the considered
genomic windows of being classified as having experienced hard selective sweeps (i.e. red curve), soft
selective sweeps (i.e. blue curve) and neutral evolution (i.e. black curve) across the putative adaptive VTN gene
(i.e. red rectangle) and in flanking regions spanning 50k bases up- and down-stream the gene. The x axis
reports the positions of the central SNVs in each genomic window identified according to the Trendsetter
approach, while the y axis shows the values of Trendsetter predicted probabilities associated to each of the
three tested classes. The grey rectangles in the background represent genomic regions in the considered genes
that present values indicative of the action of natural selection according to the T LASSI statistic. Probabilities
values associated to the soft selective sweeps class are consistently elevated in the final portion of the upstream
regions and in almost the entire downstream regions of the VTN gene. Such a pattern is also observed at the
genomic windows comprised within the VTN gene.
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In line with these findings, ~68% (i.e. 2,036 out of 2,986) of the genomic widows included in the chromosomal
intervals associated to HLA genes was assigned to the soft selective sweeps class and ~1% (i.e. 39 out of 2,986)
to the hard selective sweeps class (Figure 4.11). Overall, in several of these windows the probability of being
classified as soft selective sweeps reached values of ~99% respect to ~10°% and ~10-% of being assigned to
the neutral and hard selective sweep classes, respectively (Figure 4.11). The genomic windows classified as
hard selective sweeps, which were comprised between HLA-DRB5 and HLA-DRBL1, as well as in the HLA-
DPA1 and HLA-DPBL1 genes, showed associated probabilities peaking respectively at ~90% and ~76% (Figure
4.11). Remarkably, analogously to the VTN gene, no genomic windows assigned to the neutral class were
identified for the HLA genes under investigation (Figure 4.11 and Supplementary Figure S16).

Finally, 46 out of 109 IL15 genomic windows were classified as soft selective sweeps, with average values of
Trendsetter output probability peaking at ~81%, compared to the average ~33% of being classified as neutral
regions (Supplementary Figure S16).
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Figure 4.11. Trendsetter predicted probabilities at the HLA genes and their surrounding
genomic regions for the Yoruba population. Distribution of Trendsetter output probabilities for the
considered genomic windows of being classified as having experienced hard selective sweeps (i.e. red curve),
soft selective sweeps (i.e. blue curve) and neutral evolution (i.e. black curve) across the putative adaptive HLA
genes (i.e. grey rectangles) and in flanking regions. The x axis reports the positions of the central SNV in each
genomic window identified according to Trendsetter approach, while on the y axis are shown the values of
predicted probabilities associated to each of the three tested classes. Probabilities values assigned to the soft
selective sweeps class are remarkably elevated for all genes, reaching values almost equal to one at these loci.
Such trends are often maintained in both up and down stream genomic regions of HLA genes. Furthermore,
some of the windows falling in the genomic portions between HLA-DRB5 and HLA-DRB1 genes and within
HLA-DPB1 are classified as having experienced hard selective sweeps, presenting probability values
associated to this class reaching ~90% and ~76%, respectively.
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4.5.2 Adaptive evolution of populations from the European macro-area

4.5.2.1 Results from LASSI-signet analyses

Overall, the LASSI-signet analyses pointed out putative adaptive gene networks involved in lipid metabolism
(i.e. Glycerolipid metabolism, Glycerophospholipid metabolisms, and Sphingolipid metabolism pathways) for
multiple European populations (Supplementary Table S4b). Specifically, a gene network belonging to the
Glycerolipid metabolism pathway was identified for Finnish, Iberian, Russian, and Tuscan populations (Figure
4.12a and Supplementary Table S4b). This network includes multiple genes involved in diverse stages of lipid
metabolism, such as lipid digestion (e.g. LIPC and PNLIP hepatic and pancreatic lipases), lipid new synthesis
(e.g. PLPP3) and uptake (e.g. MOGAT2 and PLPP1) (Sayers et al. 2022).
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Figure 4.12. Gene-networks targeted by natural selection in European populations. Both
networks were build using the STRING tool (available at https://string-db.org/) and by setting the confidence
score to predict gene-gene associations (i.e. edges) at 0.9. Functional associations among genes were inferred
by considering co-expression (i.e. black edges), experimental (i.e. pink edges) and database (i.e. light-blue
edges) evidence. (a) Significant networks belonging to the Glycerolipid metabolism and/or
Glycerophospholipid metabolism pathways were observed for Finnish, Iberian, Russian, Tuscan, and Sardinian
populations. Genes reported in dark green are enriched in the Lipase activity process annotated in Gene
Ontology database (FDR = 5.50e-12). Genes marked with the red asterisks are instead enriched in the Gene
Ontology Triglyceride metabolic process (FDR = 8.71e-17). (b) Gene-network belonging to the Sphingolipid
metabolism pathway observed for the British population. Genes enriched in Ceramide metabolic process of
Gene Ontology (FDR = 4.98e-23) are reported as dark green circles. All the genes in the network were enriched
in the Sphingolipid metabolic process annotated in the Gene Ontology database (i.e. FDR = 1.55e-23).
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Moreover, in the Sardinian population two gene networks apparently related to such functions were identified.
The first one belonged to the Glycerophospholipid metabolism pathway and the second one to the Glycerolipid
metabolism pathway, despite the latter was associated with a not significant P-value (0.057). Nevertheless,
multiple genes included in such networks resulted secondarily related to the aforementioned processes, being
proved to play pleiotropic functions such as platelet activating factor biosynthetic processes (i.e. CHPT1 gene),
membrane phospholipid remodelling (i.e. PLA2G6) and regulation of the intracellular diacylglycerol (DAG)
concentration (i.e. DGKI, DGKB and DGKG) (Sayers et al. 2022).

A significant network belonging to the Sphingolipid metabolism pathway was instead pointed out for the
British population (Figure 4.12b and Supplementary Table S4b), including genes involved in metabolic
processes of Ceramides and Sphingolipids, which regulate the composition of the epidermic stratum corneum
(Denda et al. 1993; Choi and Maibach 2005) (Figure 4.12b and Supplementary Table S4b).

Furthermore, ADCY3 and KITLG genes, which have been previously proposed as targets of natural selection
in populations from Northern Italy (Sazzini et al. 2020) and in several Eurasian human groups (Yang et al.
2018) were respectively included in significant gene-networks belonging to the Purine metabolism pathway
(as detected for Russian, Tuscan, Sardinian and Finnish populations) and to the MAPK/Ras signalling pathway
(as obtained for Tuscan, Sardinian, Basque, Finnish and CEPH individuals) (Supplementary Table S4b). The
haplotype structure of the ADCY3 gene, as well as its comparison with haplotypes observed in archaic human
species will be further discussed in the present thesis (see Figure 4.26 and paragraph 4.5.3.3.2).

Finally, in some European human groups, the LASSI-signet methodologies recognized multiple significant
gene-networks belonging to immune-related pathways (i.e. Chemokine signalling and Pathogenic Escherichia

coli infection pathways) (Supplementary Table S4b).

4.5.2.2 Selection signatures validated in the CEPH and Russian populations

The application of trained Trendsetter classifiers on CEPH and Russian datasets allowed us to validate some
of the selection signatures described in the previous paragraph.

Although no LASSI-signet networks related to the Glycerolipid metabolism pathway were observed for CEPH,
part of the genes related to such metabolic processes (i.e. MOGAT2, PNLIP and PLPP1) were pointed by
Trendsetter as showing variation patterns indicative of the action of natural selection in this group (Figure
4.13).

More in detail, in the MOGAT2 gene seven out of 13 genomic windows classified as having experienced soft
selective sweeps with a predicted probability peaking at ~88% compared to ~9% and ~3% of the hard sweep
and neutral classes, respectively, were identified (Figure 4.13a). Furthermore, all the genomic windows within
PNLIP and PLPP1 genes were assigned to the soft select sweeps class, with average values of the output
probability equal to ~86% and ~93% (Figure 4.13b-c).

In line with this picture, selection signatures observed for the MOGAT2, PNLIP and PLPP1 genes were further
validated also in the Russian population (Figure 4.14a-b and Supplementary Table S4b). Furthermore, the
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Trendsetter approach allowed us to corroborate signatures of natural selection described for the ADCY3 gene
in this human group (Figure 4.14c and Supplementary Table S4b).
Finally, the trained Trendsetter classifier recognized adaptive genomic regions within the KITLG gene in the

CEPH population (Supplementary Figure S17).
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Figure 4.13. Trendsetter predicted probabilities across candidate adaptive genes modulating
lipid metabolism in the CEPH population. Distribution of Trendsetter output probabilities for the
considered genomic windows of being classified as having experienced hard selective sweeps (i.e. red curve),
soft selective sweeps (i.e. blue curve) and neutral evolution (i.e. black curve) at (a) MOGAT2, (b) PNLIP and
(c) PLPP1 genes in the CEPH population. For all the plots, the x axis reports the positions of the central SNVs
in each genomic window identified according to the Trendsetter approach, while the y axis shows the values
of Trendsetter predicted probabilities associated to each of the three tested classes. (a) Predicted probabilities
associated to the neutral class in the first two windows identified for the MOGAT2 gene are slightly more
elevated with respect to those assigned to the soft selective sweep class. However, such a trend rapidly inverts
in the third and in the fourth window of this gene. Greater values associated to the soft sweep class are then
obtained for the genomic windows located at the middle/end portions of the MOGAT2 gene. (b-¢) Output
probabilities associated to the soft selective sweep class inferred for both PNLIP and PLPP1 genes are
outstanding with respect to those associated to the neutral and hard selective sweep classes across the entire
loci. In particular, the greatest soft sweep-associated probability values were equal to ~92% and ~98% at
PNLIP and PLPP1, respectively.
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Figure 4.14. Trendsetter predicted probabilities at genes involved in Glycerolipid metabolism and
Purine metabolism pathways in the Russian population. Distribution of Trendsetter predicted
probabilities for the considered genomic windows of being classified as having experienced hard selective
sweeps (i.e. red curve), soft selective sweeps (i.e. blue curve) and neutral evolution (i.e. black curve) across
candidate adaptive genes included in LASSI-signet significant networks belonging to Glycerolipid metabolism
(a-b) and Purine metabolism (c) pathways observed for the Russian population. For all the plots, the x axis
reports the positions of the central SNVs in each genomic window identified according to the Trendsetter
approach, while the y axis shows the values of Trendsetter predicted probabilities associated to each of the
three tested classes. The grey rectangles in the background represent genomic regions in the considered genes
that present values indicative of the action of natural selection according to the T LASSI statistic. (a-b) Output
probabilities associated to the soft selective sweeps class inferred for the PLPP1 gene are found to be
outstanding with respect to those associated to the neutral one across the entire locus. A similar pattern is
recognizable also in the middle/final portion of the MOGAT2 gene, reinforcing signatures of natural selection
identified for these two loci by adopting different statistical methods. (c) Output probabilities associated to the
soft selective sweep class reach moderate values across the entire ADCY3 gene. However, they overcome
probabilities associated to the neutral class only in the final portion of the gene (i.e. red arrows).

4.5.2.3 Selection signatures at malaria-associated loci in the Sardinian population

The application of both LASSI and signet methodologies to the Sardinian dataset allowed us to identify a
significant network belonging to the Oxytocin signalling pathway (Supplementary Table S4b).

Specifically, such network includes genes regulating pleiotropic functions (i.e. EGFR, PRKCA and PRKCB),
as well as the CD38 gene that has been previously proposed to modulate immune response in Malaria infections
(Asito et al. 2008; Schwenk et al. 2013; Burel et al. 2016) (Supplementary Table S4b).

In line with this finding, also CD36 and CD81 genes, which have been previously proved to play cardinal roles
in diverse stages of Malaria infection (Omi et al. 2003; Silvie et al. 2003; Silvie et al. 2006; Sinha et al. 2008;
Cabrera et al. 2014), showed signatures ascribable to adaptive evolution in Sardinian population according to

the LASSI analysis. In detail, these genes presented multiple genomic widows characterized by values of the
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LASSI statistic included in the top 1% of the genomic distribution obtained (Figure 4.15). Particularly, the
CD36 gene presented a total of 15 top 1% LASSI genomic windows, all classified as regions having
experienced hard selective sweeps (i.e. m = 1) (Figure 4.15). Furthermore, within the CD81 gene a total of 22
genomic windows showing T statistic falling in the top 1% of the obtained distribution were observed, being

classified again as regions having experienced hard selective sweeps (Figure 4.16).
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Figure 4.15. Values of the LASSI T statistic across CD36 genomic windows. The x axis displays
the genomic position of the SNVs located at the centre of the genomic windows considered in the LASSI
analysis. The y axis reports the value of the likelihood T statistic calculated by the LASSI approach. The red
dashed line indicates the top 1% threshold of the distribution of the T statistic. A total of 15 genomic windows
(i.e. black dots above the threshold) is associated to top 1% T statistic values, with the greatest likelihood value
obtained equal to ~33.53.
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Figure 4.16. Values of the LASSI T statistic across CD81 genomic windows. The x axis displays
the genomic position of the SNVs located at the centre of the genomic windows considered in the LASSI
analysis. The y axis reports the value of the likelihood T statistic calculated by the LASSI approach. The red
dashed line indicates the top 1% threshold of the distribution of the T statistic. A total of 22 genomic windows
showing values of the T statistic falling within the top 1% of the obtained distribution were observed for the
CD81 gene, presenting likelihood values peaking at 50.64 in the middle/end portions of the gene.
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4.5.3 Adaptive evolution of populations from the North/East Asian macro-area

4.5.3.1 Signatures of polygenic adaptations in Han and Dai Chinese populations

The first two steps of the adopted pipeline of analyses allowed us to identify a putative adaptive gene-network
belonging to the JAK-STAT signalling pathway for the Han Chinese population (Figure 4.17a and
Supplementary Table S4c). Similarly to what observed for other populations (e.g. West African, Bantu, CEPH
and Finnish populations; see Supplementary Table S4 a-b), such network includes immune-related genes that
codify for cytokines (i.e. IFNL3 and IL7), cytokine receptors (i.e. IFNAR2 and IL23R) and interferon gamma
receptor (i.e. IFNGR2) (Sayers et al. 2022) (Figure 4.17a). Moreover, such a network encompasses the LEPR
gene, a locus that has been previously proposed to be involved in the increased heat dissipation by brown
adipose tissue in modern East Asian populations (Sazzini et al. 2014) (Figure 4.17a).

In addition, according to our analyses, a significant gene-network belonging to the Pentose and glucuronate
interconversions pathway was supposed to have been targeted by natural selection specifically in the Dai
Chinese population (Figure 4.17b and Supplementary Table S4c). Particularly, this network includes several
genes belonging to the UDP glucuronosyltransferase family 1 (e.g. UGT1A7 and UGT1A8), which comprises
enzymes involved in the glucuronidation pathway, a process responsible for the transformation of small
lipophilic molecules, such as steroids, bilirubin, hormones, and drugs, into water-soluble, excretable
metabolites (Sayers et al. 2022).
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Figure 4.17. Gene-networks targeted by natural selection in the (a) Han and (b) Dai Chinese
populations. Gene-networks were build using the STRING tool (available at https:/string-db.org/) and by
setting the confidence score to predict gene-gene associations (i.e. edges) at 0.9. Functional associations among
genes were inferred by considering co-expression (i.e. black edges), experimental (i.e. pink edges) and
database (i.e. light-blue edges) evidence. (a) A significant network belonging to the JAK-STAT signalling
pathway was observed for the Han Chinese population. IFNL3, IFNGR2, IFNAR2, IL23R, and IL7 immune-
related genes are reported as blue circles in the network. Although these genes belong to the same biological
processes (i.e. they are all annotated in the Cytokine-mediated signalling pathway according to the Gene
Ontology database and in the JAK-STAT signalling and Cytokine-cytokine receptor interaction pathways
according to the KEGG database), most of them do not establish direct interactions within the reconstructed
network. (b) Gene-network belonging to the Pentose and glucuronate interconversions pathway was observed
for the Dai Chinese population. Genes enriched in the Cellular glucuronidation process (i.e. FDR = 2.77e-18)
and annotated in the Gene Ontology database are reported as red circles.
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In line with what observed for European populations, also the KITLG gene was included in the putative
adaptive networks identified by the LASSI-signet analyses for both Dai and Han Chinese populations, although
the latter one presented a barely significant P-value of 0.052 (Supplementary Table S4c). In detail, these
networks were encompassed in the Rapl and PI3K-Akt signalling pathways for the Dai and Han Chinese
populations, respectively (Supplementary Table S4c).

Furthermore, implementation of the Trendsetter method allowed us to validate selection signals at 1L23, IL7
and IFNL3 immune-related genes in the Han Chinese population. Again, several genomic windows within
these loci were classified as having experienced soft selective sweeps (Figure 4.18 and 4.19). In particular, 35
out of 45 genomic windows at the 1L23 gene were classified as belonging to the soft selective sweep class,
with an average predicted probability of ~66% in contrast to ~32% and ~1% of being assigned to the neutral
and hard selective sweep classes, respectively (Figure 4.18a). Accordingly, probabilities values associated to
the soft selective sweep class ranged from ~71% to ~51% for IL7 genomic windows (Figure 4.18b).

In agreement with these findings, the IFNL3 gene, as well as all the 40 windows encompassing the genomic
regions surrounding it, were classified as having experienced soft selective sweeps, with predicted probability
values peaking at ~89% (Figure 4.19). Finally, Trendsetter results obtained for the LEPR and KITLG genes
further support signatures of natural selection previously identified for East Asian and Eurasian populations,
respectively (Supplementary Figure S18 and S19) (Sazzini et al. 2014; Yang et al. 2018).
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Figure 4.18. Trendsetter predicted probabilities at IL23R (a) and IL7 (b) genes for the Han
Chinese population. Distribution of Trendsetter predicted probabilities for the considered genomic
windows of being classified as having experienced hard selective sweeps (i.e. red curve), soft selective sweeps
(i.e. blue curve) and neutral evolution (i.e. black curve) across candidate adaptive genes related to immune
responses in the Han Chinese population. For both the plots, the x axis reports the positions of the central
SNVs of each of the genomic windows identified for IL23R and IL7 genes. The y axis shows the values of the
Trendsetter predicted probability associated to each of the three tested classes. The grey rectangles in the
background represent genomic regions in the considered genes that present values indicative of the action of
natural selection according to the LASSI statistic. (a) Output probabilities associated to the soft selective
sweeps class inferred for the IL23R gene are found to be much more elevated with respect to those associated
to the neutral one in the first/middle portions of the locus and present a peak reaching ~93%. (b) A similar
pattern is recognizable also in the initial portion of the IL7 gene, even though the predicted probability values
obtained for such a locus are slightly less elevated with respect to those computed for IL23R.
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Figure 4.19. Trendsetter predicted probabilities at IFNL3 gene and its surrounding genomic
regions for the Han Chinese population. Distribution of Trendsetter predicted probabilities for the
considered genomic windows of being classified as having experienced hard selective sweeps (i.e. red curve),
soft selective sweeps (i.e. blue curve) and neutral evolution (i.e. black curve) across the putative adaptive gene
IFNLS3 (i.e. red rectangle) and in its flanking genomic regions spanning 50k bases up- and down-stream the
gene. The x axis reports the positions of the central SNVs in each genomic window identified according to the
Trendsetter approach, while on the y axis are shown the values of the Trendsetter predicted probabilities
associated to each of the three tested classes. Probabilities values associated to the soft selective sweeps class
are found to be consistently elevated in the entire genomic region analysed. Specifically, the greatest values
are detected for both the gene upstream genomic portions and the IFNL3 locus.

4.5.3.2 Polygenic bases of high-altitude adaptation in populations of Tibetan ancestry

First and foremost, application of the LASSI analysis to the Tibetan dataset recapitulated the evidence
previously collected for the EPAS1 and EGLNL1 genes, which have been long proposed as key regulators of
high-altitude adaptation in Himalayan populations by several studies (Beall et al. 2010; Simonson et al. 2010;
Yi et al. 2010; Horscroft et al. 2017; Zhang et al. 2021). In fact, multiple chromosomal intervals within these
loci presented values of T statistic that fall within top 5% of the related distribution (Ferraretti et al. 2024)
(Supplementary Figure S20). Furthermore, some of the other genes ranking in the top 5% of such a distribution
were found to be related to Pathological hypertrophy signalling pathways (Nakamura and Sadoshima 2018)
(Figure 4.20), which were suggested as complex biological processes triggered by hypoxia thought the
activation of Transient receptor potential canonical (TRPC) channels signalling mediated by HIF-1a up-
regulation (Chu et al. 2012). In detail, these genes were: AGT (codifying for angiotensinogen, precursor of
angiotensin 1l enzyme), AGTR1 (also known as ATR1, encoding angiotensin Il receptor type 1), ADRA1B
(adrenoceptor alpha 1B), TRPC6, RAPGEF4, and CAMK2B/D (Figure 4.20).
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Figure 4.20. Schematic representation of the Pathological hypertrophy signalling pathways.
Pathological hypertrophy (i.e. enlargement) of the heart is triggered by neuroendocrine hormones (e.g.
angiotensin Il, endothelin 1, catecholamines) and by mechanical forces, which trigger directly or indirectly
increased reactive oxygen species (ROS) production and myocardial accumulation of metabolic intermediates,
inducing cell death, fibrosis, and mitochondrial dysfunction. Natriuretic peptide-mediated increase in cyclic
GMP (cGMP) levels activates protein kinase G (PKG) to inhibit cell growth, although the natriuretic peptide
receptor (NPR) is desensitized in hypertrophy and heart failure. G protein-coupled receptor kinases (GRKS)
are associated with B-adrenergic receptor (B-AR) desensitization, hypertrophy, insulin resistance, cell death,
and mitochondrial dysfunction. Sustained activation of mechanistic target of rapamycin (mTOR) is detrimental
because of autophagy suppression and deterioration of protein quality control mechanisms. Labels reported in
the figure that indicate genes ranking in top 5% of the T statistic distribution: AGT (Angiotensin Il); AGTR1
(ATR); ADRA1B (a-AR); CAMK2B/D (CAMKII); RAPGEF4 (EPACs); TRPC6 (TRPCs). The figure has
been adapted from Nakamura & Sadoshima (2018).

As concerns results from the combined LASSI-signet analyses, among the significant gene-networks obtained
we identified one belonging to the Adrenergic signalling in cardiomyocytes pathway, which resulted
functionally related to the aforementioned functions since its chronic stimulation can induce pathological
cardiac hypertrophy (Kanehisa and Goto 2000) (Figure 4.21 and Supplementary Table S4c). In particular, such
a network comprised loci involved in the regulation of cardiac frequency, such as CAMK2D and RYR2 (Sayers
et al. 2022), as well as the PPP2R5C gene, a locus that has been previously proved to be indispensable for
correct hearth development (Dyson et al. 2022) and has been suggested to regulate heart rate and conduction
(Little et al. 2015; Jiao et al. 2025). Moreover, the network associated with the highest P-value obtained for
the studied Tibetan population was found to belong to the Phosphatidylinositol signalling system pathway
(Figure 4.21 and Supplementary Table S4c) and includes genes such as PIKFYVE and PIP4K2A, which are

respectively linked to myocardial hypertrophy (Tronchere et al. 2017) and calcific aortic valve disease (Fang
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et al. 2023). A further significant network belonging to the ECM-receptor interaction pathway was
characterized by genes that have been proposed to regulate new vessel formation and angiogenesis (e.g.
LAMAL, LAMA2 and DAG1) (Hosokawa et al. 2002; Simon-Assmann et al. 2011; Biswas et al. 2022) (Figure
4.21 and Supplementary Table S2c), thus resembling findings previously advanced for Tibetan/Sherpa high-

altitude populations (Gnecchi-Ruscone et al. 2018).
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Figure 4.21. Gene-networks targeted by natural selection in the considered Tibetan population.
All the reported gene-networks were build using the STRING tool (available at https://string-db.org/) and by
setting the confidence score to predict gene-gene associations (i.e. edges) at 0.9. Functional associations among
genes were inferred by considering co-expression (i.e. black edges), experimental (i.e. pink edges) and
database (i.e. light-blue edges) evidence. Significant networks belonging to the Phosphatidylinositol signalling
system and Adrenergic signalling in cardiomyocytes pathways are indicated as fuchsia and lilac circles,
respectively. Genes included in the ECM-receptor interaction pathway are instead coloured in red.

Overall, the application of the Trendsetter method partially validated these results. In fact, all the genomic
windows covering both the PPP2R5C and PIKFYVE genes presented variation patterns indicative of adaptive
evolution according to such an approach (Figure 4.22). In particular, 41 out of 61 windows falling in the

PPP2R5C gene were assigned to the soft selective sweep class, with the highest associated probability value

51



equal to ~0.88% (Figure 4.22a). The remining windows included in such a gene were instead classified as
having experienced hard selective sweeps, with probability values reaching ~67% in the final portion of that
locus (Figure 4.22a). In line with this picture, probability values for the soft selective sweep class inferred
across the PIKFYVE gene were found to be consistently more elevated with respect to those associated to both

the hard sweep and neutral classes (Figure 4.22b).
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Figure 4.22. Trendsetter predicted probabilities at (a) PPP2R5C and (b) PIKFYVE genes in high-
altitude Tibetans. Distribution of Trendsetter predicted probabilities for the considered genomic windows
of being classified as having experienced hard sweeps (i.e. red curve), soft sweeps (i.e. blue curve) and neutral
evolution (i.e. black curve) across the putative adaptive PPP2R5C and PIKFYVE genes. The x axis reports the
positions of the central SNVs in each genomic window identified according to the Trendsetter approach, while
on the y axis are shown the values of the Trendsetter predicted probabilities associated to each of the three
tested classes. The grey rectangles in the background represent the genomic regions in the considered genes
that present values indicative of the action of natural selection according to the T LASSI statistic. (a)
Probabilities values associated to the soft selective sweep class are remarkably elevated across the entire gene
(average of 60%). However, especially in the final portion of the gene the predicted probabilities associated to
the hard sweep class overcome those of both the neutral and soft selective sweep classes. (b) Trendsetter
probabilities indicative of adaptive evolution mediated by soft selective sweeps are constantly much more
elevated across the entire gene with respect to those associated to the hard selective sweep and neutral classes.

Selection signatures pinpointed for the DAG1 and PIP4K2 genes were also validated by the Trendsetter
approach (Supplementary Figure S21). In fact, although multiple windows falling in these genes were
classified as genomic regions that evolved neutrally, in the initial portions of both loci we observed some
signals supporting adaptive evolution according to the hard selective sweep model (Supplementary Figure
S21). Finally, similarly to what observed for findings from the LASSI analysis, Trendsetter results were found
to align with literature information supporting the adaptive role of both EGLN1 and VEGFC genes in
modulating high-altitude adaptations evolved by human populations from the Himalayas (Bigham et al. 2010;
S. et al. 2010; Xu et al. 2011; Hu et al. 2017; Yang et al. 2017; Deng et al. 2019; Zheng et al. 2023)
(Supplementary Figure S22).
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4.5.3.2.1 Signatures of adaptive introgression from Denisovans

The Tibetan dataset analysed in the present thesis have been also used to investigate the contribution of archaic
adaptive introgression events in the evolution of high-altitude adaptations of Himalayan populations, resulting
in a recent publication (Ferraretti et al. 2024).

In particular, the rationale that guided this study was offered by previous evidence concerning the EPAS1 gene,
whose most frequent haplotype in Himalayan highlanders was proved to reduce their susceptibility to chronic
mountain sickness and to have been introduced in the gene pool of their ancestors by admixture with
Denisovans (Huerta-Sanchez et al. 2014; Zhang et al. 2021).

Based on this evidence, we aimed at further expanding the investigation of the impact of archaic introgression
on more complex adaptive responses to hypobaric hypoxia evolved by populations of Tibetan/Sherpa ancestry.
For this purpose, we combined results from a composite-likelihood method (i.e. VolcanoFinder) (Setter et al.
2020) with those of the gene network-based method (i.e. signet) implemented in the pipeline of analyses set
up in the present thesis (Gouy and Excoffier 2020) to detect adaptive loci in introgressed chromosomal
segments of Tibetan genomes (see Ferraretti et al. 2024 for methodological details).

According to such an approach, we identified multiple genes putatively involved in archaic introgression
events. Specifically, the most validated signatures ascribable to adaptive introgression were detected for the
TBC1D1, RASGRF2, PRKAG2, and KRAS genes. We supposed that these loci have plausibly contributed to
the adaptive modulation of cellular hypoxic stress, angiogenesis and of certain cardiovascular traits (Kanehisa
and Goto 2000; Kranenburg et al. 2004; Vichaiwong et al. 2010; Zhang et al. 2013) that may be protective in
high-altitude Himalayan peoples.

The results obtained for these genes are in part schematized in Figure 4.23 and Supplementary Figures S23.
For further information concerning these results, as well as the detailed methodological steps that have been

carried out to pinpoint and validate them, see Ferraretti et al. (2024).
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Figure 4.23. Distribution of VolcanoFinder statistics suggestive of adaptive introgrossed loci
across the TBC1D1 and PRKAG2 genes. On the x-axis are reported the genomic positions of each SNV,
while on the y-axis are displayed the related statistics obtained. The pink background indicates the
chromosomal interval occupied by the considered genes, while the grey background identifies those genes (i.e.
PGM2 in the TBC1D1 downstream genomic region and the RHEB gene in the upstream PRKAG2 region)
possibly involved in regulatory transcription mechanisms. The dashed red line identifies the threshold set to
filter for significant likelihood ratio (LR) values (i.e. top 5%) obtained according to the VolcanoFinder
approach. (A) A total of 50 significant LR values (red stars) and collectively elevated —loga values (grey
diamonds) were obtained for both TBC1D1 and its downstream regions, suggesting widespread signatures of
adaptive introgression. A remarkable concentration of significant LR values (i.e. 19 SNVs) was especially
observed in the first portion of the gene. (B) The entire PRKAG2 region comprise 46 SNVs showing significant
LR values, with the greatest peaks being located in the downstream region associated to such gene. Peaks
detected for the LR statistic are accompanied by peaks of —loga values. The figure has been taken from
Ferraretti et al. (2024).
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4.5.3.3 Signatures of polygenic adaptations in the Yakut population

As briefly mentioned in section 4.2, the developed pipeline of analyses was used also to investigate the genetic
bases of complex adaptations evolved by high-Ilatitude Eurasian populations to cope with selective pressures
associated to sub-arctic climates (Ferraretti et al., under review). In detail, the described statistical approaches
were firstly applied on whole genome sequence data available for the Yakut North East Asian population
(Bergstrom et al. 2020) and, secondly, the obtained results were compared with those achieved by analysing a
Russian “control” group, which was chosen due to its relatively shared ancestry with the Yakuts according to
the performed population structure analyses (Figure 4.2, Supplementary Figures Sla and S9). We followed
such a rationale with the aim of distinguishing between Yakut-specific adaptive events and adaptations
plausibly shared among other high-latitude Eurasian populations, which have been long subjected to similar
cold-induced selective pressures that however are more blunted with respect to those characterizing the
Yakutia region. Furthermore, Sprime (Browning et al. 2018) and Haplostrips (Marnetto and Huerta-Sanchez
2017) analyses, two independent approaches able to identify putative chromosomal segments impacted by
allele introgression from archaic species, were used to explore Neanderthal and Denisovan introgression in the
Yakut genomes, then crosschecking the obtained results with those from the selection tests in order to
investigate potential patterns of adaptive introgression.

45.3.3.1 Yakut-specific adaptations and selective events shared among high-latitude Eurasian
populations

Among the biological functions/genes pointed out by the adopted approaches and likely related to adaptive
events evolved to cope with extreme cold environments, a significant gene network including the RCAN2,
HIF1A, ATP1B2, PIK3R2, RXRA, SRC, and THRB loci and belonging to the Thyroid hormone signalling
pathway was observed exclusively in the Yakut population (Figure 4.24, Supplementary Table S4c). These
results may indicate adaptations evolved specifically in such human group and modulating thyroid functioning,
in accordance with previous evidence suggesting the crucial role of thyroid hormones in regulating
physiological responses to cold stress (Tsibulnikov et al. 2000).

Similarly, we identified a significant Yakut-specific gene network belonging to the AGE-RAGE signalling
pathway in diabetic complications, which included genes (e.g. NFKB1 and PRKCD) whose functions were
previously found to be related to the regulation of glucose homeostasis and the development of insulin
resistance (Bezy et al. 2011; Chen et al. 2013; Guo et al. 2021) (Figure 4.24, Supplementary Table S4c). In
line with this picture, also the HTR1F gene, which has been already proposed to be related to similar functions
(Almacga et al. 2016), was found to belong to the Serotonergic synapse putative adaptive pathway identified
for the Yakuts (Supplementary Table S4c).

Moreover, a gene network observed in both the Yakut and control groups and belonging to the PI13K-Akt
signaling pathway included some loci (e.g. INSR and EFNADS) involved in the modulation of insulin secretion,
binding, and activation of insulin downstream responses (Konstantinova et al. 2007; Yang Chen et al. 2019)

(Figure 4.24, Supplementary Tables S4c).
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Two additional significant gene networks belonging to the Glycerolipid metabolism and cGMP-PKG
signalling pathways were also detected in both the examined populations, suggesting that natural selection
anciently targeted these complex biological traits, as well as the genes involved in their modulation, long before
the divergence of these human groups from a common ancestral gene pool. Finally, after extensive literature
review, we assessed that some genes (e.g. NTRK1, GPAT3, CAMK2D, and CLDN10) identified within multiple
significant Yakut-specific networks were previously proved to exhibit altered expression in mice Brown
Adipose Tissue (BAT), white adipose tissue, and liver after cold exposure (Shore et al. 2013; Wang and Wahl
2014; Labbé et al. 2015; Ghosh et al. 2021) (Supplementary Table S5).

MAPK/PI3K-Akt
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Figure 4.24. Gene-networks targeted by natural selection in the Yakut population. Networks of
genes belonging to the Thyroid hormone signalling pathway and to the AGE-RAGE signalling pathway in
diabetic complications, whose variation patterns resulted significantly impacted by the action of natural
selection exclusively in the Yakut population, are displayed as light blue and orange circles, respectively.
Significant gene networks within the MAPK/PI3K-Akt signalling and Glygerolipid metabolism pathways
detected in both Yakut and control human groups are instead shown with grey and yellow circles, respectively.
All the genes reported in the figure and included in the Glycerolipid metabolism pathway showed adaptive
evolution in both Yakuts and control groups, while only the underlined genes in the MAPK/P13K-Akt signalling
pathway presented the same shared pattern. Gene networks were built using the STRING tool (available at
https://string-db.org/) by setting the confidence score to 0.7. Genes belonging to the same pathway were
displayed as circular networks (i.e. adopting the circular layout in Cytoscape version 3.10.3) in order to
highlight the functional connections inferred among different significant networks/pathways.

Among them, six genes (e.g. ADCY3, GPAT3, INSR, PDE4D, PDGFRA, and PLCB1) were found to be
included also in significant networks observed for the Russian control population (Supplementary Table S5).
As concerns instead the results validated by the Trendsetter approach, SRC and RCAN2 genes were found to
be supported as putative adaptive loci in the Yakut population (Supplementary Figure S24). More in detail,
extremely low probabilities of being classified as neutral regions when compared with those relative to the

hard and/or soft selective sweep classes were obtained for several genomic windows included in these genes.
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For instance, multiple SRC chromosomal intervals presented neutral output probabilities of ~ 0.01%, compared
to ~ 0.84% and to ~ 0.13% of being classified as having experienced soft and hard selective sweeps,
respectively (Supplementary Figure S24). Comparable results were also obtained for multiple genes belonging
to the AGE-RAGE signalling pathway in diabetic complications and to the Serotonergic synapse pathway (i.e.
HTRF1, NFKB1, PRKCB, PRKCD) (Figure 4.25, Supplementary Figures S24 and S25).
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Figure 4.25. Trendsetter predicted probabilities at (a) HTRF1 and (b) NHKB1 genes in the
Yakut population. Distribution of Trendsetter predicted probabilities for the considered genomic windows
of being classified as having experienced hard sweeps (i.e. red curve), soft sweeps (i.e. blue curve) and neutral
evolution (i.e. black curve) across the putative adaptive HTRF1 and NFKB1 genes, respectively. In both the
plots, the x axis reports the positions of the central SNVs in each genomic window identified according to the
Trendsetter approach, while the y axis shows the values of the Trendsetter predicted probabilities associated
to each of the three tested classes. The grey rectangles in the background represent genomic regions in the
considered genes that present values indicative of the action of natural selection according to the T LASSI
statistic. (a) The predicted probabilities inferred for all the genomic windows falling within the HTRF1 gene
and associated to the soft selective sweep class are substantially more elevated with respect to those computed
for the neutral class, suggesting that variation patterns at this locus have been intensively shaped by selective
events. More in detail, predicted probabilities associated to the soft sweep class are predominant across the
entire gene (i.e. ranging from 0.8 to 0.5), except for a region in the middle of it, in which predicted probabilities
associated to the hard sweep class overcome them. (b) Predicted probabilities associated to the soft sweep class
were outstanding across the entire NFKB1 gene with respect to those computed for both the hard sweep and
neutral scenarios, reaching values constantly higher than 0.90, and thus supporting the occurrence of selective
events at this gene conformed with the soft selective sweep model.
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As regards putative adaptive genes belonging to the Glycerolipid metabolism, PI3K-Akt signalling, and cGMP-
PKG signalling pathways, the GPAT3, ERBB4, PRKCB and PRKG1 genes were found to be supported by the
Trendsetter approach as having evolved adaptively in the Yakut population (Supplementary Figures S24 and
S25).

4.5.3.3.2 Signatures of adaptive introgression from archaic human species

The crosscheck between results obtained with the Sprime and LASSI-signet approaches (for methodological
details, see the attached manuscript by Ferraretti et al., under review) allowed us to shortlist several genes
participating to putative adaptive networks, such as those belonging to the Glycerolipid metabolism and
Thyroid hormone signalling pathways, and whose variation patterns have been shaped by archaic
introgression.

Interestingly, the expression of some of these genes (i.e. ADCY3, CAMK2D, PDE4D, KCNN2, EGFR, and
IMPA2) was previously proposed to be altered in mouse BAT after cold exposure (Shore et al. 2013)
(Supplementary Table S5).

To further validate these results and to explicitly test for the archaic source responsible for the observed
introgression signatures, we run the Haplostrips algorithm to compare putative adaptive introgressed
haplotypes at Yakut and control groups with those of three different archaic genomes (i.e. Neanderthal Altai,
Neanderthal Vindija, and Altai Denisovan), as well as with those observed at the Yoruba outgroup population.
A population of African ancestry was indeed chosen as the outgroup by assuming that it has experienced
no/negligible Neanderthal and/or Denisovan admixture.

Overall, such an approach corroborated the occurrence of adaptive introgression events at the ADCY3, PLPP3,
ATP1B2 and CD247 loci (Figure 4.26, Supplementary Figures S26, S27 and S28). The most compelling results
were obtained for the ADCY3 gene, which turned out to be extremely conserved among Yakut and control
populations and was previously proposed to be involved in the modulation of polygenic adaptive events able
to improve thermogenesis (Sazzini et al. 2020). In detail, most of the Yakut and control ADCY3 haplotypes
were found to present the lowest number of pair-wise differences with respect to the Denisovan genome when
compared with the outgroup population of African ancestry (Figure 4.26a).

An even more clear picture of tight genetic affinity between Yakut/control and Denisovan haplotypes was
depicted by limiting such a comparison to the ADCY3 chromosomal intervals pointed out by the LASSI analysis
as targeted by positive selection (Figure 4.26b and c).

Similar patterns were observed also for the PLPP3, ATP1B2 and CD247 genes, but involving alleles of putative
Neandertal origin (Supplementary Figures S26, S27 and S28).
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Figure 4.26. Structure of the putative adaptive introgressed ADCY3 haplotypes. (a) Haplostrips
plot showing patterns of ADCY3 haplotype diversity among modern human populations (i.e. Yakut, Russian,
Yoruba) and archaic samples (i.e. Denisovan Altai, Neanderthal Altai and Neanderthal Vindija). Haplotypes
(in rows) are ranked according to the number of differences with respect to the Denisovan sequence. SNVs are
displayed in columns with the ancestral/derived states reported in white/black colours. Most haplotypes
belonging to both Yakut (i.e. blue) and control (i.e. green) populations present the smallest amount of pairwise
differences with the Denisovan ones (i.e. black), even with respect to Vindija (i.e. red) and Altai (i.e. light
blue) Neanderthals. Haplotypes of the Yoruba outgroup population (i.e. purple) cluster mainly at the bottom
of the plot, attesting a remarkable diversity when compared to the Denisovan sequence and showing opposite
patterns with respect to non-African populations. Red squares localize the positions of overlapping putative
adaptive ADCY3 chromosomal segments identified by LASSI analysis. (b-c) Haplostrips plots build for
overlapping genomic windows presenting patterns indicative of Yakut adaptive evolution according to the T
LASSI statistic and falling within ADCY3. In both genomic regions, similar patterns of variation are detectable
with respect to those observed across the entire ADCY3. In detail, most Yakut and control haplotypes are
extremely conserved, presenting the smallest amount of pairwise differences with respect to the Denisovan
one, thus suggesting the occurrence of archaic adaptive introgression at the ADCY3 in both groups.
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4.5.3.3.3 Haplotype and genotype frequencies at Yakut candidate adaptive loci

By focusing on selective events specifically occurred in the Yakut population, we explored allele composition
and frequencies of putative adaptive haplotypes at genes included in significant networks belonging to the
Thyroid hormone signalling and AGE-RAGE signalling pathway in diabetic complications, as well as at
adaptive loci belonging to different pathways but known to play a role in these biological functions.

For the THRB, SRC, RCAN2, INSR, NFKB1, PRKCB, and HTR1F genes, we observed significant differences
in the frequency of multiple SNVs (i.e. adjusted FDR < 0.05) between the Yakut and control populations.
Interestingly, some of these variants have been previously reported in the GTEXx database as expression
Quantitative Trait Loci (eQTLs) able to regulate the expression of the identified candidate adaptive genes in
diverse tissues (e.g. white adipose tissue, skeletal muscle, thyroid and blood) according to studies aimed at
examining the physiological responses activated by cold exposure (Ribeiro et al. 2001; Blondin et al. 2015;
Xu et al. 2019; Zekri et al. 2021) (Figure 4.27a).

Overall, the frequencies of putative adaptive haplotypes containing these eQTLs were found to be remarkably
higher in the Yakut population (i.e. ranging from 0.79 to 0.92) with respect to those observed in the control
group (Supplementary Table S6). In particular, such a pattern was observed for all the tested genes except for
THRB.

However, when considering genotype instead of haplotype frequencies, homozygotes for all these candidate
adaptive eQTLs were consistently more represented in the Yakuts with respect to the control population
(Figure 4.27b). In detail, candidate adaptive eQTLs at INSR and THRB have been previously associated, in the
homozygous state, to increased expression of these genes in white adipose tissue, while those at HTR1F and
SRC were found to increase expression in white adipose tissues/thyroid and liver, respectively, reducing
instead the expression of SRC in the pancreas (Supplementary Figure S29) (info available at
https://gtexportal.org/home/). Finally, homozygotes for candidate adaptive eQTLs at RCAN2 have been
demonstrated to decrease expression of such a gene in the skeletal muscle, as well as of PLA2G?7 in the blood

(Supplementary Figure S29) (info available at https://gtexportal.org/home/).
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Figure 4.27. Candidate adaptive eQTLs on the HTR1F, SRC, RCAN2, THRB, and INSR genes.
(a) The x axis reports the genomic location of eQTLs at the considered putative adaptive genes, while in the y
axis are displayed the relative P-values for their association with altered gene expression levels. eQTLs
influencing the expression of the HTR1F, SRC, RCAN2, THRB, and INSR genes in different district of the body
are reported as grey circles, while those affecting the expression of the same genes in target tissues potentially
involved in the modulation of physiological responses to cold exposure (i.e. cold target tissues: adipose tissue,
thyroid, liver and pancreas, skeletal muscle) and that were characterized by significant shifts in frequency
between Yakuts and the control population are displayed as red triangles and rhomboids. (b) Pie chart
displaying the average frequency of homozygotes for the putative adaptive eQTL alleles (i.e. blue) and of the
cumulative average frequency of the remaining genotypes in Yakut (YKT) and control (RUS) populations (i.e.
orange). Homozygote genotypes associated to the augmented expression of the HTR1F, SRC, INSR, THRB
genes, as well as to the decreased the expression of the SRC and RCAN2 genes in cold target tissues are much
more frequent in the Yakuts with respect to the controls.
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4.5.4 Adaptive evolution of populations from the American macro-area

4.5.4.1 Signatures of polygenic adaptations in indigenous Mexican populations

When subjected to the LASSI-signet combined analysis, the Maya indigenous population from Mexico was
found to be characterized by a significant network belonging to the Insulin Resistance pathway containing
genes such as IRS1, PTPRF and PRKCZ that are known to regulate insulin signalling processes (Sayers et al.
2022) and whose enhanced/reduced expression was associated with the development of insulin resistance/Type
2 diabetes (De Lorenzo et al. 2013; Zou et al. 2013) (Figure 4.28a and Supplementary Table S4d).
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Figure 4.28. Gene-networks targeted by natural selection in indigenous populations from
Mexico. The reported networks were build using the STRING tool (available at https://string-db.org/) and by
setting the confidence score to predict gene-gene associations (i.e. edges) at 0.9. Functional associations were
inferred by considering co-expression (i.e. black edges), experimental (i.e. pink edges) and database (i.e. light-
blue edges) evidence. (a) Significant network belonging to the Insulin Resistance pathway was observed for
the Maya population. Genes reported in pink are enriched in the Negative regulation of insulin receptor
signalling pathway annotated in the Gene Ontology database (i.e. the most significant enriched term
characterized by FDR = 1.15e-05). (b) Putative adaptive genes belonging to the Chemokine signalling pathway
were observed for the Nahua and Pima populations. Loci for which the involvement in immune related
functions is well established by previous evidence (Smolinska et al. 2011; Li et al. 2014; Sarkar et al. 2017)
are reported as sea green circles.

Moreover, the FLT3 gene, included in the Acute myeloid leukemia pathway, was proposed to modulate similar
pathological phenotypes in mice (Chilton et al. 1995) (Supplementary Table S4d). However, such a gene was
found to be included in other putative adaptive gene-networks obtained for Eurasian populations and has been
confirmed by the Trendsetter approach to have adaptively evolved in the CEPH and Yakut groups as well
(Supplementary Table S4b-c). Always in Maya population, we detected a significant network belonging to the
Axon guidance pathway and including the PPP3CA gene, a locus that has previously proposed to modulate

adaptive responses during T. Cruzi infection in Native populations from Brazil and to show genetic signatures
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ascribable to the action of natural selection in such human group, as well as in Native populations form South
Mexico (Ojeda-Granados et al. 2022; Couto-Silva et al. 2023). Accordingly, the THBS1 gene, a locus that has
been proposed to play a role in T. cruzi early infection (Nde et al. 2012) and to include risk variants for severe
forms of Malaria (Kanchan et al. 2015), presented multiple windows associated with top1% T LASSI values
(Supplementary Figure S30). Specifically, the investigation of PPP3CA selection signatures has been
addressed in a study aimed at investigating the genetic bases of local adaptations evolved by the Wichi
population from South America (Ferraretti et al., in preparation).

Similarly to what observed for the Mayas, we identified multiple putative adaptive networks belonging to
immune-related pathways also for the Pima and Nahua populations from Northern and Central Mexico. In
detail, these human groups presented pervasive selective signatures at the Chemokine signalling pathway,
which included genes such as LYN, ELMO1 and HCK that were proved to activate and/or regulate immune
responses against different pathogens (Nelson et al. 2009; Li et al. 2014; Sarkar et al. 2017) (Figure 4.28b and
Supplementary Table S4d).

In line with this picture, VAV2 and VAV3 genes, known to modulate immune-system responses (Roth et al.
2016) were found included in a significant LASSI-signet network identified for the Nahuas (Supplementary
Table S4d). We also detected a gene-network belonging to the Fc gamma R-mediated phagocytosis pathway
for both Pima and Nahua populations, although in the latter group it reached only a barely significant P-value
(0.051) (Supplementary Table S4d).

Finally, the Nahua population presented some specific signatures involving loci within the Morphine Addiction
pathway (Supplementary Table S4d) which were previously suggested to enhance biological tolerance towards
addictive compounds and their detrimental effects in indigenous populations from Central Mexico (Ojeda-
Granados et al. 2022).

Part of the described selection signals were further validated by the Trendsetter approach. In particular, for the
Maya population, we observed some genomic windows classified as having experienced hard/soft selective
sweeps and falling within the PTPRF, PRKCZ, FLT3, PPP3CA and THBS1 genes (Figure 4.29, Supplementary
Figure S31) as well as for other genes (e.g. RHOA, NFATC3) included in significant networks (Supplementary
Table S4d).

Accordingly, several genes participating to the biological functions proposed as significantly impacted by the
action of natural selection in both Nahua (e.g. KCNJ6, GNAS, VAV2 and VAV3) and Pima (e.g. HCK)
populations were further validated (Supplementary Table S4d).

Finally, signatures of adaptive evolution for the HCK gene were supported by the Trendsetter approach also
in the Maya, even though the gene-network within the Chemokine signalling pathway, to which this gene

belongs, was associated to a non-significant P-value in this population (i.e. 0.058) (Supplementary Table S4d).
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Figure 4.29. Trendsetter predicted probabilities at genes related to insulin resistance (a-b) and
parasitic infections (c-d) in the Maya population. Distribution of Trendsetter predicted probabilities
for the considered genomic windows of being classified as having experienced hard sweeps (i.e. red curve),
soft sweeps (i.e. blue curve) and neutral evolution (i.e. black curve) across the putative adaptive PTPRF (a),
PRKCZ (b), PPP3CA (c) and THRSL1 (d) genes. For all the plots, the x axis reports the positions of the central
SNVs in each genomic window identified according to the Trendsetter approach, while the y axis shows the
values of the Trendsetter predicted probabilities associated to each of the three tested classes. The grey
rectangles in the background represent genomic regions in the considered genes that present values indicative
of the action of natural selection according to the T LASSI statistic. (a) Some of the genomic windows falling
in the middle part of the PTPRF gene are assigned to the soft selective sweep class, suggesting that variation
patterns at this locus have been shaped by selection events. (b) Probabilities associated to the hard sweep class
reach moderate values across the gene and then overcome those related to the neutral class in the final portion
of the PRKCZ locus. (c) Probability trends associated to both hard and soft sweep classes are much more
elevated with respect to those computed for the neutral class across the entire PPP3CA gene. (d) Predicted
probabilities associated to the hard selective sweep class were outstanding with respect to those associated to
both soft sweep and neutral scenarios, reaching values with an average of 0.70, thus supporting strong
signatures ascribable to the action of natural selection on the THRS1 locus (red rectangle), as well as on its
surrounding genomic regions.
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4.5.4.2 Polygenic bases of high-altitude adaptations in Andean Aymara

As a further population representative of genomic variation observable in the American macro-area, a cohort
of 24 individuals belonging to the high-altitude Bolivian Aymara ethnic group (Figure 4.4) was extensively
analysed as reported in the study by Ferraretti et al. (2025), which was aimed at uncovering the genetic bases
of convergent complex adaptations evolved by high-altitude populations from the Andes and the Himalayas.
Specifically, in such a study, which has been already launched before the implementation of the present PhD
project, multiple selection scans were performed (i.e. H12, nSL) and combined with the signet gene-network
analysis, with the LASSI method implemented in the pipeline of analyses described so far being used to further
validate the obtained results (Figure 4.30).
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Figure 4.30. Scheme displaying functional interactions between adaptive genes belonging to the
PI13K-Akt signalling and Focal adhesion pathways contributing to improved angiogenesis in
Andean populations. During the early phases of angiogenesis, molecular compounds made available in the
extracellular matrix, such as those building the basement vascular membrane (e.g. COL4Al) and angiogenetic
factors (e.g. VEGFA and PDGFD), interact with integrin and target receptors (e.g. IGF1R) stimulating protein
kinases (e.g. PRKCB and PTK2), which subsequentially activate those signalling cascades essential for the
migration of endothelial cells and for the formation of new vascular structures. The yellow stars mark those
genes previously identified as loci putatively mediating biological adaptation to hypobaric hypoxia in
Tibetan/Sherpa populations (Arciero et al. 2018; Gnecchi-Ruscone et al. 2018; Deng et al. 2019), thus
providing evidence for partial genetic convergence between Andean and Himalayan adaptive traits in addition
to the remarkable convergence observed at the biological function/pathway level. The figure has been adapted
from Ferraretti et al. (2025).
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Such methodologies were applied on WGS data for 24 high-altitude Aymara individuals (Lindo et al. 2018)
and on an imputed validation genotype dataset (i.e. 8,024,216 SNVs) comprising 130 individuals belonging to
additional Bolivian Aymara groups, as well as from Aymara, Quechua, and Uros high-altitude Peruvian
populations (Reich et al. 2009; Gnecchi-Ruscone et al. 2019). Furthermore, a control dataset including 24
individuals from three different Amazonian low-altitude groups (i.e. Ashaninka, Cashibo, and Shipibo)
(Gnecchi-Ruscone et al. 2019) was assembled and subjected to the same analyses in order to retain only high-
altitude specific selection signatures. For further details concerning the definition of the low-land control
group, as well as the imputation of the validation dataset, see Ferraretti et al. (2025).

By following such a workflow, we demonstrated that high-altitude Andean human groups experienced
pervasive selective events at angiogenic pathways, which resemble those previously attested for Himalayan
populations despite partial convergence at the single-gene level was observed (Ferraretti et al. 2025). Such
results are in part schematized in Figure 4.30 and in Supplementary Figure S32. Moreover, the outputs of the
LASSI-signet combined analyses obtained for high-altitude Aymara are reported in Supplementary Table S4d.
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5. DISCUSSION

In the present study, a pipeline of analyses capable to identify genomic signatures attributable to selective
events involved in the evolution of complex adaptive traits was developed (Figure 3.2) and used to analyse a
large panel of whole genome sequence data representative of several world-wide human populations (Figure
4.4).

At first, in order to identify groups presenting no internal genetic substructures and thus useful to be considered
as reliable proxies of the ancestral gene pools that have long experienced specific selective pressures,
genotype- (i.e. PCA and ADMIXTURE) and haplotype-based (i.e. ChromoPainter and fineSSTRUCTURE)
population structures analyses were performed (Figures 4.1, 4.2 and 4.3, Supplementary Figures S1-S4 and
S6-S10). Genetically homogeneous populations identified by means of these approaches have been then
subjected to the above-mentioned pipeline of analyses to investigate the contribution of polygenic adaptations
to their adaptive history. In detail, the core of such an integrated approach is constituted by the combination of
the likelihood-based LASSI (Harris and DeGiorgio 2020) and the network-based signet (Gouy et al. 2017)
methods (Figure 3.2), which collectively allowed the identification of sets of genes that, as a whole, have been
significantly impacted by pervasive natural selection and play a role in the modulation of complex biological
traits/functions. This framework was especially useful to focus also on relatively weak selective signatures,
which are those more likely contributing to the evolution of polygenic adaptations (Figures 4.9, 4.12, 4.17,
4.21, 4.24, 4.28, 4.30, Supplementary Figure S15 and Supplementary Table S4).

Results obtained with the LASSI-signet methods were further validated by means of the Trendsetter supervised
machine-learning approach (Mughal and DeGiorgio 2019), which allowed us to corroborate signatures of
adaptive evolution for a relevant fraction of the putative adaptive genes/biological functions pinpointed by the
first two analyses (Figures 4.10, 4.11, 4.13, 4.14, 4.18, 4.19, 4.22, 4.25, 4.29, Supplementary Figures S16-5S19,
S21, S22, S24, S25 and Supplementary Table S4). To ensure the achievement of robust validations, we first
trained the Trendsetter models and we evaluated their reliability (Figure 4.8, Supplementary Figures S11-S14)
by generating thousands of genomic simulations with the software discoal (Kern and Schrider 2016), which
incorporated inferences drawn by means of the SMC++ algorithm (Terhorst et al. 2017) and concerning
population-specific Ne changes through time (Figure 4.6). Notably, Ne estimates obtained via the SMC++
analysis aligned with those reported by previous studies (Terhorst et al. 2017; Bergstrom et al. 2020), even
though different individuals and different numbers of them per population were considered. Moreover, the
trained Trendsetter algorithms demonstrated high accuracy and precision in identifying selective events,
particularly in distinguishing them from a scenario of neutral evolution (Figure 4.8, Supplementary Figure
S14, Supplementary Tables S2 and S3). Importantly, these results support the validity of this approach to
confirm the selection signatures identified with the combined LASSI-signet methods (Supplementary Table

S4), also according to the classification probabilities obtained, which were well-calibrated and further
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corroborated the reliability of the implemented approach (Figure 4.7, Supplementary Figures S11, S12, and
S13).

In addition, the contribution of archaic adaptive introgression events to the evolution of complex adaptive traits
was investigated in some human groups that represent well-characterized case studies of human adaptation to
extreme environmental settings, such as high-altitude populations of Tibetan ancestry and high-latitude
Eurasian groups from different Russian and Northern Siberian regions (Figures 4.22, 4.25, Supplementary
Figures S23, S26, S27 and S28). Results obtained for these case studies corroborated the hypothesis that
inbreeding events having involved archaic hominins have played a hon-negligible role in shaping the complex
architecture of adaptive variability of the H. sapiens species.

The following paragraphs provide an in-depth examination of the biological relevance of the genes/functional
pathways pointed out by the analyses mentioned above as putatively implicated in the modulation of the
polygenic adaptations evolved by the considered populations. Such pieces of evidence are presented based on
the type of the selective pressures that have been hypothesized as the driving forces responsible for the
evolution of such adaptive responses (i.e. pathogen-, climate- and hypoxia-induced selective pressures) and by
placing particular emphasis on the putative adaptive loci validated also by the Trendsetter approach.

5.1 Pervasive pathogen-driven selection signatures in world-wide human populations

Multiple studies have so far suggested that pathogen-driven selective events may have represented some of the
predominant evolutionary processes that contributed to shape the biological adaptations evolved by modern
human populations globally (Novembre and Han 2012; Cagliani and Sironi 2013; Couto-Silva et al. 2023).
Overall, findings provided by the present study deeply agree with such evidence, as attested by the several
immune-related gene-networks/loci showing selection signatures conform to adaptive evolution under a model
of polygenic adaptation (Figures 4.9, 4.15, 4.16, 4.17, 4.28b-c, 4.29c-d and Supplementary Table S7).

For instance, when examining West African populations, we identified several genes (e.g. HLA loci, VTN,
THBS2, THBS3, THBS4, and FN1 genes) presenting selection signatures that could be related to the
improvement of host immune responses to the highly endemic tuberculosis and malaria infections (Molina-
Moya et al. 2018; Weiss et al. 2025) (Figure 4.9, Supplementary Table S4a). Among them, VTN, IL15 and
HLA genes were validated as putative adaptive loci in the Yoruba population also by the Trendsetter algorithm
(Figures 4.10, 4.11 and Supplementary Figure S16).

In detail, the VTN gene codifies for the vitronectin, an adhesive glycoprotein that possesses anti-microbial
properties thanks to its heparin-binding domain (Sayers et al. 2022). Remarkably, vitronectin is a serum protein
captured by the malaria parasite in the stages of merozoites, trophozoite and schizont, according to a strategy
proposed to enhance pathogenicity by avoiding the recognition of non-self-components by the host immune
system (Figure 5.1) (Tougan et al. 2018; Tougan et al. 2020). Specifically, parasite-VTN contact is established

at the P. falciparum antigen SERAS (serine repeat antigen 5), in its P47 N-terminal domain, which directly
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bind the vitronectin, as attested by their co-localization in the schizont and merozoite (Figure 5.1) (Tougan et
al. 2018).

Merozoite Schizont DNA

o P cP vitronectin

kba & & &£ P47/SERA5 _Bright feld
[

SERA5 , _ — - 7

E [e] .s
£

<« we /'
A vitronectin 62 = ' b 2

=

1 serum albumin 62 - (D — - L
2 o
= 98 = _§
- band 3 — - g
[

Il : DNA 1um
: vitronectin
Il : P47/SERA5

Figure 5.1. Co-localization of vitronectin and P47 domain of SERAS5. From left to right: 1)
representative immunofluorescence assay (IFA) images of merozoite and schizont stages under deconvolution
microscopy. The upper panels show the localization of P47 domain/SERADS (red colour) during merozoite and
schizont stages, while the lower panels display the intensity of green (VTN) and red signals. 2) Western blotting
of naive human serum (NHS), red blood cells (RBC) lysate, and infected red blood cells (iRBC) lysate. Band
3 is RBC-specific protein and was used as loading control. 3) Representative IFA images of early trophozoite
and trophozoite. The figure has been adapted from Tougan et al. (2018).

As concerns instead the HLA genes, the class 11 of these loci is known to play crucial roles in host defence
from different pathogens (Sayers et al. 2022). In fact, these genes (especially HLA-DRB1) have been
previously associated with protection and/or susceptibility to Mycobacterium tuberculosis in both European
and East Asian populations (Tong et al. 2015; Oliveira-Cortez et al. 2016). Such results are partially validated
for the West African Mali population, in which susceptibility to Mycobacterium africanum infections seems
to be regulated by a specific polymorphism at HLA-DRB1 (Kone et al. 2019). Moreover, recent evidence
supports the association between the HLA-DRB5 and HLA-DPB1 genes with susceptibility to M. tuberculosis
in diverse African human groups (Odera et al. 2022; Croock et al. 2025). Furthermore, a specific HLA-DRB1
haplotype was proved to be significantly associated with protection from severe malarial anaemia in Gambian
children (Hill et al. 1991), thus linking the regulation of immune system mediated by HLA genes also to malaria
infections. Also, a previous study identified SNVs in the vicinity of multiple HLA loci (i.e. DRB5, DRB9, DRA
and DPA2) showing significant values of the Fst statistic in West African populations, thus suggesting the
occurrence of multiple independent selection events involving HLA genomic region in these human groups
(Bhatia et al. 2011).

Finally, IL15 encodes a cytokine that regulates T and natural killer cells activation and proliferation (Sayers et
al. 2022). Remarkably, the combined IL15/IL15Ra (i.e. the IL15 receptor) treatment in mice was proved to
modulate the dysregulated inflammation during Plasmodium infection by promoting T follicular helper cells
differentiation and antibody generation, a process that correlates with improved survival from reinfection
(Bravo et al. 2024).
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Overall, given the biological functions modulated by these genes during malaria and tuberculosis infections,
we propose that the putative adaptive haplotypes identified at VTN, HLA and IL15 loci may play
adaptive/protective roles in West African human populations by reducing the probability of contracting these
infections and/or of developing severe forms of the related diseases. In accordance with this hypothesis,
signatures of natural selection, although being not validated by Trendsetter in the Yoruba population, were
found at several other immune-related loci (e.g. IL19, IL22RA2 and IFNAG), as well as at THBS2, THBS3,
THBS4, and FN1 malaria-associated genes (Roberts et al. 1985; Eda and Sherman 2004) (Figure 4.9).
Endemic malaria constitutes a serious health burden for several non-African populations as well. A cardinal
example is represented by groups inhabiting the Sardinia Island in the Western Mediterranean, which is notable
for a long history of endemic malaria that plagued the population until the near eradication of mosquitoes
shortly after the second World War (Kosoy et al. 2011). In the present study, when analysing Sardinian WGS
data we identified both strong and weak selection signatures respectively at CD36/81 and CD38 genes, which
are potentially related to malaria infection (Omi et al. 2003; Silvie et al. 2003; Silvie et al. 2006; Asito et al.
2008; Sinha et al. 2008; Schwenk et al. 2013; Cabrera et al. 2014) (Figures 4.15, 4.16 and Supplementary
Table S4b). In fact, the expression and/or the genetic variability of such genes have been previously implicated
in the development of malaria in diverse populations, but not in the Sardinian one.

In particular, the CD36 receptor was proved to contribute to malaria pathology by directly interacting with
Plasmodium falciparum-infected erythrocytes, and by carrying genetic variants associated with protection
from cerebral malaria in Thai (Omi et al. 2003) and with severe malaria in both African and Indian populations
(Omi et al. 2003; Sinha et al. 2008). The receptor protein encoded by CD8L1 is instead required on both human
and rodent hepatocytes to make possible Plasmodium falciparum and Plasmodium yoelii sporozoite infections
(Silvie et al. 2003; Silvie et al. 2006). Finally, the proliferation of CD4+ T cells expressing the CD38
ectoenzyme was significant associated with a reduced blood-stage P. falciparum burden, providing results
consistent with an important functional role played by these cells in protective immunity against malaria in
humans (Burel et al. 2016). Given these lines of evidence, our results suggest that the selective events at
CD36/38/81 laci inferred for the Sardinian population may have been involved in the modulation of adaptive
responses that determine blunted forms of malaria infection in such human group.

As regards instead the European populations more in general, we identified multiple gene networks
significantly impacted by the action of natural selection, which belonged to immune-related functional
pathways such as Chemokine signalling, in both CEPH and Sardinian groups, and Pathogenic Escherichia coli
infection in the Finnish population (Supplementary Table S4b). This further supports the cardinal role of
pathogen-induced selective pressures in having shaped the adaptive variability of such human groups.

In parallel, the Han Chinese population analysed was instead found to be characterized by selection signatures
at loci previously related to the development of both hepatitis B (HBV) and C (HCV) infections and/or
associated to related co-morbidities in such human groups (Figures 4.17a, 4.18 and 4.19, Supplementary Table
S4c) (Peng et al. 2013; Wang et al. 2013; Xu et al. 2013; Lee et al. 2015; Hou et al. 2018). In detail, the most

relevant putative adaptive genes were IL23R, IL7 and IFNL3, which codify for specific cytokines and/or
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cytokine receptor (Sayers et al. 2022). Interestingly, IL23R carries genetic polymorphisms that have been
associated to the increased risk of developing HBV-related hepatocellular carcinoma (Peng et al. 2013; Xu et
al. 2013), and its elevated expression was proved to be indispensable for the differentiation of CD4+ T cells
during Hepatitis B infection (Wang et al. 2013). The serum levels of interleukin 7 were instead significantly
reduced in chronic HCV infected patients, while IL7 stimulation promotes viral clearance during chronic
hepatitis C virus infection (Hou et al. 2018). Finally, IFNL3 carries genetic variants significantly associated to
the increased HCV spontaneous clearance, but also with the increased risk of developing hepatocellular
carcinoma (Lee et al. 2015).

HBYV and HCV infections have long been a major health problem in China (Liang et al. 2015; Jing et al. 2020),
determining an elevated prevalence of hepatitis-related liver cancer and/or cirrhosis with respect to other
countries. For instance, hepatocellular carcinoma (HCC) presents a particularly high prevalence in East and
Southeast Asia, while Chinese people alone account for more than 50% of HCC cases worldwide. However,
only a minority of lifelong chronic carriers of HBV eventually develops HCC, indicating the importance of
host genetic risk/protective factors influencing the development of HBV-related comorbidities (Liang et al.
2009; Peng et al. 2013; Xu et al. 2013). This finding, along with the selection signatures identified at IL23R,
IL7 and IFNL3 hepatitis-related genes, suggest that the variability of such loci may constitute part of the genetic
factors conferring protection to Han Chinese population during HBV/HCV infections and/or that reduce its
susceptibility to hepatitis-related comorbidities.

When considering populations of Native American ancestry, also the Mayas showed compelling evidence of
adaptive evolution likely driven by endemic pathogens, such as the Trypanosoma cruzi parasite, which causes
Chagas disease (Medina-Torres et al. 2010; Carabarin-Lima et al. 2013). Particularly, such evidence concerns
the PPP3CA and THBS1 genes, which are loci known to be linked to T. cruzi infection (Figure 4.29c-d,
Supplementary Figure S30 and Supplementary Table S4d) (Simmons et al. 2006; Nde et al. 2012; Couto-Silva
et al. 2023). Interestingly, PPP3CA has been proposed to carry signatures attributable to positive selection in
other indigenous human populations, particularly those from Brazil (Couto-Silva et al. 2023) and southern
Mexico (Ojeda-Granados et al. 2022). Remarkably, these selective events have been functionally linked to a
lower percentage of cardiomyocytes infected by T. cruzi, potentially due to the diminished FLJ20021
expression, which has been associated to a milder form of the Chagas disease (Nunes et al. 2018; Couto-Silva
et al. 2023). The expression of THBS1 was instead shown to be upregulated during T. cruzi early infection in
human coronary artery smooth muscle cells, and accordingly, its knockdown dramatically reduces the parasite
activity in the host (Simmons et al. 2006; Nde et al. 2012). We therefore argue that the adaptive haplotypes
identified at both PPP3CA and THBS1 loci may protectively modulate immune responses during T. cruzi
infection in the Mayas, thus resulting in the blunted forms of Chagas disease observed in such population.
Furthermore, we identified broader pathogen-driven selection signatures in indigenous Mexican populations,
particularly involving genes (e.g. LYN, ELMO1, RHOA and HCK) that play key roles in the regulation and
activation of the immune system as a defence mechanism against diverse types of infections (Figure 4.28b,
Supplementary Table S4d) (Smolinska et al. 2011; Li et al. 2014; Sarkar et al. 2017; Bros et al. 2019). Taken
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as a whole, results obtained for indigenous Mexican populations proved once again the crucial role played by
pathogen-related selective pressures in shaping the adaptive variability of modern human populations.

Finally, after the application of the Trendsetter method to several populations of different ancestry, we detected
some positive selection signatures involving sepsis-related genes (Supplementary Table S7), although such
results appeared to be more congruent with the occurrence of hard/soft selective sweeps rather than reflecting
the evolution of polygenic adaptations. Particularly, selection signatures at the CTCF and LRBA genes were
found to be shared among European, East Asian and Native American populations (Supplementary Table S7).
In detail, the enduring increase in CTCF binding within the major histocompatibility complex (MHC)-class Il
has been associated with postoperative sepsis (Siegler et al. 2021), while a rare homozygous mutation at the
LRBA gene was proved to cause primary immunodeficiency syndrome, a condition that often evolves in sepsis
(Burns et al. 2012). Moreover, RAG1/2 and MAD1L1 genes, which showed adaptive evolution in both CEPH
and Han Chinese populations, were respectively proved to carry mutations causative of Severe Combined
Immunodeficiency (SCID), which are rare genetic disorders often leading to neonatal sepsis (De Villartay et
al. 2005; Cossu 2010) and have been thus proposed as sepsis-diagnostic biomarkers (Chen et al. 2024).
Furthermore, mutations at the CD79A and DCLRE1C genes, which showed selection signatures in both Yoruba
and Maya populations, have been associated to SCID immunodeficiencies as well (Ghadimi et al. 2023; Yu et
al. 2024). Finally, adaptive evolution at CASP12 (Xue et al. 2006), a gene that has been previously proposed
to confer resistance to peritonitis and septic shock (Saleh et al. 2006), were further validated by our analyses
in the CEPH group (Supplementary Table S7). Overall, literature evidence, combined with our findings,
suggest that these loci may play adaptive roles in modern human populations by providing protection against
uncontrolled immune system activation/reaction and the subsequent development of sepsis, thus further
supporting how pathogen-driven selective pressures represented also an indirect driving force of adaptive

evolution in humans.

5.2. Polygenic adaptations and dis-adaptations triggered by climate-induced selective pressures
Climatic factors, such as temperature and humidity, play an important role in determining species distributions
and have likely influenced also the phenotypic/genomic variation of modern human populations (Hancock et
al. 2011). Part of the signatures of positive selection emerged in the present study may indeed involve the
genetic bases of complex biological adaptations evolved by the ancestors of present-day Eurasian human
groups (e.g. CEPH, Finnish, and Russians) to cope with cold continental climates and/or with sub-arctic
climate (Yakuts). Specifically, these results concern genes such as LIPC, LIPG, PLPP1, MOGATZ2, PNLIP,
INSR and NFKBL1 (Figures 4.12a, 4.13, 4.14a-b, 4.24, 4.25b and Supplementary Table S4b-c), which have
been proved to contribute to the regulation of lipid digestion, uptake, and new synthesis (Sayers et al. 2022),
as well as in the modulation of insulin responses (Coto et al. 2018).

In detail, LIPG/C and PNLIP encode members of the lipase family that are implicated in the hydrolysis of

triglycerides and are essential for the efficient digestion of dietary fats (Sayers et al. 2022). Mutations and/or
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alterations of the expression of these genes have been associated to weight loss in obese individuals, congenital
pancreatic lipase deficiency (e.g. those at PNLIP), as well as to familial combined hyperlipidaemia and type 2
diabetes (e.g. those at LIPC) (Sayers et al. 2022). Furthermore, PLPP1 and MOGAT?2 genes codify for enzymes
that catalyse diacylglycerol production, which in tourn i) can be used to produce triacylglycerol and glycolipids
or ii) is hydrolysed to produce free fatty acids (Kanehisa and Goto 2000; Sayers et al. 2022).

The INSR gene encodes instead a receptor that, after binding insulin, activates downstream signalling, thus
regulating glucose uptake, release, as well as the synthesis and storage of carbohydrates, lipids and proteins
(Sayers et al. 2022). Notably, mutations at both INSR and NFKB1 genes have been associated to increased risk
of developing type 2 diabetes (Coto et al. 2018) and to inherited severe insulin resistance syndromes, such as
type A insulin resistance, Donohue and Rabson-Mendenhall syndromes (Sayers et al. 2022). Furthermore, the
ADCY3 gene that showed selection signatures in diverse Eurasian human groups (Figure 4.14c and
Supplementary Table S4b) also presented haplotype patterns conformed with a scenario of adaptive
introgression events from Denisovans presumably occurred in the ancestors of both Russian and Yakut
populations (Figure 4.26). Again, variation at this locus has been previously demonstrated to be associated
with type 2 diabetes (Grarup et al. 2018), adiposity and insulin resistance (Keele et al. 2018; Tian et al. 2018).
Remarkably, the remodelling of triacylglycerol and glycerophospholipids in Brown Adipose Tissue (BAT),
(Marcher et al. 2015) as well as increased lipase activities with consequent enhanced free fatty acids (FFA)
release (Calderon-Dominguez et al. 2016; Mallov), have been observed as a result of cold exposure in the
mouse model. Interestingly, enhanced insulin-mediated glucose uptake in both white and brown adipose
tissues was also detected in rats during cold exposure (Vallerand et al. 1987), a process that has been proposed
to contribute to improve BAT metabolism and/or to sustain tissue energy demand during cold exposure (Hankir
and Klingenspor 2018). Furthermore, a potential crosstalk between BAT and glucose regulatory pathways has
been proposed also in humans (Lee et al. 2016) because of the correlation between a greater BAT activation
with reduced glycemia and/or protection against diabetes (Schrauwen et al. 2015). That being so, considering
the biological functions regulated by these genes, our results suggest that the selection signatures detected in
continental Europeans, as well as in high-latitude Eurasian populations, may represent those metabolic
adjustments that allowed these human groups to cope with cold continental/sub-arctic climates.

Nevertheless, partially overlapping results concerning genes belonging to the Glycerolipid metabolism
pathway were detected also for populations currently living in Mediterranean climates (e.g. Iberian and
Sardinian populations), even though these signatures are associated with non-significant or marginally
significant p-values and/or involved loci not directly related to the aforementioned functions (Supplementary
Table S4b). These findings may reflect the genetic bases of ancient adaptations that have been likely evolved
in the early ancestors of contemporary Eurasian populations prior to their genetic divergence, and which
remain barely detectable, although with reduced statistical robustness, even in populations no longer exposed
to cold-induced selective pressures.

Strictly related to these topics, the Yakut population from Northern Siberia presented selection signatures at

genes participating to the Thyroid hormone signalling pathway (Figure 4.24, Supplementary Table S4c) and/or
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involved in the modulation of cold-activated biological functions. Such results were further validated by eQTL
(at THRB, SRC, RCAN2, INSR and HTR1F genes; Figure 4.27 and Supplementary Figure S29) and Trendsetter
(at HTR1F, SRC and RCAN2 genes; Figure 4.1a, Supplementary Figure S24a-b, Supplementary Table S4c)
analyses.

In detail, THRB encodes for a nuclear receptor for the triiodothyronine (T3) hormone (Sayers et al. 2022),
which has been shown to directly regulate adaptive thermogenesis in BAT, as well as to induce browning
process of white adipocytes by regulating the expression of the UCP1 uncoupling mitochondrial protein
(Figure 5.2) (Yau and Yen 2020; Zekri et al. 2021; Machado et al. 2022).
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Figure 5.2. Regulation of adaptive thermogenesis in brown adipocyte by norepinephrine and
thyroid hormone. Sympathetic neurons release norepinephrine that binds to B-adrenergic receptors (B-AR),
which are coupled to stimulatory guanine nucleotide binding protein (Gs) that in tourn activates adenylate
cyclase (AC) to produce cAMP. Such adrenergic signalling activates transcription factors (TF) and
coactivators involved in the regulation of type 2 deiodinase (D2). Both adrenergic signalling and thyroid
hormone receptors (TRs) regulate UCP1 expression. Triglycerides are hydrolysed into free fatty acids by
lipases and transported to mitochondria to sustain B-oxidation and activate UCP1, which uncouples ATP
production from respiration, comporting an increased mitochondrial activity and heat production. The figure
has been adapted from Zekri et al. (2021).

Furthermore, RCAN2 was identified as a T3-responsive gene (Miyazaki et al. 1996) and its knockout in mice
was found to be related to a reduced body weight and white adipose mass compared to control subjects, a
condition that is significantly enhanced in a regime of high-fat diet (Sun et al. 2011). The SRC proto-oncogene
instead encodes for a tyrosine-protein kinase that i) enhances the expression of the cold-induced

neuroprotective gene RBM3 thus mediating neuroprotective effects of mild hypothermia (Yuan et al. 2021), ii)
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regulates fatty acid synthesis (Zhao et al. 2024), iii) modulates cold-induced activation of TRPMS, a receptor
acting upstream of cold-induced thermogenesis, response to cold and thermoception processes (Manolache et
al. 2020; Sayers et al. 2022), and iv) causes impairment of glucose-induced insulin secretion in pancreatic -
cells when its expression and/or activity is dysregulated (Sato et al. 2016). Finally, the HTR1F receptor was
shown to regulate the secretion of glucagon in pancreatic alpha cells thought the binding with serotonin
(Almacga et al. 2016). In fact, serotonin is known to regulate energy metabolism in several others peripheral
tissues, such as BAT and white adipose tissue, skeletal muscle and liver (Choi et al. 2020).

Interestingly, short-time sojourners in Antarctica have been reported to present increased production and
uptake of thyroid hormones, a condition that results in reduced free T3/T4 circulating levels (Levy et al. 2013).
This physiological adjustment, known as “polar T3 syndrome”, has been observed also in the Yakut population
when comparing their levels of circulating T3/T4 and thyroid-stimulating hormone (THS) between summer
and winter seasons, suggesting enhanced capacity to increase metabolic heat production during seasonal severe
cold (Levy et al. 2013). Moreover, Yakut young adults displayed improved BAT thermogenesis in response to
mild cooling when compared with control groups (Levy et al. 2022).

Taken together, adaptive evolution at Thyroid hormone signalling genes and at loci contributing to
lipid/glucose metabolisms may represent the determinants of Yakut enhanced thyroid hormone uptake (and
the consequent augmented BAT activity), as well as of their fine-tuning of lipid/glucose metabolisms and
insulin signalling in different districts of the body, which conjunctly mediate complex cold adaptations in such
population.

Intriguingly, we identified selection signatures potentially related to insulin signalling also in the Maya
population. Particularly, such results concern multiple genes involved in the Insulin Resistance pathway (e.g.
IRS1, PTPRF and PRKCZ, Figure 4.28a, Figure 4.29a-b and Supplementary Table S4d), as well as the FLT3
gene, which have been supported by the Trendsetter approach in the Mayas, but also in the CEPH and Yakut
populations (Supplementary Table S4d).

Concerning the functional roles played by these genes, IRS1 encodes the insulin receptor substrate 1, which
is a protein phosphorylated by the insulin receptor tyrosine kinase and whose mutations are associated with
type Il diabetes and susceptibility to insulin resistance (Sayers et al. 2022). Moreover, IRS1 together with
PRKCZ, PRKCD and PRKCQ genes participates at the enriched Gene Ontology term of Negative regulation
of insulin receptor signalling pathway (Figure 4.28a), suggesting a functional correlation of such genes that
conjunctly can determine increased glycemia and tissue insulin resistance. In detail, the expression of PRKCZ
was found to be significantly reduced in type 2 diabetes patients with respect to control groups as a result of
the CpG sites hypermethylation at PRKCZ promoter, suggesting the involvement of such gene in diabetes
mellitus pathogenicity (Zou et al. 2013). The overexpression of PTPRF tyrosine phosphatase has been instead
detected in obese insulin-resistance tissues and has been shown to induce insulin resistance in transgenic mice
by inhibiting the insulin receptor tyrosine kinase and phosphorylation activity (De Lorenzo et al. 2013; Sayers

et al. 2022). Finally, treatment with FIt3-ligand significantly decreased the risk of progression to diabetes in
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non-obese diabetic (NOD) mice (Chilton et al. 1995) and has also been shown to increase in the innate
resistance against different pathogens (Vollstedt et al. 2003).

Overall, these results provide evidence that may support the evolution of dis-adaptations (i.e. evolutionary
mismatch scenarios) involving insulin-related loci in the Maya population. Briefly, the evolutionary mismatch
hypothesis stands that genetic variation that in ancestral environments might have been involved in the
modulation of biological adaptations, in the present context, which is remarkably different as a result of recent
modifications in the environmental/ecological conditions and/or population habits, turned out to increase the
susceptibility of developing complex diseases (Li et al. 2017).

Notably, diverse indigenous populations from North, Central, and South America exhibit a significantly higher
prevalence of type 2 diabetes compared to their non-indigenous (i.e. admixed) counterparts (Benyshek et al.
2001; Leung 2016). Particularly, a higher prevalence of diabetes has been reported in the southeast area of
Mexico, a region occupied mostly by Maya indigenous groups (Lara-Riegos et al. 2015). Moreover, it has been
suggested that genetic susceptibility of Mexican mestizos to diabetes, obesity and dyslipidaemia is related to
their fraction of genetic background ascribable to the Native American ancestry (Lorenzo et al. 2001; Cossrow
and Falkner 2004; Aguilar-Salinas et al. 2009).

The increased predisposition of Native American populations to type 2 diabetes has often been explained with
the thrifty genotype hypothesis (Benyshek et al. 2001), a theory that has, however, faced substantial criticisms
in more recent years. Such hypothesis proposes the adaptive evolution of a “thrifty” genotype/phenotype in
response to periods of famine and food scarcity, which, however, in modern contexts leads to fat accumulation,
especially under a diet rich in fats and processed food (Speakman 2008). Therefore, given the uncertainty of
this previous evidence, and considering both the rapid spread of human populations in the American continent
(Oppenheimer 2012; Willerslev and Meltzer 2021) and a quite long isolation of their ancestors in Beringia,
lasted approximately 15,000 years (Tamm et al. 2007), here we propose that selection signatures related to
insulin signalling identified for the Mayas may represent a reminiscence of cold-induced adaptations originally
evolved by ancestral human populations that from Northern Siberia moved to Beringia. More specifically, we
argue that indigenous populations from south Mexico may be predisposed to greater fat accumulation/type 2
diabetes due to the relatively rapid transition from severe cold to wet tropical climates, rather than to a higher
frequency of thrifty genotypes in these human groups respect to others. Our hypothesis is based on the evidence
that reduced exposure to seasonal cold may have a dual effect on energy expenditure, both minimizing the
need for physiological thermogenesis and reducing thermogenic capacity (Fontana et al. 2024). These
processes in hot/warm climates can lead to fat accumulation in the adipose tissue and thus to obesity (Koch et
al. 2021; Huang and Hong 2024). Obesity, in turn, causes an increased circulation of free fatty acids, which
leads to greater use of these compounds to fuel cellular processes instead of glucose, comporting increased
glycaemia (Felber and Golay 2002). As a compensatory response, insulin secretion is increased. However,
over time, this metabolic imbalance can lead to insulin resistance and, ultimately, to the development of type
2 diabetes (Felber and Golay 2002).
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Adaptive evolution at the FLT3 insulin-related gene in Maya, CEPH and Yakut populations seem to
corroborate such hypothesis (Supplementary Figure S13 and Supplementary Table S4b-c-d). Furthermore, the
less distinct Trendsetter probability trends observed for the insulin-related PRKCZ and PTPRF genes (Figure
4.29 a-b), when compared to the clearer patterns observed in immune genes such as PPP3CA and THBS1
(Figure 4.29 c-d), may further support the occurrence of an evolutionary mismatch. Nevertheless, all putative
adaptive genomic windows detected for the FLT3 gene were classified as having experienced hard selective
sweeps in the Maya ancestors (Supplementary Figure S13), differently from what observed for the CEPHs and
Yakuts, for which the selection signatures at the same locus were indicative of soft selective sweeps. Such a
pattern could be explained either by an increased effect of the genetic drift having affected the adaptive
variability of the ancestral Beringian populations during and after their migration into the American continent,
and/or by local adaptation evolved by the ancestors of Native American populations, possibly conferring
increased immunity to viral infections (Vollstedt et al. 2003), which however may have also increased the risk
of developing type 2 diabetes.

5.3. Polygenic adaptations evolved by high-altitude populations

Hypobaric hypoxia represents an intense selective pressure currently acting on diverse modern human
populations living at high altitudes and was proved to have influenced both epigenetic (Childebayeva et al.
2021; Lin et al. 2023) and genomic variability of highlander ethnic groups (Beall et al. 2010; Yi et al. 2010;
Horscroft et al. 2017; Gnecchi-Ruscone et al. 2018; Julian and Moore 2019; Zhang et al. 2021; Borda et al.).
To further comprehend the complex architecture of biological adaptations evolved by human populations to
cope with hypobaric hypoxia, we investigated i) the genetic bases of polygenic adaptations evolved by high-
altitude groups of Tibetan ancestry (Figures 4.21, 4.22, Supplementary Figures S21 and S22 and
Supplementary Table S4c), ii) the role played by Denisovan adaptive introgression in shaping the variability
of such complex adaptive traits (Figure 4.23 and Supplementary Figure S23) (Ferraretti et al. 2024), and iii)
the possible convergent polygenic adaptations shared by Andean and Himalayan high-altitude populations
(Figure 4.30, Supplementary Figure S32 and Supplementary Table S4d) (Ferraretti et al. 2025). Overall, the
analyses performed pointed out pervasive signatures ascribable to the action of natural selection at
genes/pathways involved in the promotion of angiogenesis (e.g. LAMAL1/2/3, LAMC2, DAG1 and COL4A1)
(Figure 4.30 and Supplementary Figure S23), as well as in the regulation of some cardiovascular traits (e.g.
IGF1R, PDGFD, PIKFYVE and PPP2R5C) (Figure 4.20). Part of these signatures were found to be shared at
the single gene-level by both Andean Aymara and Tibetan high-altitude populations (Ferraretti et al. 2025),
also showing patterns of variation suggestive of Denisovan adaptive introgression events occurred specifically
in the ancestors of Tibetans (Ferraretti et al. 2024).

More in detail, Tibetan highlanders were found to be characterized by adaptive evolution at loci involved in
the Adrenergic signalling in cardiomyocytes, Phosphatidylinositol signalling system and ECM-receptor

interaction pathways (Figure 4.21 and Supplementary Table S4c), with results concerning specifically the
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PPP2R5C, PIKFYVE, DAG1 and PIP4K2 genes that have been corroborated also by the Trendsetter approach
(Figure 4.22 and Supplementary Figure S21).

In particular, PPP2R5C codifies for the B56y protein that is part of the protein phosphatase 2A (PP2A)
regulatory subunit B family (Sayers et al. 2022). Remarkably, inactivation of both B56y and B566 proteins
were proved to cause the arrest of fetal development and severe cardiac defects in the mouse model (Dyson et
al. 2022). Moreover, PPP2R5C knockout in mice determines increased PP2A activity, leading to a decreased
heart rate and to heart conduction defects (Little et al. 2015; Jiao et al. 2025). The inactivation of PIKFYVE
was instead shown to suppress the excessive production of mitochondrial reactive oxygen species (ROS) and
apoptosis in cardio-myoblasts, to reverse cardiac mitochondrial damage, to improve cardiometabolic profile,
left ventricular function and to attenuate cardiac hypertrophy in obese mice (Tronchere et al. 2017).
Furthermore, the interaction of PIP4K2A mRNA transcript with the Human antigen R (HUR) RNA-binding
protein was proved to positively modulate PIP4K2A expression and consequently regulate autophagy and
calcific aortic valve disease (CAVD) progression (Fang et al. 2023). Notably, CAVD is defined as a slowly
progressive condition that ranges from mild valve aortic sclerosis to severe calcifying aortic valve stenosis, a
pathological process that was proposed to be accelerated by impairments in the mitochondria functioning,
oxidative stress and inflammation processes, as well as by the activation of the HIF1 hypoxia signalling
pathway (Bouhamida et al. 2023). Finally, the dystroglycan 1 protein codified by the DAG1 gene was proved
to directly bind the Hippo pathway effector Yap to inhibit cardiomyocyte proliferation in mice (Morikawa et
al. 2017). Nevertheless, dystroglycan may also modulate angiogenesis via interaction with the alpha chain of
laminin-1 (Javerzat et al. 2009).

Specifically, cardiac hypertrophy is a physiological process that comports the increase in size of
cardiomyocytes, and which initially develops as an adaptive response to multiple physiological and
pathological stimuli (Nakamura and Sadoshima 2018). However, it can progress in pathological cardiac
hypertrophy, which generally leads to heart failure (Nakamura and Sadoshima 2018). Notably, cardiac
hypertrophy can be induced by prolonged hypoxia (Chu et al. 2012; Nakamura and Sadoshima 2018; Johnson
et al. 2023) potentially comporting either detrimental or adaptive physiological effects (Cazorla et al. 2006;
Nakamura and Sadoshima 2018; Chen et al. 2025). In fact, a recent study conducted on Han Chinese patients
affected by hypertrophic cardiomyopathy (HCM) and living in low- and high-altitude regions, showed that,
while high-altitude may promote myocardial fibrosis, it may also be linked to some adaptive benefits in left
ventricular function in HCM patients (Chen et al. 2025). Furthermore, it has been shown that high-altitude
Tibetan people exhibit reduced incidence of major adverse cardiovascular events with respect to low-altitude
control groups, possibly indicating the involvement of protective cardiac mechanisms in the modulation of
high-altitude adaptations, as previously proposed (Kolat and Ost'adal 2004; Mallet et al. 2018; Ferraretti et al.
2024; Lei et al. 2024).

Mitochondrial dysfunctions and increased production of ROS are physiological processes induced by hypoxia
as well (Guzy et al. 2005; Huan et al. 2023). Remarkably, high-altitude native individuals exhibit lower

mitochondrial density compared to lowlanders (Li et al. 2016; Murray and Horscroft 2016) a trait that has been
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suggested to represent an adaptive mechanism to protect tissues/cells from ROS damage (Hoppeler et al. 2003;
Heather et al. 2012).

Finally, enhanced angiogenesis is a complex process proposed to be triggered by hypoxia (Krock et al. 2011;
Tsipis et al. 2014) and to play a key role in high-altitude adaptation by ensuring adequate tissue perfusion and
oxygenation under hypoxic conditions (Beall 2007; Gnecchi-Ruscone et al. 2018).

Therefore, based on the evidence supporting the functional connection of the PIKFYVE, PIP4K2A, PPP2R5C
and DAG1 genes with the aforementioned physiological processes, we propose that the selection signatures
detected at these loci may represent the genetic bases of polygenic adaptations that contribute to enhance
angiogenesis, reduce susceptibility to hypoxia-induced fatal cardiovascular events, including those associated
with pathological cardiac hypertrophy, and mitigate cellular oxidative stress in high-altitude populations of
Tibetan ancestry.

In line with these findings, in the study by Ferraretti et al. (2024), we propose compelling evidence supporting
adaptive introgression events having shaped variation patterns at genes related to cardiovascular
functions/diseases (e.g. PRKAG2), promotion of angiogenesis (e.g. KRAS and RASGRF2) and regulation of
responses to the hypoxic stress (e.g. TBC1D1 and PRKAG2) (Figure 4.23, Figure 2-figure supplement 3 and 4
in Ferraretti et al. 2024). Overall, the observed haplotype structure at these loci may be attributable to
Denisovan archaic introgression (Supplementary Figure S23, Figure 4 in Ferraretti et al. 2024), suggesting that
interbreeding with archaic hominins has had a greater impact than previously thought in shaping the adaptive
genomic variation of present-day Tibetans (Ferraretti et al. 2024).

As regards the functional roles exploited by these genes, TBC1D1 encodes for a protein targeted by AMP-
activated protein kinases (AMPK) in response to the increased cellular AMP/ATP ratio caused by stresses that
induce a lower ATP production (e.g. deprivation of oxygen and/or glucose) or that boost ATP consumption
(e.g. intense muscle contraction) (Kanehisa and Goto 2000; Vichaiwong et al. 2010). Mutations at PRKAG2,
which is another gene contributing to the AMPK signalling pathway, were shown to cause PRKAG?2 cardiac
syndrome, an inherited disease characterized by ventricular pre-excitation, supraventricular arrhythmias, and
cardiac hypertrophy (Zhang et al. 2013; Porto et al. 2016). Specifically, dysregulation of AMPK activity
mediated by reduced expression of PRKAG2 has been proposed as a possible cause for the development of
this disease (Zhang et al. 2013). Conversely, enhanced activation of the AMPK signalling pathway during
pregnancy, along with overexpression of PRKAG2, has been observed in the placentas of women living at high
altitudes when compared to those of low-landers (Lorca et al. 2021) suggesting a role of this gene also in the
establishment of a successful pregnancy in hypobaric hypoxia condition.

The proteins encoded by RASGRF2 and KRAS genes are instead strictly linked from a functional perspective
and exert their functions through the Ras signalling pathway (Kanehisa and Goto 2000). In detail, RASGRF2
codifies for a calcium-regulated nucleotide exchange factor that activates the RAS protein codified by the
proto-oncogene KRAS (Kanehisa and Goto 2000; Sayers et al. 2022). Notably, the Ras and MAPK/ERK
signalling pathways have been proposed to improve angiogenesis by promoting VEGF expression
(Supplementary Figure S23) (Kanehisa and Goto 2000; Kranenburg et al. 2004).
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Therefore, in line with previous observations, we proposed that adaptive evolution at TBC1D1 and PRKAG2
genomic regions in high-altitude Tibetan groups might have contributed to the development of protective
mechanisms that reduce cardiovascular risk associated to the hypoxic stress, while those observed at KRAS
and RASGRF2 genes seem to be implicated in the modulation of improved angiogenetic responses to hypoxia
(Ferraretti et al. 2024).

In accordance with this view, results described in the study by Ferraretti et al. (2025) further support the
adaptive role played by pro-angiogenetic pathways and specific cardiovascular traits in the modulation of
polygenic adaptations evolved by different high-altitude populations. More specifically, we detected selection
signatures shared by both Andean and Himalayan populations (Hu et al. 2017; Arciero et al. 2018; Gnecchi-
Ruscone et al. 2018; Deng et al. 2019) at genes (i.e. LAMC2, COL4A4, PLCEL, PIK3CB and PRKCE) and/or
pathways (i.e. Focal adhesion signalling cascades) known to promote angiogenesis and regulate cardiovascular
functions (Figure 4.30, Supplementary Figure S32 and Supplementary Table S4d) (Kanehisa and Goto 2000;
Ferraretti et al. 2025).

Particularly, silencing LAMC2 expression was linked to cell cycle arrest and to the significant suppression of
tumour cells migration and invasion, as well as to in vivo angiogenesis of the malignant tissue (Garg et al.
2014; Pei et al. 2019). Moreover, LAMC2 expression was found to be substantially upregulated in Placental
Accreta Spectrum tissues, stimulating trophoblast over-invasion (Wang et al. 2023). In particular, the placental
accreta spectrum is a serious complication of pregnancy caused by the pathologic adherence of the placenta
due to abnormal trophoblast neovascularization and invasion into the uterine wall (Bartels et al. 2018; Cahill
et al. 2018). This invasion has been related to improved stimulation of pro-angiogenetic factors in both the
trophoblast embryotic tissue and the maternal placental basal plate (Goh et al. 2013; Bartels et al. 2018).
Moreover, COL4A4 and PIK3CB genes seem to be involved in the modulation of physiological processes
established in preparation to pregnancy (Oefner et al. 2015; Tong et al. 2020). In particular, COL4A4
expression increases during decidualization of the human endometrium (Oefner et al. 2015) potentially
contributing to the regulation of the morphological and functional changes (e.g. increased vascular
permeability and vascular remodelling and angiogenesis) required for the establishment of a successful
pregnancy (Plaisier 2011; Okada et al. 2018). In accordance, PIK3CB turned out to be up-regulated in the
decidua of woman developing early-onset pre-eclampsia, thereby plausibly influencing abnormal placental
development (Tong et al. 2020). As concerns the remaining set of genes, PLCE1 was associated to the
inhibition of apoptosis and angiogenesis in tumours (Yunzhao Chen et al. 2019), while PRKCE has been
demonstrated to exert a cardio-protective role against ischaemic injury (Scruggs et al. 2016).

Furthermore, the genes pinpointed by the LASSI-signet approach as putative adaptive loci specifically in
Aymara high-altitude population from the Andes resulted to be linked to similar biological functions (Kanehisa
and Goto 2000; Ferraretti et al. 2025) (Supplementary Table S4d). In detail, COL4A1 codifies for a type IV
collagen alpha protein that represents a main constituent of the vascular basement membrane (Kalluri 2003;
Sayers et al. 2022). Both the degradation and remodelling of such membrane are the very first steps of

angiogenesis induced by multiple growth factors (Kalluri 2003). In addition, mutations at COL4A genes have
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been associated with cerebrovascular disease (Sayers et al. 2022) and intracerebral haemorrhages due to
systemic small-vessel disease (Kuo et al. 2012), thus suggesting their crucial role in modulating the formation
of new vascular structures. Accordingly, the PDGFD gene codifies for an angiogenetic factor whose activity
promotes tumour angiogenesis in mice due to enhanced VEGF expression (Li et al. 2003). PDGFD down-
regulation was also observed in the placenta of women with preeclampsia, a condition characterised by
placental hypoperfusion and elevated expression of antiangiogenetic factors (Sitras et al. 2009). Finally, the
IGF1R receptor is known to bind the IGF1 angiogenetic factor and to be overexpressed in different tumours
where it acts as an anti-apoptotic agent by enhancing cell survival (Sayers et al. 2022; Xu et al. 2022).
Moreover, a homozygous chromosomal mutation at IGF1 causes intrauterine growth retardation, which is
accompanied by a low average placental weight (Woods et al. 2025).

Overall, considering the consistent amount of evidence provided by previous studies, we hypothesised that
adaptive evolution at these loci might result in the promotion of angiogenesis in diverse district of the body,
including placenta, and/or in the regulation of protective cardiovascular functions, thus contributing to
modulate complex adaptive traits that are observable in both Andean and Himalayan high-altitude populations
(Ferraretti et al. 2025).

81



82



6. CONCLUSION

Overall, the present dissertation proposes an innovative combination of multiple statistical approaches (Gouy
et al. 2017; Mughal and DeGiorgio 2019; Harris and DeGiorgio 2020) that in an integrated manner can detect
a range of selective events that have plausibly contributed to the evolution of complex (i.e. polygenic)
biological adaptations by modern human populations. Remarkably, such a pipeline of analyses offers an
alternative conceptual and methodological framework for investigating the genetic bases of biological
polygenic adaptations, which is profoundly distinct from the approaches conventionally adopted by both
GWAS and studies focused on the computation of polygenic risk scores. Its flexibility makes it particularly
well-suited for application in targeted case-studies and to population cohorts not necessarily characterized by
large sample sizes. Particularly, by applying such a pipeline of analyses on WGS data, we were able to provide
new insights concerning the genetic bases underpinning complex biological adaptations evolved by a panel of
populations that are well representative of a remarkable fraction of the human biodiversity (Figure 5.3).
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Figure 5.3. Key selection signatures ascribable to the evolution of polygenic adaptations. The
reported map mirrors the geographic location of the human populations reported in Figure 4.4 and displays the
main findings described in the present thesis as concerns polygenic local adaptations inferred for human groups
from each of the considered geographical macro-areas.

Taken together, the obtained results encompassed soft selective sweeps-like patterns, as well as more subtle
genomic signatures ascribable to the action of natural selection, both of which seem to have contributed to the

evolution of complex polygenic adaptive traits in the considered populations. Remarkably, these findings are
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consistent with the recently introduced concept of loci heterogeneity, which is supposed to underly the genetic
architecture of polygenic adaptations (Barghi et al. 2020).

Notably, among the most pervasive adaptive signatures identified, we found those related to pathogen-driven
selection, which have been likely mediated either by endemic infectious diseases (such as those described for
the Yoruba, Han Chinese and Maya populations) and/or are imputable more generally to different types of
pathogen insults. For instance, genes related to immune system over-activation and sepsis showed patterns
conformed with adaptive evolution across several human populations from different geographical macro-areas.
Moreover, complex metabolic adaptations concerning lipid digestion and glucose uptake probably evolved in
response to cold-induced selective pressures have significantly shaped the genomic variability of different
populations of Central European ancestry, as well as of some high-latitude Eurasian human groups.
Interestingly, we showed that part of such adaptive traits may have evolved as results of adaptive introgression
processes, which involved archaic hominin species and the ancestors of both Yakut and Russian populations.
In addition, we identified Yakut-specific selection signatures at thyroid hormone-related genes and we propose
them as key regulators of complex adaptations evolved by such population to cope with a sub-arctic climate.
Unprecedented results supporting dis-adaptations of the Maya population from Southern Mexico and
concerning specifically loci involved in the development of insulin resistance and/or type 2 diabetes were also
obtained. Particularly, we hypothesize that they might be informative of an evolutionary mismatch attributable
to complex adaptations evolved by the ancestors of Native American populations during their migratory route
across Beringia that turned out to be detrimental after the rapid occupation of the southern regions of the
American continent, where completely different climatic conditions with respect to those of northern Siberia
are experienced.

Finally, the present project expanded our knowledge also regarding the genomic architecture of high-altitude
polygenic adaptations. In fact, in the studies by Ferraretti et al. (2024) and Ferraretti et al. (2025) we described,
respectively, new insights concerning the archaic adaptive introgression events experienced by the ancestors
of high-altitude Tibetan populations and the convergent adaptations evolved by Andean and Himalayan high-
altitude human groups. Overall, according to our analyses, high-altitude populations showed extensive
selection signatures at genes/pathways promoting angiogenesis and regulating cardio-vascular functions, thus
potentially constituting the genetic bases of complex biological traits that exert an adaptive role at high-
altitudes.

Strikingly, selection signatures associated with the evolution of complex cardiovascular and angiogenesis-
related traits, as well as adaptations mediated by adjustments at glycerolipid and insulin signalling pathways,
which have been identified across populations whose ancestors have long experienced similar selective
pressures, but that involved different genes in different human groups, illustrate paradigmatic examples of
non-parallelism, which is proposed to be another hallmark of polygenic adaptations (Barghi et al. 2020).

In conclusion, our analytical pipeline revealed a mosaic of selective signals that is consistent with a scenario
of polygenic adaptive evolution, thereby shedding light on several complex adaptations evolved by our species

to cope with a diversified range of selective pressures.
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9. APPENDIX

(a) North/East Asian macro-area

> Yakut {‘I She W Yakutia
L Y Daur sy O Nord_East_Asia x
= Y L Hezhen X Tojia B South_East_Asia
- . s u
32 | et o O NV &, ) r.r%\i{w') Mongolian O ¥i B Central Asia
= x X ® X e § purusno B Europe
ambodian azara N
W % © Dai Uygur B Native_Americans x
S | Han O Xibo
= ]9 Lahu CEPH
1 Mise RAussian e
0 7 Naxi O Maya
< 4 &5 NorthernHan <> Pima
i
©
&
S e § S
o D‘ -1
X Yakut o she
Ed Daur AT g
S -7 Hezhen X Tuja S
T Mongolan O ¥i
Orogen 7 Burusho o PO
Cambodian ¢ Hazara o ® o
® Da X Uygur W Yakutia w° &
& Han © xibo N O Nord_East_Asia
o |& e & cepH 3 W South_East_Asia
S {0 Miao & Russin R B Contral Asia 0
T |7 Maxi O Maya -3 B Europe S -
1 NorthernHan & Pima B Native_Americans 1
T T T T T T T T T T
-0.06 -0.04 -0.02 0.00 0.02 -0.20 -0.15 -0.10 -0.05 0.00
PC1 PC2
M NAT_Nerd HGDP Bedouin g —{ W NAT_Nord_HGDP Bedouin
W NAT Nord MXB & Brahul S | W NAT Nord_mx8 Brabui
B NAT Cenler_MXB CEPH B NAT Center_MXB 5 CEPH
W NAT Sud_HGDP Colombias AT Colombia
W NAT_Sud_MXB =" Han Han
o |® AT Brasi HGDP| &P @ Huichol_MXB ® Huichol_MX8
S W MEX o & Karitiana HGDP @ @ Karitiana_HGDP
=} Peril . uhya = Luhya
W Puerto Maya_HGDP = Maya_HGDP
Colombia |\ Maya_ MEX Maya MEX
rop: Mexican Mexican
East_Asia Nahua_MXB Narwa_MXB
W Meaddle_East Ponian Peruvian
Airica Piapoco iapoca
g 4 Pima HGOP § * & Pima_HGDP
= Puertorican ] Pueriorican
o =28 W Surui_HGDP W Surui oP
o & = Tarahumara_MXB ¥ Tarahumara_MX8
@ ® Tolonac MXB @ Totona_MXE
1 X Tzotzil MXB X Tzotzil_MXB
o Yoruba 2 N Yoruba
g g & A Zagoroc_Mazaiee Mxg £ 2 A Zapolec_Mazatec_Mxg
S
g
o - ]
< - E
S - & w»
7 S a g
4 Py
N o
= R SR
” 1‘3 h
= - 1 ¢ 0
g v 5
A
- 2 »
S
T T T T T T T T T T T
-0.06 -004 -0.02 0.00 0.02 0.04 -0.04 -0.02 0.00 0.02 0.04
PC1 pPC2

Supplementary Figure S1. PCA plots obtained for (a) North/East Asian and (b) America macro-
areas. For all the plots in the figure, from left to right, are displayed the intersections between PC1 vs PC2
and PC2 vs PC3. (a) PC1 describes the gradient of variation observable between Asian populations in the
dataset; PC2 instead explains how Native American groups differentiate with respect to Asian populations;
PC3 enables to appreciate the outlier position occupied by Yakut individuals with respect to most groups of
European and Asian ancestry. The low resolution of the PCA analysis do not allow the identification of well
delineated East Asian clusters thus requiring further structure analysis (such as Chromopainter and
fineSSTRUCTURE) aimed at further elucidating the haplotype affinity between these human groups. (b) PC1
describes the genetic differences between African and non-African populations. PC2 displays a gradient of
reduced genomic variation among Europeans, admixed Americans (e.g. Colombian), East Asians, and
indigenous populations from Central and South America. In the bottom left of PC1 vs PC2 plot, are localized
the samples belonging to Native American populations (i.e. NAT). Except for five Mayan individuals plotted
in the vicinity of the Peruvian samples, all the individuals belonging to Native American populations cluster
in well-defined groups. Samples generated in the study by Jiménez-Kaufmann et al. 2022 are collectively
indicated in the legend as NAT_MXB.
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Supplementary Figure S2. ADMIXTURE profiles inferred for the individuals representative of
the African macro-area. The lowest cross validation error was obtained for the configuration K=8 reported
in the seventh row of the plot. The Yoruba and Esan Nigerian populations are characterized by elevated
proportions of the red ancestral component which in the latter group reaches fixation. The West African Mende
and Gambian populations present instead greater proportions of the purple ancestral component while the red
one is still detectable at low frequencies. The Central/East African Luhya are characterized by great
proportions of the orange component and very low frequency of the Yoruba- Esan-like one. The Bantus present
similar patters to the Luhya although those from South Africa are characterized by more elevated proportions
of the red ancestral component. The Mozabite population present distinctive ADMIXTURE profiles
characterized by elevated frequency of the grey ancestral component and moderate frequency of both purple
and yellow ancestral components, with the latter describing central Europeans. Such a pattern is analogously
found in the Bedouin people. Overall, all the individuals reported in the plot present homogenous
ADMIXTURE profiles reflecting their population of origin.
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Supplementary Figure S3. ADMIXTURE profiles inferred for the individuals representative of
the European macro-area. The configuration associated with the lower cross-validation error is that
described by K=5 ancestral components, and is reported graphically in the fourth line of the figure. Such
configuration illustrates a high degree of genetic homogeneity among European populations, which exhibit
two shared ancestral components represented with pink and dark green colours. The Finnish population
displays a distinctive pattern, with the dark green ancestral component significantly prevalent and nearly
reaching fixation and also low proportions of the ancestral component characterizing the Han Chinese
population (i.e. yellow). Similarly, the Sardinian population exhibits elevated proportions of the pink ancestral
component respect to North Italians and to Central (i.e. CEPH) and West European populations (i.e. Iberian
and Basque).
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Supplementary Figure S4. ADMIXTURE profiles inferred for the individuals representative of
the American macro-area. The ADMIXTURE analysis associated with the lower cross-validation error
and thus describing the configuration that better fit the data is described by the configuration K=7 which is
displayed in the sixth line of the figure. Admixed Americans (i.e. Mexican, Colombian, Peruvian and Puerto
Rican populations) are characterized by consistent proportions of the ancestral component describing Central
European individuals (i.e. CEPH, in pink). Indigenous populations from Mexico (i.e. red rectangle) are
characterized by elevated proportions of the blue ancestral component, detectable at lower frequency in the
admixed samples as well. Only the Pima population deviates from such a pattern, and specifically the
individuals belonging to such human group are characterized by a fixed specific ancestral component (i.e.
light-blue). Similarly, Surui and Karitiana samples present their own ancestral component describing Native
populations from South America.
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Supplementary Figure S5. Cross-Validation (CV) errors associated to each tested
ADMIXTURE configuration. On the x axis are reported all the tested K configurations while in the y axis
are displayed CV errors. For both the African (red) and American (pink) macro-areas the lowest CV was
obtained for the configuration K=7, while for European (green) and North/East Asian (blue) macro-areas the
lowest CV was that of K=5 and K=4, respectively.
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Supplementary Figure S6. Dendrogram resulting from ChomoPainter/fineSTRUCTURE
analyses for African macro-area. Individuals are aggregated by population and all the nodes in the plot
are characterized by a nodal support value > 0.8. The final groups composed by genetically homogenous
individuals of African ancestry and presenting suitable sample size to be subjected to selection analyses are
underlined with red rectangles. From top to bottom are reported the Gambian, Mende, Bantu, Mozabite, Luhya,
Yoruba and Esan filtered homogeneous populations.
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Supplementary Figure S7. PCA analysis performed evaluating the levels of haplotype chunks
shared among the individuals representative of the African macro-area. PC1 visualizes the
separation between Mbuti population and the rest of the African groups. PC2 describes the differences among
Esan, Gambian and San individuals with respect to the macro cluster including Yoruba, Luhya, Mende,
Mozabite, Bantu Kenya and Bantu South Africa populations. The individuals belonging to the latter two groups
(i.e. blue cross and light-blue x) completely overlapped in both the plots thus supporting the unification of

these samples into a unique cluster.
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Supplementary Figure S8. Dendrogram resulting from Ch
analyses for European macro-area. Individuals are aggregated by po
are characterized by a nodal support value > 0.8. The final groups composed by genetically homogenous
individuals of European ancestry and presenting suitable sample size to be subjected to further analyses are
underlined with green rectangles. In order, from top to bottom are reported
Russian, Basque, Finnish and Sardinian filtered homogeneous populations. From the reported Iberian group
were removed six individuals according to the PCA analysis displayed in
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Supplementary Figure S9. Dendrogram resulting from ChomoPainter/fineSTRUCTURE
analyses for North/East Asian macro-area. Individuals are aggregated by population and all the nodes
in the plot are characterized by a nodal support value > 0.8. The final groups composed by genetically
homogenous individuals of North/East Asian ancestry and presenting suitable sample size to be subjected to
further analyses are underlined with blue rectangles. From top to bottom are reported the Yakut, Han, and Dai
Chinese filtered populations. Particularly, these latter two groups were further filtered by retaining
homogeneous samples generated in the context of the same reference database (i.e. HGDP or 1000 Genomes)
with the aim of avoiding the introduction of potential bias in the subsequent SMC++ inferences.
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Supplementary Figure S10. Full dendrogram resulting from ChomoPainter/fineSTRUCTURE
analyses for American macro-area. Individuals are aggregated by population and all the nodes in the plot
are characterized by a nodal support value > 0.8. The final groups composed by genetically homogenous
individuals of Native American ancestry and presenting suitable sample size to be subjected to further analyses
are: the Nahuas (pink), the Pima (red) and the Mayas (blue). The Maya cluster was further filtered by excluding
the individuals presenting proportions of European-like ancestral component exceeding 10%, resulting in the
final subset including 17 Mayas (i.e. blue rectangle). Finally, the green colour highlights clusters including
Surui and Karitiana populations that however were not analysed in the present study due to their elevated
inbreed levels.
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Supplementary Figure S11. Calibration plots obtained for Russian (a), Han Chinse (b) and
high-altitude Tibetan (c) populations. Calibration/reliability curves of the Trendsetter inferred
probabilities obtained after the application of the trained models to the validation set of simulations built for
the Russian, Han Chinese and Tibetan individuals. The curves corresponding to each tested class (from left to
right: hard sweeps, soft sweeps and neutral scenarios) well fit with the diagonal thus indicating that no further
calibration was needed. The curves were built by dividing the values of the class frequency/predicted
Trendsetter probabilities in 15 bins.
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Supplementary Figure S12. Calibration plots obtained for the Yoruba population.
Calibration/reliability curves of the Trendsetter inferred probabilities obtained after the application of the
trained model to the validation set of simulations built for the Yoruba individuals. The curves corresponding
to each tested class (from left to right: hard sweeps, soft sweeps and neutral scenarios) well fit with the diagonal
with the sole exception of one frequency bin (centred at 0.4) of the neutral class. Taken together, the tends
reported indicate that the Trendsetter output probabilities are calibrated thus not requiring further calibration.

The curves were built by dividing the values of the class frequency/predicted Trendsetter probabilities in 15
bins.
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Supplementary Figure S13. Calibration plots obtained for Nahua (a), Maya (b) and Pima (c)
populations. Calibration/reliability curves of the Trendsetter inferred probabilities obtained after the
application of the trained models to the validation set of simulations built for the Nahua, Maya and Pima
individuals. The curves corresponding to each tested class (from left to right: hard sweeps, soft sweeps and
neutral scenarios) well fit with the diagonal thus indicating that no further calibration was needed. The curves
were built by dividing the values of the class frequency/predicted Trendsetter probabilities in 15 bins.
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Supplementary Figure S14. Confusion matrices displaying the reliability of the trained
Trendsetter classifiers obtained for indigenous populations from Mexico. Confusion matrices built
relaying on results obtained after the application of the trained Trendsetter classifiers on the validation sets of
genomic simulations. Along the diagonal are reported the correct classifications assigned by the algorithm,
while in the remaining rows/columns are shown the misclassifications. From left to right the figure displays
the confusion matrices resulted for Nahua, Maya and Pima human groups. Although these classifiers are less
precise in distinguishing between hard and soft selective sweeps classes, they still recognize with a high
precision the neutral genomic simulations from the adaptive scenarios.
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Supplementary Figure S15. Functional network targeted by natural selection in North African
Mozabite and belonging to the Starch and sucrose metabolism pathway. The reported network was
build using the STRING toll (available at https://string-db.org/) and by setting the confidence score to predict
gene-gene associations (i.e. edges) at 0.9. The functional associations were inferred by considering co-
expression (i.e. black edges), experimental (i.e. pink edges) and database (i.e. light-blue edges) evidence.
Genes depicted as see-green circles are enriched in the Cellular carbohydrate metabolic process of the Gene
Ontology database with a false discovery rate of 4.91e-08. GANC, SI and MGAM genes were also enriched in
Disaccharide metabolic process annotated in the Gene Ontology database (FDR = 7.94e-08).
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Supplementary Figure S16. Trendsetter predicted probabilities at HLA- and IL15 genes in the
Yoruba population. Distribution of the Trendsetter output probabilities of being classified as hard sweeps
(i.e. red curve), soft sweeps (i.e. blue curve) and neutral regions (i.e. black curve) across the putative adaptive
genes HLA- and IL15. For all the displayed plots, the x axis reports the positions of the central SNV in each
genomic window identified according to the Trendsetter approach while on the y axis are shown the values of
the Trendsetter predicted probabilities associated to each of the three tested classes. The grey rectangles in the
background represent the genomic regions in the considered genes that present values indicative of the action
of natural selection according to the LASSI statistic. Probabilities values associated to the soft selective sweeps
class are remarkably elevated for these genes, reaching values almost equal to one at all HLA loci investigated.
Furthermore, some of the windows falling in the HLA-DPB1 gene are classified as hard selective sweeps,
presenting probability values associated to this class reaching ~76%. The IL15 gene includes multiple windows
classified as soft selective sweeps, falling particularly in the first/middle portions of such a gene.
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Supplementary Figure S17. Trendsetter Predicted probabilities at KITLG gene in the CEPH
individuals. Distribution of Trendsetter output probabilities of being classified as hard sweeps (i.e. red
curve), soft sweeps (i.e. blue curve) and neutral regions (i.e. black curve) across the putative adaptive KITLG
gene. The x axis reports the positions of the central SNV in each genomic window identified according to the
Trendsetter approach while on the y axis are shown the values of the Trendsetter predicted probabilities
associated to each of the three tested classes. The grey rectangles in the background represent the genomic
regions in the considered genes that present values indicative of the action of natural selection according to the
LASSI statistic. Probabilities values associated to the soft selective sweep class are remarkably elevated in the
entire gene locus, reaching values of ~79% in the middle/final portions of the gene. Furthermore, the predicted
probabilities associated to the hard selective sweep class assume moderate values with an average of 32%. The
neutral-associated probabilities are extremely low in all the genomic windows detected for the KITLG gene.
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Supplementary Figure S18. Trendsetter predicted probabilities at LEPR gene in the Han
Chinese population. Distribution of the Trendsetter output probabilities of being classified as hard sweeps
(i.e. red curve), soft sweeps (i.e. blue curve) and neutral regions (i.e. black curve) across the putative adaptive
LEPR gene. The x axis reports the positions of the central SNV in each genomic window identified according
to the Trendsetter approach while on the y axis are shown the values of the Trendsetter predicted probabilities
associated to each of the three tested classes. The grey rectangles in the background represent the genomic
regions in the considered genes that present values indicative of the action of natural selection according to the
LASSI statistic. The probabilities values associated to the soft selective sweep class are remarkably elevated in
the first/middle portions of the gene, reaching values of ~95%. Furthermore, the predicted probability
associated to the hard selective sweep class assume moderate to elevated values in the final part of the gene
peaking at ~87%. The neutral-associated probabilities are extremely low in the all the genomic windows
detected for the LEPR gene.
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Supplementary Figure S19. Trendsetter predicted probabilities obtained for KITLG gene in Han
Chinese population. Distribution of the Trendsetter output probabilities of being classified as hard sweeps
(i.e. red curve), soft sweeps (i.e. blue curve) and neutral regions (i.e. black curve) across the putative adaptive
KITLG gene. The x axis reports the positions of the central SNV in each genomic window identified according
to the Trendsetter approach while the y axis shows the values of the Trendsetter predicted probabilities
associated to each of the three tested classes. The grey rectangles in the background represent the genomic
regions in the considered genes that present values indicative of the action of natural selection according to the
LASSI statistic. Probabilities values associated to the hard selective sweep class are remarkably elevated in the
entire gene locus, reaching values of ~94% in the middle/final portions of the gene. Furthermore, the predicted
probabilities associated to the soft selective sweep class assume moderate values with an average of ~13%.
The neutral-associated probabilities are extremely low in the all the genomic windows detected for such a
locus.
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Supplementary Figure S20. Haplotype frequency spectra of the top windows detected as
adaptively evolved by LASSI in the EPAS1 and EGLN1 genomic regions. Barplots showing
haplotype frequency spectra in the genomic windows associated with the highest LASSI T value, falling in the
top 5% of the obtained distribution and linked to (A) EPAS1 and (B) EGLN1 genes. The x-axis reports the
haplotypes detected in the windows, while on y-axes are indicated the frequencies of each haplotype. For these
windows the haplotype frequency spectra clearly reflect the pattern of diversity expected under the hard
selective sweeps model in which a single predominant haplotype carrying adaptive variants (i.e. sweeping
haplotypes represented with the black bars) reaches elevated frequencies in the population. This figure has
been taken from Ferraretti et al. (2024).
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Supplementary Figure S21. Trendsetter predicted probabilities at (a) DAG1 and (b) PIP4K2A
genes in high-altitude Tibetans. Distribution of the Trendsetter output probabilities of being classified as
hard sweeps (i.e. red curve), soft sweeps (i.e. blue curve) and neutral regions (i.e. black curve) across DAG1
and PIP4K2A genes. The x axis reports the positions of the central SNV in each genomic window identified
according to the Trendsetter approach while on the y-axis are shown the values of the Trendsetter predicted
probabilities associated to each of the three tested classes. The grey rectangles in the background represent the
genomic regions in the considered genes that present values indicative of the action of natural selection
according to the LASSI statistic. Although the Trendsetter method assigned to the neutral class the majority of
the genomic windows detected for such genes, multiple genomic windows located in the first portions of both
DAG1 and PIP4K2A are assigned to the hard selective sweep class, overall validating signatures of adaptive
evolution pinpointed by LASSI-signet methods.
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Supplementary Figure S22. Trendsetter predicted probabilities at (a) EGLN1 and (b) VEGF
genes in high-altitude Tibetans. Distribution of the Trendsetter output probabilities of being classified as
hard sweeps (i.e. red curve), soft sweeps (i.e. blue curve) and neutral regions (i.e. black curve) across EGLN1
and VEGF genes, previously proposed as genetic targets of natural selection in high-altitude Tibetans. The x
axis reports the positions of the central SNV in each genomic window identified according to the Trendsetter
approach while on the y axis shows the values of the Trendsetter predicted probabilities associated to each of
the three tested classes. The grey rectangles in the background represent the genomic regions in the considered
genes that present values indicative of the action of natural selection according to the LASSI statistic. (a) The
Trendsetter approach classifies as neutral the majority of the genomic windows detected for the EGLN1 gene.
Nevertheless, four genomic windows located in the first portion of the gene are assigned to the soft selective
sweep class, contributing to corroborate previous adaptive evidence advanced for such a locus. (b) The
probabilities values associated to the soft selective sweep class are remarkably elevated in almost the entire
VEGFC locus, reaching their greatest values in the initial/middle part of the gene.
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Supplementary Figure S23. Significant gene networks including Denisovan-like derived alleles
according to the Signet analysis. Schematic representation of the activation of the RAS/MAPK(ERK)
axis after interaction of the bradykinin receptors with their ligands (e.g. ANG Il) within the framework of the
Pathways in Cancer network. Genes supported by both the analyses used to identify archaic adaptive
introgression (i.e. VolcanoFinder and signet), are highlighted in red and present solid outline. Grey circles with
dotted-dashed contour instead indicate genes supported only by the network-based approach, while loci
marked with stars are those including genomic windows showing LASSI T statistic within the top 5% of the
related distribution. After the interaction between ANG Il (active enzyme angiotensin Il) and bradykinin
receptors, the activation of the Ras protein encoded by KRAS mediated by RAS-GTPases (e.g. RASGRF2)
comports a series of phosphorylation reactions that eventually promotes angiogenesis (Kranenburg et al. 2004).
In detail, the phosphorylation of the MAPK1 protein and the prevention of MAPK1-DAPK-1-dependent
apoptosis leads to increased MAPK1 activity (Kanehisa and Goto, 2000; Stevens et al. 2007) that causes
improved FOS mRNA expression (Monje et al. 2005). FOS, together with other proteins (e.g. Jun), forms the
AP-1 transcription factor, which binds to the VEGF promoter region upregulating its expression in endothelial
cells (Catar et al. 2013) and sustaining angiogenesis when the hypoxia inducible factor -which could be
mediated by HIFs activity such as that codified by the EPAS1 gene- signalling cascade is inhibited (Lorenzo
et al. 2014). This figure has been adapted from Ferraretti et al. (2024).
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Supplementary Figure S24. Trendsetter predicted probabilities at RCAN2 (a), SRC (b), PRKG1
(c) and GPAT3 (d) genes in the Yakut population. These genes were included in (a-b) Thyroid hormone
signalling (i.e. RCAN2 and SRC), (c) cGMP-PKG signaling (i.e. PRKG1) and (d) Glycerolipid metabolism
(i.e. GPAT3) significant LASSI-signet pathways detected for the Yakut population. For all the plots the x axis
reports the position of the central SNV in each genomic window identified according to the Trendsetter
approach and included in these gene. The y axis shows the values of the Trendsetter predicted probabilities
associated to each of the three tested classes. The grey rectangles in the background represent genomic regions
in the considered genes that present values indicative of the action of natural selection according to the LASSI
statistic. Overall, the predicted probabilities for the soft sweep class are remarkably higher respect to both
neutral and hard sweep scenarios, supporting signatures of natural selection ascribable to a polygenic model
of adaptation for all these genes.
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Supplementary Figure S25. Trendsetter predicted probabilities at PRKCB (a), PRKCD (b) and
ERBB4 (d) genes in the Yakut population. These genes were included in (a-b) AGE-RAGE signalling
pathway in diabetic complications (i.e. PRKCB and PRKCD) and (c) MAPK/PI3K-Akt signalling (i.e. ERBB4)
significant LASSI-signet pathways detected for the Yakut population. For all the plots the x axis reports the
position of the central SNV in each genomic window identified according to the Trendsetter approach and
included in these gene. The y axis shows the values of the Trendsetter predicted probabilities associated to
each of the three tested classes. The grey rectangles in the background represent genomic regions in the
considered genes that present values indicative of the action of natural selection according to the LASSI
statistic. (a) Overall, neutral output probabilities inferred for the PRKCB gene are more elevated respect to
those associated to selection events except for the windows indicated with the red arrows and for which the
probabilities values of being classified as soft sweeps overcame the neutral ones. (b) Output probabilities of
being classified as soft sweeps are more elevated respect to the two other classes in the initial/middle portions
of the genes. (c) Both soft and hard sweeps probabilities are more elevated respect to the neutral one especially
in the windows located at the end of the gene. Overall, these results support signals of selection previously
identified for all these genes adopting the LASSI-signet pipeline.
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Supplementary Figure S26. Haplotype structure of PLPP3 gene. (a) Haplostrips plot showing
patterns of haplotypic diversity at PLPP3 gene locus among modern human populations (i.e. Yakut, Russian,
Yoruba) and archaic samples (i.e. Denisovan Altai, Neanderthal Altai and Neanderthal Vindija). Single
haplotypes (reported in rows) are ranked with respect to the number of differences with the Altai Neanderthal
sequence. SNVs are displayed in columns with the ancestral and derived states are reported in white and black
colours, respectively. The great majority of the haplotypes belonging to both Yakut (i.e. blue) and Russian (i.e.
green) human groups are those presenting the smallest amount of haplotypic pairwise differences respect to all
the archaic samples considered, with a single Yakut haplotype being much more similar to one Altai
Neanderthal haplotype respect to both Vindija and Denisovan samples. Haplotypes belonging to the Yoruba
outgroup population (i.e. purple) are less conserved between each other, clustering mainly in the middle/bottom
sections of the plot and thus attesting a remarkable diversity of the Yoruba’s PLPP3 haplotypes respect to the
archaic sequences. The red square localizes the position of the overlapped LASSI putative adaptive windows
falling in the PLPP3 gene. (b-c) Haplostrips plot build for the overlapped genomic windows presenting a
variation pattern indicative of adaptive evolution according to the LASSI statistic in the Yakut population and
falling in the PLPP3 gene. The similarity among archaic samples and Yakut/Russian is even more pronounced
in this genomic region, with modern haplotypes identical to all the archaic samples.
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Supplementary Figure S27. Haplotype structure of ATP1B2 gene. (a) Haplostrips plot showing
patterns of haplotypic diversity at ATP1B2 gene locus among modern human populations (i.e. Yakut, Russian,
Yoruba) and archaic samples (i.e. Denisovan Altai, Neanderthal Altai and Neanderthal Vindija). Single
haplotypes (reported in rows) are ranked with respect to the number of differences with the Denisovan
sequence. SNVs are displayed in columns with the ancestral and derived states reported in white and black
colours, respectively. The great majority of the haplotypes belonging to both Yakut (i.e. blue) and Russian (i.e.
green) human groups are those presenting the smallest amount of haplotypic pairwise differences respect to
the Denisovan archaic samples. The haplotypes belonging to the Yoruba outgroup population (i.e. purple)
cluster mainly in the middle/bottom sections of the plot, attesting a remarkable diversity of the Yoruba’s
ATP1B2 haplotypes respect to the archaic sequences. The entire genomic region plotted presents a variation
pattern indicative of adaptive evolution according to the LASSI statistic in the Yakut population, supporting
signals of archaic Denisovan introgression also for such a gene.
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Supplementary Figure S28. Haplotype structure of CD247 gene. (a) Haplostrips plot showing
patterns of haplotypic diversity at CD247 gene locus among modern human populations (i.e. Yakut, Russian,
Yoruba) and archaic samples (i.e. Denisovan Altai, Neanderthal Altai and Neanderthal Vindija). Single
haplotypes (reported in rows) are ranked with respect to the number of differences with the Altai Neanderthal
sequence. SNVs are displayed in columns with the ancestral and derived states reported in white and black
colours, respectively. The great majority of the haplotypes belonging to both Yakut (i.e. blue) and Russian (i.e.
green) human groups are those presenting the smallest amount of haplotypic pairwise differences with the
Altai Neanderthal (i.e. black) and Vindija Neanderthal (i.e. light blue), even respect to Denisovan (i.e. red)
samples. Haplotypes belonging to the Yoruba outgroup population (i.e. purple) cluster mainly at the bottom of
the plot, attesting a remarkable diversity of this human group compared to the Neanderthal sequences, showing
an opposite haplotypic pattern respect to the Yakut and Russian populations. The red square localizes the
position of the overlapped LASSI putative adaptive windows falling in the CD247 gene. (b-c) Haplostrips plot
build for LASSI genomic windows presenting a variation pattern indicative of adaptive evolution in the Yakut
population and falling in the CD247 gene. The similarity among Neanderthal Altai haplotypes and
Yakut/Russian samples is even more pronounced in this region. In detail, two Yakut haplotypes present lesser
differences with respect to the Alta Neanderthal samples even respect to one Vindija haplotype. Such a pattern
suggests signatures ascribable to Neanderthal adaptive introgression in CD247 gene detectable in both Yakut
and Russian human groups.
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Supplementary Figure S29. Violin plots showing the expression levels of HTR1F, SRC, RCAN2,
THRB, and INSR genes in target tissues depending on genotypes of putative adaptive eQTLs.
Candidate adaptive eQTLs at HTR1F and SRC genes were found to regulate the expression of such genes in
white adipose tissues, thyroid, liver and pancreas. Putative adaptive eQTLs found at INSR and THRB genes
have been instead associated in the homozygous state to increased expression of these genes in white adipose
tissue. Homozygotes for candidate adaptive eQTLs at RCAN2 have been shown to decrease expression of such
a gene in skeletal muscle, as well as of PLA2G7 in the blood. The # symbol indicates putative adaptive eQTLS
on SRC gene that do not present significant shifts in frequency between Yakut and control populations after
adjusting P-values for multiple tests but only significant nominal P-values. The reported violin plots are
downloaded from the GTEXx portal (available at https://gtexportal.org/home/).
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Supplementary Figure S30. LASSI statistical values across THBS1 genomic windows in the
Maya population. The x axis reports the value of the likelihood T statistic calculated by the LASSI approach.
The y axis displays the genomic location of SNV located at the centre of each LASSI window. The red dashed
line indicates the top 1% threshold of the LASSI distribution obtained. Two top 1% LASSI genomic windows
were retrieved for THBS1 gene (i.e. red rectangle), which particularly present likelihood values peaking at
42.90 and 25.97. Additional 26 top 1% LASSI windows were included in the chromosomal intervals located
in the downstream portions of THBS1 gene.
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Supplementary Figure S31. Trendsetter predicted probabilities at FLT3 gene in the Maya
population. Distribution of the Trendsetter predicted probabilities of being classified as hard sweeps (i.e. red
curve), soft sweeps (i.e. blue curve) and neutral regions (i.e. black curve) across the putative adaptive FLT3
gene. The x axis reports the positions of the central SNV in each genomic window identified according to the
Trendsetter approach while the y axis shows the values of the Trendsetter predicted probabilities associated to
each of the three tested classes. The grey rectangles in the background represent the genomic regions in the
considered genes that present values indicative of the action of natural selection according to the LASSI
statistic. Probabilities values associated to the hard selective sweep class are remarkably elevated in the entire
gene locus, reaching values of ~80% in the final portions of the gene.
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Supplementary Figure S32. Schematic representation of the body districts in which the
expression of the COL4Al, IGF1R, PDGFD, ITGA8, RYR3, LAMC2, PLCE1 and PRKCE
candidate adaptive genes is modulated by eQTL variants. Genes reported in bold/red are those
previously proposed to play an adaptive role also in populations of Tibetan/Sherpa ancestry. Illustration from
NIAID NIH BIOART Source (https://bioart.niaid.nih.gov/bioart/519; https://bioart.niaid.nih.gov/bioart/420).

The figure has been taken from Ferraretti et al. (2025).
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Supplementary Table S1. Composition of the sub-datasets analysed. List of populations with
relative sample size and reference study included in the (a) African, (b) European, (c) North/East Asian and
(d) American macro-areas. Please consult Ferraretti et al. (2024) and Ferraretti et al. (2025) for further detail
concerning the structure of the datasets used to investigate the genomic variation of the WGS belonging to
high-altitude Tibetans (Jeong et al. 2018) and Aymara (Lindo et al. 2018). Columns: (1) Population name; (2)
Number of individuals retained per population; (3) Reference panel.

POPULATION N. INDIVIDUALS REFERENCE STUDY
(a) Macroarea Africa
African_Ancestry_SW 55 Auton et al. 2015
African_Carribean 95 Auton et al. 2015
BantuKenya 10 Bergstrom et al. 2020
BantuSouthAfrica 8 Bergstrom et al. 2020
Bedouin 46 Bergstrom et al. 2020
Biaka 21 Bergstrom et al. 2020
Brahui 25 Bergstrom et al. 2020
CEPH 99 Auton et al. 2015
Esan 98 Auton et al. 2015
Gambian 113 Auton et al. 2015
Han 136 Auton et al. 2015; Bergstrom et al. 2020
Luhya 97 Auton et al. 2015
Mandinka 22 Bergstrom et al. 2020
Maya 21 Bergstrom et al. 2020
Mbuti 11 Bergstrom et al. 2020
Mende 85 Auton et al. 2015
Mozabite 27 Bergstrom et al. 2020
Pima 5 Bergstrom et al. 2020
San 4 Bergstrom et al. 2020
Yoruba 130 Auton et al. 2015; Bergstrom et al. 2020
(b) Macroarea Europe
Adygei 16 Bergstrom et al. 2020
Basque 23 Bergstrom et al. 2020
Bedouin 46 Bergstrom et al. 2020
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Bergamoltalian

12

Bergstrom et al. 2020

Brahui 25 Bergstrom et al. 2020
British 91 Auton et al. 2015
CEPH 99 Auton et al. 2015
Finnish 99 Auton et al. 2015
French 28 Bergstrom et al. 2020
Han 136 Auton et al. 2015; Bergstrém et al. 2020
Iberian 107 Auton et al. 2015
Maya 21 Bergstrom et al. 2020
North_ITA 29 Sazzini et al. 2020
Orcadian 15 Bergstrom et al. 2020
Pima 5 Bergstrom et al. 2020
Russian 25 Bergstrom et al. 2020
Bouganville 7 Bergstrom et al. 2020
Sardinian 28 Bergstrom et al. 2020
South ITA 9 Sazzini et al. 2020
Toscani 115 Auton et al. 2015; Bergstrém et al. 2020
Yoruba 130 Auton et al. 2015; Bergstrom et al. 2020
Auton et al. 2015
Luhya 25
(c) Macroarea North/East Asia
Burusho 24 Bergstrom et al. 2020
Cambodian 9 Bergstrom et al. 2020
CEPH 99 Auton et al. 2015
Dai 102 Bergstrom et al. 2020, Auton et al. 2015
Daur 9 Bergstrom et al. 2020
Han 136 Bergstrom et al. 2020, Auton et al. 2015
Hazara 19 Bergstrom et al. 2020
Hezhen 9 Bergstrom et al. 2020
Lahu 8 Bergstrom et al. 2020
Maya 21 Bergstrom et al. 2020
Miao 10 Bergstrom et al. 2020
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Mongolian 9 Bergstrom et al. 2020
Naxi 7 Bergstrom et al. 2020
Northern Han 10 Bergstrom et al. 2020
Orogen 9 Bergstrom et al. 2020
Pima 5 Bergstrom et al. 2020
Russian 25 Bergstrom et al. 2020
She 9 Bergstrom et al. 2020
Tu 10 Bergstrom et al. 2020
Tujia 9 Bergstrom et al. 2020
Uygur 10 Bergstrom et al. 2020
Xibo 9 Bergstrom et al. 2020
Yakut 25 Bergstrom et al. 2020
Bergstrom et al. 2020
Yi 10
(d) Macroarea America
Puertorican 104 Auton et al. 2015
Colombian 97 Auton et al. 2015
Peruvian 85 Auton et al. 2015
Brahui 25 Bergstrom et al. 2020
Bedouin 45 Bergstrom et al. 2020
Piapoco 1 Mallick et al. 2016
Han 136 Bergstrom et al. 2020, Auton et al. 2015
Surui 8 Bergstrom et al. 2020
Maya 28 Bergstrom et al. ZC;ZIO2 (J)izmzénez-Kaufmann et
Yoruba 130 Bergstrom et al. 2020, Auton et al. 2015
Karitiana 11 Bergstrom et al. 2020
Pima 13 Bergstrom et al. 2020
Nahua 18 Jiménez-Kaufmann et al. 2022
Totonac 6 Jiménez-Kaufmann et al. 2022
Zapotec_Mazatec 10 Jiménez-Kaufmann et al. 2022
Tarahumara 3 Jiménez-Kaufmann et al. 2022

141




Huichol
Tzotzil
CEPH
Luhya

Mexican

99
25
64

Jiménez-Kaufmann et al. 2022
Jiménez-Kaufmann et al. 2022
Auton et al. 2015
Auton et al. 2015
Auton et al. 2015
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Supplementary Table S2. Accuracy values of the trained Trendsetter classifiers. Columns: (1)

Population labels; (2) Accuracy values.

Population Accuracy

YRI 0.95
CEPH 0.92
RUS 0.89
HAN 0.87
YKT 0.87
TIB 0.95
NAH 0.72
PIM 0.72
MAY 0.69
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Supplementary Table S3. Tables reporting the metrices used to evaluate the reliability of the Trendsetter
classifiers obtained for (a) Yoruba, (b) CEPH, (c) Russian, (d) Han Chinese, (e) Yakut, (f) high-altitude
Tibetan, (g) Nahua, (h) Maya, and (i) Pima populations. Columns: (1) Population label and tested class; (2)
Precision; (3) Recall; and (4) f1 score values. The last row shows the values of the weighted average obtained
for the f1 score.

(@ YRI Precision | Recall | f1 score
Hard Sweeps 0.96 0.96 0.96
Soft Sweeps 0.94 0.92 0.93
Neutral 0.96 0.98 0.97
Weighted Average . . 0.95
(b) CEPH Precision | Recall | f1 score
Hard Sweeps 0.92 0.93 0.92
Soft Sweeps 0.89 0.86 0.88
Neutral 0.95 0.96 0.96
Weighted Average . . 0.92
(c) RUS Precision | Recall | fl-score
Hard Sweeps 0.90 0.89 0.90
Soft Sweeps 0.84 0.85 0.84
Neutral 0.94 0.94 0.94
Weighted Average . . 0.89
(d) HAN Precision | Recall | fl-score
Hard Sweeps 0.88 0.89 0.88
Soft Sweeps 0.82 0.8 0.81
Neutral 0.91 0.93 0.92
Weighted Average . . 0.87
(€) YKT Precision | Recall | f1 score
Hard Sweeps 0.86 0.88 0.87
Soft Sweeps 0.82 0.80 0.81
Neutral 0.93 0.94 0.93
Weighted Average . . 0.87
() TIB Precision | Recall | f1 score
Hard Sweeps 0.95 0.95 0.95
Soft Sweeps 0.93 0.92 0.92
Neutral 0.96 0.98 0.97
Weighted Average . . 0.95
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(9) NAH

Precision | Recall | f1 score
Hard Sweeps 0.7 0.69 0.69
Soft Sweeps 0.61 0.57 0.59
Neutral 0.83 0.89 0.86
Weighted Average 0.71
(h) MAY Precision | Recall | f1 score
Hard Sweeps 0.66 0.65 0.65
Soft Sweeps 0.59 0.56 0.57
Neutral 0.8 0.86 0.83
Weighted Average 0.68
(i) PIM Precision | Recall | f1 score
Hard Sweeps 0.71 0.69 0.7
Soft Sweeps 0.63 0.59 0.61
Neutral 0.81 0.87 0.84
Weighted Average 0.72
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Supplementary Table S4. LASSI-signet results obtained for (a) African, (b) European, (c)
North/East Asian and (d) American macro-areas. Columns: (1) Label of the ethnic group analysed,;
(2) Pathways encompassing the significant networks; (3) Number of genes included in each network; (4) Score
calculated by the signet approach for each network; (5) P-values; (6) List of genes included in each network.
The genes further supported by the Trendsetter approach are reported in bold.

Dataset Pathway Subneftwork Subnetwork P. value Subnetwork genes
size Score

(a) Macroarea Africa

COL2A1,COL4A2,COL4A3,COL4
A4,COL9A1,LAMB4,ITGA11,FLN
BJFLNC,LAMA1,PARVB,ITGA6,
TGAS5,JTGB3,LAMA2,LAMCI,RE
LN, THBS4,ACTGI,TNR,VCL,VW
F,TLN2,ITGA8
COL4A1,COL4A2,COL4A3,COLG
A3,COL9A2FYN,SHC2,GRB2,TN
C,IBSP,ITGA9,ITGB1,ITGB3,ITGB
ESN Focal adhesion 30 8.30 0.007 5LAMA3,LAMA4,LAMASMET,P
RKCA,RELN,PTK2,SRC,THBS3,T
HBS4,VIN,VWF,CAPN2,TLN2,IT
GAB,CAV2
PLCB1,GNB1,GNG4,GNG7,GNGT!
PIK3CD,PLCB4,PREX!

BNT Focal adhesion 24 10.32 0.005

ESN Chemokine signaling pathway 8 6.62 0.031

COL1A2,COL4A1,COL4A3,COL4
A4,COLIA1,COLIA2,COLIA3,CO
L6A6,DAGLLAMB4,ITGA11,SV2
C,FN1,COL6AS,TNC,ITGA6,ITGA
LITGA2,ITGA3,ITGA9,ITGB3,LA
MA2LAMA4,LAMAS.LAMBI,LA
MC1,LAMC2,GP6,THBS4,TNR,TN
XB,VIN,ITGA10ITGA8,SV2B

GMB ECM-receptor interaction 35 9.91 0.005

EGFR,GHR,IFNAR2,JFNGR2,IL10
GMB JAK-STAT signaling pathway 13 7.58 0.012 RB,L15JAK3,LEPR,LIFR,IL22,PD
GFB,PDGFRA ,PRLR

CFTRMLYCD,GYS2,LIPE,PRKA
GMB AMPK signaling pathway 11 6.78 0.027 G2,PFKFB3,PRKAA2,RPTOR,TSC

1,CAB39L,CD36
COL4A1,COL4A2,COL4A3,COL4
A4,COL9A1,COL6A6,TGA11,FNI1,
PARVB,TNC,ITGA6,ITGALITGA
3,TGA9,ITGB6,LAMA2,PARVA R
ELN,THBS3,TLN1,TNR,VCL,VTN

,TLN2,ACTN1

TREH,GANC,GYS2,ENPP1,GBA3,

PYGL,SIMGAM
LAMC3,COL2A1,COL4A1,COL4A
2,COL4A3,COL4A4,COL6A3,COL
9A2,COL6A6,DAGIITGA11,SV2C
YRI ECM-receptor interaction 27 6.67 0.017 ,COL6AS,ITGA1ITGA2B,ITGBI1.I
TGB8,LAMA2,LAMA3LAMA4,L
AMB2,LAMB3,LAMC2,THBS2,T

HBS4,VTN,SV2B
IL22RA2,CSF2RB,CTFLIFNLRLE
GFR,GHR,IL19,JFNA6,JFNAR2,IF
YRI JAK-STAT signaling pathway 22 6.07 0.034 NGR2,IL7,ILI0RB,IL15JAK1JAK
2,JAK3,LEPR,PDGFB,PDGFRA,PI

K3R2,PRLR,STATI
HLA-DOB,HLA-DPA1,HLA-
YRI Tuberculosis 6 5.82 0.047 DPB1,HLA-DRB1,HLA-
DRB5NFYC

MND Focal adhesion 25 8.66 0.008

MOZ Starch and sucrose metabolism 8 7.44 0.022
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(b) Macroarea Europe

ACERI1,CERS3,CERS6,GALC,SGMS1,ACER2,ASAH1,ACER3,S

BRT Sphingolipid metabolism 13 6.20 0.049 MPD4.ASAH2.CERK PLPP3.SPHK 1
ERBB4,EREG,FGF1,FGF5 FGF10,FLT3,ANGPTI, ANGPT2,GRB
BSQ MAPK signaling pathway 19 7.94 0010  2JGFIRMETKITLGNTRKINTRK2,ANGPT4PDGFRA,TEK,
VEGFC,PDGFD
ERBB4,EREG,FGF1,FGF5,FGF10,FLT3 ANGPTI,ANGPT2,G
CEPH MAPK signaling pathway 19 7.94 0011 RB2JGFIRMETKITLGNTRKINTRK2 ANGPT4PDGFRA,
TEK,VEGFC,PDGFD
CEPH Chemokine signaling pathway 6 742 0.017 PRKCZPARD3,VAV1,VAV2 PIK3R3,CDC42
o ERBB4,FGFR2,FLT3,ANGPT2,GRB2,IGFIR INSR KITLGNTR
FIN MAPK signaling pathway 12 7.29 0.014 K2PDGFRA VEGFCPDGFD
. ) ADCY 1 PDEI0A,ADCY3,ADK,GUCY 1A1 NME7.PDE11A,PD
FIN Purine metabolism 12 6.73 0.025 EICPDE3APDE7A PDE9A ENPP3
. ) AGPAT2MGLLMOGATI,PNLIPRP3MBOAT1,DGKB,DGKG,
FIN Glycerolipid metabolism 14 6.58 0.030 PNPLA3,DGAT2,GPAT3,PLPP 1,PLPP3,DGKLLPIN2
FIN Pathogenic Escherichia coli infection 7 634 0.041 ABI1LARPCS WASF3,CYFIP1,ACTB,ARHGEF1,CDC42
. ) MGLL,PNLIPRP3,DGKA,DGKB,DGKG,LCLATI,LIPC AGK,M
[BR Gilyeerolipid metabolism 16 6.19 0.031 OGAT2,PNPLA3,GPAT3,DGKZ,DGKD,PLPP3,DGKI,LPIN2
GALNTS,GALNTI3,GALNTLS, GALNT1,GALNT2,GALNT3,G
IBR Mucin type O-glycan biosynthesis 15 5.86 0.049  ALNTL6GALNT9ST6GALNACI,CIGALTI,GALNTI1ST3GA
L2,GALNTI4,GALNTI2,GCNT3
ADCY2PDEI0A,ADCY3 ADCY5,ADCYS$,AKS AK2,FHIT,AK
RUS Purine metabolism 24 9.37 0.006  5PDE7B,AMPD3NME7APRT.PDEI1ANTSC3A PDEIA,PDE
1C,PDE3A PDE4B,PDE4D PDEGA PDEGC,ENPP3 RRM2
. ) MGLLMOGAT1MBOAT!,DGKB ,DGKG,LCLAT1,LIPC,PNLI
RUS Glycerolipid metabolism 15 728 0.018 P AGPAT3MOGAT2,PNPLA3.PLPP1 PLPP3 DGKILIPG
o EGF,FGF5,FGF10.PLCB1,ANGPT1 ANGPT2,INSR,PDGFB,PD
RUS Rap! signaling pathway 14 6.66 0.037 GFRA PLCB4PRKCA PRKCB,VEGFC PDGED
ADA,ADCY2,PDEI0A,ADCY3,ADCY5,ADCYS ADK,AKS,AK
) ) 9,FHIT,PDE7B,GMPR LOC390877.NME4,PDE11A NT5C3A PD
SAR Purine metabolism 2% 811 0009 | PDE3A,PDE4B PDE4D PDEGC,PDE9A ENPP1,RRMILEN
TPDS
SAR Chemokine signaling pathway 7 7.20 0.018 PTK2B,PLCB1,GNAI1,GNG4,LYN,PLCB4PRKCB
EFNAS,FLT1,FLT3,INSR,KITLG,PDGFRA,TEK,VEGFC,PDGF
SAR Ras signaling pathway 9 6.82 0.029 2 FLT3INSR/ S’ GFRA,TEK,VEGFC,PDG
SAR Glycerophospholipid metabolism 8 6.51 0.040 PLB1,DGKB,DGKG,PLD1,LPCAT2,CHPT1,PLA2G6,DGKI
SAR Oxytocin signaling pathway 8 6.50 0.041 ADCY5EGFR GNAI1ITPR1,PLCB4PRKCA PRKCB CD38
SAR Glycerolipid metabolism 4 6.20 0.057 DGKB,DGKG,PNPLA3,DGKI
ADCY2,PDEI0A,ADCY3,ADCYS5,ADCYSADKAKSADCY4,
) - AK4,AK9,FHIT,AKS5PDE7B AMPD3,GUCY 1A2,GUCY2C.NM
TusS Purine metabolism 30 923 0006 ) NME4NTSC3A PDEICPDE3A PDE4B.PDE4D PDEGA PD
E6C,PDE9A,ENPP1,PKLR,PDESA,ENTPD3
EGF,ERBB2,ERBB4,EREG,FGF 1 FGF9,FGFR2,FLT 1 FLT3,ANG
TUS MAPK signaling pathway 2 6.93 0018  PT2,GRB2,IGFIR,INSR,KDRKITLGNTF3NTRK2,PDGFB,PD
GFRA PDGFC,TEK PDGFD
TUs Glyeeralipid metabolism 0 650 001 MGLL,PNLIPRPS,DGKB,DG];(GGI;I;PL,PNPLA3,DGAT2,PLPP3,
TUS Sphingolipid metabolism 14 o5 0031  ACERLCERS3CERS6GALC.SGMSI.GBALACERZASAHLA

CER3,SMPD3,SMPD4,CERK,SGPP1,PLPP3
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(c) Macroarea North/East Asia

UGT2A1L,UGT1A10,UGT1A8,UGT1A7,UGT1A6,UGT1AS

DAI Pentose and glucuronate interconversions 10 7.61 0.011 UGTIA9.UGT2A2,UGT2B4.KL
Lo EGFR,FLT1,PLCB1,ANGPT1KDR KITLGPDGFB,PDG
DAI Rapl signaling pathway 11 7.10 0.016 FRA PLCB4PRKCB.PDGFD
. . MBOATI1,DGKB,DGKG,PISD,PLD1,LPCATI,PLA2G6,P
DAI Glycerophospholipid metabolism 9 6.64 0.028 LA2GAC.DGKI
L IL23R IFNL3,JFNAR2,JFNGR2,IL7 JAK ,LEP,LEPR P
HAN JAK-STAT signaling pathway 10 7.06 0.019 DGFRAPRLR
L ERBB4,FGF2 FLT1,FLT3FLT4ANGPT1INSR,IRS1,K
HAN PI3K-Akt signaling pathway 13 6.13 0.052 DR KITLGNTRK2.PDGFRA PDGFD
DGKB,DGKG,PIKFYVE,PLCB1,IMPA2,INPP ,INPP5A,
TIB Phosphatidylinositol signaling system 19 9.15 0.005 INPP5D,ITPK1,PLCE1,PIK3C2G,PIP4K2A PLCB4,PLC
G2,PIP5K 1B,INPP4B,SYNJ2,PLCZ1,DGKI
COL4A1,COL4A2,COL4A3,COL4A4,COL6A3,COL6AG,
TIB ECM-receptor interaction 18 7.37 0.011 DAGI1,LAMB4,ITGA11,SV2C,LAMALITGA2,TGA3,IT
GA9,ITGB4,LAMA2,LAMCI,LAMC2
L . PPP2R1A,PPP2R2A ,PPP2R2B,PPP2R3A,PPP2R5C,CA
TIB Adrenergic signaling in cardiomyocytes 10 6.52 0.028 CNA2D3RYR2.CACNAIC.CACNAIS.CAMK2D
KCNMB2,JRAGI,CREBI,PLCBLITPRLITPR2,KCNMA
L 1LATP1B2,ATP2B4,PLCB4,PRKCE,PRKG1 PRKG2,CR
YKT cGMP-PKG signaling pathway 21 10.21 0004  pp 2 SLCSALSLCSA3TRPC6.CACNAIC,CACNAID,
GTF2IRD1,CREBS
Lo CRKL,EFNAS,EGFR,PLCB1,ANGPT2,HGF,INSR,PDGF
YKT Rapl signaling pathway 12 7.95 0.010 RAPLCBA4PRKCB.VEGFC.PDGFD
EFNAS,EGFR,ERBB3,ERBB4,FLT1,FLT3,ANGPTI,AN
YKT MAPK signaling pathway 16 7.10 0.020 GPT2,GRB2,HGF,INSRNTRK1,PDGFB,PDGFRA,VEGF
C,PDGFD
EFNAS5,EGFR,ERBB3,ERBB4,FLT1,FLT3,ANGPTI,AN
YKT PI3K-Akt signaling pathway 17 7.10 0.020 GPT2,GRB2,HGF,INSRNTRK1,PDGFB,PDGFRA,SOSI,
VEGFC,PDGFD
- ! MGLLMBOATI1,DGKB,DGKG,LIPC,GPAT3,PLPP3DG
YKT Glycerolipid metabolism 9 7.04 0.021 D
KILIPG
. . Lo . s PLCBI,NFKB1,PLCE]1,PLCB4,PLCG2,PRKCB,PRKC
YKT AGE-RAGE signaling pathway in diabetic complications 10 6.87 0.026 D,PRKCE,;\P;IAPKIO,MAPKIZ
. PLCBI1,GNAII,GNG7,GNGTLLHTR1F,ITPR1LITPR2,KC
YKT Serotonergic synapse 11 6.37 0.045 NJ6PLCBA4GNG2.GNGI2
YKT Thyroid hormone signaling pathway 7 6.35 0.047 RCAN2 HIFIA,ATP1B2,PIK3R2,RXRA,SRC,THRB
(d) Macroarea America
MAY Acute myeloid leukemia 6 6.61 0.043 FLT3.PIK3CA,SPI1,STAT5A,STAT5B,PIK3R3
MAY Axon gidance 0 653 0.046 NFATC3,PLCGZ,WNT4,PPP32CA,PPP3CB,FZD3,PIK3R3,SSH
MAY Insulin resistance ¢ 6.50 0.048 lRSl,PRKCD,PRKCE,PRKCS]:;RKCZ,MAPK 10,PTPRF,PIK
MAY Chemokine signaling pathway 6 6.33 0.058 DOCK2,PTK2B,HCK,LYN,PIK3R3,ELMO1
MAY . L
Phospholipase D signaling pathway 8 7.35 0.020 EGFR,GAB1,CYTH4,RHOA PDGFRA PDGFD,PIK3R3,GAB2
NAH Chemokine signaling pathway 9 770 0.013 GNG3,GNG4,GNG7,GNGTl,ll\‘/lY(')I\ll,PLCB4,PRKCZ,PIK3R3,EL
. VAVS, EGFR, IGF1R, PDGFRA, SHC3, VAV2, VEGFC,
NAH Focal adhesion 9.00 6.404 0.049 PDGFD, PIK3R3
PTK2B.,PLCB1,GNGT1,HCK ,PLCB4,GNG2,PRKCB,GNGI12
PIM Chemokine signaling pathway 9 8.02 0.010 ’ ’ ’ Pll£3R3 SRS ’ ’
PIM Fc gamma R-mediated phagocytosis 7 7.58 0.014 DOCK2,GSN,PAK 1,PLD1,RAC2,PIP5K 1B,PIK3R3
. . . ADCY1,ADCY2,ADCY3,PLCBI,GNAQ,GNG4,GNG7,GNGT L,
* .
AYM *Ferraretti et al., 2025 Apelin signaling pathway 16 9.21 0.005 TPRILITPR2.PRKAG2.PLCBA4GNG2 PRKCERYR2RYR3
CRKL,CSF1,EGFR FGF1,FGF10,PLCB1,GNAQ,ANGPT1,ANGP
AYM *Ferraretti et al., 2025 Rapl signaling pathway 18 7.01 0.019 T2,IGF1R,INSR.KDR,PDGFRA ,PLCB4,PRKCB,TEK,PDGFD.F
GF17
PLCB1,GNAQ,ITPRLITPR2,PLCB4,PRKACA,PRKCE,PRKC
AYM *Ferraretti et al., 2025 Vascular smooth muscle contraction 8 6.94 0.021 ’ Q ’ ? u ’ ’ ?
COLA4A1,COL4A2,COL4A3,COL4A4,COLIA |, FLNB,TNC,ITG
AYM *Ferraretti et al., 2025 Focal adhesion 16 6.29 0.044 A9,JTGB3,LAMCI1,LAMC2,RELN,PARVG,VWF,ITGA8 ACTN
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Supplementary Table S5. Table reporting the genes included in significant LASSI-signet
networks for both Yakut and control Russian populations and whose expression was altered in
several mice tissues after cold exposure. (1) Gene name; (2) Chromosome; (3) NCBI ID; (4) Tissue in
which the expression of each gene was altered after cold exposure; (5) Type of expression alteration; (6)
Reference study; (7) Genes supported also in the control population as involved in the modulation of polygenic
adaptations; (8) Genes showing variation patterns indicative of archaic introgression according to the Sprime

statistic.
Gene Tissue Type f’f Reference study .Supported Putative introgressed
alteration in controls segments
ADCY3 Mice BAT Up regulated Shore et al. 2013
CAMK2D Mice Liver Up regulated Shore et al. 2013 S
CLDNI0 Mice Placenta Down regulated Gosh et al. 2021
CLDNI1 Mice Liver Up regulated Shore et al. 2013 .
EGFR Mice Adipose tissue Down regulated Shore et al. 2013 . \
GPAT3 Mice BAT Up regulated Labbé et al. 2015 v
GTF2IRDI Mice BAT Up regulated Shore et al. 2013 .
IMPA2 Mice BAT Up regulated Shore et al. 2013 . S
INSR Mice Adipose tissue, mice BAT Up regulated Villi)gre&e tV{all";thOzl 5 1’ 4 S .
KCNN2 Mice Liver Down regulated Shore et al. 2013 S
NTRK1 Mice BAT Up regulated Shore et al. 2013 . .
PDE4D Mice Liver Up regulated Shore et al. 2013 \ S
PDGFRA Mice Liver Down regulated Shore et al. 2013 S
PLCBI Mice BAT Down regulated Shore et al. 2013 S
SLC841 Mice BAT Down regulated Shore et al. 2013
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Supplementary Table S6. Table reporting the haplotype frequencies inferred for candidate
adaptive genes in the Yakut and Russian populations. (1) Gene name; (2) Population in which the
haplotype frequencies are calculated (Yakut - YKT; Russian - RUS); (3) Start position of the inferred haplotype
block; (4) End position of the inferred haplotype block; (5) Haplotype allele composition; (6) Haplotype
frequencies. In red are indicated candidate adaptive eQTLS.

Gene Population Sta_rt_ Eno_l . Inferred haplotypes JENLERPE
position position frequency

RCAN2 YKT 46345363 46361060 AGCTTCACCGACTTTCGGAGT 0.02
RCAN2 YKT 46345363 46361060 AGCTTCACCGACTTGCGTATT 0.19
RCAN2 YKT 46345363 46361060 CATCCTGTTTGACCTTAGGGG 0.79
RCAN2 RUS 46345363 46361060 AGCTTCACCGACTTTCGGAGT 0.02
RCAN2 RUS 46345363 46361060 AGCTTCACCGACTTGCGTAGG 0.08
RCAN2 RUS 46345363 46361060 AGCTTCACCGACTTGCGTATT 0.42
RCAN2 RUS 46345363 46361060 CATCCTGTTTGACCTTAGGGG 0.48
HTR1F YKT 87910930 87918173 CAAAGCTCGC 0.02
HTR1F YKT 87910930 87918173 AAGGGTCCGC 0.02
HTR1F YKT 87910930 87918173 AAGGATCCGC 0.04
HTR1F YKT 87910930 87918173 CGAAGCTCGC 0.92
HTR1F RUS 87910930 87918173 AAGGGTCCGC 0.10
HTR1F RUS 87910930 87918173 AAGGATCCGC 0.10
HTR1F RUS 87910930 87918173 AAGGGTCAAT 0.13
HTR1F RUS 87910930 87918173 CGAAGCTCGC 0.67
THRB  YKT 24440630 24449645 TGCCACGTGCAAG 0.02
THRB  YKT 24440630 24449645 CAGCGTATGCAAG 0.02
THRB YKT 24440630 24449645 TGCTACGCCCGGG 0.14
THRB YKT 24440630 24449645 TGCCACGCCAAAA 0.22
THRB  YKT 24440630 24449645 TGGCATATGCAAG 0.6
THRB  RUS 24440630 24449645 TGGCGTATGCAAG 0.02
THRB  RUS 24440630 24449645 TGCCACGCCAAAA 0.04
THRB  RUS 24440630 24449645 TGCTACGCCCGGG 0.04
THRB  RUS 24440630 24449645 CAGCGTATGCAAG 0.26
THRB RUS 24440630 24449645 TGGCATATGCAAG 0.64
SRC YKT 37340671 37354179 TTAATTGTCTC 0.02
SRC YKT 37340671 37354179 CCGACCAGCCA 0.12
SRC YKT 37340671 37354179 TCGGCCAGCCC 0.86
SRC RUS 37340671 37354179 TTGGCCAGTCC 0.02
SRC RUS 37340671 37354179 CTAATTATTTA 0.02
SRC RUS 37340671 37354179 CTAATTGTCCC 0.04
SRC RUS 37340671 37354179 CCGACCAGCCA 0.10
SRC RUS 37340671 37354179 CTAATTGTTTA 0.15
SRC RUS 37340671 37354179 TCGGCCAGCCC 0.67
INSR YKT 7169466 7178430 TGTCGGCCCCAGCT 0.02
INSR YKT 7169466 7178430 TGTCGGCCCCAGCC 0.02
INSR YKT 7169466 7178430 TGTCGGCCCCGATT 0.04
INSR YKT 7169466 7178430 TGCCAGCCCCGATT 0.92

150



INSR
INSR
INSR
INSR
INSR
INSR
INSR

INSR
INSR
INSR

RUS
RUS
RUS
RUS
YKT
YKT
YKT

RUS
RUS
RUS

7169466
7169466
7169466
7169466
7166530
7166530
7166530

7166530
7166530
7166530

7178430
7178430
7178430
7178430
7169335
7169335
7169335

7169335
7169335
7169335

TGTCGGCCCCGGCC
CATAGATTTGGATT
TGTCGGCCCCAGCC
TGCCAGCCCCGATT
GACTTAGCCAC
GGAGCGAATGT
AACTTAGCCAC

GACTTAGCCAC
GGAGCGAATGT
AACTTAGCCAC

0.02
0.12
0.2

0.66
0.02
0.08
0.9

0.16
0.22
0.62
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Supplementary Table S7. List of putative sepsis-related genes supported by the Trendsetter
approach. Columns: (1) Gene name; (2) Chromosome; (3) Gene start; (4) Gene end; Number of windows
falling in the gene and assigned to the hard and/or soft selective sweep classes according to the Trendsetter
approach in (5) Yoruba; (6) CEPH; (7) Han Chinese and (8) Maya populations; (9) Reference studies
supporting the functional link of the considered genes with sepsis.

Gene Chr Start End YRI CEPH HAN MAY Reference
CASP12 11 104885718 104898670 . 1 Saleh et al. 2006; Xue et al. 2006
CD79A 19 41877279 41881372 3 . . 1 Lang et al. 2024
CTCF 16 67561831 67639189 10 14 1 Siegler et al. 2021
DCLRE1C 10 14897359 14954432 . . 9 Ghadimi et al. 2023
LRBA 4 150264435 151015755 103 3 26 Burns et al. 2014
MAD1L1 7 1815787 2233243 14 4 Chen et al. 2024
RAG1 11 36510372 36593156 7 6 de Villartay et al. 2005
RAG2 11 36575574 36598279 1 1 de Villartay et al. 2005
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This study presents valuable findings on what networks of genes were impacted by introgression
from Denisovans, to identify the biological functions involved in high-altitude adaptation in Tibet.
This study applies solid and previously validated methodology to identify genes with signatures of
both introgression and positive selection. This paper would be of interest to population geneticists,
anthropologists, and scientists studying the genetic basis underlying high-altitude adaptation.

Abstract It is well established that several Homo sapiens populations experienced admixture
with extinct human species during their evolutionary history. Sometimes, such a gene flow could
have played a role in modulating their capability to cope with a variety of selective pressures, thus
resulting in archaic adaptive introgression events. A paradigmatic example of this evolutionary
mechanism is offered by the EPAST gene, whose most frequent haplotype in Himalayan high-
landers was proved to reduce their susceptibility to chronic mountain sickness and to be intro-
duced in the gene pool of their ancestors by admixture with Denisovans. In this study, we aimed
at further expanding the investigation of the impact of archaic introgression on more complex
adaptive responses to hypobaric hypoxia evolved by populations of Tibetan/Sherpa ancestry,
which have been plausibly mediated by soft selective sweeps and/or polygenic adaptations rather
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than by hard selective sweeps. For this purpose, we used a combination of composite-likelihood
and gene network-based methods to detect adaptive loci in introgressed chromosomal segments
from Tibetan WGS data and to shortlist those presenting Denisovan-like derived alleles that partic-
ipate to the same functional pathways and are absent in populations of African ancestry, which

are supposed to do not have experienced Denisovan admixture. According to this approach, we
identified multiple genes putatively involved in archaic introgression events and that, especially as
regards TBC1D1, RASGRF2, PRKAG2, and KRAS, have plausibly contributed to shape the adaptive
modulation of angiogenesis and of certain cardiovascular traits in high-altitude Himalayan peoples.
These findings provided unprecedented evidence about the complexity of the adaptive phenotype
evolved by these human groups to cope with challenges imposed by hypobaric hypoxia, offering
new insights into the tangled interplay of genetic determinants that mediates the physiological
adjustments crucial for human adaptation to the high-altitude environment.

Introduction

The scientific community currently agrees that the Homo sapiens species experienced admixture with
extinct Hominins since traces of such inbreeding events are still detectable in the genomes of modern
humans (Gouy and Excoffier, 2020). In fact, people belonging to non-African populations show 1-2%
of Neanderthal ancestry (Green et al., 2010; Priifer et al., 2014), while Melanesians and East-Asians
present 3% and 0.2% of Denisovan ancestry, respectively (Reich et al., 2010; Meyer et al., 2013;
Priifer et al., 2014; Racimo et al., 2017). Despite evidence supporting selection against introgressed
alleles has been collected (Simonti et al., 2016; Racimo et al., 2017; McArthur et al., 2021), some
of the genomic segments showing signatures ascribable to archaic introgression were also proved to
have been targeted by natural selection in modern human populations, thus providing examples for
the occurrence of adaptive introgression (Al) events (Racimo et al., 2017).

So far, several studies have indeed identified introgressed archaic alleles at high frequency in human
genes involved in metabolism or in the response to environmental conditions, such as temperature,
sunlight, and altitude (Priifer et al., 2014; Vernot and Akey, 2014, Sankararaman et al., 2014;
Huerta-Sanchez et al., 2014, Gittelman et al., 2016; Racimo et al., 2017, Enard and Petrov, 2018;
Dannemann and Racimo, 2018). Moreover, some genes that play a role in immune responses to
pathogens are found to be characterized by a similar pattern of variability (Laurent et al., 2011;
Enard and Petrov, 2018) and certain Neanderthal alleles have been shown to be associated with
down-regulation of gene expression in brain and testes (McCoy et al., 2017; Racimo et al., 2017,
Dannemann and Racimo, 2018). These works collectively attest how genetic variants introduced
in the human gene pool by admixture with archaic species can significantly impact our biology by
possibly comporting modifications in the modulation of several functional pathways. In particular,
the high frequency of some archaic alleles in protein-coding and/or regulatory genomic regions
suggests a possible adaptive role for Neanderthal and/or Denisovan variants, pointing to a further
evolutionary mechanism having potentially contributed to the processes of human biological adapta-
tion to different environmental and cultural settings. By introducing new alleles in the gene pool of a
given population, admixture in fact provides a very rapid opportunity for natural selection to act on it
(Huerta-Sanchez et al., 2014; Jeong et al., 2014, Racimo et al., 2015; Hamid et al., 2021) and this
is supposed to have likely occurred during the evolutionary history of H. sapiens, particularly after the
last Out of Africa migration in the late Pleistocene (Sugden, 2018; Vahdati et al., 2022). According to
this view, gene flow from extinct Hominin species could have facilitated the adaptation of H. sapiens
populations to peculiar Eurasian environments.

For instance, a Denisovan origin of the adaptive EPAST haplotype, which confers reduced suscep-
tibility to chronic mountain sickness to Tibetan and Sherpa highlanders (Beall, 2007, Bigham et al.,
2010; Yi et al., 2010; Peng et al., 2011; Xu et al., 2011) is well established (Huerta-Sanchez et al.,
2014, Zhang et al., 2021). However, the hard selective sweep experienced in high-altitude Himalayan
populations by the EPAST introgressed haplotype has been demonstrated to account only for an indi-
rect aspect of their adaptive phenotype, which does not explain most of the physiological adjustments
they evolved to cope with hypobaric hypoxia (Gnecchi-Ruscone et al., 2018). Therefore, how far
gene flow between Denisovans and the ancestors of Tibetan/Sherpa peoples facilitated the evolution
of other key adaptive traits of these populations remains to be elucidated.
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To fill this gap, and to overcome the main limitation of most approaches currently used to test for Al
(i.e., inferring archaic introgression and the action of natural selection separately by means of different
algorithms, which increases the risk of obtaining biased results due to confounding variables), we
assembled a dataset of whole-genome sequences (WGSs) from 27 individuals of Tibetan ancestry
living at high altitude (Cho et al., 2017; Jeong et al., 2018) and we analysed it using a composite-
likelihood method specifically developed to detect Al events at once (Setter et al., 2020). Notably,
this method was designed to recognize Al mediated by subtle selective events (as those involved in
polygenic adaptation) and/or soft selective sweeps, which represent the evolutionary mechanisms
that are supposed to have played a more relevant role than hard selective sweeps during the adap-
tive history of human groups characterized by particularly small effective population size, such as
Tibetans and Sherpa (Gnecchi-Ruscone et al., 2018). Coupled with validation of the identified puta-
tive adaptive introgressed loci through (1) the assessment of the composition of gene networks made
up of functionally related DNA segments presenting archaic derived alleles that are absent in human
groups which are supposed to do not have experienced Denisovan admixture, such as African ones,
(2) the confirmation that natural selection targeted these genomic regions in populations of Tibetan
ancestry, and (3) the quantification of genetic distance between modern and archaic haplotypes, such
an approach provided new evidence about the biological functions that have mediated high-altitude
adaptation in Himalayan populations and that have been favourably shaped by admixture of their
ancestors with Denisovans.

Results

Spatial distribution of genomic variation and ancestry components of
Tibetan samples

After quality control (QC) filtering of the available WGS data, we obtained a dataset made up of 27
individuals of Tibetan ancestry characterized for 6,921,628 single-nucleotide variants (SNVs). To assess
whether this dataset represents a reliable proxy for the genomic variation observable in high-altitude
Himalayan populations, we merged it with genome-wide genotyping data for 1086 individuals of
East-Asian ancestry belonging to both low- and high-altitude groups (Gnecchi-Ruscone et al., 2017,
Landini et al., 2021). We thus obtained an extended dataset including 231,947 SNVs (Supplemen-
tary file 1a), which was used to perform population structure analyses.

Results from ADMIXTURE and principal components analysis (PCA) were found to be concor-
dant with those described in previous studies (Jeong et al., 2014; Gnecchi-Ruscone et al., 2017,
Gnecchi-Ruscone et al., 2018, Yang et al., 2021). According to the ADMIXTURE model showing the
best predictive accuracy (K = 7) (Figure 1—figure supplement 1), the examined WGS exhibited a
predominant genetic component that was appreciably represented also in other populations speaking
Tibeto-Burman languages, such as Tu, Yizu, Naxi, Lahu, and Sherpa (Figure 1A and Figure 1—figure
supplement 2). Such a component reached an average proportion of around 78% in individuals of
Tibetan ancestry from Nepal included in the extended dataset, as well as of more than 80% in the
subjects under investigation, who live in the Nepalese regions of Mustang and Ghorka (Figure 1A,
B). This suggests that after their relatively recent migration in Nepalese high-altitude valleys, these
communities might have experienced a higher degree of isolation and genetic drift with respect to
populations that are still settled on the Tibetan Plateau, in which the same ancestry fraction did not
exceed 64% (Figure 1A, B). Nevertheless, the overall ADMIXTURE profile of the considered WGS
appeared to be quite comparable to those inferred according to genome-wide genotyping data for
other Tibetan populations (Figure 1A, B, Figure 1—figure supplement 2). Similarly, PCA pointed to
the expected divergence of Tibetan and Sherpa high-altitude groups from the cline of genomic vari-
ation of East-Asian lowland populations (Abdulla et al., 2009; Jeong et al., 2014; Gnecchi-Ruscone
et al., 2017, Zhang et al., 2017, Wang et al., 2022; Figure 1C). Remarkably, the WGS under inves-
tigation clustered within the bulk of genome-wide data generated for other groups from the Tibetan
Plateau, thus supporting their representativeness as concerns the overall genetic background of high-
altitude Himalayan populations.

Detecting putative Al signatures in Tibetan genomes
To identify genomic regions showing signatures putatively ascribable to Al events, we scanned
Tibetan WGS with the VolcanoFinder algorithm and we computed the composite likelihood ratio (LR)
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Figure 1. Population structure analyses performed on the extended dataset including Tibetan, Sherpa, and lowland East-Asian individuals. (A)

Admixture analysis showed the best predictive accuracy when seven (K = 7) population clusters were tested. Populations included in the dataset are

labelled according to population names and acronyms reported in Supplementary file 1a. (B) Map showing geographic location and admixture

proportions at K = 7 of the high-altitude groups included in the extended dataset. The label Tibetans_ WG indicates whole-genome sequence data

for individuals of Tibetan ancestry analysed in the present study. Additional information about the considered samples (e.g., number of individuals per
group, reference study, and used abbreviations) are reported in Supplementary file 1a. (C) Principal components analysis (PCA) plot considering PC1

vs PC2 and summarizing genomic divergence between high-altitude Tibetan/Sherpa people and the cline of variation observable for lowland East-Asian
populations. The enlarged square displays clustering between Tibetan samples sequenced for the whole genome (i.e., blue dots) and Tibetan samples
characterized by genome-wide data (i.e., light-blue squares).

The online version of this article includes the following figure supplement(s) for figure 1:

Figure supplement 1. Scatterplot showing the number of possible population clusters (K) tested by the different ADMIXTURE runs performed and the

cross-validation (CV) errors associated to them.

Figure supplement 2. Admixture analyses performed on the extended dataset for K= 2 to K= 12.

and —loga statistics for each polymorphic site (Setter et al., 2020). We then considered the most
significant results by focusing on loci showing LR values falling in the positive tail (i.e., top 5%) of the
obtained distribution (see Materials and methods, Supplementary file 1b).

According to such an approach, we were first able to recapitulate the Al event previously described
for the EPAS1 gene (Figure 2—figure supplement 1A; Huerta-Sanchez et al., 2014; Hu et al., 2017,
Zhang et al., 2021). In fact, this chromosomal interval was found to be characterized by a remarkable
number of variants (N = 19) showing significant LR scores, as well as by high overall values of —loga
(Figure 2—figure supplement 1A), suggesting, respectively, the plausible archaic origin of many
alleles at this gene and an appreciable action of natural selection on it. Five of these significant SNVs
have been already described as Denisovan-like derived alleles at outstanding frequency (i.e., ranging
between 0.96 and 1) in Tibetans but not in other modern human populations (Supplementary file
1¢c; Zhang et al., 2021). On the contrary, at the genomic region encompassing EGLNT (which we
have considered as a negative control for Al, see Materials and methods) we detected high —loga
values coupled with a low number of SNVs (N = 3) showing significant LR scores, with only one being
remarkably above the adopted significance threshold (Figure 2—figure supplement 1B and Supple-
mentary file 1d). Overall, these findings are concordant with evidence from literature that suggest
adaptive evolution of both EPAST and EGLNT1 loci in high-altitude Himalayan populations (Yang et al.,
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2017, Liu et al., 2022), although only the former was proved to have been impacted by archaic intro-
gression (Huerta-Sanchez et al., 2014; Hu et al., 2017, Zhang et al., 2021).

Moreover, we were able to confirm other introgression signatures previously inferred from
WGS data for populations of Tibetan ancestry, such as those involving the PRKCE gene and the
MIRLET7BHG long non-coding region, which are located in the overlapping upstream chromosomal
intervals, respectively, of EPAST and PPARA (Figure 2—figure supplement 2A, B). In line with what
reported for EPAS1, also PPARA has been already proposed to play a role in the modulation of high-
altitude adaptation of Himalayan human groups (Simonson et al., 2010; Horscroft et al., 2017,
Zhang et al., 2021). Interestingly, Al signatures identified by VolcanoFinder in the MIRLET7BHG locus
extended also in the PPARA gene, as well in its downstream region (Figure 2—figure supplement
2A), supporting the findings described by Hu et al., 2017. Finally, we observed patterns comparable
to those at EPAST and PPARA for 10 additional genomic regions that were differentially pointed
out by previous studies as Tibetan and/or Han Chinese DNA segments potentially carrying intro-
gressed Denisovan alleles (Hu et al., 2017, Browning et al., 2018; Zhang et al., 2021; Figure 2A, B,
Figure 2—figure supplement 3A, Supplementary file 1e).

Validating genomic regions affected by archaic introgression

To validate signatures of archaic introgression at the candidate Al loci identified with VolcanoFinder,
we relied on the approach described by Gouy and Excoffier, 2020. In detail, we used the Signet
algorithm to identify networks of genes participating to the same functional pathway and presenting
archaic-like (i.e., Denisovan) derived alleles observable in the putative admixed group (i.e., Tibetans)
but not in an outgroup of African ancestry (i.e., Yoruba, YRI), by assuming that only Eurasian H. sapiens
populations experienced Denisovan admixture (see Materials and methods).

After having crosschecked results from the VolcanoFinder and Signet analyses, we identified six
gene networks that turned out to be consistently significant across all the Signet runs performed
and that included a total of 15 genes pointed by VolcanoFinder as candidate Al loci (Supplementary
file 1f). Four of these loci composed the gene network overall ascribable to the Pathways in Cancer
biological functions, which included also the EPAST positive control for Al (Figure 3A). Most of the
other genes supported by both the analyses were instead observed in significant networks belonging
to the Ras signalling and AMPK signalling pathways (Supplementary file 1f).

Interestingly, gene networks belonging to the Pathways in Cancer and Ras signalling pathway
appeared to be tightly related from a functional perspective because included oncogenes that
promote the initiation and progression of tumour growth by stimulating cell proliferation and angio-
genesis (Kranenburg et al., 2004). In particular, according to the Kyoto Encyclopaedia of Genes and
Genomes (KEGG) database KRAS and RASGRF2 genes from the Ras signalling network were found
to contribute also to the Pathways in Cancer functions (Figure 3A), especially by interacting with
the identified candidate introgressed loci PLCB1, RASGRP2, DAPK1, MAPK1, FOS, and VEGFA to
modulate the VEGF signalling pathway, which is activated in hypoxic conditions and induces the tran-
scription of genes that promote angiogenesis (Figure 3A; Maxwell and Ratcliffe, 2002; Kranenburg
et al., 2004).

Also, the AMPK signalling pathway is known to be activated in different cell types by stresses such
as deprivation of oxygen and/or glucose, leading to the inhibition of energy-consuming biosynthetic
pathways (e.g., protein and glycogen synthesis) and to the activation of ATP-producing catabolic
pathways, such as fatty acid oxidation and glycolysis (Kanehisa and Goto, 2000; Chen et al., 2018;
Dengler, 2020).

No significant gene networks involving the EGLN 1 genomic region considered as a negative control
for Al were instead reconstructed with the Signet approach (Supplementary file 1f), suggesting that
the very few variants at this locus that showed VolcanoFinder LR scores above the adopted significant
threshold might represent false positive results (Figure 2—figure supplement 1B and Supplemen-
tary file 1d).
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Figure 2. Distribution of VolcanoFinder statistics suggestive of putative adaptive introgrossed loci across the TBC1D1 and PRKAG2 genomic regions.
On the x-axis are reported genomic positions of each single-nucleotide variant (SNV), while on the y-axis are displayed the related statistics obtained.
Pink background indicates the chromosomal interval occupied by the considered genes, while the grey background identifies those genes (i.e.,

PGM2 in the TBC1D1 downstream genomic region and the RHEB gene in the upstream PRKAGZ2 region) possibly involved in regulatory transcription
mechanisms. The dashed red line identifies the threshold set to filter for significant likelihood ratio (LR) values (i.e., top 5% of LR values). For both
these genomic regions, the distribution of LR and —loga are concordant with those observed at the EPAST positive control for adaptive introgression
(Al). (A) A total of 50 significant LR values (red stars) and —loga (grey diamonds) values resulted collectively elevated in both the TBCTD1 gene and its
downstream genomic regions. A remarkable concentration of significant LR values characterizing 19 SNVs was especially observable in the first portion

Figure 2 continued on next page
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Figure 2 continued

of the gene. (B) The entire PRKAGZ2 genomic region was found to comprise 46 SNVs showing significant LR values, with the greatest peaks being
located in the downstream region associated to such gene. Peaks detected for the LR statistic are accompanied by peaks of —loga values.

The online version of this article includes the following figure supplement(s) for figure 2:

Figure supplement 1. Distribution of VolcanoFinder statistics across the EPAST and EGLNT positive and negative controls for adaptive introgression.
Figure supplement 2. Distribution of VolcanoFinder statistics across MIRLET7BHG, PPARA, and PRKCE genes.

Figure supplement 3. Distribution of VolcanoFinder statistics across the RASGRF2 candidate adaptive introgression (Al) gene.

Figure supplement 4. Distribution of VolcanoFinder statistics across the KRAS candidate adaptive introgression (Al) gene.

Shortlisting introgressed genomic regions characterized by adaptive
evolution

To further shortlist the most robust candidate genes involved in Al events, we applied the LASS/ algo-
rithm to phased Tibetan WGS data with the aim of searching for genomic signatures ascribable to the
action of natural selection (Harris and DeGiorgio, 2020) (see Materials and methods).

This enabled us to confirm the strong selective events occurred at the EPAST and EGLN1 genes,
as previously reported by multiple studies conducted on high-altitude Himalayan populations (Beall
et al., 2010; Yi et al., 2010, Simonson et al., 2010; Horscroft et al., 2017, Zhang et al., 2021), as
well as to corroborate adaptive evolution of some of the genes pointed out by both VolcanoFinder
and Signet analyses. In fact, several chromosomal intervals associated to these loci presented values
of the computed T statistic that fall within the top 5% of the related distribution (Figure 4C, D,
Figure 4—figure supplements 1 and 2C, D, Figure 4—figure supplement 3C, D).

More in detail, in addition to EPAS1, genomic windows associated to the DAPK1, GNG7, AK5,
TBC1D1, PLCB1, RASGRF2, and PRKAG2 introgressed loci supported by both VolcanoFinder and
Signet approaches were found to present scores within the top 5% of the T distribution, suggesting
that their haplotype diversity was appreciably shaped by positive selection. Interestingly, adaptive
evolution of the TBC1D1 and RASGRF2 genes has been previously proposed by studies conducted on
different populations of Tibetan ancestry (Peng et al., 2011; Zheng et al., 2023).

Estimating genetic distance between modern and archaic sequences

As a final step for prioritizing the most convincing Al genes supported by VolcanoFinder, Signet, and
LASSI approaches, as well as to explicitly test whether the Denisovan human species represented
a plausible source of archaic alleles for them, we merged Tibetan WGS data with those from low-
altitude Han Chinese (CHB) and YRI populations sequenced by the 1000 Genomes Project (Auton
et al., 2015), and with the Denisovan genome. We then used the Haplostrip algorithm (Marnetto and
Huerta-Sanchez, 2017) to estimate genetic distance between modern and archaic haplotypes at the
candidate Al genes reported in the previous paragraph. We especially considered genomic windows
that included Denisovan-like derived alleles and that presented values of the likelihood T statistic
supporting an adaptive evolution (see Materials and methods).

Among the tested putative Al loci, TBC1D1, RASGRF2, PRKAG2, and KRAS were found to present
substantial proportions of Tibetan haplotypes that cluster close to the Denisovan sequence, thus
showing the lowest numbers of pairwise differences with respect to it as compared with CHB or YRI
haplotypes (Figure 4A, B, Figure 4—figure supplement 2A, B). More in detail, 61% of the TBC1D1
Tibetan haplotypes turned out to be the nearest ones to the archaic sequence by entailing only two
pairwise differences with respect to it (Figure 4A), while 29% of Tibetan haplotypes inferred for the
RASGRF2 gene were even identical to the Denisovan DNA (Figure 4B). Interestingly, both these
chromosomal intervals were classified by the LASSI method as regions whose variation pattern was
conformed with the soft selective sweep model, presenting three potential adaptive haplotypes (i.e.,
those haplotypes that plausibly carry putative advantageous alleles and thus increased in frequency
due to positive selection). At each gene, one of these haplotypes was found to contain the Denisovan-
like derived alleles that are completely absent in YRI (Figure 4A, D). A similar pattern was observed
also for the considered PRKAG2 and KRAS genomic windows (Figure 4—figure supplement 2A, B).

Overall, the distribution of similarities between modern and archaic haplotypes described for the
four identified Al candidate loci appears to be comparable to that obtained for EPAST, with the sole
relevant distinction being represented by an even more pronounced differentiation between Tibetan
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Figure 3. Significant gene networks including Denisovan-like derived alleles according to the Signet analysis. (A) Schematic representation of the
activation of the RAS/MAPKI(ERK) axis after interaction of the bradykinin receptors with their ligands (e.g., ANG Il) within the framework of the Pathways
in Cancer network. Genes supported by both Signet (i.e., belonging to the significant network associated to Pathways in cancer) and VolcanoFinder
(i.e., including at least a single-nucleotide variant (SNV) showing likelihood ratio (LR) value within top 5% of the obtained results) analyses as potentially

Figure 3 continued on next page
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introgressed loci, are highlighted in red and present solid outline. Grey circles with dotted-dashed contour instead indicate genes supported only

by Signet, while loci marked with stars are those including genomic windows showing LASSI T statistic within top 5% of the related distribution. After
the interaction between ANG Il (active enzyme angiotensin Il) and bradykinin receptors, activation of the Ras protein encoded by KRAS mediated by
RAS-GTPases (e.g., RASGRF2) comports a series of phosphorylation reactions that eventually promotes angiogenesis (Kranenburg et al., 2004). In
detail, phosphorylation of the MAPK1 protein and prevention of MAPK1-DAPK-1-dependent apoptosis leads to increased MAPK1 activity (Kanehisa
and Goto, 2000, Stevens et al., 2007) that causes improved FOS mRNA expression (Monje et al., 2005). FOS together with other proteins (e.g., Jun)
forms the AP-1 transcription factor, which bounds to the VEGF promoter region upregulating its expression in endothelial cells (Catar et al., 2013) and
sustaining angiogenesis when the hypoxia inducible factor 1 (HIF-1) signalling cascade is inhibited (Lorenzo et al., 2014). (B) Gene network built by
setting co-expression as force function and by displaying the entire set of genes identified by the Signet algorithm as belonging to significant pathways
including Denisovan-like derived alleles. Genes whose variation pattern was supported by both VolcanoFinder and Signet analyses (e.g., TBC1D1)

as shaped by archaic introgression are displayed with a solid black outline. The EPAST positive control locus that has been previously proved to have
mediated adaptive introgression in Tibetan populations was represented as light-blue octagonal. Genes included in pathways involved in angiogenesis
(e.g., RASGRF2) and/or activated in hypoxic conditions (e.g., PRKAG2) are reported as dark red and light-blue circles, respectively, while the remining
fraction of significant genes are represented as light-grey circles. The closeness or the distance between all nodes reflects the tendency to be co-
expressed with each other and all the connections inferred are characterized by a confident score 20.7.

and CHB patterns plausibly ascribable to the occurrence of a hard (rather than soft) selective sweep at
EPAS1 (Figure 4—figure supplement 3A), as previously proposed (Simonson et al., 2010; Huerta-
Sanchez et al., 2014). In fact, at EPAST the haplotype carrying the lowest number of pairwise differ-
ences (N = 3) with respect to the archaic one belongs to the Tibetan population, in which it reached
74% of frequency, being instead absent in all the others modern groups considered (Figure 4—figure
supplement 3A). Conversely, the EGLN1 genomic window showing the highest T score according to
LASSI analysis was characterized by an opposite pattern, with CHB haplotypes being overrepresented
among those with the lowest number of pairwise differences (N = 3) with respect to the Denisovan
genome (Figure 4—figure supplement 3B). Moreover, the sole EGLNT putative adaptive haplotype
inferred by LASSI for Tibetans was among those presenting the highest number of differences as
compared with the archaic sequence, being characterized exclusively by alleles that are not observed
in the Denisovan genome and thus suggesting that natural selection targeted modern rather than
archaic EGLNT variation (Figure 4—figure supplement 3B).

Discussion

In the present study, we aimed at investigating how far gene flow between the Denisovan archaic
human species and the ancestors of modern populations settled in high-altitude regions of the Hima-
layas contributed to the evolution of key adaptive traits of these human groups, in addition to having
conferred them reduced susceptibility to chronic mountain sickness (Huerta-Sanchez et al., 2014).
For this purpose, we used WGS data from individuals of Tibetan ancestry to search for genomic signa-
tures ascribable to Al mediated by weak selective events rather than by hard selective sweeps, under
the assumption that soft sweeps and/or processes of polygenic adaptation are more likely to have
occurred in such remarkably isolated and small effective population size groups (Gnecchi-Ruscone
et al., 2018).

By assembling a large genome-wide dataset including both low- and high-altitude populations,
we first framed the available WGS data into the landscape of East-Asian genomic variation. This
confirmed that the genomes under investigation are well representative of the overall profiles of
ancestry components observable in high-altitude Himalayan peoples (Figure 1A, B). In fact, the
considered individuals were found to show close genetic similarity to other populations of Tibetan
ancestry (Jeong et al., 2014) and to Sherpa people from Nepal (Gnecchi-Ruscone et al., 2017), as
well as to appreciably diverge from the cline of variation of lowland East-Asians (Abdulla et al., 2009;
Figure 1C).

Based on this evidence, we submitted Tibetan WGS to a pipeline of analyses that implemented
multiple independent approaches aimed at identifying genomic regions characterized by signatures
putatively ascribable to Al events and by tight functional correlations with each other. According
to such a rationale, we shortlisted the candidate introgressed loci that most likely contribute to the
same adaptive trait by searching for chromosomal intervals including loci simultaneously showing:
(1) significant LR scores computed by the VolcanoFinder algorithm (Figure 2A, B, Figure 2—figure
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Figure 4. Representation of genetic distances between modern and archaic haplotypes and barplots showing haplotype frequency spectra for TBC1D1
and RASGRF2 candidate adaptive introgression (Al) genes. Haplotypes are reported in rows, while derived (i.e., black square) and ancestral (i.e., white
square) alleles are displayed in columns. Haplotypes are ranked from top to bottom according to their number of pairwise differences with respect

to the Denisovan sequence. (A) Heatmap displaying divergence between Tibetan, CHB and YRI TBC1D1 haplotypes with respect to the Denisovan
genome. A total of 33 TBC1D1 haplotypes (i.e., 61% of the overall haplotypes inferred for such a region) belonging to individuals with Tibetan ancestry
are plotted in the upper part of the heatmap thus presenting the smallest number of pairwise differences with respect to the Denisovan sequence. (B)
Heatmap displaying divergence between Tibetan, CHB and YRI RASGRF2 haplotypes with respect to the Denisovan genome. A total of 16 Tibetan
haplotypes in the RASGRF2 genomic region present no differences with respect to the Denisovan sequence. As regards barplots, on the x-axis are
reported the haplotypes detected in the considered genomic windows, while on the y-axis is indicated the frequency for each haplotype. The black
and dark-grey bars indicate the more frequent haplotypes (i.e., the putative adaptive haplotypes inferred by the LASSI method), while red stars mark
those haplotypes carrying Denisovan-like derived alleles. (C) TBC1D1 haplotype frequency spectrum. The TBCTD1T gene presents a haplotype pattern
qualitatively comparable to that observed at EPAST (Figure 4—figure supplement 3A), with a predominant haplotype carrying archaic derived alleles
and reaching elevated frequencies in Tibetan populations. In line with this observation, such a pattern was inferred by LASSI as conformed with a non-
neutral evolutionary scenario, even if it seems to be characterized by a soft rather than a hard selective sweep due to the occurrence of three sweeping

Figure 4 continued on next page
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haplotypes. (D) RASGRF2 haplotype frequency spectrum. A soft selective sweep was inferred also for the considered RASGRF2 genomic window,

although frequencies reached by the sweeping haplotypes turned out to be more similar with each other. The second most represented haplotype was
that carrying the archaic derived alleles and, reached a frequency of 29% in the Tibetan group.

The online version of this article includes the following figure supplement(s) for figure 4:

Figure supplement 1. Haplotype frequency spectra of the top windows detected as adaptively evolved by LASS/ in the EPAST and EGLNT genomic

regions.

Figure supplement 2. Representation of genetic distances between modern and archaic haplotypes.

Figure supplement 3. Representation of genetic distances between modern and archaic haplotypes.

supplements 3 and 4), (2) Denisovan-like derived alleles belonging to significant networks of func-
tionally related genes reconstructed with the Signet method and completely absent in populations
of African ancestry (Figure 3A, B, Supplementary file 1f), (3) signatures ascribable to the action
of natural selection as pointed out by LASSI analysis (Figure 4C, D, Figure 4—figure supplement
2C, D), and (4) haplotypes more similar to the Denisovan ones rather than to those observed in
other modern human populations, as depicted by the Haplostrips approach (Figure 4A, B; Figure 4—
figure supplement 2A, B).

Overall, in addition to EPAS1, which we considered as a positive control for Al, a total of 18 genes
encompassed within the putative Al chromosomal intervals identified by the VolcanoFinder method
(Supplementary file 1e) were found to have been previously proposed as genomic regions impacted
by introgression of Denisovan alleles in Tibetan and/or Han Chinese populations (Huerta-Sanchez
et al., 2014; Hu et al., 2017, Browning et al., 2018; Yang et al., 2017, Zhang et al., 2021). Among
them, PPARA, PRKCE, and TBC1D1 (Figure 2A, Figure 2—figure supplement 2A, B) were also
specifically suggested to have played an adaptive role in high-altitude groups from the Tibetan
Plateau (Simonson et al., 2010, Peng et al., 2011, Horscroft et al., 2017; Arciero et al., 2018, Deng
et al., 2019, Zhang et al., 2021, Zheng et al., 2023). Interestingly, PPARA encodes for a nuclear
transcription factor whose decreased expression in the myocardium of rats exposed to hypoxia seems
to contribute to the maintenance of the correct heart contractile function despite such a stressful
condition (Cole et al., 2016). Similarly, the PRKCE protein kinase C has been demonstrated to exert a
cardio-protective role against ischemic injury (Scruggs et al., 2016). Moreover, TBC1D1 encodes for
a protein whose serine phosphorylation sites are targeted by AMP-activated protein kinases (AMPK)
after the activation of the AMPK signalling pathway as a result of the increase cellular AMP/ATP ratio
caused by stresses that induce a lower ATP production (e.g., deprivation of oxygen and/or glucose)
or that accelerate ATP consumption (e.g., intense muscle contraction) (Kanehisa and Goto, 2000,
Vichaiwong et al., 2010). In addition, another member of the AMPK signalling pathway, PRKAG2,
was suggested by both VolcanoFinder analysis and literature data to present putative introgressed
Denisovan alleles in Tibetan populations (Figure 2B; Zhang et al., 2021). Mutations at this locus are
known to cause the PRKAG2 cardiac syndrome, an inherited disease characterized by ventricular pre-
excitation, supraventricular arrhythmias, and cardiac hypertrophy (Zhang et al., 2013; Porto et al.,
2016). Dysregulation of AMPK activity mediated by reduction in PRKAG2 expression and leading to
the impairment of glycogen metabolism in cell cultures has been proposed as a possible cause for
the development of this pathological condition (Zhang et al., 2013). Conversely, enhanced activa-
tion of the AMPK signalling pathway during pregnancy coupled with PRKAG2 overexpression was
observed in the placenta of women living at high altitudes when compared with women living in low-
altitude regions (Lorca et al., 2021). Finally, high-altitude individuals of Tibetan ancestry were found
to exhibit reduced incidence of major adverse cardiovascular events with respect to low-altitude
controls possibly indicating the involvement of protective cardiac mechanisms in the modulation of
high-altitude adaptations as previously proposed (Kolar and Ostadal, 2004; Mallet et al., 2018;
Lei et al., 2024). We can thus speculate that adaptive evolution at the PPARA, PRKCE, TBC1D1,
and PRKAG2 genomic regions in Tibetans might have contributed to the development of protective
mechanisms that reduce cardiovascular risk associated to the hypoxic stress.

In addition to these genes, other two of the identified candidate Al loci (i.e., RASGRF2 and KRAS)
have been previously proved to have been targeted by natural selection in Tibetan populations (Peng
et al., 2011) or to present putative introgressed archaic alleles (Hu et al., 2017, Browning et al.,
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2018; Figure 2—figure supplements 3 and 4). The proteins encoded by these loci are strictly related
from a functional perspective, with the Ras protein specific guanine nucleotide releasing factor 2
representing a calcium-regulated nucleotide exchange factor that activates the RAS protein codified
by the proto-oncogene KRAS (Kanehisa and Goto, 2000; Sayers et al., 2022).

Despite evidence reported in literature seem to corroborate VolcanoFinder results that indicate
PPARA and PRKCE as putatively implicated in Al events experienced by Tibetan ancestors, only
EPAS1, TBC1D1, RASGRF2, PRKAG2, and KRAS loci were finally retained after the adopted filtering
procedure to represent the most reliable candidate Al loci.

Archaic introgression at these genomic regions was first confirmed by Signet analysis, with
TBC1D1 and PRKAG2 being included in a significant gene network belonging to the AMPK signal-
ling pathway, while RASGRF2 and KRAS participate to that related to the Ras signalling pathway
(Supplementary file 1f). The same analysis pointed to EPAST as a member of a significant network
belonging to the Pathways in cancer, a complex group of biological functions such as those involved
in Ras, MAPK, VEGF, and HIF-1 signalling cascades (Kanehisa and Goto, 2000; Figure 3A and
Supplementary file 1f). These findings emphasize a link between biological mechanisms acti-
vated within the context of hypoxic tumour microenvironments in different types of cancers and
those involved in high-altitude adaptations, especially as concerns functions that might underlie
the improved angiogenesis observed in Tibetan and Sherpa individuals (Gnecchi-Ruscone et al.,
2018; Calderén - Gerstein and Torres - Samaniego, 2021). For instance, accumulation of the
HIF-1a transcriptional factor in the nucleus of cells close to hypoxic tumour masses comports the
activation of diverse biological responses such as the formation of dense capillary structures that
permit oxygen and nutrients supplies to cancer cells, thus determining tumour progression and/or
treatment failure (Brahimi-Horn et al., 2007, Calderén - Gerstein and Torres - Samaniego, 2021).
In line with this evidence, the Ras and MAPK/ERK signalling pathways have been proposed to play
a significant role in promoting angiogenesis by triggering VEGF expression, being possibly impli-
cated in the adaptive response to hypoxia evolved by high-altitude populations (Figure 3A; Kane-
hisa and Goto, 2000; Kranenburg et al., 2004). Moreover, in the study by Lorenzo et al., 2014 a
gain-of-function mutation in the EGLNT gene was observed in Tibetans and was proved to enhance
the catalytic activity of the HIF prolyl 4-hydroxylase 2 (PHD2) under hypoxic conditions. This alters
the binding of HIF-2a (the isoform 2 of the inducible hypoxia transcriptional factor encoded by
EPAS1) and negatively regulates the activation of the HIF-1 signalling pathway during hypoxia,
eventually offering protection against the detrimental effects of prolonged polycythaemia. When
HIF-2a exerts its transcriptional activities along with p300 protein and HIF-1pB, it enhances VEGF
expression and permits the activation of the VEGF signalling pathway (Kanehisa and Goto, 2000;
Rashid et al., 2021). Accordingly, down-regulation of the HIF-1 signalling pathway comports the
reduction of VEGF mRNA expression (Greenberger et al., 2008; Zhang et al., 2018). Coupled with
these observations, results from the Signet analysis suggest that in individuals of Tibetan ancestry,
when the HIF-1 signalling pathway is likely down-regulated in chronic hypoxic conditions (Lorenzo
et al., 2014), adaptive changes at the Ras/MAPK signalling pathways could represent alternative
biological mechanisms that in its place enable to sustain improved angiogenesis and thus permit
adequate tissue oxygenation (Figure 3A).

The same five candidate genes, in addition to the EGLN1 locus considered as a negative control for
Al, were also confirmed by the LASSI method to have adaptively evolved in the studied populations
(Figure 4C, D, Figure 4—figure supplement 1A, B, Figure 4—figure supplements 2 and 3C, D).
In fact, several genomic windows in their associated chromosomal intervals and/or in their flanking
regions presented positive values of the computed likelihood T statistic, many of which falling in the
top 5% of the related distribution, which indicate their non-neutral evolution. Interestingly, TBC1D1,
RASGRF2, PRKAG2, KRAS, and EPAS1 significant genomic windows pointed out by LASSI were also
found to include Denisovan-like derived alleles that are completely absent in the YRI African popu-
lation, suggesting that positive selection acted in Tibetans on haplotypes containing archaic intro-
gressed variation. Such a scenario was further supported by the Haplostrips analysis, which revealed
for all the loci mentioned above patterns of similarity between Tibetan and Denisovan haplotypes that
are comparable to that observed for EPAST (Figure 4A, B, Figure 4—figure supplement 2A, B), with
the sole exception being represented by EGLN1 (Figure 4—figure supplement 1B, Figure 4—figure
supplement 3B, D, Figure 4—figure supplement 3A).
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Overall, we collected multiple evidence supporting both the archaic origin and the adaptive role
of variation at TBC1D1, RASGRF2, PRKAG2, and KRAS genes in populations of Tibetan ancestry.
Genetic signatures at such loci are especially consistent with the hypothesis of adaptive events
mediated by soft selective sweeps and/or polygenic mechanisms that involved haplotypes including
both modern and archaic introgressed alleles. Therefore, the results obtained have succeeded in
expanding the knowledge about Al events having involved the ancestors of modern high-altitude
Himalayan populations and Denisovans and emphasized once more the complexity of the adaptive
phenotype evolved by these human groups to cope with challenges imposed by hypobaric hypoxia.
Accordingly, they offer new insights for future studies aimed at elucidating the molecular mechanisms
by which several genes along with TBC1D1, PRKAG2, RASGRF2, and KRAS interact with each other
and contribute to mediate physiological adjustments that are crucial for human adaptation to the
high-altitude environment.

Materials and methods

Ethics

The University of Bologna Ethics Committee released approval (Prot. 205142, 12/9/2019) for the
present study within the framework of the project ‘Genetic adaptation and acclimatization to high
altitude as experimental models to investigate the biological mechanisms that regulate physiological
responses to hypoxia’. However, no new sampling campaign was performed in the context of the
present study and all the genomic data analysed were publicly available. The informed consent for the
27 Tibetan WGS analysed here was previously obtained and declared in the Ethics statement section
of the study by Jeong et al., 2018.

Dataset composition and curation

The dataset used in the present study included WGS data for 27 individuals of Tibetan ancestry
recruited from the high-altitude Nepalese districts of Mustang and Ghorka (Jeong et al., 2018).
Although these subjects reside in Nepal, they have been previously proved to speak Tibetan dialects
and to live in communities showing religious and social organizations proper of populations settled
on the Tibetan Plateau, being also biologically representative of high-altitude Tibetan people (Cho
et al., 2017). To filter for high-quality genotypes, the dataset was subjected to QC procedures using
the software PLINK v1.9 (Purcell et al., 2007). In detail, we retained autosomal SNVs characterized by
no significant deviations from the Hardy—-Weinberg equilibrium (p > 5.3 x 107 after Bonferroni correc-
tion for multiple testing), as well as loci/samples showing less than 5% of missing data. Moreover,
we removed SNVs with ambiguous A/T or G/C alleles and multiallelic variants, obtaining a dataset
composed by 27 individuals and 6,921,628 SNVs. WGS data were finally phased with SHAPEIT2
v2.r904 (Delaneau et al., 2013) by applying default parameters and using the 1000 Genomes Project
dataset as a reference panel (Auton et al., 2015) and HapMap phase 3 recombination maps.

Population structure analyses

To assess representativeness, genetic homogeneity, and ancestry composition of Tibetan WGS
included in the dataset, we performed genotype-based population structure analyses. For this
purpose, we merged the unphased WGS dataset with genome-wide genotyping data for 34 East-
Asian populations (Gnecchi-Ruscone et al., 2017, Landini et al., 2021) and we applied the same QC
described above. The obtained extended dataset included 231,947 SNVs and was used to assess the
degree of recent shared ancestry (i.e., identity-by-descent, IBD) for each pair of individuals. Identity-
by-state (IBS) estimates were thus used to calculate an IBD kinship coefficient and a threshold of
PI_HAT = 0.270 was considered to remove closely related subjects to the second degree (Ojeda-
Granados et al., 2022). To discard variants in linkage disequilibrium (LD) with each other we then
removed one SNV for each pair showing r* > 0.2 within sliding windows of 50 SNVs and advancing
by 5 SNVs at the time. The obtained LD-pruned dataset was finally filtered for variants with minor
allele frequency <0.01 and used to compute PCA utilizing the smartpca method implemented in the
EIGENSOFT package (Patterson et al., 2006), as well as to run the ADMIXTURE algorithm version
1.3.0 (Alexander et al., 2009) by testing K = 2 to K = 12 population clusters. In detail, 25 replicates
with different random seeds were run for each K and we retained only those presenting the highest
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log-likelihood values. In addition, cross-validation errors were calculated for each K to identify the
value that best fit the data. Both PCA and ADMIXTURE results were visualized with the R software
version 4.0.5. ADMIXTURE results were visualized with the R software version 4.0.5.

Detecting signatures of Al

To identify chromosomal regions showing signatures putatively ascribable to Al events, we submitted
the phased WGS dataset to the VolcanoFinder pipeline, which relies on the analysis of the allele
frequency spectrum of the population that is supposed to have experienced archaic introgression
(Setter et al., 2020). This model considers three populations: recipient (i.e., the modern population),
donor (i.e., the archaic population), and outgroup and assumes the occurrence of the introgression
event after which a beneficial haplotype is introduced in the modern gene pool and starts to rise in
frequency because of demographic random processes and because of the action of natural selection
on it. The influence of these evolutionary forces comports the existence of multiple haplotypes that
carry the beneficial archaic allele, thus comporting elevated heterozygosity level tested by the LR
statistic. Therefore, the pattern of variability tested by such a statistic deeply differs from that attribut-
able to classical selective sweeps (especially from that associated to a hard selective sweep), allowing
to identify weak signatures of adaptation that resulted from both the introgression and the action of
natural selection on beneficial standing genetic variation.

The VolcanoFinder algorithm was chosen among several approaches developed to detect Al signa-
tures according to the following reasons. First of all, it can test jointly both archaic introgression and
adaptive evolution according to a model that differs from those considered by other statistics that are
aimed at identifying chromosomal segments showing low divergence with respect to a specific archaic
sequence and/or enriched in alleles uniquely shared between the admixed group and the archaic
source and characterized by a frequency above a certain threshold in the population under study
(Racimo et al., 2017). In fact, these methods are especially useful to test an evolutionary scenario
conformed to that expected in the case that adaptation was mediated by hard selective sweeps. On
the contrary, VocanoFinder was proved to have an elevated power in the identification of Al events
mediated by more than one predominant haplotype (Setter et al., 2020), as expected when soft
sweeps/polygenic adaptations occurred. Moreover, VolcanoFinder relies on less demanding compu-
tational efforts with respect to algorithms that require to be trained on genomic simulations built
specifically to reflect the evolutionary history of the population under study (Gower et al., 2021;
Zhang et al., 2023), but possibly introducing bias in the obtained results if the information that guides
simulations is not accurate.

We thus scanned Tibetan WGS data using the VolcanoFinder method and calculating two statistics
for each polymorphic site: o (subsequently converted in —loga) and LR which are informative, respec-
tively, of: (1) the strength of natural selection and (2) the conformity to the evolutionary model of Al.
Since elevated LR scores are assumed to support Al signatures (Setter et al., 2020), we filtered the
most significant results obtained by focusing on SNVs showing LR values falling in the positive tail
(i.e., top 5%) of the distribution built for such a statistic. We then visualized the distribution of both
a and LR parameters across the genomic regions including the EPAST and EGLN1 genes, which we
considered, respectively, as positive and negative control loci for Al and by investigating chromosomal
intervals spanning 50 kb up- and downstream to these genes. We then defined the new candidate Al
genomic regions based on their conformity with the pattern observed for the positive Al control gene
(i.e., according to the detection of multiple peaks of LR scores consistently distributed in the entire
genomic region considered and coupled with elevated values of the —loga parameter). Moreover, we
relied on evidence advanced by previous studies aimed at detecting archaic introgression signatures
from WGS data for individuals with Tibetan and/or Han Chinese ancestries (Hu et al., 2017; Browning
et al., 2018; Zhang et al., 2021) to filter out loci potentially targeted by natural selection in Tibetans,
but with questionable archaic origins.

Identifying gene networks including Denisovan-like derived alleles

To validate archaic introgression signatures inferred with VolcanoFinder by using an independent
method, we followed the Signet approach described by Gouy and Excoffier, 2020, with the aim
of identifying biological functions whose underlying genomic regions might have been significantly
shaped by Denisovan introgression. The Signet approach consists in crosschecking the information
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contained in the input dataset with that collected in reference databases of functional pathways, such
as the KEGG (available at https://www.kegg.jp/), using a simulated annealing algorithm approach to
define the High Scoring Subnetworks within each biological pathway (Gouy and Excoffier, 2020).
In detail, we used the Signet algorithm to reconstruct network of genes that participate to the same
biological pathway and that also included Denisovan-like derived alleles observable in the Tibetan
population but not in an outgroup population of African ancestry, by assuming that only Eurasian
H. sapiens populations experienced Denisovan admixture. To do so, we first compared the Tibetan
and Denisovan genomes to assess which SNVs were present in both modern and archaic sequences.
These loci were further compared with the ancestral reconstructed refence human genome sequence
to discard those presenting an ancestral state (i.e., that we have in common with several primate
species). Moreover, we further filtered the considered variants by retaining only those alleles that
were completely absent (i.e., with frequency equal to zero) in the YRI population sequenced by the
1000 Genomes Project (Auton et al., 2015). We then calculated the average frequency in the Tibetan
population of the Denisovan-like derived alleles observable in each gene and we used the obtained
genomic distribution to inform Signet. We performed five independent runs of the Signet algorithm
to check for consistency of the significant gene networks and functional pathways identified and we
finally depicted the confirmed results using Cytoscape v3.9.1 (Shannon et al., 2003).

Testing adaptive evolution of candidate introgressed loci

To confirm signatures ascribable to the action of natural selection at the putative introgressed loci
supported by both VolcanoFinder and Signet analyses, we applied the LASSI likelihood method (Harris
and DeGiorgio, 2020) on the available Tibetan WGS data. Such an approach detects and distin-
guishes genomic regions that have experienced different types of selective events (i.e., strong and
weak ones) and has been demonstrated to be more powerful in doing so than other haplotype-based
approaches (Harris and DeGiorgio, 2020). The rationale behind the LASSI approach is based on the
recognition of the modification resulted in the haplotype frequency spectrum of a given genomic
region after the action of natural selection on it. For instance, according to the hard sweep model,
when in the population arise a beneficial mutation with a very strong impact on a given phenotypic
trait, the haplotype frequency spectrum of such a genomic region will be characterized by a single
haplotype with an extremely elevated frequency in the population (i.e., the sweeping haplotype),
while the other haplotypes whether they exist, are found at very low frequencies. Consequentially,
when the selection acts on few new variants with a lower impact on a trait or on standing genetic
variation, the resulted haplotype spectrum will be characterized by the existence of two or few more
haplotypes that reach moderate frequencies in the population. Conversely, the variability pattern
associated to the haplotype frequency spectrum expected under neutrality will be characterized by a
series of different haplotypes at low frequencies in the population.

Specifically, we calculated for each genomic window the likelihood T statistic, which measures the
conformity of variability patterns of the analysed region to those expected according to a haplotype
frequency spectrum under adaptive rather than neutral evolution. In addition, the LASSI algorithm
calculated the parameter m (i.e., the number of sweeping haplotypes) for each genomic region, thus
classifying them as affected by hard sweeps (when m = 1) or soft sweeps (when m > 1). In detail,
T scores significantly different from zero indicate the conformity with a non-neutral evolutionary
scenario, with ever higher likelihood scores being indicative of increasingly robust evidence for a
selective event (Harris and DeGiorgio, 2020).

The method requires to fix a custom value for the length of the considered genomic windows,
which are measured in terms of the number of SNVs included in them, and to move windows by 1 SNV
after each computation. Therefore, we selected this fixed-length value (i.e., 13 SNVs) by estimating
the average number of SNVs included into a haplotype block as defined for the population under
study by using the --blocks function implemented in PLINK v1.9 (Purcell et al., 2007). Moreover, by
following the indications by Harris and DeGiorgio, 2020 of choosing values for the fixed number of
haplotypes in the spectrum (i.e., K values) <10 for increasing the power of the T statistic, we set it at
seven. Finally, we choose the likelihood model 3 to calculate the T statistic and we applied the LASSI
algorithm to the phased WGS dataset.

We then focused on the genomic windows showing T scores falling in the positive tail (i.e., top 5%)
of the obtained distribution and we crosschecked these results with those significant ones pointed out
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by VolcanoFinder and Signet analyses to shortlist genomic regions having plausibly experienced both
archaic introgression and adaptive evolution.

Haplostrip analysis

To explicitly test whether the putative adaptive introgressed loci pointed out by VolcanoFinder, Signet,
and LASSI analyses present variation patterns compatible with a scenario of introgression from the
Denisovan archaic human species, we estimated genetic distance between modern and archaic haplo-
types inferred for those genomic windows supported by all the methods mentioned above, as well
as for EPAS1 and EGLNT for the sake of comparison with established positive and negative control
genes that have been previously proved to be involved or not in Al events. For this purpose, we used
the Haplostrip pipeline, as described in previous studies (Huerta-Sanchez et al., 2014; Marnetto and
Huerta-Sanchez, 2017). Moreover, since the EGLNT gene did not include any Denisovan-like variant
as identified according to the criteria described in the previous paragraphs, we choose to build the
Haplostrips heatmap by considering the EGLNT genomic window associated with the highest value
of the LASSI statistic.

In detail, we merged the 27 Tibetan whole genomes under study (Jeong et al., 2018) with 27
CHB, 27 YRI WGSs (Auton et al., 2015) and with the Denisovan genome (Meyer et al., 2013)
(downloadable at http://cdna.eva.mpg.de/neandertal/altai/Denisovan/). The CHB population, which
is known to share a relatively recent common ancestry with Tibetans, was used as a ‘negative low-
altitude control’ (i.e., as a group whose ancestors experienced Denisovan introgression, but did not
evolve high-altitude adaptation). YRI individuals were instead used as the outgroup population (i.e.,
a population that presumably did not experience Denisovan admixture), as previously proposed
(Zhang et al., 2021). We then phased the assembled dataset with SHAPEIT2 v2.r904 (Delaneau
et al., 2013), as described in the Dataset composition and curation section and we run the Haplostrip
algorithm.
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Convergent adaptations represent paradigmatic examples of the capacity of natural selection to
influence organisms’ biology. However, the possibility to investigate the genetic determinants
underpinning convergent complex adaptive traits has been offered only recently by methods for
inferring polygenic adaptations from genomic data. Relying on this approach, we demonstrate how
high-altitude Andean human groups experienced pervasive selective events at angiogenic pathways,
which resemble those previously attested for Himalayan populations despite partial convergence at
the single-gene level was observed. This provides additional evidence for the drivers of convergent
evolution of enhanced blood perfusion in populations exposed to hypobaric hypoxia for thousands
of years.

Convergent evolution refers to an evolutionary scenario in which different
species or populations independently develop the same (or similar) biolo-
gical trait instead of inheriting it from a common ancestor. In particular,
convergent adaptation occurs when distantly related species/populations,
which live in distinct geographical areas or epochs, occupy comparable
ecological settings and are subjected to the same selective pressures, thus
being similarly targeted by natural selection'. Several cases of convergent
evolution have been described so far in a number of animal and plant taxa'™,

with fewer examples (e.g., skin pigmentationS, malaria resistance’, lactose
tolerance’ and metabolic adaptations to cold climates’) being instead
reported in the human species when comparing adaptive traits among
populations of different ancestry. Nevertheless, experimental approaches to
accurately characterise genomic variability within and between species/
populations, as well as inferential statistical methods suitable to investigate
how far phenotypic convergence is achieved by means of genetic con-
vergence, have been only recently conceived. This is especially the case of
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complex (i.e., polygenic) adaptive traits, whose evolution is regulated by
changes at several genes that are functionally related and contribute to the
modulation of the same biological function®. Development of methods able
to test the occurrence of selective events under a realistic approximation of a
polygenic adaptation model has thus opened new possibilities to assess
whether natural selection acted on the same genetic variants or genes or
functional pathways in species/populations showing shared or similar
adaptive traits’.

To this end, human adaptation to the high-altitude environment
represents a valuable case study because the main selective pressure acting
on populations dwelling at altitude (i.e., hypobaric hypoxia) cannot be
mitigated by cultural adaptations and thus acts with the same intensity on
human groups living at comparable altitudes irrespectively to their ancestry,
geographical locations and socio-cultural contexts. We can thus hypothesise
that Himalayan and Andean high-altitude populations, which represent the
main human groups whose ancestors have had to cope with such a selective
pressure, experienced convergent evolution at least to some extent. Despite
this assumption, limited overlapping of potential adaptive loci (e.g.,
entailing variants at the EGLNI, EDNRA and EPASI genes) has been
described so far between them'*". This may be partially due to the lim-
itations imposed by studies that to date focused mainly on selective sweeps.
Indeed, these adaptive mechanisms are mediated by the action of natural
selection on single/few genetic variants at the same gene, which implies that
these loci can exert a large effect on a given biological trait’. That being so,
selective sweeps have low probability to occur in human populations, who
have long maintained low effective population sizes and have accumulated
low genetic variability and thus need several thousands of years to evolve'.
Coupled with the considerably more recent human colonisation of the high-
altitude ecological niche in the Andes than in the Himalayas, as supported
by estimates at around 9 thousand years ago (kya) for the divergence
between Andean and lowland South American populations”” and by
archaeological evidence for occupation of the Tibetan Plateau since
Palaeolithic times'®, this suggests selective sweeps might be not the pre-
dominant drivers of adaptation of Andean people to such a challenging
environment.

Consistent with this scenario, Andeans indeed evolved less effective
genetically regulated physiological adjustments than populations of Tibe-
tan/Sherpa ancestry, especially to counteract long-term detrimental effects
of hypobaric hypoxia'”'®. When compared with acclimatized Native
American lowlanders, they exhibit traits contributing to enhanced efficiency
of respiratory functions and oxygen utilisation, such as larger lung volumes
and chest dimensions, narrower alveolar to arterial oxygen gradients, less
hypoxia-induced pulmonary vasoconstriction, greater uterine artery blood
flow during pregnancy, less altitude-related decrement in maximal exercise
oxygen consumption and increased cardiac oxygen utilisation'”'*. However,
when genetic determinants of these physiological characteristics have been
searched for, most of the inferred selective sweeps failed to be replicated by
multiple studies, suggesting that their relationships with the observed
adaptive traits are far from being fully elucidated'>'*".

Results and discussion

To test whether polygenic adaptations played a role in shaping the Andean
adaptive phenotype, and to extend to complex traits the investigation of the
genetic bases of potential convergent evolution between Andean and
Himalayan populations, we assembled a dataset representative of genomic
variation at several high-altitude ethnic groups from the Andean region
(Supplementary Table 1). After stringent quality control (QC) filtering (see
‘Methods’), 7,966,198 Single Nucleotide Variants (SNVs) from 24 Bolivian
Aymara whole genome sequences (WGS)" were used to perform multiple
selection scans (i.e., H12, nSL and LASSI) that collectively are able to test for
the occurrence of a range of selective events (see ‘Methods’ for further details
concerning the rationale behind the choice of these inferential approaches).
The obtained results then informed gene-network analyses aimed at iden-
tifying sets of functionally related loci enriched for signatures of natural
selection. Furthermore, we applied the same pipeline of analyses on: (i)

imputed genotype data for 8,024,216 SNVs from 130 individuals belonging
to additional Bolivian Aymara groups, as well as from Aymara, Quechua,
and Uros high-altitude Peruvian populations™* used as validation datasets
and (ii) a control dataset including 24 individuals from three different
Amazonian low-altitude groups (i.e., Ashaninka, Cashibo, and Shipibo)23 to
filter out adaptive loci shared between high- and low-altitude South
American populations, with the aim of focusing exclusively on those typical
of Andean peoples.

Identification of Native American low-altitude control
populations

Setting the considered Bolivian Aymara WGS into the genomic landscape of
indigenous groups from Central and South America enabled us to confirm
them as well representative of the genetic variation observable across
Andean high-altitude populations (Fig. la, Supplementary Information).
Comparable results were obtained also when considering imputed data for
Andeans, thus providing evidence for consistency between non-imputed
and imputed datasets (Supplementary Fig. 1). Such a consistency was fur-
ther attested by the high and significant correlation observed between pre-
and post-imputation identity-by-state (IBS) matrices of individual pairwise
differences in the genome-wide proportion of shared alleles (Mantel cor-
relation = 0.95, P< 107%).

The outgroup-f3 statistic was then computed on the assembled refer-
ence dataset to select the most suitable low-altitude control populations of
South American ancestry to be contrasted with Andean groups in terms of
evolved biological adaptations (see ‘Methods’ for a detailed description of
the adopted selection criteria). According to this approach, while each
Andean population was confirmed to share the greatest genetic similarity
with the other Andean groups, Amazonian populations from Peru appeared
as the next most affine ones to Andeans (Fig. 1b, Supplementary Fig. 2 and
Supplementary Information). Among these putative control populations,
eight Ashaninka, six Cashibo and 10 Shipibo subjects were specifically
selected to constitute the low-altitude control group according to their
clustering patterns and negligible Andean-specific genetic component, as
pointed out by CHROMOPAINTER/fineSTRUCTURE and ADMIX-
TURE estimates respectively of haplotypes sharing and individual ancestry
proportions (Fig. 1¢ and Supplementary Information).

Genomic signatures ascribable to polygenic adaptive events in
Andean populations

At first, genome-wide distributions of nSL and H12 statistics, which are
informative of both strong and weak selective events, were calculated for
Andean and control groups relying on both WGS and imputed data. Then,
we used these distributions as input for the signet algorithm to infer gene
networks made up of loci belonging to the same functional pathway and that
have been concurrently targeted by natural selection (see ‘Methods’). By
considering only pathways confirmed by each selection statistic and by both
WGS and imputed datasets, we shortlisted the most plausible biological
functions having evolved adaptively in the considered populations.

Significant gene-networks identified for the low-altitude control group
were found to participate primarily to immune-related pathways (e.g.,
Staphylococcus aureus infection, Human papillomavirus infection and
Arachidonic acid metabolism), suggesting the evolution of adaptations able
to mediate immune and inflammatory responses to pathogens (Supple-
mentary Table 2). Similar selective pressures seem to have acted also on
Andean groups, as attested by their putative adaptive loci belonging to the
Purine metabolism and Herpes simplex virus 1 infection pathways (Fig. 2a
and Supplementary Table 3).

Conversely, adaptive events plausibly contributing to the response to
stresses imposed by the high-altitude environment were inferred only in
Andeans and were mediated by genes involved in the Focal adhesion
pathway, which regulates cells adhesion to extracellular matrix and sub-
sequent signal transduction at the intracellular level (Fig. 2a, b and Sup-
plementary Table 3). Most of the loci constituting the significant networks
identified by analysing both Aymara WGS and Andean imputed datasets
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Fig. 1 | Population structure analyses performed to investigate genetic rela-
tionships between high-altitude Andean groups and low-altitude Central and
South American populations. a PCA representing PC1 versus PC2 computed for
the 43 un-admixed Native American groups reported in the legend at the bottom
right of the plot. Individuals are colour-coded according to their country of origin as
reported in the bottom-left legend. The box at the top of the plot details the position
of Bolivian Aymara WGS in the considered genetic space with respect to the other
high-altitude Andean populations. b Heat map of values for the outgroup-f3 statistic
representing the estimated amount of shared genetic drift between the Andean
population cluster (marked by a star-like symbol) and each of the considered
populations from Central and Southern America (indicated in their approximate

geographic locations) A gradient ranging from green to red is specifically used to
indicate lower-to-higher levels of genetic affinity as reported by the corresponding
colour scale. ¢ Fine-scale patterns of genetic clustering and proportions of ancestry
components inferred at the individual level. The fineSTRUCTURE hierarchical
clustering dendrogram obtained for Andean, Central and South American indivi-
duals included in the assembled dataset is reported, along with ancestry components
inferred for each subject with ADMIXTURE analysis at K = 8. For each genetic
cluster pinpointed by the fineSTRUCTURE analysis, the corresponding individuals
and their admixture proportions are specifically detailed, along with the symbols
used in the PCA plot for the populations they belong to. The source data used to
generate the figures are reported in Supplementary Data 2—Tables 1-3.

are indeed known to play a pivotal role in angiogenetic processes
(Fig. 2a, b). Especially five of these genes (i.e., LAMA3, COL4A1, ITGBS6,
PRKCB and PTK?2) represent the most robust candidate targets of positive
selection due to patterns ascribable to polygenic adaptive evolution
identified according to both nSL-based and H12-based network analyses
(Fig. 2b). Among them, ITGB6, PRKCB and PTK2 have been proved to be
the main regulators of vascular sprouting, which implies the transfor-
mation of blood vessels endothelial cells into cells able to migrate and
proliferate out of the vessel to create new vascular structures™ . In fact,
PTK2 inactivation has been demonstrated to prevent the beginning of the
angiogenetic process, leading to a lack of development of vascular tissue in
embryos and thus to their premature death®>*. Although overall adaptive
evolution of loci at the Focal adhesion pathway was highlighted by sig-
nificant networks obtained according to both nSL and H12 statistics, the
remaining 28 genes included in these networks were pointed out as
potentially adaptive by a single statistic. Nevertheless, their functional

relationships with the highly confirmed loci described above have been
well established and they are known to contribute to the regulation of
blood vessels formation as well (Fig. 2a, b). For instance, multiple studies
collected evidence supporting the interaction among PTK2, VEGFA,
PDGFA and PDGFD as a key driver of blood vessels formation in placenta
and some variants at these loci are found to be associated with reduced
functionality of maternal-foetal circulation, ischaemic placental disease
and impaired foetal growth™”.

To further validate these findings, we run the signet algorithm also on
genome-wide distributions of values obtained by applying the LASSI
method respectively on the WGS, imputed and low-altitude control data-
sets. This inferential approach was indeed proven to outperform H12 and
nSL statistics in the detection of weak selective events, being also able to
accurately distinguish them from hard selective sweeps™ (see ‘Methods’ for
further details). After having filtered out putative adaptive gene networks
shared among high-altitude and low-altitude groups, LASSI-based network
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analyses pointed out 39 genes plausibly targeted by positive selection and
supported by results for both WGS and imputed datasets (Supplementary
Fig. 3). Among them, 27 loci were found to belong to functional pathways
related to angiogenesis promotion, cell proliferation and vasodilatation
(Supplementary Fig. 3), with four of them (i.e., COL4A1, IGFIR, PDGFD,
ITGAS) being included in the previously described significant networks
belonging to the Focal adhesion pathway pointed out by H12-based and
nSL-based analyses (Fig. 2b). Another significant Focal adhesion network
was supported only by the Aymara WGS dataset (Fig. 2b and Supple-
mentary Table 4), with some genes (ie, COL4AI, COL4A4, COLY9AI,
LAMC2, VWF and ITGAS) participating also to a network belonging to a
functionally related pathway (i.e., PI3K-Akt signalling) detected according to
imputed data (Supplementary Fig. 3 and Supplementary Table 4). These
results contribute to corroborate the identification of the Focal adhesion
pathway and of associated molecular cascades as complex biological func-
tions that have been shaped by the action of natural selection in Andean
highlanders.

Among the adaptive genes validated by such an approach, COL4A1
encodes a type IV collagen alpha protein that is one of the main constituents
of the vascular basement membrane*”, whose degradation and remodel-
ling represent the very first steps of angiogenesis induced by VEGF, FGF and
PDGF growth factors”. Interestingly, mutant COL4A1 mice present retinal

Fig. 2 | Functional relationships between genes putatively mediating polygenic
adaptations evolved by Andean populations and their role in angiogenic pro-
cesses. a Circular network build with Cytoscape v3.10.3 and displaying protein-
protein functional interactions inferred for the entire set of adaptive genes belonging
to significant pathways identified by H12-based and nSL-based signet analyses
according to both WGS and imputed datasets. Genes pointed out by LASSI-based
signet analyses as participating to the Focal Adhesion/PI3K-Akt signalling pathways
are also reported. Gene products that establish similar connections in the network
are placed next to each other, comporting the delineation of two well-distinguishable
functional clusters. In detail, non-angiogenesis related genes (e.g., belonging to the
Herpes simplex virus 1 infection pathway) are reported as light-grey circles, while
angiogenesis-related genes (i.e., belonging to the Focal adhesion/PI3K-Akt signalling
pathways) are displayed with pink (when supported by H12 and/or nSL) and light
blue (when supported by LASSI) ellipses. The source data used to generate the plot is
reported in Supplementary Data 2—Table 4. b Scheme displaying functional
interactions between PI3K-Akt signalling and Focal adhesion adaptive genes con-
tributing to improved angiogenesis in Andean populations according to the KEGG
database. During the early phases of angiogenesis molecular compounds made
available in the extracellular matrix, such as those building the basement vascular
membrane (e.g., COL4A1) and angiogenetic factors (e.g., VEGFA and PDGFD),
interact with integrin and target receptors (e.g., IGFIR) stimulating protein kinases
(e.g., PRKCB and PTK2), which subsequentially activate those signalling cascades
essential for migration of endothelial cells and formation of new vascular structures.
The yellow stars mark those genes previously identified as loci putatively mediating
polygenic adaptation to hypobaric hypoxia in Tibetan/Sherpa populations®*"*,
thus providing evidence for partial genetic convergence between Andean and
Himalayan adaptive traits in addition to the remarkable convergence observed at the
biological function/pathway level.

and subretinal neovascular lesions with respect to wild-type ones™, while
human COL4A1 and COL4A2 variants have been associated with cere-
brovascular disease” and intracerebral haemorrhages due to systemic small-
vessel disease”, suggesting that COL4A proteins play a crucial role in
modulating the formation of new vascular structures. The IGFIR gene
instead encodes for the insulin like growth factor 1 receptor that binds IGF1
angiogenetic factors and is known to be overexpressed in most malignant
tissues where it acts as an anti-apoptotic agent by enhancing cell survival’>*’.
In particular, remodelling of tumour blood vessels mediated by IGFI was
observed in the melanoma mouse model"’, with IGFI and IGFIR deficiency
being also associated to severe postnatal growth retardation in mice* ™.
Similarly, homozygous partial IGFI deletion in humans causes intrauterine
growth retardation, which is accompanied by low average placental
weight*. Finally, the platelet-derived growth factor PDGF-D represents
another angiogenetic factor whose activity promotes tumour vasculogenesis
in mice due to VEGF upregulation”. Moreover, PDGFD down-regulation
was also observed in the placenta of women with preeclampsia, a syndrome
characterised by high resistance utero-placental circulation, placental
hypoperfusion and elevated expression of antiangiogenetic factors™.

In line with this evidence, two additional significant gene networks
participating to the Apelin signalling and Vascular smooth muscle contrac-
tion pathways were proposed to have adaptively evolved in Andeans, but not
in the low-altitude control group, according to both WGS and imputed data.
However, these signatures did not reach statistical significance in H12/nSL-
based network analyses, being detected only by LASSI-based ones and
including the GNG7, PRKCE, RYR2 and RYR3 loci (Supplementary Table 4
and Supplementary Fig. 4). In particular, RYR2 and RYR3 codify for two
ryanodine receptors (RyR): the former is expressed in the sarcoplasmic
reticulum of the cardiac muscle”” and is essential for contraction regulation
mediated by calcium release”’**, while the latter is mainly found in skeletal
muscle, as well as in the heart Purkinje tissue, thus possibly contributing to
electric stability of these fibres in such an organ®. When compared with
acclimatised lowlanders, native Andean individuals are found to maintain
heart rate unaltered during apnoea™, similarly to what observed for
Himalayan people™ and suggesting that adaptive modulation of hearth
frequency and cardiac output might result in a decreased risk of developing
arrhythmias in these high-altitude populations.
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Convergent adaptive evolution between Andean and Himalayan
populations

Interestingly, when we previously applied a gene network-based approach to
WGS from Tibetan and Sherpa populations, several genes included in Andean
significant networks obtained from H12/nSL analyses (e.g., LAMA1, COL4A2
and ITGA2) were similarly found to participate to functional pathways tar-
geted by natural selection (Fig. 2b, Supplementary Table 5)*. This pattern was
basically confirmed by results from LASSI-based analyses. First, this approach
recapitulated previous evidence supporting convergent adaptations between
Andean and Tibetan highlanders involving the EPASI" and EGLN1" genes,
with genomic windows at these loci being classified as targets of selective
sweeps and showing likelihood values falling in the top 1% of the distribution
obtained for the Aymara WGS dataset.

As regards instead genes included in significant networks, LAMC2 was
already proposed to have contributed to polygenic adaptive events also in
Tibetan/Sherpa populations™ (Fig. 2b, Supplementary Table 5). This gene
codifies for the laminin gamma 2 subunit, which is an epithelium-specific
basement membrane protein highly expressed in different types of cancers
and tumour metastasis™ . Silencing LAMC2 expression was proved to
cause cell cycle arrest and significantly suppresses migration and invasion of
tumour cells, as well as in vivo angiogenesis of the malignant tissue due to
partially blocked activation of the EGF receptor and its downstream
pathway™*”. Moreover, LAMC2 expression in the placenta predominantly
interests syncytiotrophoblasts and cytotrophoblasts villous and was found
to be substantially upregulated in Placental Accreta Spectrum (PAS) tissues,
stimulating trophoblast over-invasion via PI3K/Akt/MMP2/9 signalling
pathways™. In fact, PAS is a condition causing pathologic adherence of the
placenta due to abnormal trophoblast neovascularization and invasion into
the uterine wall’>**. This invasion has been related to improved stimulation
of pro-angiogenetic factors not only in the trophoblast embryotic tissue, but
also in the maternal basal plate of the placenta®®”. We can thus hypothesise
that adaptive evolution at LAMC2 and functionally related loci observed in
the considered high-altitude populations might result in promoting
angiogenesis in the placental tissues.

Other genes that we propose to have been targeted by natural selection
in Andeans (i.e., COL4A4, PLCEI, PIK3CB and PRKCE) were previously
described as plausible adaptive loci in Tibetan groups*** (Fig. 2b and
Supplementary Table 5). Again some of them are known to be associated to
inhibition of apoptosis and angiogenesis in tumours (PLCE1)® or to car-
diovascular traits (PRKCE)*. In particular, PRKCE has been demonstrated
to exert a cardio-protective role against ischaemic injury” and presents
variation patterns ascribable to both adaptive evolution and archaic intro-
gression in Tibetan populations'>**”. Other genes instead seem to be
involved in the modulation of decidua or in the decidualization phase in
preparation to pregnancy**”’. For instance, COL4A4 expression, along with
that of other proteins belonging to the collagen type IV family, increases
during decidualization of the human endometrium® participating to the
regulation of those morphological and functional changes (e.g., increased
vascular permeability, oedema, invasion of leucocytes, vascular remodelling
and angiogenesis) that are essential for the establishment of a successful
pregnancy”®. Similarly, PIK3CB turned out to be up-regulated in the
decidua of early-onset pre-eclampsia versus normal pregnancies, plausibly
playing a role in abnormal placental development®.

According to this picture, the obtained results revealed that changes at
functional pathways enabling generalised and/or placental improvement of
angiogenesis, as well as cardiovascular protection, seem to have char-
acterised the evolutionary history of both Andean and Himalayan
populations™ ">, Nevertheless, an incomplete genetic convergence between
these high-altitude peoples was observed. This is not unexpected within the
framework of an evolutionary scenario largely characterised by polygenic
adaptive events, in which single loci play a negligible role with respect to
their overall synergic interactions. Overall, we provided evidence for the
same biological functions having adaptively evolved in these populations,
plausibly in response to the selective pressure imposed by hypobaric
hypoxia.

Putative adaptive genes associated with complex traits

and eQTLs

To finally test whether the identified candidate adaptive genes are associated
to complex physiological and/or pathological traits possibly implicated in
the adaptive responses evolved by the considered high-altitude populations,
we first consulted the Common Metabolic Disease Knowledge Portal
(CMDKP) (Supplementary Table 6) (see ‘Methods’ for further details).
Furthermore, we searched for expression quantitative trait loci (eQTLs) that
could be able to modulate the expression of these genes in specific tissues.
For this purpose, we relied on information stored in the GTEx portal and we
verified if QT Ls at each gene are located in genomic windows showing large
positive values of the likelihood statistic calculated by LASSI (ie., those
chromosomal regions representing the most robust targets of natural
selection). The proportions of eQTLs affecting the expression of candidate
genes in tissues potentially involved in the modulation of biological adap-
tations to high altitudes (i.e., HA-eQTLSs) were reported in Supplementary
Table 7, while HA-eQTLs falling in LASSI candidate adaptive windows were
shortlisted in Supplementary Table 8.

According to such an approach, the most compelling results were
obtained for the COL4Al, IGFIR, PDGFD, ITGA8, RYR3, LAMC2,
COL4A4, PLCEI and PRKCE genes, which turned out to be associated to
haematological (e.g., haemoglobin concentration and haematocrit) and/or
cardiovascular (e.g., heart rate and stroke) traits. Moreover, they included
several HA-eQTLs that have been proved to influence gene expression in the
aorta, heart, lung, skeletal muscle, blood and uterus (Supplementary
Tables 6-8 and Fig. 3). Among them, LAMC2, PLCEI and PRKCE showed
the greatest proportion of HA-eQTLs with respect to the total number of
annotated eQTLs (Supplementary Table 7). Remarkably, 100 eQTLs in the
LAMC2 gene, 44 in PLCEI and 22 in PRKCE were included in LASSI
candidate adaptive windows, modulating their expression respectively in the
uterus/aorta/atrial appendage, in lungs/artery tibial/atrial appendage and in
the skeletal muscle and whole blood tissues (Fig. 3, Supplementary Table 8).
Similarly, 51 eQTLs on the RYR3 gene, 11 on COL4A1, eight on IGFIR and
four on PDGFD and ITGA8 were included in adaptive genomic windows
and regulate the expression of these loci in skeletal muscle, lungs, aorta, heart
and blood tissues (Fig. 3, Supplementary Table 8).

QOverall, this evidence further reinforces the functional links observed
between the inferred candidate adaptive genes and complex mechanisms
that have been long proposed to be finely regulated in both Andean and
Tibetan populations™”. Additionally, they highlight possible associations
of these adaptive changes with decreased risk of native Andean and Tibetan/
Sherpa populations of developing pathological conditions that are instead
more frequent in lowlanders exposed to the high-altitude stresses™*>*.

Conclusions

The identified genetic signatures might contribute to the increase in the
density of blood vessels that results in an improved blood flow and
oxygen delivery to tissues despite the hypoxic stress, especially leading
to increased uterine blood flow during pregnancy, which is an adaptive
trait qualitatively (but not quantitatively) similar between Andean and
Himalayan groups®’*’*. Although such a trait appears to be more
enhanced in Tibetan/Sherpa populations with respect to Andean
ones''”7, the fact that several candidate loci identified in the present
study (e.g., PTK2, VEGFA, PDGFA, PDGFD, COL4A4, PIK3CB, IGFIR
and LAMC?2) play a pivotal role in the development of vascular tissue
specifically in placenta and embryo, and thus in the establishment of
efficient maternal-foetal circulation’~*****%’, seems to support such an
observation. Moreover, it might suggest that convergent adaptive
evolution succeeded in optimising angiogenesis in these human groups
mainly in early life and/or at the reproductive stage, thus leading to
improved foetal development during intrauterine life (e.g., in terms of
maturation of the respiratory system), which represents a key aspect to
reduce neonatal mortality at high altitudes where efficiency of
respiratory functions is crucial to ensure the individual’s survival. In
addition, results obtained for the PRKCE, RYR2 and RYR3 genes
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Fig. 3 | Candidate genes presenting eQTLs in
putative adaptive genomic windows identified by
the LASSI method and able to influence their
expression in specific tissues. Schematic repre-
sentation of the body districts in which the expres-
sion of the COL4A1, IGFIR, PDGFD, ITGAS8, RYR3,
LAMC?2, PLCEI and PRKCE candidate adaptive
genes is modulated by eQTLs annotated in the GTEx
portal. Genes reported in bold/red are those pre-
viously proposed to play an adaptive a role also in
populations of Tibetan/Sherpa ancestry™*"*>®,
Ilustration from NIAID NIH BIOART Source
(https://bioart.niaid.nih.gov/bioart/519; https://
bioart.niaid.nih.gov/bioart/420).
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suggest that also some cardiovascular traits might have been shaped by
natural selection in both Andean and Himalayan peoples™'. That
being so, these findings highlighted polygenic mechanisms mediated
by adaptive evolution of several focal adhesion and/or functionally
related genes as the possible drivers of enhanced angiogenesis, oxygen
transport and cardiovascular protection in Andean human groups
similarly to what was previously observed in Tibetan/Sherpa popula-
tions, thus providing additional evidence for the molecular bases of
their convergent adaptation to hypobaric hypoxia.

Methods

Assembled datasets

A WGS dataset including 9,439,267 SNVs for 24 Bolivian Aymara indivi-
duals who were born and live at around 3900 m of altitude was assembled
from previously generated data’” and used to perform selection scans.
Genome-wide genotype data were also collected for 141 individuals who
were born and live between 3800 and 4200 m above sea level and belong to
different Andean high-altitude populations that have been characterised by
a largely shared genetic history’>”. A written informed consent for data
treatment was signed by each participant as attested in previous works'>****
and all ethical regulations relevant to human research participants were
followed. Moreover, on 09/12/2019 the Ethics Committee of the University
of Bologna released approval (prot. 205142) for the present study within the
framework of the project ‘Genetic adaptation and acclimatisation to high
altitude as experimental models to investigate the biological mechanisms
that regulate physiological responses to hypoxia’ funded by Fondazione
Cassa di Risparmio in Bologna (grant n. 2019.0552). In detail, 713,014
genetic variants were retrieved for 26 Bolivian Aymaras, as well as for 21, 22
and nine subjects respectively from Aymara, Quechua and Uros popula-
tions settled in the Peruvian Titicaca Lake area®. Genotypes for 364,470 loci
were collected also for 40 Quechua and 23 Aymara additional individuals™.

Data curation and imputation of the validation dataset

WGS data were submitted to QC procedures to filter for high-quality
genotypes and to exclude possible closely related individuals. Specifically,
the PLINK package v2.0”° was used to retain only SNVs on autosomal
chromosomes, variants/samples showing missing data <5% and loci with
non-significant deviations from the Hardy-Weinberg -equilibrium
(p>1.059 x 107°). We also removed variants showing ambiguous A/T or G/
C alleles and we calculated pairwise identity-by-descent (IBD) statistics by
estimating the genome-wide proportions of shared alleles for each pair of
individuals. Then, to exclude subjects related to the second degree, we

filtered out one individual from each pair showing an IBD coefficient
>0.270, as previously proposed for populations of Native American
ancestry”’ (Supplementary Information). This led to the generation of a
high-quality WGS dataset including 7,966,198 SNVs and 24 individuals.

The described QC filters were applied also to the two assembled
genome-wide high-altitude Andean datasets**’ making available for vali-
dation analyses 681,932 and 364,413 variants, respectively. These data were
merged by selecting only the 210,540 variants shared between both datasets
and were phased by means of the Eagle algorithm v2.4” implemented in the
Michigan Imputation Server (MIS) v1.2.4” using the 1000 Genomes Project
Phase 3 and WGS datasets as reference panels. The MIS Minimac4 algo-
rithm was then used to impute genotypes for 10,715,833 variants, which
were submitted to the previously described QC procedures. In addition, the
beftools package v1.8% was used to retain only loci showing a squared
Pearson correlation coefficient (r*) between imputed genotype probability
and true genotype call >0.95*". Finally, IBD kinship coefficients were cal-
culated for each pair of individuals in the imputed dataset using the same
approach described for WGS data. According to these post-imputation QC
steps, a high-density imputed dataset including 130 Andean individuals
characterised for 8,024,216 variants was obtained.

Assessing samples’ genetic ancestry and consistency between
non-imputed and imputed data

To verify that the collected Bolivian Aymara WGS were representative of the
genetic variation observable across Andean high-altitude populations, we
first explored their distribution within the overall genomic landscape of
Native American populations. For this purpose, the high-quality WGS
dataset was merged with a reference panel made up of genome-wide gen-
otypes from un-admixed individuals from Central and South American
indigenous populations” and was submitted to Principal Component
Analysis (PCA). Concurrently, to test also for consistency between non-
imputed and imputed data, we performed PCA again by substituting the
imputed data to the original ones as concerns the Andean populations
included in the used Native American reference panel. In doing so, the
smartpca method implemented in the EIGENSOFT package v6.0.1% was
used after having filtered the dataset for variants in high linkage dis-
equilibrium (LD). LD pruning was obtained by considering sliding windows
of 50 nucleotides sites in size and advancing by five loci at the time, as well as
by removing variants for each pair showing 7* > 0.2. Moreover, IBS-based
matrices of individual pairwise differences in the genome-wide proportion
of shared alleles were computed on both the non-imputed and imputed LD-
pruned Andean datasets. These matrices were then compared by means of
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the Mantel correlation test® using functions implemented in the R vegan
package and empirically assessing statistical significance by running >10,000
permutations.

Selecting low-altitude control populations

To assess whether selection signatures detected in Andean people are
informative about adaptations in response to high-altitude selective pres-
sures, we selected low-altitude control populations of South American
ancestry from the previously described reference panel of Native American
groups™ to be used for replicating selection scans. In doing so, our rationale
was to identify South American groups that: (i) share an ancient common
origin with Andeans, (ii) do not show evidence of remarkable admixture
with Andeans occurred after the divergence from their common ancestors,
(iii) did not experience high-altitude-related selective pressures during their
evolutionary history. For this purpose, we calculated outgroup-f3 statistic in
the form of f3(X, Andean; CHB) to formally assess the extent of shared drift
between Andean populations and the other Central and South American
populations (X). This was done using the gp3Pop function implemented in
the ADMIXTOOLS package v3.0* by including only groups with more than
five individuals and first by considering Andean populations separately (i.e.,
Aymara, Bolivian Aymara, Titicaca Aymara, Titicaca Quechua, and Titicaca
Uros, respectively), and then by considering them as a whole (ie.,
ANDEAN group).

Moreover, to accurately select the individuals to be included in the
control group, we further investigated the genetic relationships between
Andeans and the putative control populations pointed out by outgroup-f3
analyses. To this end, we inferred individual-based genetic relationships by
reconstructing haplotype sharing patterns by means of the CHROMO-
PAINTER/fineSTRUCTURE clustering approach® and by estimating
ancestry proportions for each subject using the ADMIXTURE model-based
clustering algorithm® (Supplementary Information). According to these
procedures, we retained 24 individuals from low-altitude populations (i.e.,
eight Ashaninka, six Cashibo and 10 Shipibo), which have been char-
acterised for 612,305 SN'Vs.

Inferring polygenic adaptive events from WGS and imputed data
A combination of selection scans (i.e., nSL, H12 and LASSI methods)***"*
suitable to detect both strong and weak selective events was applied to WGS,
imputed and low-altitude control datasets. Collectively, these statistics were
chosen to investigate genomic signatures left by the action of natural
selection on the haplotype diversity of the examined populations, assuming
that those potentially ascribable to polygenic adaptive mechanisms are
represented by subtle changes in their haplotype structure and/or frequency
spectrum rather than outstanding shifts in the frequency of single genetic
variants. In detail, the nSL statistic was computed for each variant using
selscan v.1.1.0b* and a 20,000 bp threshold for gap scale, 200,000 bp as the
maximum gap length and 4500 consecutive loci as the maximum extension
parameter®. The H12 statistic was instead calculated with an ad hoc script
using sliding windows of 200,000 bp and advancing by one variant at the
time as previously suggested”’. Unstandardised values for each statistic were
then normalised across multiple frequency bins by subtracting to each of
them the bin average score and by dividing the resulting value by the related
standard deviation. Finally, also the LASSI likelihood statistic was computed
across sliding windows, but after having estimated the average number of
SNVs included in all the haplotype blocks inferred for each dataset. For this
purpose, we run the --blocks function implemented in the PLINK package
v2.0° separately on WGS, imputed and low-altitude control datasets. Then,
the LASSI algorithm was used to calculate a distorted haplotype frequency
spectrum for each window and to associate to them a likelihood statistic
informative of its conformity to a model of adaptive evolution (i.e., hard/soft
sweep model) or neutral evolution. Calculation of the m parameter indi-
cating the number of sweeping haplotypes (i.e., those carrying putative
adaptive variants) was used to discriminate between hard (i.e., m = 1) and
soft selective sweeps (i.e., 7 > 1). Such a method was used to validate results
from H12/nSL analyses, because it has been proved to outperform them in

the identification of weak selective events according to simulations per-
formed by considering a vast range of selection coefficients and demo-
graphic models™.

In order to test a realistic approximation of a polygenic adaptation
model, we retained as the representative scores of a given gene, the highest
normalised nSL and H12 values, as well as the highest LASSI score com-
puted among those obtained for all variants/windows annotated on that
gene. In doing so, the overall distribution of the LASSI statistic was filtered to
select windows showing m =2 to consider only weak selective events as
potential contributors to polygenic adaptations. The resulting genome-wide
distributions of selection scores were then submitted to gene-network
analyses using the R signet algorithm’ and by setting 20,000 iterations to
generate null distributions of the highest scoring subnetwork (HSS) for each
gene-network of a given size to be compared with the obtained HSS. This
provided a p-value for all the identified gene networks and those <0.05 after
controlling the false discovery rate (FDR) were used to point out combi-
nations of multiple genes that participate to the same functional pathway
(according to information from the KEGG database™) and that have been
targeted by natural selection.

The most plausible biological functions having evolved adaptively in
the Andean high-altitude groups were finally identified as those (i) sup-
ported by at least two out of the three selection scans implemented (i.e., nSL-
based, H12-based and LASSI-based significant networks), (ii) replicated by
applying the same pipeline of analyses to both WGS and imputed data, and
(iii) not represented in significant networks obtained from the analysis of the
low-altitude control dataset. Finally, to evaluate convergent evolution
between Andean and Himalayan populations at a single-gene level, loci
included in the supported networks were crosschecked with lists of genes
whose variation patterns were previously proposed to have been shaped by
the action of natural selection in Tibetan/Sherpa peoples™*>®.

Investigating association between candidate adaptive loci and
complex traits/eQTLs

The CMDKP database (https://hugeamp.org/) was used to validate asso-
ciations between biological functions/traits that have been previously pro-
posed to be involved in adaptive responses to high-altitude selective
pressures’~***>*7* and the candidate adaptive genes identified by gene-
network analyses.

Furthermore, we used the GTEx portal (https://gtexportal.org/home/)
to search for eQTLs at the identified candidate adaptive loci and we retained
only those variants affecting their expression in tissues and/or districts of the
body that have been previously proposed to be involved in the modulation of
high-altitude adaptations'””.

Statistics and reproducibility

Statistical analyses were performed using the softwares PLINK v2.0, SHA-
PEIT2 v2.r790, beftools v 1.8, Eagle v2.4, MIS v1.2.4, EIGENSOFT v6.0.1,
ADMIXTOOLS v3.0, CHROMOPAINTERv2, fineSTRUCTURE fs2.1,
ADMIXTURE v.1.22, selscan v.1.1.0b, R v.3.6.3, LASSI GitHub repository
available at https://github.com/mdegiorgio/LASSI.git. Phenotypic associa-
tions, eQTLs and pathways information in the present study were obtained
consulting the CMDKP database (https://hugeamp.org/), the GTEx portal
(https://gtexportal.org/home/) and the KEGG database (http://www.
genome.ad.jp/kegg/). The sample sizes of each population used in the
analyses are reported in Supplementary Table 1. The source data behind the
graphs in the paper are listed in Supplementary Data 2.

Reporting summary
Further information on research design is available in the Nature Portfolio
Reporting Summary linked to this article.

Data availability

WGS data that support the findings described in the present study are
available at the NCBI Sequence Read Archive (accession n.
PRJNA470966)". Genotype data used for validation analyses are instead
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available

via  figshare  (https:/figshare.com/articles/dataset/South_

American_dataset_Gnecchi-Ruscone_et_al_2019_/7667174)”. We pro-
vided all the Supplementary Tables cited in the paper in Supplementary
Data 1. The source data behind the graphs in the main text are listed in
Supplementary Data 2.

Code availability
All the codes used in the present study are available as functions that were
either implemented in published R packages, GitHub public repositories or
have been previously provided at https://github.com/paoloabondio/Ojeda-
Granados_et_al_2021.
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Complex adaptive evolution at thyroid hormone, insulin and glycerolipid pathways improved

energy metabolism in Eurasian populations from high-latitude cold environments

Giulia Ferrarettit, Marta Alberti®, Rosita Cicolinit, Sabrina Pognant Viti%, Stefania Sarno?, Marco Sazzini‘2.

! Laboratory of Molecular Anthropology & Centre for Genome Biology, Department of Biological, Geological and
Environmental Sciences, University of Bologna, Bologna Italy.

2 Interdepartmental Centre Alma Mater Research Institute on Global Challenges and Climate Change, University of
Bologna, Bologna, Italy.

Eurasian populations from high-latitudes represent valuable case-studies to investigate the genetic bases of some of the most
effective biological adaptations evolved by modern humans to cope with cold climates. Nevertheless, by relying on
traditional models describing the action of natural selection (i.e., selective sweeps), studies conducted so far succeeded in
identifying a limited fraction of these adaptive events. To overcome this issue, we brought together diverse inferential
methods to pinpoint combinations of genes presenting both signatures of adaptive evolution and functional relationships
supporting their synergic role in modulating a biological trait, as expected under a mechanism of polygenic adaptation. This
approach was applied on whole genome sequence data available for the Yakut ethnic group from Northeastern Siberia and
results were compared with those obtained for a Russian population showing relatively shared ancestry with them to
distinguish between Yakut-specific adaptive events and adaptations plausibly shared among other high-latitude populations.
Multiple genes contributing to biological functions known to be modulated during cold exposure, such as thyroid
hormone/insulin signalling, brown adipose tissue differentiation, and glycerolipid metabolism, showed patterns of variation
conform to adaptive evolution. Changes at these loci support enhanced heat production in brown adipocytes and
responsiveness to insulin in other peripheral tissues, with regulation of glucose uptake and lipid metabolism being found to
have been influenced also by introgression of Neanderthal/Denisovan alleles. These findings provided new insights
concerning the genetic bases of complex adaptive traits evolved by the ancestors of high-latitude Eurasian populations in

response to selective pressures imposed by cold environments.

Introduction

The Yakutia region in Northeastern Siberia represents one of the most remote and extreme environments
ever inhabited by modern human populations, being especially characterized by long, harsh winter seasons
with temperatures dropping at —71°C (Chevychelov and Bosikov 2010). Archaeological evidence indicates
that Homo sapiens resided in this area long before the Last Glacial Maximum (LGM) in the late Pleistocene,
as demonstrated by fossil remains of a hunted mammoth in the Yenisei Bay area dated to approximately
45,000 years ago (Pitulko et al. 2016). Nowadays, the Yakut (Sakha) people, a Turkic-speaking indigenous
human group, constitute the majority of the local population (Puzyrev et al. 2003; Levy et al. 2013). Given
the extreme climatic conditions they have to cope with, high-latitude Siberian populations, such as the
Yakuts, provide a valuable case study for investigating the genetic bases of some of the most effective
complex biological adaptations evolved by modern humans in response to cold-induced selective pressures.
Nevertheless, previous studies that addressed this research question relied mainly on the analysis of genome-

wide data, being thus limited to the identification of adaptive events ascribable to traditional models
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describing the action of natural selection, such as hard and soft selective sweeps (Cardona et al. 2014;
Hallmark et al. 2019). In fact, to our knowledge no evidence has been provided so far concerning the genetic
determinants of complex (i.e., polygenic) adaptations to extreme cold environments evolved by high-latitude
Siberian human groups. This is plausibly due to both the scarcity of methods capable to formally test a
realistic approximation of the polygenic adaptation model and the only recent availability of whole genome
sequence (WGS) data for these populations (Bergstrém et al. 2020), which represent the sole kind of data
suitable to investigate the tangled gene-gene interactions underlying the modulation of complex adaptive
traits. Notably, polygenic adaptations are increasingly supposed to represent the vast majority of the adaptive
responses evolved by modern human populations (Pritchard and Di Rienzo 2010), especially by those having
maintained low effective population size trough time due prolonged isolation (Hernandez et al. 2011;
Gnecchi-Ruscone et al. 2018; Ferraretti et al. 2024; Ferraretti et al. 2025), which is a condition previously
proposed for the Yakuts (Kharkov et al. 2008; Bergstrom et al. 2020).

Another significant gap in the current literature on this topic concerns the role of alleles/haplotypes
introduced in the H. sapiens gene pool via archaic introgression events in shaping variation at genomic
regions plausibly involved in the regulation of adaptive responses to cold. Interestingly, the study by
Bergstrom et al. (2020) primary pointed out traces of archaic introgression from both Neanderthal and
Denisovan species in Yakut genomes, even though without testing for adaptive introgression events, with the
percentage of ancestry attributable to Denisovans being one of the most elevated among those estimated for a
large panel of Eurasian populations (Bergstrom et al. 2020).

Specifically, to investigate the genomic architecture of polygenic adaptations evolved by Yakut ancestors,
we first combined two methodologies capable of recognizing different patterns of haplotype variation
informative of a variety of selective events and of detecting biological functions that have been pervasively
shaped by action of natural selection (Gouy et al. 2017; Harris and DeGiorgio 2020). We also validated the
obtained findings by implementing a supervised machine-learning method capable of distinguishing genomic
regions characterized by adaptive evolution from neutral background by testing more sophisticated
evolutionary models (Mughal and DeGiorgio 2019). We applied such an approach on the sole available
WGS data for Yakut people (Bergstrom et al. 2020), who are considered here as a proxy of high-latitude
Siberian human populations. We then compared the results with those obtained for a control population
showing a relatively shared genetic ancestry with Yakuts, but living in less extreme environmental settings
and having experienced considerably less isolation. This allowed us to identify genes/functional pathways
putatively involved in the evolution of cold adaptations that are either unique to the Yakuts or shared across
diverse populations and thus presumably representative of more ancient adaptive events occurred in the
ancestral groups that first colonized the Eurasian continent up to these high-latitude regions. We finally
assessed the impact of archaic introgression in shaping variation at the identified candidate adaptive loci by
applying different methods aimed at detecting introgressed chromosomal segments and by comparing
haplotype structure at these regions between modern and archaic genomes (Marnetto and Huerta-Sanchez

2017; Browning et al. 2018). Overall, we succeeded in identifying some of the genetic determinants of
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polygenic adaptations that have been likely evolved by human populations living at high latitudes in

response to the selective pressures imposed by extreme cold environments.

Results

Genetic relationships between Yakut and populations of Central/East Asian and European ancestry
After merging WGS data collected for the Yakut population and a large panel of reference human groups
(see Materials and Methods), we obtained an extended unphased dataset including 593 individuals belonging
to 24 populations and characterized for 5,056,113 Single Nucleotide Variants (SNVs) (supplementary table
S1, Supplementary Material online). Such a dataset was subjected to stringent quality check (QC) filtering
procedures (see Materials and Methods), which encompassed pruning loci in linkage disequilibrium (LD)
and retained 345,021 SNVs to be used for performing genotype-based populations structure analyses.
Principal Components Analysis (PCA) and multiple ADMIXTURE runs thus enabled to first evaluate the
overall homogeneity and representativeness of the considered Yakut samples, as well as their possible
genetic relations with populations of Central/East Asian, European and Native American ancestry. In details,
PC1 was found to describe the main differences observable among European, Southeast Asian, Northeast
Asian and Central Asian populations, with Yakut individuals distributing between these two latter groups
and showing appreciable genetic affinity primarily with Northeast Asians, as supported also by PC3
(supplementary fig. S1, Supplementary Material online). According to ADMIXTURE analysis, the
configuration that best fitted to the data (K=4) showed a nearly fixed ancestry component (i.e., reaching an
average frequency of 0.85) in Yakut individuals (Fig. 1a, supplementary figs. S2 and S3, Supplementary
Material online), which was detectable, although with smaller proportions, also in Russian, Central Asian
and, especially, Northeast Asian groups (Fig. 1a, supplementary fig. S3, Supplementary Material online).
The second most represented ancestry faction in Yakut genomes (i.e., average frequency of 0.123) was found
to be the predominant one in European populations, while negligible proportions of typical Native American
(i.e., 0.025) and Southeast Asian (i.e., 0.00001) components were observed. Overall, these findings suggest a
remarkable degree of genetic differentiation of Yakuts when compared with populations of diverse
ancestries, which is potentially ascribable to their prolonged isolation with respect to other Turkic-speaking
populations of Southern Siberia, as previously proposed according to analyses conducted on uniparentally
inherited genetic loci (Kharkov et al. 2008).

To investigate patterns of fine-scale population structure and to test whether the considered Yakut
individuals represent a group sufficiently representative and homogeneous from a genetic perspective to be
used to infer the adaptive history of the overall population, we carried out ChromoPainter and
fineSSTRUCTURE analyses on the phased extended dataset (see Materials and Methods). Differently from
PCA and ADMIXTURE analyses, such an approach suggested a more consistent shared genetic ancestry
among Yakut and some Central Asian (e.g., Xibo and Uygurs), Southeast Asian (e.g., Yi, Naxi, and Miao)
and Russian populations (Fig. 1b, supplementary figs. S4 and S5, Supplementary Material online). In

particular, according to the fineSTRUCTURE dendrogram Yakut individuals were found to cluster along
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with all Yi and Xibo subjects, as well as with most Uygur samples (supplementary fig. S5, Supplementary
Material online). Moreover, this homogeneous clade originated from the same branch of the dendrogram
leading to the Naxi, Miao, and Russian clusters (Fig. 1b).

Collectively, results from both genotype-based and haplotype-based population structure analyses revealed a
remarkable genetic homogeneity of the sequenced Yakut subjects and allowed us also to pinpoint the
Russian cohort of individuals as a suitable control group (in terms of both relatively related ancestry and
comparable sample size) to be used for distinguishing between Yakut-specific signatures of adaptive

evolution and those instead plausibly shared among other high-latitude Eurasian populations.

Effective population size history, gene flow and divergence time between Yakut and control populations
To further assess how much and how long the ancestors of Yakut and Russian populations shared a common
evolutionary history, we used the SMC++ approach to infer their effective population size (N.) fluctuations
and genetic split time (see Materials and Methods) (Terhorst et al. 2017). As regards the Yakuts, a decline in
Ne beginning approximately 200,000 years ago was observed, being followed by a population expansion
since around 24,000 years ago, which reached a peak 8,000 years before the present (Fig. 1c). The effective
population size history of the Russian control group exhibited a similar trajectory, but being characterized by
an earlier demographic recovery (starting approximately 35,000 years ago) and slightly higher Ne values,
potentially reflecting a pattern of less remarkable isolation with respect to what experienced by Yakut
people. These demographic trends are consistent with previous findings (Bergstrom et al. 2020). When
divergence time between the ancestors of these groups was estimated, a value ranging between 7,500 and
8,000 years ago was obtained. However, it is worth noting that the SMC++ algorithm models genetic
differentiation between groups as a function of time according to an idealized two populations split scenario
with no post-divergence gene flow (Terhorst et al. 2017). Since results of ADMIXTURE analysis (Fig. 1a)
and literature data (Pakendorf et al. 2003) suggest that a certain degree of gene flow has been occurred
between Central/East Asian populations (including Yakuts) and the Russian control group, we used f3-
statistics computation and ALDER approaches to formally investigate potential evidence of admixture
between them. The obtained results confirmed the introduction of Central/East Asian-related ancestry in the
Russian gen pool dating approximately between 52 and 35 generations ago, which roughly corresponds to a
time interval spanning from 1,500 to 1,000 years ago assuming a generation time of 30 years (supplementary
table S2, Supplementary Material online). In details, significant f3-test indeed showed that the Russian
population can be modelled as a mixture between a European-like source (i.e., CEPH) and different
populations from Central and East Asia. Interestingly, the most significant z-score (Z = -27.4) was obtained
for trios involving Yakut as one of the two parental groups, for instance implementing the test in the form of
f3(Russian; Yakut, CEPH), with a corresponding ALDER admixture date estimate of 47.18+/-4.81
generations ago (p-value = 1x10%%). That being so, evidence supporting relatively recent admixture between
Yakut and control groups pointed to a violation of the SMC++ assumption of no post-divergence gene flow,

suggesting that the inferred genetic split time between them is likely underestimated.
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Polygenic adaptive events modulated Yakut thyroid functioning, lipid metabolism and insulin signalling
To investigate the genetic bases of polygenic adaptations evolved by the Yakut population, we exploited
information for the 6,691,957 SNVs included in the Yakut phased WGS dataset to implement the Likelihood
Approach for Selective Sweep identification (LASSI)-signet pipeline of analyses described in the Materials
and Methods section. Furthermore, to pinpoint adaptive events peculiar to the Yakuts, we replicated the same
analyses also on the Russian control group, which was characterized for 7,482,199 SNVs, and we searched
for private and shared patterns of adaptive evolution.

First and foremost, by considering genomic windows ranking in the top 1% of the overall distribution of the
LASSI statistic, this approach enabled us to recapitulate traditional selective sweeps occurred at the THADA
gene (supplementary tables S3 and S4, Supplementary Material online), which were previously assessed for
the Yakut population (Cardona et al. 2014; Hallmark et al. 2019) and have been proposed to be involved in
adaptive responses to extreme cold environments due to the role played by this locus in the regulation of
energy metabolism and in the modulation of Type 2 diabetes susceptibility observed in diverse human
populations (Cardona et al. 2014).

When we instead used results obtained by LASSI to guide the application of the signet algorithm (see
Materials and Methods), we were able to detect genomic signatures ascribable to the action of positive
selection according to a reliable approximation of a polygenic adaptation model. Among those likely related
to adaptive events evolved to cope with extreme cold environments, a significant gene network including the
RCAN2, HIF1A, ATP1B2, PIK3R2, RXRA, SRC, and THRB loci participating to the Thyroid hormone
signalling pathway was observed exclusively in the Yakut population (Fig. 2, Supplementary Table S5).
These results may indicate adaptations evolved specifically in such human group and modulating thyroid
functioning, in accordance with previous evidence advancing the crucial role of thyroid hormones in
regulating physiological responses to cold stress (Tsibulnikov et al. 2000). Similarly, we identified a
significant Yakut-specific gene network belonging to the AGE-RAGE signalling pathway in diabetic
complications, which included genes (e.g., NFKB1 and PRKCD) whose functions were previously found to
be related to regulation of glucose homeostasis and the development of insulin resistance (Bezy et al. 2011;
Chen et al. 2013; Guo et al. 2021). In line with this, also the HTR1F gene, which was previously proposed to
be related to similar functions (Almaca et al. 2016), was found to be included in the Serotonergic synapse
significant pathway identified for the Yakuts. Moreover, a gene network observed in both the Yakut and
control population and belonging to the PI3K-Akt signaling pathway included some loci (e.g., INSR and
EFNAD5) involved in the modulation of insulin secretion, binding, and activation of insulin downstream
responses (Konstantinova et al. 2007; Chen et al. 2019) (Fig. 2, supplementary tables S5 and S6,
Supplementary Material online). Two additional significant gene networks belonging to the Glycerolipid
metabolism and cGMP-PKG signaling pathways were also detected in both the examined populations,
suggesting that natural selection anciently targeted these complex biological traits, as well as the genes
involved in their modulation, long before the divergence of these human groups from a common ancestral

gene pool (Fig. 2). Finally, after an extensive literature review, we assessed that some genes (e.g., NTRK1,



O 00 N O U p W N

W W W W W W W W N N NDNNDNDNNNNN-PRPPRPRRPR PR R R P P PR R
N OO 0 R WN R O O 0N OO U WN R O L W N O B M W N P O

GPAT3, CAMK2D, and CLDN10) identified within multiple significant Yakut-specific networks were
previously proved to exhibit altered expression in mice Brown Adipose Tissue (BAT), white adipose tissue,
and liver after cold exposure (Shore et al. 2013; Wang and Wahl 2014; Labbé et al. 2015; Ghosh et al. 2021)
(supplementary table S7, Supplementary Material online). Among them, six genes (e.g., ADCY3, GPAT3,
INSR, PDE4D, PDGFRA, and PLCB1) were found to be included also in significant networks observed for

the Russian control population (supplementary table S7, Supplementary Material online).

Archaic introgression similarly shaped adaptive traits in Yakut and control populations

To test if variation patterns at the identified putative adaptive genes have been potentially shaped also by
gene flow from archaic human species, we implemented multiple approaches aimed at detecting genomic
segments showing alleles introgressed from different archaic sources (see Materials and Methods). To this
end, we first applied the Sprime method (Browning et al. 2018) on the phased Yakut WGS dataset and we
crosschecked the obtained results with those ranking within the top 1% of the distribution of the LASSI
statistic. Submitting chromosomal intervals putatively impacted by both archaic introgression and adaptive
evolution to STRING network analysis first revealed a significant enrichment of genes known to be involved
in the regulation of immune functions (enriched Monarch phenotype respiratory disease biomarker, False
Discovery Rate, FDR = 1.88e-21) (supplementary fig. S6, Supplementary Material online). When we instead
crosschecked Sprime results with those informative of polygenic adaptive events according to the combined
LASSI-signet approach (see Materials and Methods), we shortlisted several genes participating to significant
networks such as those belonging to the Glycerolipid metabolism and Thyroid hormone signalling
(supplementary tables S5, Supplementary Material online). Interestingly, the expression of some of these
genes (i.e., ADCY3, CAMK2D, PDE4D, KCNN2, EGFR, and IMPA2) was previously proposed to be altered
in mouse BAT after cold exposure (Shore et al. 2013) (supplementary table S7, Supplementary Material
online).

To further validate these results and to explicitly test for the archaic source responsible for the observed
introgression signatures, we run the Haplostrips algorithm (Marnetto and Huerta-Sanchez 2017) to compare
putative adaptive introgressed haplotypes at Yakut and control groups with those of three different archaic
genomes (i.e., Neanderthal Altai, Neanderthal Vindija, and Altai Denisovan) (see Materials and Methods for
links at specific repositories), as well as of the Yoruba outgroup population (see Materials and Methods for
further details). Overall, such an approach corroborated the occurrence of adaptive introgression events at the
ADCY3, CAMK2D, PLPP3, ATP1B2 and CD247 loci (Fig. 3a, supplementary figs. S7, S8, S9, and S10,
Supplementary Material online). The most compelling results were obtained for the ADCY3 gene, which
turned out to be extremely conserved among Yakut and control populations and was previously proposed to
be involved in the modulation of polygenic adaptive events able to improve thermogenesis (Sazzini et al.
2020). In detail, most of the Yakut and control ADCY3 haplotypes were found to present the lowest number
of pair-wise differences with respect to the Denisovan genome when compared with the outgroup population

of African ancestry (Fig. 3a). An even more clear picture of tight genetic affinity between Yakut/control and
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Denisovan haplotypes was depicted by limiting such a comparison to the ADCY3 chromosomal intervals
pointed out by LASSI analysis as targeted by positive selection (Fig. 3b). Similar patterns were observed also
for the PLPP3, ATP1B2 and CD247 genes (supplementary figs. S7, S8, S9, Supplementary Material online).
Conversely, Haplostrips analysis failed to confirm signatures of archaic introgression at the CAMK2D
putative adaptive haplotypes (supplementary figs. S10 and S11, Supplementary Material online), suggesting

that introgressed alleles at this locus were not involved in the modulation of adaptive processes.

Putative Yakut adaptive loci are characterized by shifts in haplotype/genotype frequency with respect
to the control population

By focusing on putative adaptive events specifically occurred in the Yakut population, we then explored allele
composition and frequencies of adaptive haplotypes at genes included in significant networks from Thyroid
hormone signalling and AGE-RAGE signalling pathway in diabetic complications, as well as at adaptive loci
belonging to different pathways but known to play a role in these biological functions (see Materials and
Methods). For the THRB, SRC, RCAN2, INSR, NFKB1, PRKCB, and HTR1F genes, we observed significant
differences in the frequency of multiple SNVs (i.e., adjusted FDR < 0.05) between the Yakut and control
populations (supplementary table S8, Supplementary Material online). Interestingly, some of these variants
have been previously reported in the GTEXx database as expression Quantitative Trait Loci (eQTLS) able to
regulate the expression of the identified candidate adaptive genes in diverse tissues (e.g., white adipose tissue,
skeletal muscle, thyroid and blood) according to studies aimed at examining the physiological responses
activated by cold exposure (supplementary table S8, Supplementary Material online) (Ribeiro et al. 2001;
Blondin et al. 2015; Xu et al. 2019; Zekri et al. 2021). Overall, the frequencies of putative adaptive haplotypes
containing these eQTLs were found to be remarkably higher in the Yakut population (i.e., ranging from 0.79
to 0.92) with respect to the control group (supplementary table S9, Supplementary Material online). In
particular, such a pattern was observed for all the tested genes except for THRB. However, when considering
genotype instead of haplotype frequencies, homozygotes for all these candidate adaptive eQTLs were
consistently more represented in Yakuts than in the control population (supplementary fig. S12, supplementary
table S10, Supplementary Material online). In detail, candidate adaptive eQTLs at INSR and THRB have been
previously associated, in the homozygous state, to increased expression of these genes in white adipose tissue,
while those at HTR1F and SRC were found to increase expression in white adipose tissues/thyroid and liver,
respectively, reducing instead the expression of SRC in pancreas (supplementary fig. S13, Supplementary
Material online) (info available at https://gtexportal.org/home/). Finally, homozygotes for candidate adaptive
eQTLs at RCAN2 have been demonstrated to decrease expression of such a gene in skeletal muscle, as well as
of PLA2G7 in the blood (info available at https://gtexportal.org/home/) (supplementary fig. S13,

Supplementary Material online).

Machine-learning approach further validates signatures of positive selection in Yakut and control

genomes
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To further validate at the single gene level signatures ascribable to the action of natural selection identified
by analyses previously described, as well as to point out additional putative adaptive genes involved in the
same/related biological functions, we applied the Trendsetter multinomial regression classifier to distinguish
between different neutral and adaptive evolutionary scenarios (Mughal and DeGiorgio 2019) (see Materials
and Methods). Before applying the algorithm to the Yakut and control WGS data, we trained it using ad hoc
simulated genomic datasets. In detail, we generated two sets of simulations for each of the possible predicted
classes of evolutionary events (i.e., hard/soft sweeps and neutral evolution) respectively to i) train the model
and ii) build calibration curves, calculate accuracy, precision, recall and f1 scores for the trained algorithm
(see Materials and Methods). Calibration/reliability plots suggested the achievement of a good calibration of
the predicted output probabilities for both Yakut and control classifications (supplementary figs. S14 and
S15, Supplementary Material online), which turned out to be characterized by high accuracy, with values
equal to 0.87 and 0.89, respectively (Fig. 4a-b, supplementary fig. S15, Supplementary Material online).
Precision, recall and f1-score values were also elevated for both models (i.e., ranging from 0.80 to 0.94),
attesting the capacity of the trained classifiers in distinguishing neutral genomic regions from those that
evolved adaptively (Fig. 4a-b, supplementary fig. S15).

According to such an approach, two genes (i.e., SRC and RCAN2) included in the significant network
belonging to the Thyroid hormone signalling pathway pointed out by LASSI-signet analyses were found to be
supported as putative adaptive loci in Yakut population (supplementary fig. S16 and supplementary table
S11, Supplementary Material online). More in detail, extremely low probabilities of being classified as
neutral regions when compared with those relative to the classes of hard and/or soft selective sweeps were
obtained for several genomic windows included in these genes (supplementary table S11, Supplementary
Material online). For instance, multiple SRC chromosomal intervals presented neutral output probabilities of
~ 0.01%, compared to ~ 0.84% and to ~ 0.13% of being classified as soft and hard selective sweeps,
respectively (supplementary fig. S16 and supplementary table S11, Supplementary Material online).
Comparable results were also obtained for multiple genes belonging to the AGE-RAGE signalling pathway in
diabetic complications and to Serotonergic synapse pathway (i.e., HTRF1, NFKB1, PRKCB, PRKCD) (Fig.
4c-d, supplementary fig. S17 and supplementary table S11, Supplementary Material online). As regards
instead putative adaptive genes belonging to Glycerolipid metabolism, PI3K-Akt signalling pathways, and
cGMP-PKG signalling, GPAT3, ERBB4, PRKCB and PRKG1 genes were found to be supported in the
Yakuts by the Trendsetter approach (supplementary figs. S16 and S17, supplementary table S11,
Supplementary Material online), while PNLIP, MOGATZ2, and PLPP1 loci were proposed to have adaptively
evolved in the control group (supplementary fig. S18, supplementary table S12, Supplementary Material
online). Finally, signatures of positive natural selection identified for the ADCY3 gene were supported as
well by the Trendsetter method in the control group (supplementary fig. S18, supplementary table S12,

Supplementary Material online).

Discussion
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In the present study, we analysed WGS data available for Yakut people from Northeastern Siberia
(Bergstrom et al. 2020) with the aim of shedding light on the genetic bases of polygenic adaptions evolved
by human groups who have long inhabited extreme cold environments. For this purpose, we first investigated
the composition of their genomes in terms of ancestry components, which revealed their appreciable
differentiation with respect to other Turkic-speaking populations from Siberia, as well as to the bulk of the
considered groups of Southeast Asian, Northeast Asian and Central Asian ancestry (Fig. 1 a). By exploring
fine-scale genetic structure of the populations included in the assembled dataset, we then demonstrated that
the studied Yakut individuals are genetically homogeneous and quite representative of their population of
origin, also presenting a relatively common genetic ancestry with a Russian population that was thus selected
as a control group to distinguish between shared and private adaptive events having shaped their biological
responses to cold climate-induced selective pressures (Fig. 1b). Based on these preliminary results, we
inferred Yakut Ne history and genetic split time with respect to the control population (Fig. 1b), also testing
and dating possible admixture events having involved the ancestors of these human groups in addition to
those of other Central/East Asian populations. Results of 3 and ALDER analyses supported the introduction
of Central/East Asian-related ancestry in the Russian genetic background due to gene flow occurred
approximately 1,000-1,500 years ago and involving the Yakut population (supplementary table S2,
Supplementary Material online). Since the SMC++ approach used to infer populations split time assumes no
post-divergence gene flow between them (Terhost et al. 2016), this relatively recent admixture suggests that
genetic divergence between Yakut and Russian groups likely reached appreciable levels even before the
estimated 8,000 years ago (Fig. 1b). In this regard, we can speculate that progressive differentiation of their
gene pools started just after the end of the Late Glacial Maximum (LGM), when human groups that have
survived to the glaciation in the tundra and cool steppe environments of Eastern Russia and Southern Siberia
began to re-occupy the northernmost territories (Kuzmin 2008).

We then reconstructed and compared the adaptive history of the Yakut and control populations by
implementing a combination of statistical methods capable of distinguishing a variety of selective events
ascribable to different mechanisms of adaptation (Gouy et al. 2017; Harris and DeGiorgio 2020) and by
using an independent supervised machine learning approach (Mughal and DeGiorgio 2019) as a validation
step. Overall, the most robust results pointed to genes involved in modulation of thyroid functioning and
regulation of adaptive thermogenesis as loci having adaptively evolved specifically in the Yakut population,
while variation patterns at insulin resistance/signalling and lipid metabolism pathways appeared to have been
similarly shaped by positive selection in both Yakut and control groups. According to the timeframe of
progressive differentiation between these populations suggested by SMC++ analysis, such latter findings
might represent ancient adaptive responses evolved by the ancestral populations that first colonized the
Eurasian continent up to these high-latitude regions, since around 45,000 years ago (Pitulko et al. 2016), with
Yakut-specific adaptations being instead plausibly evolved after the LGM. In detail, the combined LASSI-
signet approach pinpointed multiple networks of genes belonging to several functional pathways as involved

in the modulation of complex Yakut-specific adaptive responses to cold climate conditions (Fig. 2,
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supplementary table S5, Supplementary Material online). Coupled with previous evidence these findings
have led us to focus on THRB, RXRA, RCAN2, and SRC genes contributing to Thyroid hormone signalling;
PRKGL1 to cGMP-PKG signalling; ERBB4 to in PI3K-Akt signalling; NFKB1, PRKCD, and PRKCB genes to
AGE-RAGE signalling pathway in diabetic complications, as well as HTR1F in Serotonergic synapse
pathways as Yakut-specific adaptive loci (Fig. 2, supplementary table S5 and S6, Supplementary Material
online). As regards those involved in Thyroid hormone signalling, THRB encodes for a nuclear receptor for
the triiodothyronine (T3) hormone (Sayers et al. 2022), which has been shown to directly regulate adaptive
thermogenesis in BAT, as well to induce browning process of white adipocytes by regulating the expression
of the UCP1 uncoupling mitochondrial protein (Yau and Yen 2020; Zekri et al. 2021; Machado et al. 2022).
RXRA was instead proved to interact with thyroid hormone receptors (TRs) forming heterodimers that
strongly bind T3 response elements, thus enhancing the transcriptional activity of TRs (Zhang et al. 1992).
RCAN2 was identified as a T3-responsive gene (Miyazaki et al. 1996) and its knockout in mice was found to
be related to a reduced body weight and white adipose mass compared to controls, a condition that is
significantly enhanced in a regime of high-fat diet (Sun et al. 2011). Finally, the SRC proto-oncogene
encodes for a tyrosine-protein kinase that i) enhances the expression of the cold-induced neuroprotective
gene RBM3 thus mediating neuroprotective effects of mild hypothermia (Yuan et al. 2021), ii) regulates fatty
acid synthesis (Zhao et al. 2024), iii) modulates cold-induced activation of TRPMS8, a receptor acting
upstream of cold-induced thermogenesis, response to cold and thermoception processes (Manolache et al.
2020; Sayers et al. 2022), and iv) causes impairment of glucose-induced insulin secretion in pancreatic f3-
cells when its expression and/or activity is dysregulated (Sato et al. 2016). Interestingly, short-time
sojourners in Antarctica have been reported to present increased production and uptake of thyroid hormones,
a condition that results in reduced free T3/T4 circulating levels (Levy et al. 2013). This physiological
adjustment, known as “polar T3 syndrome”, has been also observed in the Yakut population when comparing
their levels of circulating T3/T4 and THS (thyroid-stimulating hormone) between summer and winter
seasons, suggesting enhanced capacity to increase metabolic heat production during seasonal severe cold
(Levy et al. 2013). Moreover, Yakut young adults displayed improved BAT thermogenesis in response to
mild cooling when compared with control groups, a condition that is accompanied by warmer sternum
temperatures, and higher metabolic rates (Levy et al. 2022). Therefore, adaptive evolution at Thyroid
hormone signalling genes may represent one of the determinants of Yakut enhanced thyroid hormone uptake
and the consequent augmented BAT activity, as well as of the fine-tuning of lipid/glucose metabolisms and
insulin signalling in different districts of the body. Such a hypothesis is further supported by evidence
collected for the other candidate adaptive genes reported in supplementary table S7 (Supplementary Material
online), whose expression was proved to be up or down regulated in mice BAT, white adipose tissue,
placenta and liver as physiological responses to cold exposure (Shore et al. 2013; Wang and Wahl 2014;
Labbé et al. 2015; Ghosh et al. 2021). In line with this, also PRKG1, for which however selective events
have been demonstrated to have occurred in other Siberian populations by previous studies (Cardona et al.

2014; Hallmark et al. 2019), is essential for cell differentiation in BAT, with its lacking being associated to
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lower mitochondrial content and reduced amounts of adipogenic factors in mouse BAT, as well as to lower
body temperatures than wild-type mice (Haas et al. 2009). Accordingly, suppression of ERBB4 has been also
proved to inhibit BAT thermogenesis and metabolic function (Yu et al. 2024). When the Trendesetter
approach was used to validate the obtained results, adaptive evolution in Yakuts was confirmed especially
for the SRC, RCAN2, PRKG1, and ERBB4 genes (supplementary figs. S16 and S17, supplementary table
S11, Supplementary Material online). Moreover, homozygous eQTLs associated to THRB, SRC, and RCAN2
decreased/increased expression were found to reach outstanding and significantly higher frequency in the
Yakut population with respect to the control group (supplementary figs. S12 and S13, supplementary table
S10, Supplementary Material online), suggesting that these loci might play a relevant role in the modulation
of the described adaptive responses.

As concerns genes included in the AGE-RAGE signalling pathway in diabetic complications and
Serotonergic synapse pathways, variation at NFKB1 was previously associated with increased risk of
developing type 2 diabetes (Coto et al. 2018) and the gene silencing was proved to alleviate oxidative stress
injury, insulin resistance, inflammation, and cell apoptosis in gestational hypertension mice (Guo et al.
2021). Furthermore, PRKCB activation is related to insulin-resistance mediated atherosclerosis (Li et al.
2013) and its upregulation has been detected in diverse tissues of diabetic individuals suggesting
involvement of this protein in the development of insulin resistance (Chen et al. 2013). Accordingly,
overexpression of PRKCD has been detected in obese humans, as well as in mice liver with hepatic insulin
resistance characterized by decreased insulin signalling, enhanced lipogenic gene expression, and
hepatosteatosis (Bezy et al. 2011). Finally, the HTR1F receptor was shown to regulate the secretion of
glucagon in pancreatic alpha cells thought the binding with serotonin (Almaca et al. 2016). In fact, serotonin
regulates energy metabolism in several others peripheral tissues, such as BAT and white adipose tissue,
skeletal muscle and liver (Choi et al. 2020). Notably, it has been advanced that cold exposure significantly
potentiates the maximal insulin responses for glucose uptake in mice BAT, white adipose tissue, and skeletal
muscles, possibly due to enhanced responsiveness of peripheral tissues to insulin Vallerand et al. 1987,
Labbé et al. 2015). Therefore, the involvement of NFKB1, PRKCB, PRKCD, and HTR1F genes in
modulating Yakut-specific adaptive traits may constitute evidence for the genetic bases of enhanced insulin
response with consequent glucose uptake, which is necessary to sustain the metabolic demand of peripheral
tissues in extreme cold environments.

In accordance with this picture, the INSR insulin receptor was also found to be included in significant gene
networks belonging to the PI3K-Akt signalling pathway, but in both Yakut and control populations (Fig. 2,
supplementary table S5 and S6, Supplementary Material online). In detail, this gene encodes a member of the
receptor tyrosine kinase family of proteins which bind insulin, activating downstream signalling and thus
regulating glucose uptake, release, as well as the synthesis and storage of carbohydrates, lipids and proteins
(Sayers et al. 2022). Moreover, INSR mutations have been associated to inherited severe insulin resistance
syndromes, such as type A insulin resistance, Donohue and Rabson-Mendenhall syndromes (Sayers et al.

2022). Finally, LASSI-signet analyses similarly pointed out in both Yakut and control groups a significant
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gene network participating to Glycerolipid metabolism, which includes a series of loci involved in the
synthesis and digestion of lipids (e.g., GPAT3, MGLL and PLPP3) (Kanehisa and Goto 2000; Sayers et al.
2022) (Fig. 2, supplementary table S5 and S6, Supplementary Material online). Again, validation of the
identified putative adaptive genes by means of the independent Trendesetter method provided support for
Yakut-specific adaptive evolution of most of those belonging to the AGE-RAGE signalling and Serotonergic
synapse pathways (i.e., NFKB1, PRKCB, PRKCD, HTRF1), as well as for a shared adaptive history between
the Yakut and Russian groups as concerns loci that play a role in Glycerolipid metabolism (i.e., GPAT3,
PNLIP, MOGAT2, PLPP1) (Fig. 4c and 4d, supplementary figs. S16, S17, and S18, supplementary table S11
and S12, Supplementary Material online). Overall, when the occurrence of eQTLs was investigated in these
candidate genes, homozygous variants able to alter INSR, NFKB1, PRKCB, and HTR1F expression were
observed at remarkably higher frequency in Yakuts than in the control population (supplementary figs. S12
and S13, supplementary table S10, Supplementary Material online).

Finally, by considering the bulk of adaptive responses to cold climate conditions inferred for the Yakut and
control populations, we also explored the possible contribution of archaic introgression events in shaping the
depicted evolutionary scenario. To this end, results from both Sprime and Haplostrips analyses showed that
gene flow from archaic human species similarly impacted Yakut and control variation patterns at some of the
identified candidate adaptive genes (Fig. 3, supplementary figs. S7, S8, and S9, Supplementary Material
online), suggesting that introgression likely occurred before the divergence of their gene pools. In detail,
results indicative of adaptive introgression events were obtained for genes associated with type 2 diabetes
(Grarup et al. 2018), adiposity and insulin resistance (Keele et al. 2018; Tian et al. 2018) (ADCY3), lipid
metabolism (PLPP3) (Sayers et al. 2022), tumours (ATP1B2) (Sun et al. 2013; Suguro et al. 2014), and
immune functions (CD247) (Sayers et al. 2022). Among them, the most compiling pattern was observed for
the ADCY3 gene (Fig. 3 and supplementary table S7, Supplementary Material online), whose adaptive
evolution in the Russian population was confirmed also by validation analyses (Fig. 3, supplementary fig
S18c, supplementary table S12, Supplementary Material online). Interestingly, this locus has been previously
reported to be up-regulated in mouse BAT after cold exposure and to be plausibly involved in the evolution
of climate-related adaptations in populations of European ancestry (Sazzini et al. 2020).

In conclusion, the application of an integrated pipeline of analyses aimed at uncovering genetic signatures
ascribable to a variety of selective events allowed us to provide new evidence on the genetic bases of
polygenic adaptations likely involved in the modulation of physiological and metabolic responses to extreme
cold environments evolved by different populations from high-latitude regions of the Eurasian continent. We
also propose that some of these responses are compatible with an evolutionary scenario of adaptive
introgression from both Denisovan and Neanderthal species, thus contributing to expand our knowledge

regarding the biological implications of admixture between archaic and modern humans.

Materials and Methods
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Dataset composition and curation

WGS data for the 25 Yakut individuals analysed in the present study were collected among those generated
by Bergstrom et al. (2020). To contextualize Yakut genomic variation within the framework of human
genetic diversity at large scale, we also assembled an extended dataset by merging WGS data available in
public repositories and representative of populations of East Asian, Central Asian, European and Native
American ancestries (Auton et al. 2015; Bergstrom et al. 2020) (supplementary table S1, Supplementary
Material online). We merged these data using functions implemented in the PLINK software version 1.9
(Purcell et al. 2007) by performing QC filtering to reduce the possible bias associated with data quality
issues. Specifically, we prepared the dataset to be subjected to genotype-based population structure analyses,
such as PCA and ADMIXTURE, by retaining those SNVs that: i) presented less than 5% of missing data, ii)
respected the Hardy-Weinberg Equilibrium (HWE) according to the stringent p-value threshold obtained
after Bonferroni correction for multiple testing (i.e., SNVs showing p-values < 9.78 x 10 were removed),
iii) presented a Minor Allele Frequency (MAF) greater than 1%, and iv) were in low LD between each other
(i.e., showed a r? score minor or equal to 0.2). We also excluded those individuals that presented more than
5% of missing data and identity-by-descent (IBD) kinship scores (PiHat) greater than 0.27 after calculation
of the degree of recent shared ancestry for each pair of subjects to remove closely related individuals to the
second degree, as suggested for datasets including populations with relatively low effective population size
and appreciable inbreeding levels (Ojeda-Granados et al. 2022). In parallel, to carry out haplotype-based
population structure analyses (i.e., ChromoPainter and fineSSTRUCTURE) we phased a copy of the dataset in
which we retained low-frequency variants (i.e., showing MAF < 1%) and SNVs in LD. The phasing
procedure was performed using the SHAPEIT software v2.r904 (Delaneau et al. 2013), as well as HapMap
phase 3 recombination maps and the 1000 Genomes Project dataset as a reference panel (Auton et al. 2015).
Furthermore, in order to avoid loss of data (in terms of number of available SNVs) due to the described
merging procedure, for populations submitted to SMC++ analysis and selection scans we directly extracted
WGS data for the filtered individuals from both the unphased and phased HGDP datasets (available at
https://ngs.sanger.ac.uk/production/hgdp/hgdp_wgs.20190516/) and we applied the following QCs to remove

SNVs: i) with more than 5% of missing data, ii) showing significant deviation from the HWE (i.e., variants
with p-value < 2.51 x 10®), iii) presenting ambiguous A/T or G/C alleles, iv) with mapping quality < 20, and

v) with values of sequence depth < 30.

Fine scale population structure analyses and identification of a control population

The extended unphased dataset was first subjected to PCA and ADMIXTURE analyses to check for data
consistency after the merging procedure and to investigate broad patterns of population genetic structure.
Specifically, we carried out PCA by employing the smartpca function implemented in the EIGENSOFT

package (Patterson et al. 2006), while ADMIXTURE analysis was run using the ADMIXTURE software
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version 1.3.0 (Alexander et al. 2009) by considering a progressively increasing number of hypothetic
ancestry components (Ks) ranging from 2 to 13 and by choosing the configuration that best fits to the data
based on the lowest 5-fold cross-validation (CV) error associated to each K. ChromoPainter and
fineSSTRUCTURE analyses were then performed to explore patterns of fine scale population structure and to
identify genetically homogeneous groups to be submitted to downstream analyses. For this purpose, we used
the phased extended dataset to estimate the mutation rate (mu) and the Ne parameters using the —in and —iM
flags implemented in the ChromoPainterv2 software (Lawson et al. 2012) based on a subset of four
representative chromosomes (i.e., 4, 10, 15, and 22) and five representative individuals for each population.
We then calculated average values for the estimates obtained for each individual and for each of these
chromosomes, and we used them to process data from all the 22 chromosomes included in the dataset. In
particular, we treated as donor and recipient each individual in turn using the 0 0 -a 0 0 option and the
obtained co-ancestry matrices were subjected to the fineSTRUCTURE algorithm version 2.1.3 to identify
population clusters characterized by high internal genetic homogeneity by relying on haplotype sharing
patterns between pairs of individuals. In detail, we corrected the fineSTRUCTURE estimation based on the ¢
value previously calculated with ChomoPainter. Moreover, we set the flags -x, -y and -z respectively at
3,000,000, 2,000,000 and 10,000 for the primary step of the analysis. Finally, we run the estimation of the
tree topology setting the —x and —t flags at 1,000,000 iterations. By relying on the obtained results, we
retained 25 Russian individuals to be used as a control group characterized by relatively shared ancestry with
the Yakuts to perform analyses aimed at inferring their fluctuations in Ne and adaptive events.

Inferring Ne fluctuations, split time and admixture events in Yakut and control populations

To infer Ne history of Yakuts and of the selected control group, their respective unphased datasets were
analysed with the SMC++ algorithm (Terhorst et al. 2017). Among the methods that rely on Sequentially
Markovian Coalescent (SMC) approaches for estimating the demographic history of populations, SMC++ is
indeed preferred to process large datasets since it is capable to analyse more than 20 haploid genomes
simultaneously (Sellinger et al. 2021). Initially, each genomic dataset was converted to the required format
using the vcf2smc function by incorporating six different distinguished lineages and the negative mask file for
the HGDP genomes, which was obtained by complementing the positive mask file available at

https://ngs.sanger.ac.uk/production/hgdp/hgdp_wgs.20190516/accessibility-mask/). ~ Subsequently,  the

estimate function was applied to fit a population size history to each dataset, by considering a mutation rate of
1.25 x 1078 per site per generation (Terhorst et al. 2017). The analysis spanned a period between 1,000,000
and 1,000 years ago, corresponding to 34,000 and 34 generations respectively, assuming a generation time of
29 years (Bergstrom et al. 2020). The Yakut and control datasets were then combined into a single dataset to
estimate the split time between their ancestral populations, by using the split function implemented in the
SMC++ program and by assuming a model with no post-split gene flow between populations. Finally,

informed by the results of ADMIXTURE analysis, we used the gp3pop function implemented in the
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ADMIXTOOLS package (Reich et al. 2009; Patterson et al. 2012) to computed the f3-statistics in the form of
f3(Test; Sourcel, Source2), in order to formally test for the presence of admixture events involving the
considered Yakut and control populations. Significant admixture events (i.e., population trios yielding a Z-
score smaller than —3) were subsequently dated with ALDER (Loh et al. 2013) by using a generation time of

30 years for the conversion of estimated dates.

Integrating multiple methods to detect genomic signatures of adaptive evolution

To detect genomic signatures ascribable to a wide range of selective events, we assembled a pipeline of
analyses by relying on three different likelihood-, network-, and Machine Learning-based approaches, which
we combined to pinpoint biological traits plausibly impacted by the action of positive natural selection,
including complex ones for which adaptive evolution was enabled by selection having simultaneously
occurred on many loci contributing to the same biological function. We first took advantage from the LASSI
method developed by Harris & DeGiorgio (2020), which can distinguish between strong and weak signatures
left by natural selection on the haplotype frequency spectrum calculated for sliding genomic windows. Such
a method was chosen among several selection statistics since i) it was demonstrated to have an improved
power with respect to traditional selection scans in the identification of selective events under a vast range of
selection coefficients and demographic models (Harris and DeGiorgio 2020); ii) it can be used to easily
distinguish hard selective sweeps from other selective events by filtering results in function of the m
parameter (i.e., the number of sweeping haplotypes that are supposed to carry putative adaptive variants,
which is equal to one for hard sweeps and > 2 in the other cases). The LASSI statistic was computed across
genomic windows after having estimated the average number of SNVs included in all the inferred haplotype
blocks obtained for the Yakut and control groups. In details, we first run the --blocks function implemented
in the PLINK v1.90b5.2 package on the unphased datasets to infer haplotype blocks and the number of SNVs
included in each of them. We then calculated the average number of SNVs encompassing all the inferred
haplotype blocks and we used such a value to divide the genome into sliding windows on which the LASSI
scan was performed. Furthermore, the overall distribution of the LASSI statistic was filtered according to the
m parameter (i.e., by considering m > 2) to exclude genomic windows affected by hard selective sweeps and
by retaining chromosomal intervals showing the greatest likelihood values associated to each gene. The
distribution of selection scores filtered according to these criteria was then used to inform the second step of
the pipeline of analyses, which relied on the signet method (Gouy et al. 2017). Such an approach enabled us
to identify networks of genes contributing to the same biological function and collectively characterized by
moderate-to-weak signatures of natural selection, thus being potentially informative of selective events
occurred according to a polygenic adaptation model. We run the signet algorithm using the R version 3.6.3
and by performing 20,000 iterations to generate the null distributions of the highest scoring subnetwork
(HSS). After comparison of HHS scores obtained for each single gene network with the null distribution,

networks showing FDR < 0.05 were retained as significant groups of candidate adaptive loci participating to
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the same functional pathway according to information stored in the KEGG database (Kanehisa and Goto
2000). Finally, the last step of the implemented pipeline of analyses consisted in the utilization of the
Trendsetter supervised multinomial regression classifier that evaluated the distribution of diverse
selection/summary statistics across genomic windows to predict both strong and weak signatures ascribable
to the action of natural selection (Mughal and DeGiorgio 2019). Such an approach was used to further
support at the single gene level the weak selection signals identified with the combination of LASSI and
signet methods and/or to point out additional putative adaptive loci showing functional relationships with
them. For this purpose, we first trained the classifier using three sets of simulations, which were built for
each possible predictable class (i.e., hard sweeps, soft sweeps and neutral evolution; see the following
section for further details), and comprising 5,000 simulations each. Moreover, we generated three additional
test sets each including 1,000 simulations for each class to build calibration curves and to evaluate the
accuracy of the trained classifier by using the packages calibration and metrics implemented in the Scikit-
learn Python library. Finally, we used the trained algorithm on the real Yakut and control datasets to classify

each region of the genome in hard sweeps, soft sweeps or neutral evolutionary scenarios.

Generating genomic simulations to train the Trendsetter classifier

Simulations used to train the Trendsetter classifier were generated with the software discoal (Kern and
Schrider 2016) by considering Ne values estimated with SMC++. For each possible evolutionary scenario,
we simulated the total number of haplotypes for each population (i.e., sample size) with a chosen length of
1.1 Mb (Mughal and DeGiorgio 2019), assuming a mutation rate (theta) of 1.25 x 10~8 per site per
generation, and a population recombination rate (rho) of 1 x 10~8. The values of both theta and rho were
scaled by the length of the simulated haplotype and by the current effective population size (N,). In addition
to these basic parameters, simulating the neutral evolutionary scenario required population size changes to be
specified (i.e., -en flag). Soft and hard selective sweeps were instead modelled as stochastic events, with
beneficial mutations introduced at the centre of the simulated region and assuming they have been subjected
to the action of natural selection with a per-generation selection coefficient (i.e., s) randomly drawn from a
uniform distribution within the range [0.005 - 0.5] (Mughal and DeGiorgio 2019). For all selection
simulations, the timing of fixation of the adaptive allele was randomly selected from a uniform distribution
spanning from 0 (i.e., present) to 1,200 (Mughal and DeGiorgio 2019) and to 1,034 (Pitulko et al. 2004)
generations in the past for the control and Yakut population, respectively. More in detail, these times were
chosen since they identify a reliable approximation for the earliest Out of Africa migrations of modern
humans, as well as the most ancient evidence for colonization of the Yakutia region by ancestral H. sapiens
populations (Pitulko et al. 2004). Furthermore, to simulate soft sweeps from standing genetic variation, the
initial frequency of the beneficial allele was randomly sampled from a uniform distribution within the
interval [0.01 - 0.10] (Mughal and DeGiorgio 2019).
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Detecting archaic adaptive introgression events

To evaluate the role played by events of archaic introgression in shaping the genomic variability of the Yakut
population, we applied the Sprime method (Browning et al. 2018) to the respective phased dataset.
Subsequentially, in order to shortlist those introgression events that have potentially mediated also adaptive
processes in Yakut ancestors, we crosschecked results obtained with Sprime with those suggestive of
adaptive evolution as supported by the selection scans previously described (Gouy et al. 2017; Harris and
DeGiorgio 2020). In details, we crosschecked putative introgressed chromosomal segments with genomic
windows ranking in the top 1% of values of the LASSI statistic (subjected to enrichment analysis using the
STRING toll available at https://string-db.org/) and with candidate adaptive genes supported by the

combined results of LASSI-signet methods and/or by Trendsetter analysis. Moreover, we further validated
putative archaic introgression signatures detected on Yakut candidate adaptive loci by comparing their
haplotype structure with those observable from archaic genomes (i.e., Vindija Neanderthal, Altai
Neanderthal and Altai Denisovan genomes available respectively at
http://cdna.eva.mpg.de/neandertal/Vindija/\VVCF/Vindija33.19/, ../Altai/, and ../Denisova/) thought the

Haplostrips software (Marnetto and Huerta-Sanchez 2017). In particular, the algorithm was run on Yakuts

(i.e., the test population), Russians (i.e., the control population selected to have a relatively shared ancestry
with Yakuts), and Yoruba (i.e., the outgroup population), as well as on archaic sequences by treating them in
tourn as the possible source of introgression. Moreover, we first run Haplostrips on the entire genes and
subsequentially on the overlapped genomic windows associated with positive values of the LASSI statistic
(i.e., those targeted by natural selection according to Harris and DeGiorgio 2020), as previously described
(Ferraretti et al. 2024).

Investigating haplotype and genotype frequencies for candidate adaptive eQTLs

To further validate adaptive events occurred specifically in the Yakut population, we investigated possible
differences in allele/haplotype frequencies between this human group and the selected control population.
For this purpose, we performed a Fisher exact test using the --assoc fisher function implemented in the
PLINK package version v1.90b5.2 (Purcell et al. 2007) and by considering all SNVs included in the
identified candidate adaptive genes. Loci presenting significant differences in frequency were identified as
those associated with corrected FDR < 0.05 by using the p.adjust function in the R version 4.3.1. We further
shortlisted the variants most plausibly involved in mediating the inferred adaptations by focusing on those

annotated in the GTEX portal (https://www.gtexportal.org/home/) as single tissue eQTLs that influence the

expression of target genes in different body districts previously proposed to present biological responses to
cold exposure in both mouse and human models and/or producing hormones able to modulate such
mechanisms (i.e., white adipose tissue, thyroid and skeletal muscle) (Ribeiro et al. 2001; Blondin et al. 2015;
Xu et al. 2019; Zekri et al. 2021). In details, we reconstructed haplotypes including the significant eQTLs in

the examined populations by: i) extracting genomic regions of interest by considering windows pointed out
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by LASSI analyses as putative targets of natural selection (i.e., those associated with positive values of the
likelihood statistic) (Harris and DeGiorgio 2020) and including significant eQTLs, ii) using the --blocks
function implemented in PLINK v1.90b5.2 to reconstruct haplotype blocks, iii) filtering variants included in
these blocks by retaining only those pairs presenting high LD values (i.e., r>> 0.8). Finally, we extracted data
for the SNVs composing each haplotype from phased datasets and we calculated haplotype frequencies with
the GHap R package (Utsunomiya et al. 2016). Genotype frequencies for eQTLs included in the inferred
haplotypes were also obtained with the -- fregx function implemented in PLINK v1.90b5.2.
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Figure 1. Genetic structure and Ne inferences. (a) ADMIXTURE profiles inferred with best predictive
accuracy (K=4) for the individuals included in the extended unphased dataset. Samples belonging to the
Yakut population are characterized by a predominant ancestry component (i.e., blue), which reaches
appreciable proportions also in the majority of the populations from East Asia (e.g., Xibo) Central Asia (e.g.,
Burusho), and Russia. The ancestry component reaching the greatest frequencies in the majority of the East
Asian populations (i.e., light-blue) was instead detectable in minimal proportions in the Yakuts.
Additionally, the typical European and Native American components turned out to be recognizable also in
the Yakut cluster. (b) Dendrogram resulting from ChormoPainter/fineSTRUCTURE analyses performed on
the phased extended dataset. The clusters were named according to the population that was mostly
represented in each of them, and they are coloured according to the geographic macro-area of origin reported
in the legend. The nodes depicted in the plot are characterized by a nodal support > 0.80. The extensive
dendrogram displaying all the individuals belonging to a given cluster is reported in Supplementary Figure
S5, Supplementay Material online. (c) Plot displaying the result of SMC++ estimations of the effective
population size (Ne) changes in both Yakut (i.e., YKT, red curve) and Russian (i.e., RUS, green curve)
populations. On the x-axis is reported the considered time interval from 10° to 10° years ago. On the y-axis
are instead displayed the inferred Ne values, ranging from 107 to 10? estimated individuals. From 100k years
ago both the curves start to decline, testifying a decreasing in Ne that starts to recover at 40k (RUS) and 30k
(YKT) years ago. Such a trend is typical of non-African population since it attests the drop in the effective
population size experienced by H. sapiens population during the Out of Africa migrations. The vertical blue
line indicates the inferred split time between Russians and Yakuts dated between 7,500 and 8,000 years ago.
The inferences of Ne for the control population suggests that this human group after the Out of Africa

demographic drop experienced a constant increasing in the effective population size until 8k years ago.
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Subsequentially the curve starts to slightly decrease settling then at values of 20k estimated individuals at 1k
years ago. A similar trend is observed for the Yakuts although especially after the split time, the effective
population size markedly dops finally reaching 7k estimated individuals at 1k year ago, suggesting both

geographic and genetic isolation of this human group.
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Figure 2. Selective signatures ascribable to the model of polygenic adaptation identified with the
LASSI-signet approach and plausibly evolved in response to cold-induced selective pressures.
Networks of genes belonging to the Thyroid hormone pathway and to the AGE-RAGE signalling pathway in
diabetic complications, whose variation patterns resulted significantly impacted by the action of natural
selection exclusively in the Yakut population, are displayed as light blue and orange circles, respectively.
Significant gene networks within the MAPK/PI3K-Akt signalling and Glygerolipid metabolism pathways
detected in both Yakut and control human groups are instead shown with grey and yellow circles,
respectively. In detail, all the genes reported in the figure and included in the Glycerolipid metabolism
pathway showed adaptive evolution in both Yakuts and control groups, while only the underlined genes in
the MAPK/PI3K-Akt signalling presented the same shared pattern. Gene networks were built using the
STRING app implemented in Cytoscape version 3.10.3 by setting the STRING high confidence score of 0.7.
Genes belonging to the same pathway were displayed as circular networks (i.e., adopting the circular layout
in Cytoscape) in order to highlight the functional connections inferred among different significant signet
networks/pathways.
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Figure 3. Haplotype structure reconstructed for the adaptive introgressed ADCY3 gene. (a) Haplostrips
plot showing patterns of haplotype diversity in the ADCY3 gene among modern human populations (i.e.,

Yakut, Russian, Yoruba) and archaic samples (i.e., Denisovan Altai, Neanderthal Altai and Neanderthal
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Vindija). Single haplotypes (reported in rows) are ranked with respect to the number of differences with
respect to the Denisovan sequence. SNVs are displayed in columns with the ancestral and derived states
reported in white and black colours, respectively. The great majority of haplotypes belonging to both Yakut
(i.e., blue) and control (i.e., green) populations were found to present the smallest amount of haplotype
pairwise differences with the Denisovan ones (i.e., black), even with respect to Vindija (i.e., red) and Altai
(i.e., light blue) Neanderthal samples. Haplotypes of the Yoruba outgroup population (i.e., purple) cluster
mainly at the bottom of the plot, attesting a remarkable diversity of this human group compared to the
Denisovan sequence and showing opposite haplotype patterns with respect to non-African populations. Red
squares localize the positions of overlapped putative adaptive windows identified by LASSI in the ADCY3
gene. (b-c) Haplostrips plots build for overlapped genomic windows presenting a variation pattern indicative
of adaptive evolution according to the LASSI statistic in the Yakut population and falling within the ADCY3
gene. In both the genomic regions are maintained similar patterns of haplotype variation with respect to those
observed across the entire ADCY3 gene. In detail, the majority of haplotypes belonging to Yakut and control
populations are extremely conserved, presenting the smallest amount of pairwise differences with respect to
Denisovan haplotypes, thus suggesting the occurrence of archaic adaptive introgression at the ADCY3 locus
in both these human groups.
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Figure 4. Confusion matrix and selective signatures supported by the Trendsetter classifier obtained
for the Yakut population. (a) Confusion matrix built relaying on results obtained after the application of
the trained Trendsetter classifier on the validation set of genomic simulations (i.e., comprehending 1,000

simulated replicates for each tested evolutionary scenario). Along the diagonal are reported the numbers of
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correct classifications assigned by the algorithm, while in the remaining rows/columns are shown the
misclassifications. (b) Table displaying precision, recall, and f1-score values calculated for each tested class,
as well as the f1-score weighted average and global accuracy values. (c-d) Distribution of Trendsetter
predicted probabilities of being classified as hard sweeps (i.€., red curve), soft sweeps (i.e., blue curve) and
neutral regions (i.e., black curve) across the putative adaptive HTRF1 and NFKB1 genes in the Yakut
population, respectively. For both the plots, the x axis reports the positions of the central SNV in each
genomic window identified according to the Trendsetter approach on the HTRF1 and NFKB1 genes,
respectively. On the y-axis are instead shown the values of Trendsetter predicted probabilities associated to
each of the three tested classes. The grey rectangles in the background represent genomic regions in the
considered genes that present values indicative of the action of natural selection according to the LASSI
statistic. (c) The output probabilities inferred for all genomic windows falling in the HTRF1 gene and
associated to the soft selective sweep class are substantially more elevated with respect to the neutral one,
suggesting that variation patterns at this locus have been intensively shaped by selective events. More in
detail, soft sweeps probabilities are dominant for the entire gene (i.e., ranging from 0.8 to 0.5) except for a
region in the middle of it, in which hard sweeps probabilities overcome them. (d) Probabilities of soft sweeps
classification obtained across the NFKB1 gene were outstanding with respect to both hard sweeps and neutral
scenarios, reaching values constantly higher than 0.90, thus supporting signatures of natural selection for this
gene conformed with the soft selective sweeps model.
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