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SUMMARY

The�gut�microbiome�is�integral�to�human�health,�yet�research�data�to�date�have�emphasized�industrialized�
populations.�Here,�we�performed�large-scale�shotgun�metagenomic�sequencing�on�1,893�individuals�from�

rural�Honduras,�providing�the�most�comprehensive�microbiome�dataset�from�Central�America.�We�identify�
a�distinct�microbial�composition�enriched�in�Prevotella�species.�Longitudinal�analysis�in�301�individuals�
reveals�microbiome� instability,�with�shifts� in�taxonomic�diversity�and�metabolic�potential,� including�
changes�associated�with�severe�acute�respiratory�syndrome�coronavirus�2�infection.�Additionally,�we�
characterize�the�gut�virome�and�eukaryotic�microbiome,�identifying�uncharacterized�viral�taxa�and�a�
high�prevalence�of�Blastocystis� species� in� individuals�with�greater�microbial�diversity.�Finally,�by�
integrating�host�genomic�data,�we�uncover�significant�host-microbiome�associations,�highlighting�the�
influence�of�human�genetic�variation�on�microbial�composition.�These�findings�expand�our�understanding�
of�microbiome�diversity�in�non-industrialized�populations,�underscoring�the�need�for�global�microbiome�
research.

INTRODUCTION

Extensive�work�has�investigated�the�role�that�the�human�micro-
biome�plays�in�health�and�illness,�and�how�variations�in�diet,�life-
style,�social�interactions,�and�environment�are�relevant�to�its�
composition.�1–3�At�present,�existing�sampled�microbiomes�are�
heavily�skewed�toward�western�and�industrialized�countries�in�
which�individuals�have�generous�access�to�antibiotics�and�other�
medications�and�a�diet�rich�in�ultra-processed�food�and�low�in�
fiber.�4,5�Yet,�more�than�80%�of�the�world�population�lives�outside�
Europe�and�North�America.�An�exploration�of�people’s�micro-
biome�composition�from�geographically�diverse�areas�is�neces-
sary�for�a�more�comprehensive�understanding�of�variation�in�mi-
crobiome�composition,�as�well�as�its�association�with�human�
health�and�even�with�host�genetic�background.�Previous�studies�
have�documented�that�non-western�populations�harbor�a�more�
diverse�microbiome,�with�several�taxa�that�do�not�occur�in�other�
populations�6,7�;�in�fact,�some�microbes�appear�to�have�even�
become�extinct�in�western�populations.�8

Modern�tools�have�simplified�the�process�of�exploring�this�vari-
ation.�Advances�in�sequencing�and�computational�methods�have�
enabled� the� reconstruction� of�more� refined�metagenomic�
assembled�genomes�(MAGs)�and�the�consequent�expansion�of�
the�set�of�observed�species�in�the�human�gut.�Thus,�MAGs�re-
constructed� from� under-represented� regions� can� provide�
ecological�and�functional�insights�into�the�human�diversity�of�
the�gut�microbiome.�Here,�we�perform�shotgun�metagenomic�
sequencing�on�1,893�individuals�living�in�the�isolated�western�
highlands�of�Honduras,�which�is�the�largest�shotgun�metage-
nomic�dataset�collected� in�the�Central�America�region�and�
from�a�single�non-western�population�to�date.�In�addition,�using�
saliva,�we� performed� low-pass� sequencing� of� the� human�
genome�to�conduct�microbiome-genome�association�analyses.�
Furthermore,�by�putting�the�Honduran�microbiome�in�a�more�
global�context,�we�describe�the�extent�of�microbial�diversity�
observed� in�Honduras� and� report� several� uncharacterized�
species.�We�also�explore�associations�between�host�human�ge-
notypes�and�microbiome�occurrence.
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RESULTS

Gut�microbiome�genome�catalog
We�enrolled�a�total�of�1,893�people�from�26�geographically�iso-
lated�villages�in�rural�Honduras.�The�villages�varied�in�size�from�

66�to�434�residents.�This�cohort�includes�participants�from�18�vil-
lages�that�are�part�of�a�previous�study.�1�The�age�of�the�partici-
pants�ranges�from�15�to�94�years�(mean�40.73�years,�SD�=�17).�
The�majority�of�participants,�63.9%�(n�=�1,210),�are�women.�

Stool�samples�were�collected�starting�in�2020,�and�a�subset�of�
301�individuals�were�sampled�again�after�two�years�for�a�longitu-
dinal�analysis.�We�performed�shotgun�metagenomics�on�a�total�of�
2,191�samples,�which�generated�a�total�of�27.5�Tbp�of�data�(mean�
12.53�Gbp,�SD�4.4�Gbp).�We�then�proceeded�to�include�our�cohort�
in�a�larger�context�by�integrating�our�analyzed�samples�with�hu-
man�gut�metagenomes� from�34�different�datasets�spanning�
different�lifestyles�and�geographical�locations,�resulting�in�a�total�
of�13,030�metagenomes�9–37�(Figure�S1;�Tables�S1�and�S2).�

SGB-level� (species-level�genome�bins)�21� composition�was�
determined�with�MetaPhlAn�4.�38�Similar�to�what�has�been�previ-
ously�observed�in�other�non-western�populations,�8,30,39�the�overall�
species-level�composition�in�the�Honduras�dataset�is�dominated�
by�Prevotella�copri�clades,�now�reclassified�as�the�Segatella�genus;�
in�particular,�52%�of�the�samples�have�P.�copri�clade�A�as�the�most�
abundant�species,�with�a�decreasing�fraction�of�samples�showing�
Prevotella�hominis�and�Spirochaetia�SGB3548�as� the�most

abundant�species.�Lacrimispora�amygdalyna� (SGB4716)�was�
identified�as�the�most�prevalent�species�among�our�Honduras�
samples,�present�in�virtually�all�the�samples�(99.5%).�While�we�
did�observe�some�overlap�in�composition�between�individuals�in�
Honduras�and�African�and�Middle�Eastern�cohorts,�the�Honduras�
abundance�profiles�are�nevertheless�distinguishable� (PERM-
ANOVA�p�=�0.001)�(Figure�1A)�with�several�Prevotellaceae�species�
found�to�be�more�abundant�in�our�cohort�than�other�non-western�
cohorts�(Table�S3).�The�species�identified�as�the�strongest�distin-
guishing�marker�between�Honduras� and�other� non-western�
cohorts�was�Veillonellaceae�SGB5809.�Overall,�the�increased�
abundance�of�the�whole�Prevotellaceae�family�is�the�main�distin-
guishing�feature�that�differentiates�Honduras�from�other�non-west-
ern�cohorts�(linear�mixed�model�β�=�22.88,�SEM�=�0.50,�p�=�0).�Also,�
Ruminococcaceae�family�bacteria�were�found�to�be�less�abundant�
in�Honduras,�although�to�a�lesser�extent�(linear�mixed�model�β�=
→�7.13,�SEM�=�0.23,�p�=�8.38�↑�10�→�188�).
We�then�compared�the�overall�distribution�of�specific�bacterial�

families�to�assess�differences�in�composition�between�our�cohort�
and�other�western�and�non-western�cohorts.�Families�Spiro-
chaetaceae,� Prevotellaceae,� and� Succinivibrionaceae� are�
commonly�found�to�be�increased�in�populations�with�traditional�
lifestyles�(VANISH�taxa),�while�industrialized�populations�have�
higher�abundances�of�Verrucomicrobiaceae,�Akkermansiaceae,�
and�Bacteroidaceae�(BloSSUM�taxa)�7,8�(Figure�S2).�We�identified�
a� total�of�173�species� from� the�VANISH� families�and�189
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Figure�1.�The�Honduras�gut�microbiome�in�a�global�context
PCoA�(A)�of�the�Bray-Curtis�dissimilarity�calculated�on�the�SGB�relative�abundances�of�13,030�samples.�Honduras�taxonomic�composition�is�distinct�from�other�

non-western�cohorts�(PERMANOVA�p�=�0.001).�Honduras�samples�have�lower�diversity�(B)�but�more�richness�(C)�in�terms�of�CAZy�modules,�and�they�also�have�

certain�modules�present�in�higher�abundance�compared�to�other�datasets�(D).�Boxplot�whiskers�extend�from�the�hinge�to�no�further�than�1.5↑�interquartile�range�
(IQR)�from�the�hinge.

2� Cell�Reports�45,�116724,�January�27,�2026

Article
ll

OPEN�ACCESS



species�from�the�BloSSUM�group.�The�overall�distribution�of�
BloSSUM�taxa�in�the�Honduras�population�resembles�the�one�
observed� in�other�non-western�cohorts,�with�slightly�higher�
abundances�of�Bacteroidaceae�taxa�(Wilcoxon�rank-sum�test�
p�=�2.15�↑�10�→�22�)�and�lower�abundances�of�Verrucomicrobia-
ceae� than� other� non-western� cohorts� (Wilcoxon� test� p� =�
1.14�↑�10�→�48�).�All�VANISH�families�are�present�in�higher�abun-
dances,�especially�Prevotellaceae�(Wilcoxon�rank-sum�test�p�=�
1.92�↑�10�→�290�).�Spirochaetaceae�and�Succinivibrionaceae�are�
found�in�lower�abundances,�but�higher�than�other�cohorts�(Wil-
coxon�rank-sum�test�p�=�2.01�↑�10�→�45�and�p�=�3.27�↑�10�→�1�,
respectively).�In�addition,�our�cohort�had�richer�samples�than�
other�analyzed�countries�(Wilcoxon�rank-sum�test�p�<�0.05)�
except�for�datasets�from�Ethiopia,�Fiji,�Liberia,�Ghana,�Indonesia,�
and�Burkina�Faso�(Table�S4;�Figure�S3).
We�did�not�observe�any�differences�in�alpha�diversity�between�

people�living�in�different�villages�in�Honduras,�but�some�villages�
could�be�distinguished�according�to�differences�in�the�overall�
composition�(PERMANOVA�p�=�0.001).�Although�most�people�
self-reported�their�ethnicity�as�Maya�Ch’orti’,�we�did�not�observe�
any�difference�in�microbiome�composition�based�on�self-re-
ported�ethnicity.
Looking�at�the�functional�composition,�the�Honduran�micro-

biome�is�also�distinct�(Figure�S4).�In�terms�of�predicted�metabolic�
pathways,�samples�from�Honduras�are�separated�on�the�prin-
cipal�coordinate�analysis�(PCoA)�space�from�other�western�and�
non-western�cohorts�(PERMANOVA�p�=�0.001,�Table�S5).�This�
is�also�apparent�when�looking�at�the�distribution�of�carbohy-
drate-active�enzymes�(CAZy),�which�digest�carbohydrates.�We

observed�that�non-western�cohorts�exhibited�lower�richness�of�
CAZy�modules�compared�to�western�cohorts,�while�Honduras�
showed�lower�Shannon�diversity,�but�higher�richness�than�both�
western�and�non-western�cohorts�(Figures�1B�and�1C),�although�
the�distribution�of�the�Shannon�diversity�for�the�Honduras�sam-
ples�had�lower�variance�compared�to�the�other�categories,�and�
differences�between�individual�countries�could�be�observed�as�
well,�especially�in�the�tail�of�the�distribution�(Figure�S5).�Differen-
tial�abundance�analysis�showed�that�two�CAZy�classes,�GH�
(glycoside�hydrolase)�and�GT�(glycosyl�transferases),�were�pre-
sent�at�different�levels�in�our�cohort.�GH�modules�are�enzymes�
that�break�down�carbohydrates�into�simpler�sugars,�and�their�
presence�is�associated�with�diets�high�in�fiber.�40�GT�modules�
are�glycosyltransferases,�enzymes�involved�in�a�wide�range�of�
roles�from�cell�membrane�formation�to�antibiotic�production.�
Higher�median�abundance�of�GH3�modules�and�a�lower�median�
abundance�of�GH13,�GT2,�and�GT4�modules�were�observed�in�
Honduras�compared�to�other�cohorts�(Figure�1D).�Analysis�of�
functional�annotations�of�the�reconstructed�MAGs�showed�that�
those�modules�were�present�in�higher�prevalence�in�genera�like�
Prevotella,�Bacteroides,�Phocaeicola,�and�Butyribacter.

Strain-level�analysis
To�expand�the�understanding�of�intra-species�diversity�in�our�
cohort,�we�investigated�the�strain-level�diversity�distribution�by�
performing�an�analysis�with�StrainPhlAn.�We�found�a�wide�range�
of�strain�diversity�compared�to�the�same�species�present�in�
the�other�datasets�(Figure�2A;�Table�S6).�Haemophilus�parain-
fluenzae� and� Enterobacter� hormaechei� were� species� with
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Figure�2.�High�strain�diversity�in�Honduras�metagenomes
(A)�Distribution�of�the�percentage�of�polymorphic�sites�for�30�species�identified�by�StrainPhlAn�4.

(B)�Phylogenetic�tree�of�7,071�Prevotella�copri�clade�A�strains�reconstructed�by�StrainPhlAn�4.

Strains�reconstructed�from�Honduras�samples�are�segregated�in�branches�significantly�associated�with�Honduras�origin�(D�statistic:�→�0.67).�Boxplot�whiskers�

extend�from�the�hinge�to�no�further�than�1.5↑�IQR�from�the�hinge.
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substantially�higher�variation,�with�more�than�3%�of�polymorphic�
sites,�and�hence�the�median�of�polymorphic�rates�from�Honduras�
strains�was�higher� than� that�of� strains� from�other�cohorts�
(Table�S3).�One�species�in�particular,�the�butyrate-producing�0Bu-
tyrivibrio� crossotus,�presented� high� genetic�diversity� in� our�
Honduras�sample.�B.�crossotus�is�a�component�of�the�healthy�
gut�microbiome;�its�prevalence�is�higher�in�samples�from�non-
industrialized�settings,�and�the�species�encodes�several�carbohy-
drate-active�enzymes�able�to�digest�fiber.�41,42�We�identified�B.�
crossotus�in�nearly�80%�of�Honduras�samples�(n�=�1,729),�with�
relative�abundances�as�high�as�15%�in�some�samples.�P.�copri�
clade�A,�the�most�abundant�species�in�our�dataset,�showed�high�
intra-species�diversity�as�well,�with�samples�split�into�two�separate�
and�diverging�clades,�suggesting�high�geographical�adaptation�or�
the�presence�of�another�P.�copri�clade�39�not�detected�by�the�
markers�present�in�the�reference�database�(Figure�2B).�

Phylogenetic�analysis�of�the�P.�copri�strains�retrieved�from�the�
Honduras�samples�revealed�the�presence�of�clades�enriched�in�
samples�from�a�common�origin,�also�previously�reported�by�
other�studies.�43,44�Honduras�strains�are�segregated�in�branches�
that�rarely�overlap�with�samples�from�other�geographical�origins,�
with�the�exception�of�very�few�strains�retrieved�from�El�Salvador,�
a�neighboring�country;�that�is,�we�observed�a�significant�associ-
ation�with�Honduras�origin�(D�statistic�→�0.67).�The�same�close�
association�with�geography�was�observed�for�SGB1614,�now�

identified�as�P.�copri�clade�H,�in�which�multiple�monophyletic�
groups�are�composed�of�strains�from�identical�geographic�loca-
tions,�mostly�from�non-westernized�populations.�In�addition,�we�
observed�the�presence�of�a�sub-species�branch�that�is�particu-
larly� divergent,� with� all� strains� retrieved� from� Honduras�
(Figure�S6).�This�same�pattern�of�phylogenetic�clades�enriched�
in�samples�retrieved�from�Honduras�was�observed�in�multiple�
species�(not�just�P.�copri),�revealing�a�strong�geographic�associ-
ation�of�clades�(n�=�1,054�species�with�D�statistic�<�0).

We�further�improved�the�characterization�of�our�cohort�by�re-
constructing�MAGs�(STAR�Methods).�After�quality�control,�we�
recovered�a�total�of�130,852�MAGs�meeting�the�medium-quality�
thresholds�proposed�by�MIMAG� (>50%�completeness�and�
<10%�contamination),�with�63,459�of�them�being�classified�as�
high-quality�(>90%�completeness�and�<5%�contamination)�45�

(Figure�S7;�Table�S7).�After�deduplication,�this�yielded�a�total�of�
2,609�representative�genomes�(Figure�3).

The�species�with�the�greatest�number�of�genomes�recon-
structed�is�Agathobacter�faecis,�previously�known�as�Roseburia�
faecis,�with�1,494�genomes�reconstructed�and�a�prevalence�of�
91%.�Prevotella�was�the�genus�with�the�largest�number�of�recon-
structed�genomes�(n�species�=�72,�n�genomes�=�17,594),�with�
several�species�identified�as�the�most�prevalent�in�our�dataset�
(Table�S8;�Figure�S8).�Excluding�species�from�the�Prevotella�
genus,�the�second�most�prevalent�species�was�identified�as�
Faecalibacterium�longum,�with�a�prevalence�of�93%.�Genus�
CAG-269� from� Clostridia� showed� the� largest� number� of�
species-clusters�(n�species�=�74,�n�genomes�=�1,641).�Bacterial�
genomes�spanned�22�different�phyla,�with�most�of�the�species�
assigned�to�Bacillota�A�(n�=�1,365),�followed�by�Pseudomona-
dota�(n�=�207),�Bacteroidota�(n�=�271),�and�Bacillota�(n�=�380).�

Archaeal�organisms�were�reconstructed�as�well,�for�a�total�of�9�
species�from�the�Thermoplasmatota�(n�=�6),�Methanobacteriota

(n�=�2),�and�Thermoproteota�(n�=�1)�phyla.�The�most�prevalent�
archaeal�organism�was�identified�in�Methanobrevibacter�smithii,�
which�was�found�in�51%�of�the�samples�with�803�reconstructed�
genomes.�We�identified�a�second�M.�smithii�clade�as�well,�
classified�by�the�Genome�Taxonomy�Database�(GTDB)�as�Meth-
anobrevibacter�smithii�A,�now�renamed�as�Candidatus�Methano-
brevibacter�intestini.�46�Such�species�were�identified�in�nearly�
30%�of�the�samples,�and�we�observed�(in�716�samples)�a�mutual�
exclusion�between�M.�smithii�and�C.�M.�intestini.
We�then�used�two�approaches�to�estimate�how�many�species�

were�not�reported�in�other�databases.�First,�we�evaluated�the�tax-
onomy�assignment�from�GTDB,�47�and�then�we�quantified�the�over-
lap�between�our�reconstructed�set�of�genomes�and�289,232�MAGs�
from�the�Unified�Human�Gastrointestinal�Genome�(UHGG)�48�cata-
log�expanded�with�the�genomes�from�two�large�datasets.�49,50�We�
identified�270�species�that�lacked�a�representative�from�UHGG�

(Figure�S9).�Among�those�species,�the�families�most�represented�
were�Bacteroidaceae�(n�=�21),�Acutalibacteraceae�(n�=�18),�Lach-
nospiraceae�(n�=�18),�and�Oscillospiraceae�(n�=�16).�The�largest�
number�of�genomes,�137,�was�reconstucted�for�a�species�as-
signed�under�the�CAG-302�genus�from�the�Bacilli�class.�KEGG�

module�over-representation�analysis�showed�an�enrichment�of�
genes�involved�in�the�quorum-sensing�pathway�(ko02024)�and�a�
complete�set�of�genes�involved�in�the�vancomycin�resistance�
pathway.� In�addition,�several�antibiotic� resistance�genes� for�
beta-lactam�and�cationic�antimicrobial�peptides�were� found�
among�the�217�other�species.�GTDB�failed�to�assign�species-level�
taxonomy�for�1,976�genomes,�revealing�391�unknown�species�
spanning�3�families�and�19�genera.�Most�of�them�are�from�the�Clos-
tridia�class;�in�particular,�we�reconstructed�215�genomes�from�an�
uncharacterized�species�from�the�RUG11200�genus.
Among� the� reconstructed�Clostridia� species,�we� recon-

structed�109�genomes�for�SGB41716.�Identified�by�MetaPhlAn�
as�Lacrimispora�amygdalina,�and�by�GTDB�as�uncharacterized�
Alitiscatomonas�sp900066535,� it� is�a�species�with�77.56%�

average�nucleotide�identity�with�Lacrimispora�amygdalina.�Meta-
bolic�pathways�reconstruction�and�metabolite�production�pre-
diction�showed�that�the�species�is�a�short-chain�fatty�acids�
(SCFAs)�producer,�with�model-based�evidence�of�production�
of�butyrate�and�propionate.�We�analyzed�the�population�struc-
ture�of�the�species�by�performing�a�pangenome�analysis�of�the�
reconstructed�genomes.�PCoA�highlighted�the�difference�of�
Alitiscatomonas�spp.�strains�retrieved�from�Honduras�separated�
in�the�PCoA�space�(Figure�S10).�Metabolic�features�are�distin-
guishable�between�strains,�with�speciating�gene�family�variants�
retrieved� from� Honduras� and� other� non-western� datasets�
involved�in�the�pentose-phosphate�pathway�(K07404),�TCA�cycle�
(K01681),�the�cysteine�and�methionine�metabolism,�a�LysR-bind-
ing�domain,�and�a�dicarboxylate�carrier�protein�(Figure�S11).
In�addition,�we�performed�gene�prediction�and�annotation�on�

the�reconstructed�contigs.�We�built�a�gene�catalog�starting�
from�244,932,121�protein�sequences�that�were�clustered�at�
95%�amino�acid�identity,�resulting�in�9,883,899�gene�families.�
Among�those,�413,626�gene�families�(4.2%)�were�annotated�
with�a�COG�category,�although�the�majority�were�of�unknown�
function�(S�category,�n�=�1,514,506)�or�had�no�hit�at�all�(n�=�
3,470,273).�This�fraction�could�represent�protein�fragments�and�
proteins�of�non-bacterial�origin� (e.g.,�viral�and�eukaryotic),
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although�25,535�proteins�of�eukaryotic�origin�were�detected,�
mostly�from�micro-eukaryotes�and�food.
When�combined�with�gene�families�reported�in�the�UHGG,�we�

observed�that�3,508,259�gene�families�have�no�representation�
within�UHGG.�Functional�annotation�with�eggNOG�showed�that�
171,380�gene�families�(4.8%)�lacked�functional�annotation,�as�
extrapolated�from�COG�functions�and�PFAM�annotations.�We�
further�investigated�the�functional�nature�of�those�gene�families�
and�identified�gene�families�that�lacked�any�type�of�functional�
annotation,�including�broader�PFAM�annotations.�For�those�with�
some�level�of�annotation,�the�majority�of�the�proteins�were�anno-
tated�as�part�of�COG�categories�M�(cell�wall/membrane/envelope�
biogenesis),�L�(replication,�recombination,�and�repair),�and�K�
(transcription).

Non-bacterial�components
To�test�for�the�presence�of�eukaryotic�microorganisms,�1,148�
stool�samples�were�screened�for�the�presence�of�ova�and�para-
sites.�The�exam�showed�the�colonization�by�several�organisms,

such�as�Ascaris�lumbricoides�(14%,�n�=�167),�Entamoeba�coli�
(14%,�n�=�165),�Entamoeba�histolytica�(13%,�n�=�155),�Blastocys-
tis�spp.�(5%,�n�=�67),�Trichuris�(2%,�n�=�28),�and�Iodamoeba�
b �utschlii (1.5%,�n�=�17).�Polyparasitism�was�observed�in�151�in-
dividuals,�mostly�occurring�with�species�Ent.�coli�and�E.�histoly-
tica,�followed�by�Ent.�coli�and�A.�lumbricoides.�The�presence�of�
Ent.�coli�and�I.�butschii�in�the�human�gut�has�been�previously�re-
ported�as�nonpathogenic�and�usually�occurs�at�low�prevalence.�
The�prevalence�of�Blastocystis�spp.�is�surprisingly�low�in�our�
population�compared�to�previous�reports�in�Central�America�
and�other�non-western�countries.�51–54� High�colonization�by�
soil-transmitted�helminths�like�A.�lumbricoides�and�Trichiuris�is�
commonly�observed�in�subtropical�countries�and�is�one�of�the�
greatest� public� health� concerns� in� developing� countries.�55�

Despite�higher�rates�of�helminth�infections,�very�few�participants�
reported�taking�antiparasitic�medications�prior�to�our�evaluation�
(n�=�2).
We�screened�for�the�presence�of�genomes�of�eukaryotic�origin�

with�EukRep,�56�which�identified�a�total�of�129�bins,�with�55�bins

Figure�3.�Phylogenetic�tree�of�the�2,609�reconstructed�MAG�representatives
The�tree�was�built�using�PhyloPhlAn�3�using�the�PhyloPhlAn�markers.�Tips�are�annotated�according�to�the�phylum-level�taxonomy�predicted�by�GTDB-tk,�and�

relative�abundance�and�prevalence�in�the�Honduras�dataset�are�reported�in�the�two�outermost�ring�annotations.�Species�without�a�representative�in�GTDB�are�

marked�with�a�triangle.
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assigned�to�the�Stramenopiles�lineage�(Tables�S9�and�S10).�
Further�taxonomic�assignment�determined�that�all�55�bins�were�
classified�in�the�Blastocystis�genus,�a�prevalent�inhabitant�of�the�
human�gut.�52,57,58�Using�the�55�newly�recovered�bins,�alongside�
a�catalog�of�eukaryotic�genomes,�we�proceeded�to�get�estimates�
of�the�relative�abundances�of�those�organisms�(Figure�4C).�A�total�
of�13�organisms�were�identified�by�mapping�the�metagenomic�
reads�against�the�genome�catalog�using�coverM.�The�most�preva-
lent�organism�detected�was�Blastocystis�spp.,�present�with�multi-
ple�subtypes�(ST1�n�=�530,�ST2�n�=�303,�ST3�n�=�577,�ST4�n�=�3,�
ST6�=�1,�ST7�n�=�1,�and�unknown�subtype�n�=�79),�followed�by�Giar-
dia�intestinalis�(n�=�17)�and�Saccharomyces�cerevisiae�(n�=�12).�We�
were�not�able�to�find�most�of�the�organisms�that�were�discovered�
through�microscopy�assessment�of�the�fecal�material�when�using�
metagenomic�mapping.�This�could�be�explained�by�the�low�num-
ber�of�cysts�or�eggs�in�our�samples�that�resulted�in�a�low�number�
of�reads�mapping�to�any�of�those�organisms’�genomes.�In�addition,�
for�some�of�those�species,�a�reference�genome�is�not�available,�but�
only�ribosomal�gene�sequences.

Consistent�with�what� has�been�previously� reported,�we�
observed�a�higher�prevalence�of�individuals�carrying�at�least�a�
Blastocystis�subtype�(n�=�1,010),�and�225�individuals�were�car-
riers�of�multiple�subtypes.�The�overall�cohort�prevalence�is�
56%,�higher�than�in�other�countries�where�Blastocystis�preva-
lence�has�been�investigated.�52,58�Per-village�prevalence�ranges�
from�45%�to�70%,�and�the�subtype�distribution�resembles�the�
cohort�distribution.
We� examined� the� differences� between� the� microbiome�

composition�of�Blastocystis�carriers�and�non-carriers�and�found�
that� carriers� have� higher� alpha�diversity� than� non-carriers�
(Figure�4A,�Wilcoxon� rank-sum� test�observed�species�p�=�
1.38�↑�10�→�94�;�Shannon�diversity�p�=�1.53�↑�10�→�87�).�We�expanded�
our�analysis�by�looking�at�associations�between�Blastocystis�car-
riage�and�microbiome�composition�(Figures�4B;�Table�S11).�The�
overall�microbiome�composition�can�be�differentiated�for�carriers�
and�non-carriers,�with�an�increased�abundance�of�taxa�like�Bu-
tyrivibrio�crossotus,�Treponema�succinifaciens,�and�Methano-
brevibacter�smithii�in�carriers.�We�also�observed�a�depletion�of
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Figure�4.�Genetic�diversity�of�Blastocystis�strains�and�association�with�microbial�features
Blastocystis�carriers�have�higher�alpha�diversity�compared�to�non-carriers�(A)�(Wilcoxon�rank-sum�test�p�=�1.38�↑�10�→�94�)�as�well�as�differentially�abundant�species�

(B).�(C)�Phylogenetic�tree�of�55�newly�reconstructed�Blastocystis�MAGs�alongside�publicly�available�isolate�genomes.�Boxplot�whiskers�extend�from�the�hinge�to�

no�further�than�1.5↑�IQR�from�the�hinge.
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several�Prevotella�species�and�Eubacterium�rectale�in�non-car-
riers,�in�stark�contrast�to�previous�reports,�as�those�species�are�
usually�reported�to�be�found�with�increased�abundance�in�car-
riers.�52,59� However,� this� result� is�similar� to�one�previously�
observed�in�a�cohort�in�Colombia.�60�We�did�not�find�any�changes�
in�the�direction�of�association�when�looking�at�individual�sub-
types,�with�28�species�associated�with�one�Blastocystis�subtype�
and�15�species�associated�with�two�or�more�subtypes�(mixed�ef-
fect�linear�model�p�<�0.05).
Long-term�colonization�of�Blastocystis�was�observed�in�our�

301�longitudinally�sampled�individuals,�in�which�71�individuals�
were�found�to�be�carrying�Blastocystis�after�two�years.�Moreover,�
5�individuals�carrying�multiple�subtypes�were�still�carrying�the�
same�subtypes�after�2�years,�with�Blastocystis�ST3�being�the�
most�prevalent�subtype�among�long-term�carriers�(n�=�41).�
Next,�to�characterize�the�composition�of�the�gut�virome,�all�

bins�produced�by�VAMB�were�post-processed�by�the�PHAMB�
pipeline,�and,�after�quality�control,�we�obtained�110,089�viral�
MAGs�that�were�clustered�into�29,958�viral�operational�taxo-
nomic�units�(vOTUs)�(Table�S12).�In�addition�to�those�MAGs,�
we�obtained�12,136�viral�clusters�from�contigs�that�were�classi-
fied�as�a�provirus�by�CheckV�61�and�that�were�clustered�sepa-
rately.�A�consecutive�clustering�with�representative�sequences�
from�the�MGV�database�62�highlighted�that�the�great�majority�of�
the�sequences�were�of�unknown�origin,�and�only�3,353�newly�re-
constructed�vOTUs�clustered�with�an�MGV�reference�sequence�
and�25,580�newly�reconstructed�vOTUs�with�respect�to�MGV.

For�almost�all�vOTUs,�geNomad�63�was�able�to�assign�them�to�
the�Caudoviricetes�class,�with�some�of�them�annotated�as�fam-
ilies�Circoviridae,�Crassvirales,�and�Microviridae.
By�using�clustered�regularly�interspaced�short�palindromic�

repeat�(CRISPR)�spacers,�we�investigated�the�associations�be-
tween�microbes�and�viral�genomes�by�predicting�CRISPR�
spacers� in� all� our� reconstructed� MAGs.� This� resulted� in�
104,851�CRISPR� spacers,� further� deduplicated� into� 4,935�
spacers.�48,862�spacers�were�mapped�against�a�viral�MAG,�
enabling� further�host-association�analysis� for�2,417�vOTUs�
(Figure�5).�A�total�of�403�vOTUs�that�associated�with�a�bacterial�
host�were�associated�exclusively�with�one�bacterial�species;�
541�vOTUs�were�associated�with�more�than�2�and�less�than�10�
hosts;�and�83�vOTUs�with�10�or�more�hosts.�We�also�observed�
the�presence�of�vOTUs�associated�with�different�species�across�
different�families,�classes,�phyla,�and�some�occurrence�of�trans-
kingdom�association,�as�5�associated�with�both�bacterial�and�
archaeal�species.�The�majority�of�the�vOTUs�were�associated�
with�Prevotella�species�(n�=�326)�as�their�host,�followed�by�the�Al-
loprevotella�(n�=�37),�Coprococcus�(n�=�34),�and�Clostridium�(n�=�
33)�(Figure�5A).�Among�the�vOTUs�that�were�represented�in�MGV,�
we�observed�a�similar�pattern�in�assigned�taxonomies,�with�vO-
TUs�with�Prevotella�species�as�the�predicted�host�present�in�
higher�abundance�and�higher�prevalence.
vOTU�representatives�were�mapped�against�the�original�meta-

genomes�to�produce�relative�abundance�profiles.�Overall,�viral�
reads� accounted,� on� average,� for� 4.44%� of� the� original

A CB

Figure�5.�Uncharacterized�viral�sequences�in�the�Honduras�microbiome
Distribution�of�the�predicted�host�genomes�for�vOTU�representatives�(A)�and�CRISPR�spacers�among�bacterial�classes�(B).�Very�few�CRISPR�spacers�were�

identified�in�other�public�databases�(C).
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metagenomes�(1.68%�SD);�individuals�showed�a�median�value�of�
130�vOTUs�present�in�each�individual�(mean�142.4,�SD�66.13).�
Viral�diversity�was�found�to�be�positively�correlated�with�bacterial�
diversity,�as�measured�by�the�number�of�identified�species�
(Spearman�correlation�ρ�=�0.73).�We�observed�as�well�that�
many�viral�OTUs�were�private,�i.e.,�present�exclusively�in�the�in-
dividual�from�which�the�viral�MAG�originated.

A�total�of�255�vOTUs�were�annotated�as�Crassvirales,�the�family�
of�crAss-phage,�a�globally�widespread�gut�microbiome�compo-
nent,�and�were�found�in�1,129�samples,�roughly�50%�of�the�total,�
with�an�average�abundance�of�5.5%.�Using�skani,�we�then�aligned�
the�representative�sequences�of�the�identified�Crassvirales�vOTUs�
to�the�crass-phage�contigs�identified�and�annotated�from�prior�
work.�64�The�crass-phage�catalog�contains�673�genomes,�and�
almost�half�of�the�vOTUs�identified�in�our�dataset�were�repre-
sented�by�one�of�the�already�known�crass-phage�genomes.�
Among�these,�we�observed�that�most�individuals�have�vOTUs�as-
signed�to�the�candidate�family�Deltacrassvirinae�(n�=�42),�followed�
by�Beta�(n�=�32)�and�Epsilon�(n�=�23).

Longitudinal�analysis�of�the�gut�microbiome
Prior�work�has�documented�the�overall�stability�of�the�micro-
biome�in�the�short�and�long�term,�with�the�ability�to�recover�after�
exposure�to�microbiome-altering�drugs,�changes�in�diet,�or�colo-
nization�by�pathogens.�65–67�We�investigated�changes�in�the�gut�
microbiome�for�a�subset�of�individuals�(n�=�301)�who�were�re-
sequenced�after�2�years�in�2022.

We�observed�a�significant�decrease�in�Shannon�diversity�and�
in�the�number�of�observed�species�between�the�two�timepoints�
(Wilcoxon�rank-sum�paired�test,�Shannon�diversity�p�=�0.025,�
and�number�of�species�p�=�1.5�↑�10�→�7�).�We�also�found�an�overall�
change�in�species�composition�structure�(PERMANOVA�p�=�
0.007,�Figure�6A).�The�variation�of�the�microbiome�structure�
across� time� points� within� subjects� was� less� than� that�
observed� between� individuals� (within-subject� versus� be-
tween-subject�Bray-Curtis�dissimilarity,�Wilcoxon� rank-sum�

test:�p�<�2.2�↑�10�→�16�,�Figure�6C).�We�did�not�observe�a�signifi-
cant� change� in� the� beta� diversity� of� the� functional�
potential,�which�was�observed�to�be�more�stable�than�the�taxo-
nomic�composition,�suggesting�preservation�of�microbiome�
functionalities.
Intra-individual�bacterial�species�stability,�measured�with�the�

intra-class�correlation�coefficient�(ICC)�on�most�prevalent�spe-
cies�(prevalence�greater�than�0.5),�showed�very�low�stability,�
with�a�median�value�of�0.09,�with�17�species�having�an�ICC�value�
greater�than�0.3.�We�then�compared�ICC�values�calculated�on�a�
longitudinal�subset�of�samples�from�the�Inflammatory�Bowel�Dis-
ease�Multi’omics�Database�(IBDMDB),�including�only�samples�
from�healthy�donors,�16� and�showed�higher�species�stability�
(ICC�median�0.25,�max�0.94).
A�similar�pattern�of�changes�in�composition�was�observed�

when�looking�at�individual�strain�composition,�with�a�median�
strain-retention�rate�of�0.26�(lower�than�other�cohorts�44�).�Looking�
into�individual�species�retention�rates,�we�found�that�several
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Figure�6.�Longitudinal�analysis�of�the�Honduras�microbiome
PCoA�on�the�Bray-Curtis�dissimilarity�calculated�on�species-level�(A)�and�MetaCyc�pathways�(B)�relative�abundances.�Individuals�are�more�similar�to�each�other�

after�2�years,�but�intra-individual�beta�diversity�decreased�(C,�Wilcoxon�rank-sum�test:�p�<�2.2�↑�10�→�16�).�Linear�mixed�models�identified�286�species�differentially�

abundant�between�individuals�during�and�after�infection�with�SARS-CoV-2�(D).�Boxplot�whiskers�extend�from�the�hinge�to�no�further�than�1.5↑�IQR�from�the�hinge.
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Prevotella�strains�are�the�most�stable,�with�one�out�of�three�indi-
viduals�retaining�the�same�strain�after�2�years.
These�findings�suggest�that�the�gut�microbiome�of�a�traditional�

lifestyle�in�the�non-western�population�might�be�more�prone�to�
variation�over�time,�compared�to�western�populations,�given�the�
fact�that�changes�in�medication�usage,�diet�composition,�or�major�
diseases�were�not�observed�(although�the�intervening�pandemic�
of�COVID-19�may�have�played�a�role).�In�recent�years,�there�has�
been�growing�evidence�that�infection�with�COVID-19�is�associated�
with�changes�in�the�composition�of�the�intestinal�tract.�In�the�
follow-up�visit,�individuals�were�asked�to�report�whether�they�
had�an�infection�confirmed�by�a�doctor,�and�most�of�the�individ-
uals�reported�not�having�been�infected�with�COVID-19�(n�=�296).�
We�then�compared�the�self-reported�assessments�with�results�

from�a�rapid�immunoassay�test�to�identify�antibodies�to�SARS-
CoV-2.�A�large�fraction�of�the�tested�individuals�(n�=�264)�tested�
positive�for�the�presence�of�immunoglobulin�G�(IgG)�only,�while�
only�3�individuals�were�positive�for�both�IgG�and�IgM.�Hence,�
we�compared�microbial�profiles�between�the�two�timepoints�us-
ing�MaAsLin2�(STAR�Methods).�We�identified�286�species�differ-
entially�abundant�between�individuals�before�and�after�infection�
with�SARS-CoV-2�(Figures�6D;�Tables�S13�and�S14).�Coprococ-
cus�comes�and�Dorea�sp.�AF36-15AT�were�the�two�species�most�
enriched�at�the�second�time�point�among�individuals�positive�for�
the�presence�of�IgG�only,�while�several�Spirochaetia�and�Elusimi-
crobiales�species�were�depleted�among�the�same�group�of�indi-
viduals.�We�also�observed�a�major�reduction�in�the�relative�abun-
dance� of� several� species� from� the� Prevotellaceae� family,�
although�they�remained�the�most�dominant�taxa.
Finally,�viral�diversity�was�observed�to�be�increased�over�the�

2-year�period�(median�T1�116�vOTUs,�median�T2�131�vOTUs,�
Wilcoxon�rank-sum�test�p�=�0.0005).

Human�genetic�variation�and�microbiome�associations�
The�genetic�background�of�Honduras�has�been�described�as�a�
mix�of�mostly�Spanish,�African,�and�native�American�ancestries,�
primarily�Mayan.�68�Copá�n,�the�region�in�which�our�cohort�is�
located,�was�the�center�of�the�Mayan�civilization,�and�most�of�
the�people�still�identify�themselves�as�Maya�Chʼortiʼ.
Using�low-pass�sequencing�and�genotype�imputation,�we�per-

formed�genomic�characterization�of�1,889�individuals�in�our�
cohort.�The�average�sequencing�coverage�for�the�samples�was�
4X.�The�final�dataset�resulted�in�70,723,799�SNVs�identified�in�
1,701�samples,�after� retaining� individuals�with�both�human�
genome�sequencing�and�shotgun�metagenomic�microbiome�
sequencing�samples.
After�quality�control,�we�retained�227,216�SNVs,�and�we�pro-

ceeded�to�compare�human�genetic�variation�with�microbial�varia-
tion.�The�first�10�genetic�components�from�the�principal-compo-
nent�analysis�explained�most�of�the�genetic�variance�in�the�
dataset,�and�we�proceeded�to�calculate�the�microbial�variation�
that�could�be�explained�by�host�genetic�variation�in�species�and�
MetaCyc�pathways�composition.�To�reduce�the�total�number�of�
tests�performed,�we�filtered�for�SGB�present�in�at�least�20%�of�
the�population,�retaining�a�total�of�557�species.�Using�linear�
models,�we�fit�each�microbial�species’�relative�abundance,�pre-
dicting�it�with�the�first�10�genetic�components�in�order�to�calculate�
the�percentage�of�explained�variance�(Figure�S12;�Table�S15).

The�total�bacterial�species�variation�explained�by�the�genetic�
component�was�2%,�with�125�out�of�557�species�reaching�statis-
tical�significance.�One�species�in�particular,�Lachnospiraceae�
SGB4777,� reached� an�R�2� of� 9.7%� (Permutation� test�p�=
1�↑�10�→�6�)�and�was�found�to�be�associated�with�the�PC1,�PC2,�
and�PC8.
We�performed�the�same�analysis�on�571�MetaCyc�pathway�

abundances,�which�showed�a�smaller�amount�of�total�variance�
explained�(0.5%),�but�a�larger�number�of�pathways�reaching�sta-
tistical�significance�(false�discovery�rate�[FDR]�<�0.05,�n�=�289).�
The�top�pathways�with�higher�R�2�values�are�bacterial�pathways�
involved�in�the�biosynthesis�of�lipids,�amino�acids,�cofactors,�
and�carbohydrates�(Table�S16).
We�then�examined�the�association�between�genetic�variation�

and�overall�microbial�diversity,�as�summarized�by�the�weighted�
UniFrac�distance.�The�microbiomeGWAS�tool�69� identified�15�
SNVs�with�minor-allele�frequency�(MAF)�greater�than�0.05�asso-
ciated�with�differences�in�beta�diversity�(Table�S17).�Variants�
were�identified�close�or�within�the�genes�DAB1,�AP1S3,�HTT,�
COX7B2,� GABRA4,� ARSB,� RASGRF2,� CALN1,� NCKAP1L,�
DGKH,�and�CYB5B.
Next,�to�study�the�association�between�individual�species�and�

host�variation,�we�performed�a�GWAS�on�SNVs�with�MAF�greater�
than�0.05�and�genus-level,�species-level,�and�MetaCyc�path-
ways�abundances�using�Matrix�eQTL�(quantitative�trait�locus)�
(Figure�S13).
After� combining�genus- and� species-level� relative� abun-

dances� and� treating� them� as�microbial� traits,� we� tested�
9,399,332�microbiome-QTLs�and�identified�280�associations�
with�FDR�<�0.05�(Table�S18).�Only�7�microbiome-QTLs�reached�
the� study-wide� statistical� significance� threshold� (p� =�
2.93�↑�10�→�11�)�(Figure�S14).�Several�SGB�from�the�Lachnospira-
ceae�and�Ruminococcaceae�were�found�associated�with�distinct�
SNVs�as�well�as�the�uncharacterized�Ruminococcaceae�genus�
GGB9729.
The�strongest�signal�was� identified�on�chr22:22208496,�

located�within�the�IGL�immunoglobulin�lambda�locus�gene.�
Abundances�of�Lachnospiraceae�SGB4817�were� found� to�
be�decreased�in�individuals�with�one�or�two�copies�of�the�T�
allele.
When�looking�at�the�SNVs�identified�as�significant�by�both�mi-

crobiomeGWAS�and�microbiome-QTL�models,�we�identified�
a� total�of� 2�SNVs� in� common�between� the� two�models,�
rs7679715�and�rs17599102,�both�located�on�chromosome�4;�
rs17599102�is�located�on�the�GABRA4�gene�and�rs7679715�on�
the�COX7B2�gene,�but�still�proximal�to�GABRA4.�Individuals�
homozygous�for�both�the�rs17599102�A/A�and�rs7679715�C/C�
genotypes�showed�decreased�median�abundances�of�Rumino-
coccaceae�SGB15234�and�Clostridia�SGB4372�and�smaller�
beta-diversity.
We�tested�associations�between�SNV�and�pathways�as�well,�

with�a�total�of�7,378,167�microbiome-QTLs.�Although�no�micro-
biome-QTLs�reached�the�study-wide�significance�threshold,�119�
were�statistically�significant�with�FDR�<�0.05�(Table�S19).�
Using�KING,�we�calculated�the�pairwise�kinship�coefficient�for�

each�pair�of�participants�(n�=�1,622,078�pairs),�and�kinship�values�
were�grouped�in�degrees�of�relation�by�using�pre-calculated�
thresholds�(STAR�Methods).�Participants�in�our�cohort�are,�on
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average,�related�to�each�other�at�the�second�degree�(ϕ�=�0.1313),�
and�this�was�observed�when�looking�at�the�cohort�as�a�whole�and�
each�separate�village.�Although�some�villages�have�both�higher�
and�lower�kinship�coefficients,�we�did�not�find�any�correlation�
with�village�size.

Using�the�weighted�UniFrac�distance�and�the�strain-sharing�
rate�calculated�for�all�the�pairs�of�individuals,�we�looked�at�the�
similarity�of�the�microbiome�of�people�who�are�more�genetically�
similar�(Figure�7).�The�distribution�of�the�microbiome�similarity�
among�pairs�of�people�varies�according�to�the�three�levels�of�
relationship�degree—first�to�second�degree,�second�to�third�de-
gree,�and�third�degree�to�unrelated—such�that�more�genetically�
similar�people�have� lower�UniFrac�distances� (regardless�of�
whether�such�a�pair�of�people�actually�has�a�relationship)�
(Kruskal-Wallis�test�p�<�2.2�↑�10�→�16�).�However,�this�analysis�
does�not�hold�if�we�restrict�the�pairs�of�people�to�be�village�co-
residents.�Because�of�the�overwhelming�shared�environment,�
increased�genetic�similarity�within�a�village�is�not�associated�
with� increased�microbiome�similarity,�as�this�effect�reflects�
shared�environment�and�lifestyle�rather�than�shared�genetics�
per�se.�70,71�No�comparison�between�individuals�living�in�the�
same�building�across�the�relationship�degrees�reached�statisti-
cal�significance�(Dunn�Test�p�>�0.05).�In�all�the�cases�observed,�
the�microbiomes�of�related�pairs�resemble�unrelated�individuals�
less�(albeit�with�p�=�0.59).

We�observed�a�similar�trend�when�looking�at�the�number�of�
strains�shared�between�individuals.�Regardless�of�their�relation-

ship�degree,�the�number�of�strains�shared�across�individuals�
living�in�different�villages�is�relatively�low,�but�it�is�higher�in�individ-
uals� living� in� the� same� village� and� in� the� same�building.�
We�observed�an�increased�strain-sharing�rate�among�third-de-
gree-related�individuals�living�in�the�same�building,�compared�
to�first- and�second-degree�pairs.�We�hypothesized�this�was�
due�to�the�inclusion�of�pairs�of�partnered�individuals,�as�we�pre-
viously�observed�higher�relatedness�between�participants,�but�
the�median�kinship�coefficients�among�partners�(ϕ�=�0.1425)�
are�closer�to�a�second-degree�relationship�than�a�third-degree�
relationship.
When�looking�at�actual�relationships�between�individuals�

known�to�be�socially�connected�(since�we�have�detailed�social�
network�maps� of� the� villages),�1� and,� after� correcting� for�
several�covariates�(such�as�BMI,�age,�gender,�and�diet�score),�
we�observed�that�genetically�similar�individuals�with�an�exist-
ing�social�relationship�(such�as�a�friend)�have�increased�strain-
sharing� rate� (linear�mixed�model� kinship� β� =� 0.11,� p� <
2�↑�10�→�16�;�relationship�β�=�0.84,�p�<�2�↑�10�→�16�;�interaction�be-
tween� kinship� and� relationship� β� =� 4.713� ↑� 10�→�2�,� p� =�
1.42�↑�10�→�5�).�In�other�words,�information�about�the�genetic�
similarity�of�socially�connected�people�further�enhances�the�
ability�to�predict�their�microbiome�similarity,�and�this�also�
holds�even�after�accounting�for�diet,�medication�usage,�and�
socio-economic�and�demographic�status�(which�have�an�ef-
fect�on�the�existence�of�a�relationship�and�not�on�the�increase�
of�shared�strains).

A

D

C

B

Figure�7.�Microbiome�similarity�and�relatedness
Distribution�of�the�weighted�UniFrac�distance�(A–B)�and�strain�sharing�rate�(C–D)�between�different�relationship�degrees.�All�comparisons�between�microbiome�

similarity�and�location�within�degrees�are�statistically�significant�(Dunn�test�p�<�0.05).�Boxplot�whiskers�extend�from�the�hinge�to�no�further�than�1.5↑�IQR�from�the�

hinge.
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DISCUSSION

We�present�a�comprehensive�characterization�of�the�gut�micro-
biome�of�an�isolated,�rural�Honduran�population,�significantly�ex-
panding�our�understanding�of�microbial�diversity�in�non-western�
settings.�Through�shotgun�metagenomic�sequencing,�we�gener-
ated�one�of�the�most�extensive�microbiome�datasets�in�Central�
America,�uncovering�uncharacterized�bacterial�species�by�re-
constructing�MAGs.�These�findings�expand�previous�observa-
tions�that�traditional-lifestyle�communities�harbor�unique�micro-
bial�ecosystems�that�are�distinct�from�those�of�industrialized�
populations,�reinforcing�the�idea�that�modernization,�via�dietary�
changes,�antibiotic�usage,�and�other�means,�has�contributed�
to�a�substantial�reshaping�of�the�human�gut�microbiome.
By�integrating�our�dataset�with�global�microbiome�cohorts,�we�

identified�several�Prevotella�species�found�in�higher�abundance�
in�the�Honduran�gut�microbiome�compared�to�other�non-western�
populations,�and�the�presence�of�clades�strongly�associated�
with�our�cohort.�Alongside�the�geographical�association,�higher�
genetic�diversity�within�species�was�observed,�suggesting�diver-
gent�clades�or�the�carriage�of�multiple�strains.�We�also�observed�
that�non-western�cohorts�have�lower�richness�of�CAZy�modules�
compared�to�the�western�cohorts,�while�Honduras�showed�
higher�richness�than�both�the�western�and�non-western�cohorts.�
This�is�in�contrast�to�previous�reports,�8�where�higher�CAZy�rich-
ness�was�reported�in�non-western�cohorts,�probably�due�to�the�
fact�that�previous�comparisons�were�drawn�from�under-sampled�
populations.�This�can�be�put�in�the�context�of�the�Honduras�diet:�
beans,�a�source�of�complex�carbohydrates,�needs�to�be�broken�
down�by�the�GH3�enzyme�family,�which�was�found�in�increased�
abundance,�and�more�prevalent�in�Prevotella�and�Butyribacter�
species�that�are�able�to�ferment�fiber�and�produce�SCFAs.�The�
observation�of�a�lower�abundance�of�GH13�enzymes�seems�to�
be�in�contradiction�to�its�function�of�digesting�starches,�as�rice�
is�a�predominant�part�of�the�everyday�diet�as�well.�When�cooked�
and�cooled,�starches�like�rice�undergo�a�process�called�retrogra-
dation,�which�creates�a�fiber-like�starch,�further�fueling�fermenta-
tion�in�the�colon�rather�than�being�absorbed�as�sugar.
We�also�expanded�the�UHGG�by�reconstructing�and�identifying�

prokaryotic�species�and�proteins.�In�addition�to�prokaryotic�diver-
sity,�we�explored�the�broader�microbial�ecosystem�by�looking�at�
eukaryotic�and�viral�components.�We�identified�and�reconstructed�
55�genomes�of�several�subtypes�of�Blastocystis�spp.,�a�common�
gut�protist.�Notably,�our�findings�suggest�a�higher�prevalence�of�
Blastocystis�in�individuals�with�greater�microbiome�diversity,�rein-
forcing�its�potential�role�as�a�marker�of�gut�ecosystem�richness.�
We�also�reconstructed�several�thousand�viral�genomes,�expand-
ing�the�viral�mappability�of�our�metagenomes�by�over�half,�
including�uncharacterized�bacteriophages�and�members�of�the�
Crassvirales�family,�which�are�thought�to�play�critical�roles�in�mi-
crobiome�stability�and�bacterial�population�control.
The�longitudinal�component�of�our�study�provided�insights�into�

microbiome�stability�and�temporal�dynamics.�Our�sample�collec-
tion�effort�began�in�the�early�months�of�2020,�but�some�villages�
were�not�targeted�as�we�had�to�postpone�the�collection�to�
2022�due�to�restrictions�caused�by�the�COVID-19�pandemic.�
This�fortuitous�change�in�the�collection�process�allowed�us�to�
observe�significant�shifts�in�microbial�composition,�with�notable

changes�in�taxonomic�diversity�and�functional�profiles.�While�the�
gut�microbiome�exhibited�resilience,�the�overall�microbial�diver-
sity�declined�over�time,�a�pattern�that�differs�from�observations�in�
the�western�cohorts.�This�could�be�attributed�to�several�factors,�
including�possibly�the�COVID-19�pandemic,�which�caused�sig-
nificant�microbiome�alterations.
By� leveraging� low-pass�human�genome�sequencing,�we�

identified�several�microbial�species�and�metabolic�pathways�
that�exhibit�significant�associations�with�host�genetic�com-
ponents.�These�findings�suggest�that�specific�genetic�factors�
may�influence�microbial�colonization�and�metabolic�potential,�
reinforcing� the� concept� of�microbiome� adaptation� to� the�
host.�Our�genome-wide�association�analysis�further�identified�
specific�genetic�loci�linked�to�microbiome�variation,�shedding�
light� on� potential� host� determinants� of� gut� microbial�
diversity.
Overall,�this�study�represents�an�important�step�forward�in�un-

covering� the� vast�microbial� diversity� of� under-represented�
human�populations.�By�characterizing�the�Honduran�gut�micro-
biome,�we�provide�insights�into�microbial�ecology�and�host-mi-
crobiome�interactions.�Our�findings�underscore�the�importance�
of�expanding�microbiome�research�beyond�industrialized�na-
tions�to�gain�a�more�comprehensive�and�global�perspective�on�
human�microbial�diversity.

Limitations�of�the�study
A�limitation�of�this�study�is�that�our�sample�was�from�a�particular�
setting�of�isolated�villages,�and�this�may�capture�a�founder�effect.�
In�addition,�our�longitudinal�sampling�targeted�only�a�small�frac-
tion�of�the�full-sized�cohort,�which�limited�the�resolution�for�a�bet-
ter�understanding�of�the�effect�of�the�SARS-CoV-2�pandemic�
and�other�factors.
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Amiot,�A.,�Bö�hm,�J.,�Brunetti,�F.,�Habermann,�N.,�et�al.�(2014).�Potential�of�

fecal�microbiota�for�early-stage�detection�of�colorectal�cancer.�Mol.�Syst.�

Biol.�10,�766.

37.�Zhu,�F.,�Ju,�Y.,�Wang,�W.,�Wang,�Q.,�Guo,�R.,�Ma,�Q.,�Sun,�Q.,�Fan,�Y.,�Xie,�

Y.,�Yang,�Z.,�et�al.�(2020).�Metagenome-wide�association�of�gut�micro-

biome�features�for�schizophrenia.�Nat.�Commun.�11,�1612.

38.�Blanco-Mı́guez,�A.,�Beghini,�F.,�Cumbo,�F.,�McIver,�L.J.,�Thompson,�K.N.,�

Zolfo,�M.,�Manghi,�P.,�Dubois,�L.,�Huang,�K.D.,�Thomas,�A.M.,�et�al.�

(2023).�Extending�and�improving�metagenomic�taxonomic�profiling�with�

uncharacterized� species� using�MetaPhlAn� 4.�Nat.�Biotechnol.� 41,�

1633–1644.
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41.�Agus,�A.,�Clé�ment,�K.,�and�Sokol,�H.�(2021).�Gut�microbiota-derived�me-

tabolites�as�central�regulators�in�metabolic�disorders.�Gut�70,�1174–1182.

42.�Wibowo,�M.C.,�Yang,�Z.,�Borry,�M.,�Hü�bner,�A.,�Huang,�K.D.,�Tierney,�
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METHOD�DETAILS

Enrollment�of�participants
Our�study�was�conducted�in�the�department�of�Copá�n,�Honduras,�in�an�area�of�over�200�square�miles�of�mountainous�terrain�with�an�
estimated�total�population�of�92,000�people.�Villages�and�participants�selected�for�this�study�were�previously�enrolled�in�the�Honduras�
Social�Network�Targeting�RCT�project�100�aimed�to�affect�reproductive,�maternal,�neonatal�and�child�health�outcomes�by�the�adoption�
of�practices�and�knowledge�dissemination.�Villages�were�chosen�to�vary�by�wealth,�population�size,�elevation,�isolation�index,�and�
time�to�the�main�road.
Village�communities�in�western�Honduras�are�characterized�by�geographic�isolation�and�an�economy�reliant�on�subsistence�agri-

culture�and�coffee�cultivation.�Geographical�isolation�is�further�exacerbated�during�the�wet�season�when�rainfall�and�flooding�impede�
traveling.�With�healthcare�facilities�not�usually�located�within�the�same�village,�residents�are�required�to�travel�to�a�nearby�city�for�clin-
ical�or�hospital�care.�A�high�prevalence�of�daily�intake�of�non-steroidal�anti-inflammatory�drugs�use�was�reported,�while�most�individ-
uals�had�not�consumed�antibiotics�in�the�preceding�six�months.
The�local�diet�is�predominantly�composed�of�staples�such�as�tortillas,�rice,�and�beans,�supplemented�with�eggs�and�chicken�a�few�

days�per�week.

Sample�collection
Samples�were�collected�between�January�and�February�2020,�before�the�SARS-CoV-2�pandemic�put�on�halt�the�collection�effort.�
Collection�was�resumed�later�in�the�spring�of�2022.�Participants�were�instructed�on�how�to�self-collect�the�fecal�samples�using�in-per-
son�education�and�a�leave-behind�training�manual�and�asked�to�return�samples�to�the�local�team�or�to�the�designated�community�
liaison�within�1hr�of�producing�them.�Fecal�samples�are�collected�using�sterile�collection�tubes�with�a�scoop.�Samples�were�then�
stored�in�liquid�nitrogen�at�the�collection�site�and�then�moved�to�a�→�80�C�↔�in�Copá�n�Ruinas,�Honduras.�Samples�were�then�shipped�
on�dry�ice�to�the�USA�and�stored�in�→�80�↔�C�freezers.

Library�preparation�and�sequencing
DNA�was�extracted�using�the�Chemagic�Stool�gDNA�extraction�kit�and�libraries�were�prepared�using�the�KAPA�Hyper�Library�Prep-
aration�kit.�Shotgun�metagenomic�sequencing�was�performed�on�an�Illumina�NovaSeq�6000�platform�at�a�targeted�sequencing�depth�
of�50Gbp.�Samples�not�reaching�the�desired�sequencing�depth�were�resequenced�on�a�separate�run.
Raw�metagenomic�reads�were�deduplicated�using�prinseq�lite�(version�0.20.2,�72�)�with�default�parameters.�The�resulting�reads�were�

screened�for�human�contamination�(hg19)�with�BMTagger�101�and�then�quality�filtered�with�trimmomatic�73�(version�0.36,�parameters�
ILLUMINACLIP:nextera_truseq_adapters.fasta:2:30:10:8:true�SLIDINGWINDOW:4:15�LEADING:3�TRAILING:3�MINLEN:50).

QUANTIFICATION�AND�STATISTICAL�ANALYSIS

Read-based�taxonomic�and�potential�functional�profiling
Quantification�of�organisms’�relative�abundance�was�performed�using�MetaPhlAn�4�74�,�which�internally�mapped�the�metagenomes�
against�a�database�of�↗5.1M�marker�genes�describing�more�than�26↗�species-level�genome�bins�(SGB).�For�species�present�in�
at�least�10%�of�samples�strain-level�profiling�was�performed�by�StrainPhlAn�4�74�using�default�parameters.
Phylogenetic�trees�generated�by�StrainPhlAn�were�annotated�with�country�of�origin�or�world�region�as�a�trait,�and�phylogenetic�

signal�was�calculated�by�using�the�phylo.d�function�as�implemented�in�the�caper�R�package.
Functional�potential�analysis�was�performed�using�HUMAnN�3.0.�75�Gene�family’s�profiles�were�normalized�using�relative�abun-

dances�and�collapsed�into�MetaCyc�pathways�and�KO�identifiers.�CAZy�profiles�were�obtained�by�regrouping�the�HUMAnN�gene�
family�profiles�using�a�custom�mapping�file.
Microbiome�species�and�CAZy�richness�and�diversity�was�estimated�using�the�Shannon�entropy�index�and�the�total�number�of�

observed�species�(relative�abundance�greater�than�zero).�In-silico�rarefaction�was�performed�before�the�calculation�of�each�index�
using�a�custom�script�on�the�SAM�file�produced�by�MetaPhlAn.�Multidimensional�scaling�analysis�(vegan�cmdscale�function)�was�
performed� on� the�Bray-Curtis� dissimilarity� (vegan� vegdist� function)� calculated� on� the� relative� abundances� obtained� by�
MetaPhlAn4�or�HUMAnN�3.0�MetaCyc�pathways.
Differential�abundance�analysis�was�performed�using�mixed-effect�linear�models�as�implemented�in�Maaslin2.�76�Basic�covariates�

(age,�gender,�BMI)�were�included�in�all�models�as�fixed�effects�as�well�as�village�as�random�effect.�Longitudinal�models�included�the�
individual�ID�as�random�effect.�Multiple�hypothesis�testing�was�performed�using�the�FDR�procedure.
A�total�of�34�additional�studies�comprising�13,030�human�gut�metagenomes�were�downloaded�by�accessing�curatedMetageno-

micData�99�and�processed�with�the�same�pipeline�used�to�process�our�collected�data.�Five�additional�datasets,�including�samples�
from�South�Africa,�Ghana,�Tanzania,�Kenya,�Burkina�Faso,�Guinea�Bissau,�Argentina,�Colombia,�and�Nepal,�29,49,50,102,103�not�present�
in�curatedMetagenomicData�to�date,�were�downloaded�and�processed�using�the�same�tools�used�before.�Due�to�high�memory�
requirement,�38�samples�from�the�CarterM_2023�Tanzanian�cohort�were�not�included�in�the�functional�analysis.
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Metagenomic�assembly�and�contig�binning
De-novo�metagenomic�assembly�was�performed�on�all�samples�using�metaSPADES�77�(version�3.13.1,�default�parameters),�and�con-
tigs�longer�than�1000bp�were�discarded.�Metagenomic�reads�were�mapped�against�the�assembled�contigs�using�minimap2�78�

(version�2.24,�parameters:�-ax�sr�-t�12�-N50).�The�resulting�alignments�were�used�as�input�for�the�VAMB�pipeline�for�contig�binning�79�

(version�3.0.9,�parameters:�–minfasta�500000).�The�automatic�binning�procedure�generated�a�total�of�226,039�MAGs�that�were�then�
subjected�to�quality�control�to�evaluate�completeness�and�contamination�using�CheckM2�80�(version�1.0.2).�We�selected�a�total�of�
130,852�MAGs�passing�the�thresholds�for�medium-quality�genomes�proposed�by�another�study�45�being�at�least�50%�complete�
and�displaying�less�than�10%�of�contamination.

MAGs�were�dereplicated�at�95%�ANI�using�galah�81�and�cluster�representative,�selected�using�the�formula�proposed�by�one�
study,�104�were�taxonomic�annotated�with�GTDB-tk�47�obtaining�a�total�of�2,609�metagenomic�species�clusters.�Raw�reads�were�
then�mapped�against�the�catalog�of�representative�clusters�with�bwa-mem�and�the�resulting�alignments�were�processed�by�Cov-
erM�

83�to�obtain�relative�abundances�of�the�species�clusters�(parameters:�min-read-aligned-percent�70,�min-read-percent-identity�
90,�min-covered-fraction�10).

MAGs�were�annotated�with�Bakta�82�(version�4.1,�default�parameters)�using�the�‘‘Full’’�database,�and�predicted�proteins�from�each�
MAG�were�functionally�annotated�using�eggnog-mapper.�88

Reconstruction�of�metabolic�models�was�performed�by�gapseq�84�using�the�‘‘doall’’�pipeline�on�each�MAG,�then�species-level�pan-
genomes�were�generated�by�‘‘gapseq�pan’’.�Prediction�of�metabolic�by-products�was�performed�using�the�R�package�cobrar.�

Proteins�predicted�by�Bakta�were�iteratively�clustered�with�MMseqs2�85�using�the�cluster�pipeline�to�build�non-redundant�catalogs�
first�at�100%�sequence�identity�and�80%�sequence�coverage�and�then�at�95%�sequence�identity�and�80%�coverage.�

Species-level�representatives�identified�by�galah�were�used�as�input�to�PhyloPhlAn�86�to�generate�a�maximum-likelihood�phyloge-
netic�tree�(parameters�-d�phylophlan�–diversity�high�–accurate).

Alitiscatomonas�sp900066535�pangenome�analysis
GFF�annotations�and�associated�genomic�sequences�for�MAGs�assigned�with�Alitiscatomonas�sp900066535�taxonomy�by�GTDBtk�
were�used�to�build�the�species’�pangenome�with�panaroo�87�(–clean-mode�moderate�–merge_paralogs).�The�resulting�presence/�
absence�matrix�was�subsequently�filtered�for�fragmented�genes,�pseudogenes,�and�genes�with�unusual�lengths�with�the�panaroo-
filter-pa�tool.�Population�structure�was�analyzed�with�PCA�calculated�using�the�Jaccard�distance�on�the�filtered�presence/absence�
matrix.�Enrichment�of�gene�families�was�determined�by�fitting�generalized�linear�models�(GLM)�on�each�pangenome�feature�using�as�
outcome�a�binary�variable�signaling�whether�the�MAG�was�reconstructed�from�Honduran�samples.�All�p-values�were�FDR�corrected.

Eukaryotic�contig�binning�and�prevalence�estimation
Scaffolds�generated�by�metaSPADES�were�screened�for�presence�and�recovery�of�eukaryotic�contigs�with�EukRep�56�using�default�
parameters.�Samples�with�non-zero�sequences�were�mapped�against�the�original�metagenome�with�minimap2�and�then�binned�with�
metabat2.�Eukaryotic�genome�completeness�was�estimated�using�BUSCO�(v5)�90�using�parameters�‘–auto-lineage-euk�-m�genome’�
and�the�‘eukaryota_odb10’�lineage.�Taxonomic�assignment�of�binned�contigs�was�performed�with�the�MMseqs2�taxonomy�
workflow.�85,105

The�retrieved�eukaryotic�MAGs�were�used�to�build�a�minimap2�index�and�mapped�against�the�original�metagenomes�using�Cov-
erM�

106�to�estimate�their�relative�abundance�using�parameters�‘‘—min-covered-fraction�80�–min-read-percent-identity�95�–min-read-
aligned-percent�80’’.

Viral�contig�binning�and�prevalence�estimation
Viral�OTUs�(vOTUs)�were�obtained�by�parsing�the�previously�processed�VAMB�bins�with�PHAMB�91�and�then�quality�checked�with�
CheckV�(workflow�‘end_to_end’).�61

CheckV�result�tables�were�parsed�in�order�to�identify�viral�contigs.�We�retained�contigs�annotated�as�complete,�medium- and�high-
quality�contigs�with�↘75%�average�amino�acid�identity�(AAI),�>30%�alignment�fraction�of�the�contig,�and�less�than�15%�difference�in�
genome�size�from�the�closest�CheckV�database�hit.�Low�quality�contigs�with�more�than�10�genes,�10%�of�which�annotated�as�host�
genes,�and�40%�annotated�as�viral�genes,�were�included�as�well�to�account�for�potential�uncharacterized�viruses.�Proviral�contigs�
annotated�at�least�as�medium�quality�were�included�as�well.

Viral�and�proviral�contigs�were�clustered�and�dereplicated�at�95%�ANI�across�85%�of�the�shorter�sequence�using�the�scripts�pro-
vided�by�CheckV�to�generate�vOTUs.�Taxonomic�assignation�was�performed�by�Genomad�63�using�the�end-to-end�workflow.�Addi-
tional�taxonomic�assignation�was�performed�by�clustering�the�vOTU�representative�sequencing�with�the�MGV�genome�database�us-
ing�the�same�approach�described�above.

The�representative�sequences�for�the�vOTUs�were�indexed�with�BowTie2�92�and�mapped�against�the�original�metagenomes�using�
CoverM�

83�to�estimate�their�relative�abundance�using�parameters�‘‘—min-covered-fraction�80�–min-read-percent-identity�95�–min-
read-aligned-percent�80’’.

vOTUs�discovered�in�contigs�of�bacterial�MAGs�were�host�annotated�according�to�the�bacterial�host.�The�host�taxonomy�of�other�
viruses�was�derived�using�CRISPR�spacers.�CRISPR�spacers�were�internally�identified�by�Bakta�using�PILER-CR.�The�combined�set�
of�CRISPR�spacers�mined�from�MAGs�were�then�mapped�to�all�vOTUs�using�blastn�93�(v2.13).�Subsequently,�spacer�hits�were
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processed�such�that�only�CRISPR-spacer�matches�with�↘90%�sequence�identity�over�↘90%�of�spacer�length�and�a�maximum�of�3�
mismatches�were�retained.�Spacer�hits�were�used�to�calculate�the�taxonomy�at�the�species�level�on�the�predicted�host�bacteria�using�
a�majority�rule.

Human�genome�sequencing
Participants�were�instructed�how�to�produce�at�least�5�mL�of�saliva,�and�these�samples�were�frozen,�stored,�and�transported�using�
procedures�similar�to�the�microbiome�specimens.�Saliva�samples�were�subjected�to�low-pass�genome�sequencing�on�the�Illumina�
NovaSeq�6000�after�performing�DNA�extraction.�Reads�were�mapped�against�the�human�genome�(version�hg38)�using�FQ2BAM�as�
implemented�in�the�NVIDIA�Clara�Parabricks�pipelines,�and�the�resulting�BAM�files�were�processed�with�GLIMPSE�94�to�perform�low�

pass�imputation�against�the�1000�Genomes�reference�panel.�107�Resulting�VCF�files�were�merged�into�a�single�BCF�file�with�bcftools�95�

and�processed�with�PLINK�96�using�parameters�‘‘–hwe�1e-3�–maf�0.05�–indep-pairwise�50�10�0.1’’.�This�resulted�into�13,651,831�var-
iants�across�2,240�individuals.�We�then�applied�filters�to�retain�samples�with�paired�metagenome�and�performed�LD�pruning,�which�
yielded�1,701�individuals�and�227,216�variants.�Principal�Component�Analysis�was�calculated�with�PLINK�using�the�‘‘–pca’’�
parameter.
Kinship�analysis�was�performed�using�KING,�and�the�ranges�used�for�inferring�the�degree�of�relation�from�kinship�coefficients�were�

taken�from�the�original�publication.

Association�analyses
Microbiome�association�analysis�was�performed�by�fitting�multiple�linear�models�as�implemented�in�Matrix�eQTL�98�to�predict�micro-
biome�features�(species-level�and�MetaCyc�pathways�abundances)�after�including�gender,�age,�BMI,�and�the�first�10�genetic�principal�
components�as�covariates.�We�included�species�present�in�at�least�10%�of�the�participants.�SNPs�identified�as�statistically�significant�
were�associated�with�the�closest�gene�(nearest�function�in�SummarizedExperiment�R�package).�microbiomeGWAS�69�was�used�to�
perform�a�GWAS�on�the�Weighted�UniFrac�distance�matrix,�including�the�same�covariate�used�for�the�microbiome�QTL�analysis.�
A�GWAS�using�the�beta-diversity�distance�matrix�is�built�on�the�idea�that�if�a�genetic�variant�affects�the�microbiome,�individuals�
who�share�more�alleles�at�a�specific�locus�(for�example,�both�having�AA�means�they�share�two�alleles,�while�one�having�AA�and�
the�other�GG�means�they�share�none)�will�have�lower�beta-diversity�distances.
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