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ADNOTARE

la teza cu titlul “Modele markoviene in timp continuu bazate pe filogenie pentru dinamica genelor in
pangenomurile microbiene”, inaintatd de competitorul MUNTEANU Viorel, pentru conferirea gradului
stiintific de doctor 1n informatica, la specialitatea 122.3 “Modelare, metode matematice, produse
program’”.

Structura tezei: teza a fost realizata in cadrul Universitatii Tehnice a Moldovei (UTM), Departamentul
Inginerie Software si Automatica, Facultatea Calculatoare, Informatica si Microelectronica. Este scrisa in
limba engleza si constd din introducere, 4 capitole, concluzii generale si recomandari, bibliografie din 348
de titluri, 116 text de baza, 47 figuri si 11 tabele. Rezultatele obtinute au fost publicate in 16 lucrari
stiintifice, inclusiv: 10 articole recenzate si in reviste cotate ISI si SCOPUS (dintre care 7 cu Factor de
Impact); 6 articole in reviste din Registrul National al revistelor de profil; 3 lucrari prezentate, recenzate si
publicate la conferinte nationale si internationale.

Cuvinte-cheie: bioinformatica, biostatisticd, modelare matematicd, metagenomica, pangenom,
microbiom urban, genomicd comparativa.

Scopul lucririi: dezvoltarea unui software bioinformatic reproductibil si scalabil destinat reconstructiei
meta-pangenomului din date metagenomice, estimarii cantitative a continutului genic si a ratelor de castig
si pierdere de gene pe arborii filogenetici la nivel de linie taxonomica si clasificarii genelor in functie de
presiunea selectiva exercitata de-a lungul acestor linii.

Obiectivele cercetirii: (1) dezvoltarea unui software bioinformatic pentru adnotarea genomica,
clusterizarea genelor ortoloage, aliniere a secventelor si inferenta filogenetica pentru constructia meta-
pangenomului din genomuri asamblate din date metagenomice; (2) definirea si implementarea unui nou
model pentru inferenta castigului si pierderii de gene pe arborii filogenetici la nivel de pangenom; (3)
dezvoltarea si implementarea unui model statistic pentru detectarea presiunii selectiei la nivel de gene si
genomuri in pangenomuri; (4) validarea pe seturi empirice, inclusiv metagenom urban si izolate, cu studiu
de caz pe genul Klebsiella si specia Klebsiella pneumoniae.

Noutatea si originalitatea stiintifica: rezultatele obtinute contribuie la solutionarea problemei lipsei
unor instrumente computationale pentru reconstructia pangenomului si inferenta evolutiva a continutului
genomic direct din date metagenomice, prin dezvoltarea unui software bioinformatic scalabil si
reproductibil care integreaza reconstructia pangenomului, inferenta castigului si pierderii de gene prin
modele Markov cu timp continuu si clasificarea genelor in functie de presiunea selectiva la nivel de gena
si genom, permitand operationalizarea conceptului de meta-pangenom si analiza integratd a dinamicii
fluxului genic si a presiunii selective Tn comunitati microbiene complexe, depasind limitéarile abordarilor
centrate exclusiv pe izolate genomice.

Probleme stiintifica si de cercetare solutionata: lucrarea introduce un software bioinformatic scalabil
si reproductibil pentru reconstructia pangenomului, care integreazd modele Markov in timp continuu si
reconstructia starilor ancestrale pentru analiza evolutiei continutului genomic direct din date metagenomice.
Produsul software dezvoltat permite aplicarea conceptului de meta-pangenom ca extensie a pangenomului,
oferind un instrument riguros pentru analiza dinamicii fluxului genic i a presiunii selective asupra genelor
in medii complexe.

Semnificatia teoreticd si valoarea aplicativi a lucrdrii: lucrarea contribuie la extinderea
pangenomului cétre nivelul de meta-pangenom, oferind o bazd metodologica pentru analiza dinamicii
fluxului genic si a presiunii selective asupra genelor in medii diverse, inclusiv mediul urban. Din
perspectiva aplicativa, software-ul dezvoltat face posibila utilizarea meta-pangenomului ca instrument de
supraveghere genomica, cu relevanta pentru sandtatea publica, agricultura, biotehnologie si abordarea One
Health, permitand reconstructia repertoriului genetic din date metagenomice complexe si realizarea de
comparatii robuste intre ecosisteme si clade taxonomice.

Implementarea rezultatelor stiintifice: Metodele sunt implementate ca set de instrumente
bioinformatice cu acces deschis, modulare, scalabile si reproductibile. Acestea sunt utilizat in activitati de
instruire, implementare in colaborare cu Agentia Nationald de Sandtate Publicd (ANSP) si laboratoare
partenere (Institutul de Microbiologie si Biotehnologie al UTM), prin aplicatii pilot de supraveghere
genomica urbana si integrarea protocoalelor 1n fluxuri de lucru operationale.



ANNOTATION

to the thesis entitled “Phylogeny based continuous-time markov models for gene dynamics in microbial
pangenomes”, submitted by the candidate MUNTEANU Viorel for the award of the scientific degree of
Doctor in Computer Sciences, in the specialty 122.3 “Modeling, mathematical methods, software
products”.

Thesis structure: the thesis was carried out at the Technical University of Moldova (TUM), Department
of Software Engineering and Automatics, Faculty of Computers, Informatics and Microelectronics. It is
written in English and consists of an introduction, 4 chapters, general conclusions and recommendations, a
bibliography of 348 sources, 116 pages of main text, 47 figures and 11 tables. The results obtained were
published in 16 scientific works, including: 10 per-reviewed articles in ISI- and SCOPUS-indexed journals
(of which 7 with Impact Factor); 6 articles in journals from the National Register of specialized journals; 3
papers presented, peer-reviewed and published at national and international conferences.

Keywords: bioinformatics, biostatistics, mathematical modelling, metagenomics, pangenome, urban
microbiome, comparative genomics.

Aim of the work: the development of a reproducible and scalable bioinformatics software intended for
the reconstruction of the meta-pangenome from metagenomic data, the estimation of gene counts and gene
gain and loss rates on phylogenetic trees at the taxonomic lineage level, and the classification of genes
according to the selective pressure acting along these lineages.

Research objectives: (1) the development of a bioinformatics software for genomic annotation,
orthologous gene clustering, sequence alignment, and phylogenetic inference for the construction of the
meta-pangenome from genomes assembled from metagenomic data; (2) the definition and implementation
of a novel model for inferring gene gain and loss on phylogenetic trees at pangenome level; (3) the
development and implementation of a statistical model for detecting selective pressure at the gene and
genome levels in pangenomes; (4) validation on empirical datasets, including urban metagenomes and
isolates, with a case study focusing on the genus Klebsiella and the species Klebsiella pneumoniae.

Scientific novelty and originality: the obtained results contribute to addressing the lack of computational
tools for pangenome reconstruction and evolutionary inference of genomic content directly from
metagenomic data, through the development of a scalable and reproducible bioinformatics software that
integrates pangenome reconstruction, inference of gene gain and loss using continuous-time Markov
models, and gene classification according to selective pressure at the gene and genome levels, thereby
enabling the operationalization of the meta-pangenome concept and the integrated analysis of gene flow
dynamics and selective pressure in complex microbial communities, overcoming the limitations of
approaches centered exclusively on genomic isolates.

Scientific and research problem solved: the thesis introduces a scalable and reproducible bioinformatics
software for pangenome reconstruction, which integrates continuous-time Markov models and ancestral
state reconstruction to analyze the evolution of genomic content directly from metagenomic data. The
developed software product enables the application of the meta-pangenome concept as an extension of the
pangenome, providing a rigorous tool for analyzing gene flow dynamics and selective pressure acting on
genes in complex environments.

Theoretical significance and practical value of the work: the research contributes to extending the
pangenome toward the meta-pangenome level, providing a methodological basis for analyzing gene flow
dynamics and selective pressure acting on genes across diverse environments, including urban settings.
From an applied perspective, the developed software enables the use of the meta-pangenome as a genomic
surveillance tool, with relevance to public health, agriculture, biotechnology, and the One Health approach,
allowing reconstruction of genetic repertoires from complex metagenomic data and robust comparisons
across ecosystems and taxonomic clades.

Implementation of the scientific results: the methods are implemented as an open-access, modular,
scalable, and reproducible set of bioinformatics tools. They are used in training activities and in
implementations carried out in collaboration with the National Agency for Public Health (ANSP) and
partner laboratories (the Institute of Microbiology and Biotechnology, from TUM), through pilot
applications of urban genomic surveillance and the integration of protocols into operational workflows.



AHHOTAIMUA

K quccepTranuy Ha TeMy “Mopgenan MapkoBa ¢ HellpepbIBHBIM BpeMeHeM, OCHOBAHHbIE Ha
¢usiorenuu, AJs1 MCCIeIOBAHUS JTMHAMHKHA FeHOB B MUKPOOHBIX IAHT€HOMAX’, IPEACTABICHHON
couckarenrem MYHTSHY BuopesioM Ha cOuCKaHUE YUEHOM CTENEHH JOKTOPA MO crenuansHocty 122.3
“MopgennpoBaHne, MaTeMaTHYeCKHE METOIbI, IPOrPAMMHBIE MPOAYKTHI” B 001aCTH KOMITBIOTEPHBIX
HayK.

CTpyKTypa AmccepTalMM. AHUCCEPTAIlUs BBINONHEHA B TexXHHMUECKOM YHHMBepcuTere MOoINIoBEI, Ha
Kadenpe Ilporpammuoit Muxenepun u ABTtomaruku, Pakynbrere Brrumcnutensnoit TexHukwy,
Nudopmatuku 1 MukposnekTpoHuku. PaboTa Hamucana Ha aHTJIMHACKOM S3bIKE M BKIIIOYAET: BBeIeHHE, 4
r71aB, OOIIMe BBIBOABI U peKOMeHIauuu, oubnuorpaduio n3z 348 mctoyHUKoB, 116 cTpaHHUL OCHOBHOTO
TekcTa, 47 pucyHkoB u 11 tabmuu. IlomyueHHble pe3ynbTaThl OyOIMKOBaHEI B 16 HayyHBIX paboTax, B
ToM uucine: 10 peneH3upyeMbIX CTaThbix B KypHaiax, HHAekcupyeMmbix B ISI u SCOPUS (u3 Hux 7 ¢
UMIAKT-(aKTOpoM); 6 CTaThsIX B )KypHanax HanmoHnansHOTO peecTpa NpOQHUIbHBIX U3AaHUi; 3 JOKIanax,
MPEICTABICHHBIX, PELEH3UPOBAHHBIX M OMYOJMKOBAHHBIX Ha HAUOHAIBHBIX M MEXKIyHAPOJHBIX
KOH(EepeHLUIX.

KnwueBbie ciaoBa: OuounHpopmarhka, OHOCTATHCTHKA, MaTEeMaTHYECKOE  MOJCIUPOBAHUE,
METareHOMHKa, (HUIOreHEeTHYeCKasi WH(pEepeHN s, MaHIeHOM, TOPOJACKOH MHKpPOOHOM, CpaBHUTEIbHAsS
TEeHOMUKA.

Heas paborbl: pa3paboTka BOCIPOM3BOIUMOIO M MAacIITaOUpyeMoro OHOMH(OPMATHYECKOTO
MPOrpaMMHOTO  OOeclieueHHs, MpeJHa3HAaYeHHOTO JJs PEKOHCTPYKIMH, MeTa-MaHreHoma u3
METareHOMHBIX JaHHBIX, OLEHKH YHCICHHOCTH T€HOB M CKOPOCTEH MPHOOpPETEeHHs] U MOTEpU TeHOB Ha
(DUIIOTEHETUUECKUX JEPEBbAX HAa YPOBHE TAaKCOHOMHMYECKHMX JIMHUH, a TAaKkKe KIacCU(PHUKALUU TEeHOB B
3aBHCHMOCTH OT JIEMCTBYIOLIETO BIOJIb ATUX JIMHUH CEJIEKTUBHOIO AABIICHUS.

3agaun ucciaenoBanusi: (1) paspaborka OHOMH(OPMATHYECKOTO MPOrPAMMHOTO OOECTICUEHUS JUIS
T€HOMHOW aHHOTAIMM, KJIacTepH3alH OPTOJIOTUYHBIX T'€HOB, BBIPABHUBAHMS IOCIEAOBATENBHOCTEH U
¢duoreHeTHUECKO HHPEPESHLUH € LETbI0 IIOCTPOSHHS METa-TIaHT€HOMa Ha OCHOBE T€HOMOB, COOpPaHHBIX
W3 METareHOMHBIX JaHHBIX; (2) pa3paboTka U peaqu3alys HOBOH MOAEIH Uil MH(EPEHLUH MPOLECCOB
nproOpeTeHHs ¥ MOTEPH TeHOB Ha (PUIIOTeHETHYECKUX JePEBhIX Ha ypOBHE MaHreHoMa; (3) pa3paboTka u
peanuzanus CTaTUCTUYECKOW MOJENM ISl BBIABICHUS CEJIEKTUBHOIO JaBJICHHS Ha YPOBHE T'€HOB U
TCHOMOB B MaHreHoMmax; (4) BajdMpanus Ha SMIMPHYECKHX HaOopax IaHHBIX, BKIIOYas TOPOJCKHE
METareHOMEBI M U30JISITHI, C UCCIIeZiIoBaHUEM Ha ipuMepe pojaa Klebsiella v suna Klebsiella pneumoniae.

Hayuynasi HOBM3HA M OPHUTHHAJBHOCTB: ITOJyUYCHHBIE PE3yJbTAaThl PEIIAIOT MPOOJIEMY OTCYTCTBUS
BBIYUCIUTEIBHBIX HWHCTPYMEHTOB Ul PEKOHCTPYKIMH TaHT€HOMa W 3BOJIIOLMUOHHON WH(pEepeHInn
TeHOMHOTO COJIep)KaHUsl HEMOCPEACTBEHHO W3 METAareHOMHBIX JaHHbIX. B pabore pazpaboTanHo
MacmTabupyeMoe W BOCHPOM3BOAMMOE  OHOMH(OpPMAaTHYECKOE MpOrpaMMHOE  obOecreueHHe,
00BEIMHSAIONIEE PEKOHCTPYKIHMIO TAHTCHOMA, HH(EPEHIINIO POLIECCOB MPHOOPETEHUS U IOTEPH TEHOB Ha
OCHOBE MapKOBCKHX MOJEJIei ¢ HeMPEePHIBHBIM BPEMEHEM, a TaKkKe KIacCH(HUKAIHIO TEHOB M0 YPOBHIO
CEJIEKTUBHOTO JIaBJICHUS, YTO MO3BOJISET MPOBOAUTH MHTETPUPOBAHHBIN aHATIN3 TUHAMHUKU F€HETHYECKOTO
MOTOKA U CEJICKTUBHOTO JAABJICHUS B CJIOKHBIX MUKPOOHBIX COOOILIECTBAX.

Pemaemasi HayuHasi mpo0Jema: TuccepTanys IpeACTaBIsIeT BOCIPOU3BOIUMOE OMOMH(pOpMaTHYECKOE
MporpaMMHoOe o0ecTieueHue Il PEKOHCTPYKLUH TAHT€HOMa, KOTOPOE MHTErPHUPYET MapKOBCKHE MOJEITH
C HEMIPEPBIBHBIM BPEMEHEM U PEKOHCTPYKIIMIO MTPEIKOBBIX COCTOSHUH JUIsl aHAJIN3a HBOJIIOLUU TEHOMHOTO
COZEp)KaHMUsl HENOCPEACTBEHHO M3 METarecHOMHBIX JaHHBIX. Pa3paOoTaHHBIH NPOrpaMMHBIM MPOLYKT
o0ecrieurBaeT NMPUMEHEHNE KOHLENIMK METa-MIaHreHOMa KaK PAacCUIMPEHUs] MaHI€HOMa, HPEeAOCTaBIISA
CTpOTMH MHCTPYMEHT JUIsl aHaIM3a JUHAMHUKHN T€HETHYECKOTO MTOTOKA M CEJIEKTUBHOIO AABIICHUS.

Teopernyeckasi 3 HAYMMOCTH M IPAKTHYECKAs HEHHOCTh: HCCIICAOBaHNE CIIOCOOCTBYET PACIIUPEHHIO
MaHreHoMa J10 ypOBHsI MeTa-llaHreHoMa, 00ecrieyBast METOJ0JI0TMIECKYI0O OCHOBY JJIs aHAIN3a JUHAMUKHU
TCHETHYECKOT'0 MOTOKA M CEIEKTUBHOTO JaBJICHHUS, ACHCTBYIOIIETO HA T€HBI B pa3HOOOPa3HBIX CpeAax.
PazpaboranHoe mnporpaMmHOoe oOecrieyeHHe TMO3BOJSET HCIONb30BaTh METa-MAHI€HOM B KadecTBE
WHCTPYMEHTa TE€HOMHOIO MOHHTOpPHHIA, HMEIONIETO0 3HA4Y€HHE [UIsl 3]paBOOXPAHEHUs, CENbCKOTO
X03sHCTBa, OHoTexHONOrMu M moaxona One Health, obecrieunBas PEKOHCTPYKLUHUIO T€HETHYECKHX
penepTyapoB U3 CIOKHBIX METAareHOMHBIX JAHHBIX M NPOBEACHHUE YCTOWYHMBBIX CPABHEHUN MEXKAY
9KOCHCTEMaMH M TAKCOHOMUYECKUMH KJIalaMHu.

BHenpenne Hay4yHBIX PpPe3yJabTATOB: METOABl pPEATM30BaHBl KaK OTKPBITHINA, MOJIYJIBHBIN,
MacITaOUpyeMblli ¥ BOCIPOM3BOIUMBIN Habop OuonmHpoOpMaTHUECKUX HMHCTPyMeHTOB. OHH
UCTIONB3YIOTCS B y4eOHOW JAEATENbHOCTH W BHEOPEHHSX, IPOBOJUMBIX B COTPYIHHYECTBE C
HanmonansabiM ArentctBom OOImiecTBEHHOTO 370poBbsl U MapTHEpCKuMH sadopatopusmMu (MHCTUTYT
MukpoOuonorun u buorexnomornn, TYM), uepe3 MUIOTHBIE MPOEKTHl U MHTETPALMIO MPOTOKOJIOB B
OIeparoHHbIe paboYre MPOLECCHI.
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LIST OF FIGURES

Figure 1.1. Workflow for metagenomic sampling, sequencing and analysis (adapted from [1]). (a)
Environmental samples are collected from urban locations, georeferenced, and stored
appropriately. (b) DNA is extracted from each sample using a combination of physical and
enzymatic lysis methods. (c) Extracted DNA is used to prepare sequencing libraries, which are
multiplexed using sample-specific barcodes for parallel sequencing. (d) Raw sequencing reads
undergo quality control and preprocessing, including adapter trimming and removal of low-quality
sequences. (¢) Reads are demultiplexed by barcode and subjected to bioinformatics workflows for
downstream metagenomic analysis, including taxonomic, functional, and statistical profiling.
Figure 1.2. Illumina short read sequencing systems covering from small benchtop sequencers to
production-scale sequencing systems [2].

Figure 1.3. Representative long-read sequencing platforms used in metagenomic and microbial
genomics. (A) Oxford Nanopore Technologies (ONT) sequencing devices [3]. (B) Pacific
Bioscience (PacBio) Sequell II and and Sequel Ile platforms offering high-fidelity (HiFi) long-
read sequencing through circular consensus sequencing [4].

Figure 1.4. Overview of taxonomic profiling strategies in metagenomics (adapted from [1]).
Metagenomic taxonomic characterization can be performed using either alignment-free or
alignment-based approaches, both relying on reference genome databases. (A) Alignment-free
profiling reduces computational demand by decomposing both metagenomic reads and reference
genomes into k-mers (Aa), identifying shared k-mers (Ab), and quantifying these matches to
generate a taxonomic profile (Ac). (B) Alignment-based methods provide higher sensitivity by
aligning reads to reference genomes or marker gene sets. This involves constructing or using a
predefined marker database (Ba), identifying read-reference similarities through indexing,
dynamic programming, or k-mer matching (Bb), aligning reads to references (Bc), and quantifying
the alignments to infer taxonomic composition (Bd).

Figure 1.5. Overview of functional profiling in metagenomic analysis (adapted from [1]).
Functional annotation begins with raw metagenomic sequences, which can either be directly
aligned to reference databases or assembled into contigs for gene prediction. Sequencing reads can
be directly mapped to known genes in reference databases to estimate their abundance (top), while
ab initio methods identify open reading frames (ORFs) for functional assignment (middle).
Predicted ORFs are annotated using homology or domain-based approaches, enabling
quantification and profiling. Both strategies contribute to the construction of functional profiles,

which can be further explored through pathway analysis and metabolic modeling (right).



Figure 1.6. The pan-genome concept. The pangenome includes the core genome shared by all
strains and the accessory genome, which varies across strains. Closed pangenomes have low
variability; open pangenomes show extensive gene diversity due to ecological and evolutionary
pressures.

Figure 1.7. Workflow for meta-pangenome reconstruction from multiple metagenomic samples.
Metagenomic reads from different samples are independently assembled and taxonomically
deconvoluted to generate species-level bins. For each species, predicted genes from assigned
assemblies are pooled across samples to generate a non-redundant gene set. These gene sets are
clustered into homologous groups to form species-specific meta-pangenomes. Accumulation
curves are then generated to assess meta-pangenome openness based on the number of gene
clusters discovered as more samples are included.

Figure 1.8. Comparative features of open and closed microbial pangenomes. Gene presence-
absence matrices for an open (A) and a closed (B) pangenome. Grey indicates gene presence, white
indicates absence, solid lines denote gene frequency across genomes. (C) Gene accumulation
(solid lines) and core gene depletion (dashed lines) curves for open (blue) and closed (orange)
pangenome. (D) Gene frequency distribution show a U-shaped pattern for the open pangenome,
with a higher proportion of rare and core genes, while the closed pangenome is enriched for
conserved genes. (E) Genome fluidity estimates highlight greater gene content variability in the
open pangenome relative to the closed counterpart.

Figure 1.9. Two-state continuous-time Markov chain (CTMC) models used in gene gain-loss
inference. (A) One-parameter model, both gene gain and gene loss transitions occur at the same
rate q. (B) Two-parameter model, gain and loss transitions occur at independent rates g, for gene
gain and q; for gene loss.

Figure 2.1. Reproducible meta-pangenome workflow and downstream inferences. (A) Genome
annotation and meta-pangenome reconstruction; (B) Phylogeny inference; (C) Gene turnover
counts (PGGL method) and gene classification according selection index and scores (PGGS
method).

Figure 3.1. Comparative annotation metrics of Klebsiella sp. genomes across isolate-derived
(p=PKG) and metagenome-assembled (mp=MPKG) datasets. Each panel show one metrics: (top-
left) the number of predicted CDS; (top-right) total genome size (in base pairs); (bottom-left)
number of tRNA genes; (bottom-right) number of contigs per assembly.

Figure 3.2. Klebsiella pneumoniae pangenome annotation based on isolate-derived genomes (PKP

dataset).
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Figure 3.3. Functional annotation summary across Klebsiella datasets. (A) Meta-pangenome
(MPKG dataset) captured from MAGs. (B) Isolate pangenome (PKG dataset). (C) K. pneumoniae
(PKP dataset) from isolate samples.

Figure 3.4. Species-level functional annotation profiles across Klebsiella genomes. (A) MPKG
dataset composed exclusively of MAGs reveals substantial variation in functional term counts
across species, particularly in GO and PFAM annotations. (B) PKG dataset based on isolate
genomes shows greater annotation consistency, with overall higher counts for most annotation
types.

Figure 3.5. Summary of gene composition across datasets (core, shell and cloud) in (A) MPKG,
(B) PKG, and (C) PKP datasets

Figure 3.6. Gene frequency distribution across the number of genomes in (A) MPKG, (B) PKG,
and (C) PKP datasets

Figure 3.7. Gene discovery dynamics and meta-pangenome openness in the MPKG dataset. (A)
Discovery rate of new gene families per genome, showing diminishing returns with increasing
sampling. (B) Cumulative number of unique gene families fitted to Heap’s law model.

Figure 3.8. Gene discovery dynamics and meta-pangenome openness in the PKG dataset. (A)
Discovery rate of new gene families per genome, showing diminishing returns with increasing
sampling. (B) Cumulative number of unique gene families fitted to Heap’s law model.

Figure 3.9. Gene discovery dynamics and meta-pangenome openness in the PKP dataset. (A)
Discovery rate of new gene families per genome, showing diminishing returns with increasing
sampling. (B) Cumulative number of unique gene families fitted to Heap’s law model.

Figure 3.10. Principal Component Analysis (PCA) of MPKG meta-pangenome (Klebsiella spp.)
gene presence-absence matrix, colored by species.

Figure 3.11. Presence-absence heatmap based on hierarchical clustering of genomes and
orthologous groups of the MPKG meta-pangenome (Klebsiella sp.).

Figure 3.12. Presence-absence heatmap based on hierarchical clustering of genomes and
orthologous groups of the PKG pangenome (Klebsiella spp.).

Figure 3.13. Principal Component Analysis (PCA) of PKG pangenome (Klebsiella sp.) gene
presence-absence matrix, colored by species.

Figure 3.14. Principal Component Analysis (PCA) of PKP pangenome (Klebsiella pneumoniae)
gene presence-absence matrix, colored by sequence type (ST).

Figure 3.15. Presence-absence heatmap based on hierarchical clustering of genomes and
orthologous groups of the PKP pangenome (Klebsiella pneumoniae).

Figure 4.1. Gene gain—loss event counts per isolate genome in the PKP pangenome.
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Figure 4.2. Gene gain-loss event counts per isolate genome in the PKG pangenome.

Figure 4.3. Gene gain-loss event counts per MAG in the MPKG meta-pangenome.

Figure 4.4. Species-level gene gain and loss count in the MPKG meta-pangenome

Figure 4.5. Species-level gene gain and loss count in the PKG pangenome.

Figure 4.6. Gene gain-loss counts in K. pneumoniae phylogenetic tree pruned from MPKG dataset
phylogeny

Figure 4.7. Gene gain-loss counts in K. pneumoniae phylogenetic tree pruned from PKG dataset
phylogeny.

Figure 4.8. Gene gain-loss counts in K. pneumoniae ST395 sequence type phylogenetic tree
pruned from PKP dataset phylogeny.

Figure 4.9. Gene gain-loss rates per genome in MPKG dataset meta-pangenome.

Figure 4.10. Distribution of gene gain and loss rates per species in MPKG dataset meta-
pangenome.

Figure 4.11. Gene gain-loss rates per genome in PKG dataset pangenome.

Figure 4.12. Distribution of gene gain and loss rates per species in PKG dataset pangenome.
Figure 4.13. Gene gain-loss rates per genome in PKP dataset (clinical K. pneumoniae isolates).
Figure 4.14. Gene gain loss rate distribution by ST type in PKP pangenome (STs with > 4
genomes).

Figure 4.15. Gene gain-loss rates for K. pneumoniae mapped on phylogenetic tree (pruned from
MPKG dataset).

Figure 4.16. Gene gain-loss rates for K. pneumoniae mapped on phylogenetic tree

(pruned from PKG dataset).

Figure 4.17. Gene gain-loss rates for K. pneumoniae ST395 sequence type mapped on
phylogenetic tree (pruned from PKP dataset).

Figure 4.18. Selection class counts and proportions across Klebsiella species

in the MPKG dataset.

Figure 4.19. Selection class counts and proportions across Klebsiella species in the PKG dataset.
Figure 4.20. S-curve showing selection index versus selection score for the MPKG and PKG
datasets.

Figure 4.21. Volcano plots of selection score ((A — p) / (A + p)) versus model support (AAIC: ER
versus ARD CTMC models) for the MPKG and PKG datasets. Panel A shows results for the
MPKG dataset, and Panel B for the PKG dataset. Each point represents an orthologous group, with

the x-axis showing the normalized selection score — positive values indicate gain bias, negative
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values indicate loss bias — and the y-axis showing the AAIC between equal-rates (ER) and all-
rates-different (ARD) models, reflecting statistical support for asymmetric rates.

Figure 4.22. Ancestral state reconstructions on the simulated phylogeny obtained using Fitch
parsimony (A), Bayesian stochastic character mapping (B), and maximum likelihood (C), with
internal nodes annotated as matches, mismatches, or ambiguous relative to the known simulated

states.
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INTRODUCTION

Timeliness and importance of the problem addressed. The evolutionary dynamics of microbial
genomes, driven by mutation, selection, recombination, horizontal gene transfer (HGT) and gene
gain-loss events, underpin the ecological versatility, adaptive potential, and public health relevance
of microbial populations [5-8]. In natural and engineered environments, such as urban
microbiomes, these dynamics are driven not only by mutation and selection, but also by rapid gene
turnover, mediated through horizontal gene transfer, gene loss, and recombination [5, 8, 9]. While
the pangenome has emerged as a powerful conceptual framework to capture this genomic fluidity,
existing approaches remain largely isolate-centric, limiting their utility in complex, uncultured
communities [10-12].

This thesis addresses a pressing need for methods capable of reconstructing and
interpreting microbial pangenomes directly from metagenomic data, without reliance on
predefined genomes or species boundaries [13]. By leveraging phylogenetic models of gene gain
and loss and integrating these with high-resolution metagenomic assemblies and presence—absence
matrices, this work enables lineage-aware inference of pangenome structure and evolutionary
dynamics across diverse microbial taxa [13, 14].

Such approaches are timely and essential as environmental and host-associated
microbiomes are now recognized as reservoirs of antimicrobial resistance, metabolic innovation,
and pathogenic potential; quantifying in situ gene-content dynamics and deploying urban genomic
surveillance that tracks antimicrobial resistance genes (ARGs,) virulence genes, and mobile
elements across city infrastructures have become imperative [9, 11]. In anthropogenically
structured ecosystems, including urban wastewater, soils, and air, quantifying the rates and
mechanisms of gene flux (HGT, recombination, gain and loss) is critical for tracing the emergence
of adaptative traits and forecasting microbial responses to selective pressures [1, 11, 15].

By formalizing phylogeny-aware comparative models for metagenomic data, this work
provides a rigorous framework for microbial evolutionary inference that couples evolutionary
theory to real-world community complexity, while supplying an operational analytics layer for
urban genomic surveillance. It enables more predictive models of genome evolution, increases the
resolution of surveillance, and sharpens the dissection of mechanisms underlying microbial
adaptation in the metagenomic era.

Research field. This thesis is positioned at the intersection of bioinformatics, mathematical
modeling, analysis of metagenomic data and comparative genomics [10—12]. It contributes to the

emerging discipline of computational pangenomics by developing theoretical and algorithmic
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frameworks to infer gene content evolution in microbial and viral populations, particularly within
urban ecosystems [16, 17]. The research integrates phylogenetic comparative methods with
metagenomic data analysis to resolve lineage-specific patterns of gene gain, loss, and
recombination, even in the absence of isolate genomes. It advances the broader understanding of
genome dynamics in natural communities and has direct implications for public health
microbiology, antimicrobial resistance (AMR) surveillance, and real-time evolutionary inference
in complex environments.

Situation in the field and the research problem. Urban microbiomes are characterized
by pronounced genome plasticity driven by frequent gene gain, gene loss, and homologous
recombination, which together shape microbial adaptation, transmission, and antimicrobial
resistance in densely populated, anthropogenically influenced ecosystems [8, 9, 16, 17]. Capturing
these evolutionary processes is central to understanding how microbial functions emerge, persist,
and spread in cities.

Most computational studies of genome evolution still rely on reference-based, isolate-
derived frameworks. Such models underperform on real-world metagenomes, where assemblies
are fragmented, strain mixtures are common, coverage is uneven, and genome boundaries are
uncertain [1, 18-20]. Treating genomes as static entities obscures lineage-specific gene-content
dynamics, and the lack of explicit phylogenetic integration hampers separation of vertical
inheritance from convergent or horizontally transferred events [21-23].

This thesis addresses these limitations by introducing phylogeny-aware pangenomic
frameworks that reconstruct gene repertoires and model gain—loss dynamics directly from
metagenomic data. Using ancestral state reconstruction, continuous-time Markov chains (CTMC),
and branch-specific event inference, the approach resolves fine-grained trajectories of gene content
across environmental lineages, even without isolate genomes, while accommodating the high
recombination rates, rapid turnover, and ecological selection typical of urban samples [14, 17, 22,
23].

By coupling tree-based models with presence—absence matrices across thousands of gene
families from meta-pangenomes, the work delivers a computational toolkit for detecting lineage-
specific adaptation, quantifying gene-turnover rates (A/p), and delineating conserved versus
variable components of the microbial pangenome. This fills a key methodological gap in
evolutionary metagenomics and strengthens urban genomic surveillance, enabling in situ analysis
of genome dynamics with direct applications to public-health microbiology, antimicrobial
resistance (AMR) monitoring, and microbial ecology [1, 8, 9, 11, 16, 17, 24-26]. We additionally

assess selective pressure on gene presence/absence by testing rate asymmetry of gain versus loss
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on phylogenies within a continuous-time framework and classifying genes accordingly [27, 28].
This allows lineage-specific detection of preferential retention or acquisition beyond neutral
expectations while remaining orthogonal to nucleotide-level selection signals methods.

The aim of the study. To develop and validate a modular, scalable, and reproducible
bioinformatics software for meta-pangenome reconstruction and analysis from urban
metagenomic data, integrating probabilistic modeling and phylogeny-based inference to quantify
gene-content variability and gene-dynamics in pangenomes, and to develop a statistical
classification method for identifying selective pressure on genes along taxonomic lineages. The
bioinformatics framework should reconstruct pangenomes directly from metagenome-assembled
genomes (MAGs) and estimates branch-wise gene gain and loss rates, classifying genes by inferred
selection pressure along evolutionary lineages using continuous-time Markov models with
likelihood-based ancestral reconstruction.

Objectives of the research:

e Develop and implement an end-to-end, reproducible, modular bioinformatics software that
converts labeled genomic sequences into harmonized meta-pangenome datasets by
unifying standardized annotation and orthogroup inference with construction of presence—
absence gene matrices, quantitative openness metrics and core and accessory delineation,
as well as recombination-free phylogenies from core alignments, yielding interoperable
outputs for downstream modeling.

e Develop and implement a phylogeny-based CTMC probabilistic software that quantifies
gene-content evolution from metagenomic presence—absence data by inferring lineage-
specific gain and loss dynamics and producing branch- and lineage-level summaries
suitable for comparative analyses and urban genomic surveillance.

e Build a phylogeny-based CTMC-approach software that classifies genes by selective
regime, by distinguishing symmetric from asymmetric gain—loss dynamics and quantifies
the directionality of the gain—loss process (the tilt toward acquisition versus deletion),
using rate-contrast indices to capture the evolutionary tendency of gene-content change.

e Rigorously validate the end-to-end, reproducible software developed by applying them to
urban microbiome datasets to reconstruct pangenomes, benchmark against gold-standard
datasets and perform CTMC phylogeny-based inference of branch-specific gene gain and
loss and classify genes by selective regime.

Research hypothesis. We hypothesize that applying continuous-time Markov chain models

with likelihood-based ancestral state reconstruction to gene-family presence-absence data

18



reconstructed from MAG-based meta-pangenomes will recover lineage-specific rates of gene gain
(1) and loss (u) and a directionality in gene turnover, even when isolate genomes or complete
assemblies are unavailable, building on established phylogenetic likelihood theory for discrete
characters and its extension to gene-content evolution [29-31]. We further hypothesize that these
estimates are biologically meaningful and robust in metagenomic settings characterized by
recombination and horizontal transfer, aligning with the documented fluidity and selection shaping
prokaryotic pangenomes [11, 32-34]. Given the availability of large, high-quality MAG
catalogues and city-scale metagenomic surveys that enable species-level inference from
metagenomes [35-37], we expect the same CTMC and ancestral state reconstruction framework,
applied to urban meta-pangenomes, to reveal reproducible lineage-specific shifts in genome
expansion, reduction, and turnover that covary with ecological pressures and public-health features
such as AMR and virulence burdens, despite typical artifacts like fragmentation and strain mixing.
Accordingly, we advance the following scientific theses for defense in this dissertation:

1. Species-resolved meta-pangenomes can be reconstructed directly from quality-controlled
urban MAGs, with optional co-analysis of isolates, yielding gene-family presence—absence
matrices, openness statistics, and recombination-aware core-genome phylogenies suitable for
downstream inference.

2. Gene/orthogroup presence—absence derived from these meta-pangenomes supports
phylogeny-aware continuous-time Markov models that estimate branch-specific gain (A) and loss
(n) and provide lineage-resolved rate indicators for urban surveillance.

3. Directional selection on gene content can be tested by contrasting symmetric (ER) versus
asymmetric (ARD) CTMC parameterizations at the gene/orthogroup level, producing interpretable
statistics that quantify bias toward acquisition or deletion.

4. Integrated annotation over the meta-pangenome enables systematic prioritization of
sequences of concern, including AMR genes, virulence loci, and prophage/viral segments, by
combining prevalence, phylogenetic context, and mobile-element co-occurrence into ranked,
lineage-resolved watchlists for urban genomic surveillance.

5. Application to urban compartments yields an integrated indicator set (A, p, selection
indices, prioritized sequences) that is reproducible under a fixed analysis stack and directly
consumable by One Health comparative and early-warning workflows.

Scientific research methodology. In this thesis, we develop bioinformatics software for
reconstructing meta-pangenomes from metagenomic data and for inferring lineage-specific gene
gain and loss, as well as selection direction on a core-genome phylogeny, and demonstrate its

application as a proof-of-concept using empirical Klebsiella genomes datasets. Three curated
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datasets were analyzed: (1) an urban MAG meta-pangenome (MPKG dataset; n = 64 high-quality
MAGs), and two isolate collections (PKG dataset; n = 35 genomes, and PKP; n = 99 genomes),
enabling comparisons across data types and taxonomic scales (genus versus species). For each
dataset, we constructed a meta-pangenome by predicting and annotating coding sequences,
clustering orthologous groups and compiling a genome-by-orthogroup presence-absence matrix,
and finally the core genome alignment was used to infer phylogeny.

Gene-content evolution was modeled on the fixed core phylogeny using a two-state
continuous-time Markov chain fitted per orthologous groups, likelihoods were computed with
Felenstein’s pruning algorithm [31], and the gain (1) and loss (1) parameters were estimated by
maximizing likelihoods with a bound-constrained quasi-Newton optimizer (L-BFGF-B)
implemented in stats R package [38].

To place the evolutionary results in a public-health frame, we integrated gene-content
inferences with curated AMR and virulence resources and with prophage/viral calls, projecting all
signals onto a single recombination-aware phylogeny to obtain lineage-level summaries of AMR
burden, virulence potential, and virome integration. PGGL and PGGS methods, downstream
statistics, and visualizations were implemented in R [38]; upstream assembly, annotation,
orthogrouping, alignment, and phylogeny steps were executed with established command-line
bioinformatics software, as detailed in the Methods chapter. All analyses ran in versioned,
containerized environments on local and HPC systems to ensure reproducibility and scalability
[39].

Scientific novelty and originality. This thesis advances microbial evolutionary genomics by
introducing a phylogeny-aware meta-pangenome framework that reconstructs gene repertoires
directly from metagenomic assemblies and infers gene-content evolution without relying on
complete isolate genomes or fixed species boundaries. The approach is tailored for the realities of
urban microbiomes including fragmented assemblies, strain mixtures, and pervasive horizontal
gene transfer and recombination, where classic isolate-centric comparative genomics is brittle.

Methodologically, the work contributes two integrated components. PGGL method is a
maximum-likelihood, continuous-time Markov framework applied to a fixed core-genome
phylogeny that treats each orthologous group as a two-state character (absent/present). It returns
gene-wise estimates of the rate of acquisition (gain) and rate of deletion (loss), marginal ancestral
states, and expected branch-specific events, computed via Felsenstein’s pruning algorithm; this
enables lineage-aware quantification of gene turnover across large microbial cohorts. Building on
that, PGGS method introduces a phylogeny-aware test for directional asymmetry in gene turnover.

For each gene, an equal-rates (ER) model, which constrains the gain and loss rates to be the same,
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is contrasted with an all-rates-different (ARD) model, which allows the gain and loss rates to differ.
Model support (via likelihood criteria) classifies genes as gain-biased, loss-biased, or consistent
with symmetry, providing an interpretable signal of selection acting on gene presence/absence that
complements codon-level analyses.

Conceptually, the novelty is to bring comparative-phylogenetic logic to gene-content traits at
meta-pangenome scale, delivering robust, lineage-aware estimates of turnover and directional bias
from empirical MAGs and isolates alone. Practically, the framework is modular and reproducible,
integrates curated AMR/virulence/virome layers on the same tree, and is purpose-built for urban
genomic surveillance, where cross-dataset and cross-location comparability is essential.

The important scientific problem solved in the thesis. A key unmet need in microbial
evolutionary genomics is to infer gene gain—loss dynamics and quantify genome-content
variability directly from metagenomic cohorts, where assemblies are fragmented, strains co-occur,
species boundaries are fuzzy, and horizontal gene transfer and recombination are pervasive.
Classic pangenome and comparative-genomics pipelines were built for complete isolate genomes
and stable taxonomies that under metagenomic conditions they lose power and interpretability,
obscuring lineage-specific trajectories of genome expansion and reduction. The urgency is
amplified in urban ecosystems, now profiled at scale, which exhibit high turnover of mobile genes
yet are sampled predominantly by metagenomics [35, 36].

Two technical barriers make this a bona-fide scientific problem. First, recombination and
gene flow distort tree-like signal, complicating phylogeny construction [33, 40, 41]. Second,
existing gene gain—loss methods were largely designed for complete, well-delimited genomes and
are not validated for presence—absence matrices derived from MAGs, as a result, the field lacks a
standard, lineage-aware approach to estimate gain and loss from metagenomes or to test for
directional bias in turnover at gene level [21, 27, 42]. Together, these gaps prevent rigorous,
phylogeny-aware quantification of genome dynamics precisely where surveillance needs are
greatest—wastewater, air, and built environments.

This thesis closes the gap by introducing a phylogeny-based meta-pangenome analysis
bioinformatics software that reconstructs gene repertoires directly from metagenomic assemblies
and, on a recombination-aware core phylogeny, fits two-state continuous-time Markov models to
each orthogroup to estimate lineage-specific gene gain (A) and loss (pt). To test selection on gene
presence/absence, we contrast an equal-rates (ER) model, gain equals loss, with an all-rates-
different (ARD) model that allows them to differ; support for ARD indicates directional turnover
(preferential acquisition or deletion), whereas ER is consistent with symmetric/neutral turnover.

This yields robust, comparable estimates from metagenomic data alone, enabling cross-dataset,
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lineage-aware evolutionary inference in urban microbiomes.

Theoretical significance of the research. This thesis advances comparative theory for
microbial pangenomes by making gene-content evolution estimable directly from metagenomic
cohorts. We adapt discrete-trait likelihood models to orthogroup presence/absence on
recombination-aware phylogenies and formalize a test for selection on gene content, bridging
isolate-centric models and the realities of fragmented, strain-mixed communities. Formally, the
theoretical contributions of this work are as follows, each extending likelihood-based comparative
models to gene-content data on recombination-based phylogenies:

1. Extends metagenomic next generation sequencing (NGS) analysis to pangenomics by
reconstructing meta-pangenomes from MAG-derived gene presence—absence matrices and
analyzing them on recombination-free core phylogenies, enabling lineage evolutionary
comparisons.

2. Models orthogroup presence/absence as a binary continuous-time Markov process on a
fixed core phylogeny, enabling gene-wise estimates of acquisition (gain) and deletion
(loss) from presence—absence matrices.

3. Uses likelihood-based ancestral reconstruction to obtain marginal ancestral state
probabilities and branch-specific expected counts of gene gains and losses.

4. Detects directional gene-content evolution by explicitly comparing symmetric and
asymmetric gain—loss models, where support for unequal gain and loss rates indicates
preferential acquisition or deletion along lineages, thereby enabling gene classification
according to selective regime.

The applicative value of the work. In practical terms, this framework operationalizes
phylogeny-aware metagenomics for surveillance and monitoring. Its outputs and workflows are
structured for direct use by public-health, environmental, and research teams. In applied contexts,
this framework translates into the following operational capabilities and deliverables for
surveillance and monitoring:

e The bioinformatics software enables the reconstruction of meta-pangenomes directly from
metagenomic assemblies, allowing gene repertoire structure and variability to be
characterized in environments where isolate genomes are unavailable or incomplete, such
as wastewater, air, and built environments.

e By estimating gene gain and loss along phylogenetic lineages, the bioinformatics software
toolkit provides quantitative measures of genome turnover that enable the identification of
rapidly evolving lineages, assessment of adaptive potential, and prioritization of targets for

detailed investigation or intervention.
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Bioinformatics software outputs in the form of quantitative summaries, such as gain and
loss rates, directional turnover bias, and branch-specific event counts, are projected onto a
phylogeny, yielding report-ready, lineage-based visualizations suitable for early-warning
systems, hotspot detection, and longitudinal monitoring across sampling campaigns.

The software supports the joint analysis of curated antimicrobial resistance, virulence, and
mobile genetic element annotations within the same evolutionary context, enabling
coordinated surveillance of traits with direct relevance to public health and environmental
risk assessment.

Standardized inference logic and reproducible software workflows allow results to be
compared across sites, time points, and projects, facilitating coordinated surveillance
efforts at institutional, regional, or national scales.

Although motivated by urban genomic surveillance, the framework is transferable to other
domains, including clinical microbiology, agriculture, aquaculture, marine systems, and
natural ecosystems, without methodological redesign, supporting evolution-based analysis
wherever metagenomic data are available.

By identifying lineages and gene families exhibiting unusual gain—loss dynamics or
directional bias, the software framework provides a principled basis for generating testable
hypotheses that can be followed up by targeted sequencing, functional assays, or
epidemiological investigation.

Main scientific results. This work advances phylogeny-aware meta-pangenomics for

urban metagenomes and demonstrates the approach on empirical Klebsiella datasets (genus

Klebsiella and K. pneumoniae). The main results are:

1.

Species-resolved meta-pangenomes can be reconstructed directly from quality-controlled
environmental MAGs, with optional co-analysis of isolates, yielding gene-family
presence—absence matrices, openness statistics, and recombination-free core-genome
phylogenies suitable for downstream inference.

Gene/orthogroup presence—absence derived from these meta-pangenomes supports
phylogeny-based continuous-time Markov models that estimate branch-specific gain (L)
and loss () and provide lineage-resolved rate indicators.

Directional selection on gene content can be tested by contrasting symmetric (equal-rates)
versus asymmetric (all-rates-different) CTMC parameterizations at the gene/orthogroup

level, producing interpretable statistics that quantify bias toward acquisition or deletion.

4. Application to complex environmental datasets yields an integrated set of selection-
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pressure indicators (A, W, selection indices, prioritized gene sequences) that is reproducible
under a fixed analysis pipeline and directly consumable by One Health comparative and
early-warning workflows.

Implementation of scientific results. This work was translated from methodological into
practice through collaborations with National Agency for Public Health (ANSP), the Institute of
Microbiology and Biotechnology from Technical University of Moldova, and the Stefan cel Mare
University of Suceava (Romania). The computational framework (meta-pangenome
reconstruction, lineage-aware gain/loss and selection pressure) was packaged as reproducible,
containerized workflows and deployed on institutional server for routine analyses of urban
microbiome (wastewater, air, and build-surface swabs). Additionally, building directly on the
results and methods of this thesis, the Technical University of Moldova’s Bioinformatics
Laboratory secured a complex bilateral grant, namely “UPGRADE: Genomic surveillance of
urban pathogens for environmental and public health protection: a One Health approach’ to
scale and operationalize the framework across partner institutions.

Approval of scientific results. The core results of the doctoral thesis were presented and
discussed at the meetings and seminars of the Department of Software and Automata, Faculty of
Computers, Informatics and Microelectronics, Technical University of Moldova (2022-2025) and
the Department’s Scientific Seminar (2025). They were reported, discussed, positively evaluated
at nine international and national scientific conferences, including, International Conference on
Nanotechnologies and Biomedical Engineering (Chisindu, 2025); International Conference
BioGENext: Next Generation Therapy Conference (Kyiv, 2024); International conference on
Electronics, Communications and Computing (Chisinau, 2022, 2024); Technical and Scientific
Conference for Undergraduate, Master’s and Doctoral Students (TUM, Chisinau 2023).

Publications on the topic of the thesis. The findings were disseminated in high-impact
journals, including Frontiers in Genetics, PeerJ Computer Science, Nature Reviews Methods
Primers, Nature Water, Cell Genomics, and Genome biology reflecting both the methodological
advances and their relevance to computational biology and microbial surveillance.

Thesis structure. The thesis comprises 116 pages and includes an introduction, 4 chapters,
conclusions and recommendations, a bibliography from 348 sources, 5 annexes, 46 figures, and 8
tables.

Summary of the sections of the thesis: In the Introduction we justify the relevance and timeliness
of the topic, present a critical review of current research and technology, state the thesis aim and
objectives, and articulate the scientific novelty and main theses advanced for defense. We also

document the robustness and validation of the results and list the conferences where the core
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findings were presented.

In Chapter 1 we describe the urban microbiome and virome context, articulate the
limitations of isolate-only analyses, and motivate meta-pangenomes as the necessary complement
for recovering accessory diversity that drives adaptation and risk. We define core versus accessory
structure, pangenome openness, and the rationale for phylogeny-aware inference, establishing the
conceptual scaffold for the pipeline and models that follow.

Later, in Chapter 2, we develop a unified pipeline that standardizes gene calling, ortholog
clustering, functional annotation, core-genome phylogeny with recombination control, and
pangenome statistics for both MAGs and isolates. We introduce two modeling methods: (1)
PGGL, which maps gains and losses on the phylogeny and summarizes branch-standardized rates
and genome burdens; and (2) PGGS, which quantifies selection from the asymmetry between gain
and loss rates and assigns calibrated effect sizes and directional classes.

In Chapter 3 we apply the framework to reconstruct meta- and isolate-based pangenomes
and show that input type shapes apparent architecture while core signals are conserved. MAGs
broaden ecological coverage and expose low-prevalence, habitat-linked gene pools; isolates
deliver higher contiguity, clearer species boundaries, and higher per-locus fidelity. Core—accessory
structure is consistently recovered, openness follows phylogenetic and ecological scope rather than
taxon labels, and structure-aware matrices with PCA reveal lineage-linked accessory islands that
provide a stable reference for functional comparison.

In Chapter 4 we estimate where gene-content turnover occurs and how it is biased. PGGL
localizes gains and losses to specific branches and quantifies per-branch and per-genome burdens,
while PGGS tests symmetry versus directionality and converts A—pL asymmetry into a quantitative
readout of selection at gene level. Together these components produce an interpretable atlas of
counts, rates, and selection regimes that generalizes across datasets.

Each chapter ends with conclusions that synthesize the research and a summary of the main
results. The final Conclusions and Recommendations chapter present the principal outcomes,
published in peer-reviewed journals, and demonstrate the theoretical and practical value of the
work on meta-pangenome reconstruction, phylogeny-aware gene turnover modeling, and
integrated AMR, virulence across environmental and clinical contexts.

Keywords: bioinformatics, biostatistics, mathematical modelling, continuous-time

Markov model, metagenomics, pangenome, computational biology, comparative genomics.
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1. URBAN MICROBIOMES TO PANGENOMES CONCEPTS AND
METHODS

1.1. Urban microbiome and virome

Historically, urban environments have housed only a fraction of the global population, with
the majority residing in rural areas or small villages. However, trend has dramatically shifted in
the last decades, with 55% of the world’s population now living in urban areas, a figure project to
rise nearly 70% by 2050 [43, 44]. Rapid urbanization has transformed the human-microbe
interface, shaping unique microbial ecosystems within densely populated areas.

Since the advent of germ theory and John Snow’s pioneering work on cholera, it has been
evident that the dynamics of human-microbial interactions differ significantly between urban and
natural settings [45, 46]. In urban environments, factors such as high population density, extensive
human mobility, waste accumulation, infrastructure complexity, and build environments
contribute to the diversity and spread of microorganisms, including both commensals and
pathogenic species. The urban microbiome, composed of bacteria, viruses and fungi, is influenced
by environmental factors such as air pollutions, wastewater systems, and urban wildlife, making
it a crucial component of public health surveillance [16, 17, 47]. Similarly, the urban virome is the
collection of viruses within an urban environment, also playing a particularly important role in
shaping microbial communities and human health. Urban virome encompass bacteriophages that
regulate bacterial populations, as well human and zoonotic viruses with potential implications for
disease emergence [26, 48, 49]. Factors such as international travel, climate change, and antibiotic
resistance further influence the urban microbial landscape, underscoring the need for
comprehensive metagenomic surveillance to monitor emerging pathogens and antimicrobial
resistance genes [16, 26, 50, 51].

Microbial communities in the built environment are increasingly recognized as potential
reservoir of pathogens and contributors to human disease [52]. Urbanization has also been linked
to rising allergy prevalence, likely driven by reduced microbial diversity and environment shifts
that alter immune system development [53]. Despite growing evidence that cities shape human
health, the mechanisms remain complex and poorly understood.

Our understanding of urban microbial dynamics beyond epidemic events is still nascent.
Advances in metagenomics and environmental sequencing have revealed diverse and dynamic
microbial ecosystems, yet their interactions with human populations and infrastructure remain
largely unexplored [54]. As urbanization accelerates, deciphering these complex microbial

networks will be critical for mitigating health risks and designing resilient urban environments.

26



b DNA extraction C Library preparation and sequencing

7
y Physical
: ! ‘ lysis
DNA
. -
. % . Nt /} V_] H

W 90, Storage
WA
o \ P— &) Enzymanc
‘ 4 lysis
J Library construction
o

and multiplexing

&:u_,g _ l

Sequencing

€ Analytics d Quality control
and preprocessing
Bioinformatics - Q/C
DNA sequencing Demultiplexing

files

Figure 1.1. Workflow for metagenomic sampling, sequencing and analysis (adapted from
[1]). (a) Environmental samples—such as air, surface swabs, or water—are collected from
urban locations, georeferenced, and stored appropriately. (b) DNA is extracted from each
sample using a combination of physical and enzymatic lysis methods. (c) Extracted DNA is
used to prepare sequencing libraries, which are multiplexed using sample-specific barcodes
for parallel sequencing. (d) Raw sequencing reads undergo quality control and
preprocessing, including adapter trimming and removal of low-quality sequences. (¢) Reads
are demultiplexed by barcode and subjected to bioinformatics workflows for downstream

metagenomic analysis, including taxonomic, functional, and statistical profiling.

Advances in next-generation sequencing (NGS) and metagenomics have transformed the study of
urban microbiomes, enabling rapid, global profiling of microbial communities and their
interactions with hosts (Figure 1.1). These technologies provide unprecedented resolution for
characterizing microbial dynamics in cities, informing both clinical and public health strategies.
NGS allows for culture-independent, high-throughput sampling and data generation, enabling
simultaneous taxonomic and functional annotation — crucial for monitoring the emergence and
spread of pathogens and antimicrobial resistance (AMR) [55, 56].

Integrating metagenomic surveillance with spatial and temporal analyses offers
unprecedented opportunities to track the emergence, evolution and dissemination of AMR in urban
environments. High-resolution molecular mapping can identify AMR hotspots, monitor the
movement of resistance genes across microbial communities, and quantify the impact of

environmental and public health interventions [16, 57]. Such approaches are crucial for assessing
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the role of horizontal gene transfer in AMR propagation and detecting reservoirs of resistance that
may be overlooked in conventional surveillance strategies.

Urban microbiomes are dynamic ecosystems shaped by complex interactions between
infrastructure, human activities, and environmental factors. Wastewater, transportation hubs, and
healthcare facilities serve as critical nodes for microbial exchange, enabling the transmission of
AMR determinants between commensal and pathogenic bacteria [58, 59]. Climate change and
increasing global connectivity further exacerbate the spread of AMR, highlighting the need for a
coordinated, global surveillance framework [16, 60].

A system-level approach — combining metagenomics, epidemiology, and advance
bioinformatics methods, including machine learning (ML) based methods, will be essential to
disentangle the complexity of AMR transmission and predict resistance trends [24]. However,
significant gaps remain in understanding how urbanization shapes microbial adaption,
necessitating interdisciplinary collaborations across genomics, public health, environmental
science and computational biology. Deciphering these interactions will be pivotal in mitigating

AMR and pathogens spread and designing resilient urban environments.

1.2. Analysis of metagenomic data

Metagenomic data analysis involves a structured series of computational steps that transform
raw sequencing reads into interpretable information about microbial community composition and
function. The initial stages focus on quality control and preprocessing, including read trimming,
removal of sequencing artifacts, and assessment of coverage, assembly completeness, and
contamination. These steps ensure data integrity and reduce technical noise in downstream
analyses. Subsequent stages include metagenomic assembly, taxonomic classification, genome
binning, and functional annotation. These processes are computationally intensive and typically
require access to high-performance computing infrastructure. Advances in bioinformatics tools
and pipelines have improved the scalability and accuracy of metagenomic analysis, but challenges
such as low-abundance genome recovery, strain resolution, and contamination remain, particularly

in complex or low-biomass samples.

1.2.1. Sequencing platforms

Sequencing technologies form the methodological foundation for metagenomic data
analysis, enabling the recovery of microbial and viral genetic material from complex
environments. Among these, Illumina sequencing platforms (Figure 1.2) are widely utilized for

metagenomic studies due to their high-throughput, high-accuracy generation of short reads,
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typically ranging from 50 to 300 base pairs. The high degree of parallelization across millions of
DNA fragments allows for deep sequencing coverage and comprehensive community profiling
[1]. These platforms are particularly suitable for variant detection, differential gene expression
analysis, and resistome surveillance in metagenomics, where cost-efficiency, data consistency, and
analytical reproducibility are paramount [1]. Furthermore, the extensive ecosystems of optimized
library preparation protocols, bioinformatics pipelines, and quality control standards reinforces the

reliability of short-read platforms for large-scale environmental and clinical metagenomics [61].
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Figure 2. Illumina short read sequencing systems covering from small benchtop sequencers

to production-scale sequencing systems [2].

Long-read sequencing technologies, such as those developed by Oxford Nanopore
Technologies (ONT), and Pacific Biosciences (PacBio) are PCR-free methods (Figure 1.3) and
offer complementary advantages by producing reads spanning kilobases to megabases length.
These platforms facilitate the resolution of structurally complex genomic regions, including those
containing long repeats, transposons, and other mobile genetic elements. In urban metagenomics,
long-read approaches have enabled the accurate reconstruction of bacterial and viral genomes, the
mapping of antimicrobial resistance genes within their genomic context, and the assembly of
complete plasmids or chromosomal segments [62, 63].

ONT-based nanopore sequencing is particularly suited for real-time analysis in-field
deployment. Devices such as the MinION or PromethION (Figure 1.3A) offer scalable throughput
and are increasingly used in pathogen surveillance, including rapid profiling of urban wastewater
and outbreak samples [64—66]. PacBio’s Sequell II systems (Figure 1.3B) employ circular
consensus sequencing to produce high-fidelity (HiFi) reads, offering read accuracies comparable
to [llumina but with longer read lengths, thus enabling strain-level resolution and complete genome

closure [67].
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Figure 1.3. Representative long-read sequencing platforms used in metagenomic and
microbial genomics. (A) Oxford Nanopore Technologies (ONT) sequencing devices [3]. (B)
Pacific Bioscience (PacBio) Sequell IT and and Sequel I1e platforms offering high-fidelity

(HiFi) long-read sequencing through circular consensus sequencing [4].

Despite these strengths, long-read platforms have traditionally exhibit higher error rates
than short-read technologies. While ONT reads previously showed per-base error rates in the range
of 4-10%, recent updates, such as the R10.4.1 flow cell and Q20+ chemistry, have significantly
improved consensus accuracy [68—70]. PacBio’s HiFi sequencing updates using PacBio Sequel 11
system now routinely reach error rates below 1% [67]. However, both platforms still involve
higher per-gigabase sequencing costs, longer run times, and more complex library preparation
procedures, limiting their scalability for population-level studies [62].

To address these limitations, hybrid sequencing strategies have become increasingly
common [67]. These combine the accuracy and affordability of short-read sequencing with the
long-range continuity of long-read data. Hybrid assemblies improve contiguity, resolve repetitive
regions, and enable high-confidence reconstruction of metagenome-assembled genomes (MAGs),
resistance gene clusters, and mobile elements that are otherwise fragmented or misassembled using
short reads alone [67, 71].

Selecting an appropriate sequencing platform requires careful consideration of sample
type, target resolution (e.g., species-level versus strain-level), cost constraints, and downstream
analytical goals. In urban microbial ecology, where diversity, mobility, and infrastructure-driven
selection pressures intersect, multi-platform sequencing strategies offer a powerful means to

capture both the genomic breadth and structural depth of microbial and viral communities.
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1.2.2. Quality control of metagenomic data

Quality control (QC) is a critical initial step in the analysis of metagenomic data, ensuring
that technical artifacts and low-quality sequences do not compromise downstream analyses. Prior
to QC, a demultiplexing step is required to distinguish individual samples based on index
sequences incorporated during library preparation. Tools such as Flexbar [72], Ultraplex [73], and
others are commonly used for this purpose, supporting both barcode assignment and adapter
trimming in a single step.

Whole-genome shotgun sequencing of metagenomic samples introduces various biases,
including uneven coverage and random fragmentation, which can complicate assembly and
interpretation. To mitigate these effects, raw reads must be assessed and filtered based on quality
metrics. A fundamental measure of read quality is the Phred score, which estimates the probability
of base-calling errors [74, 75]. Reads with Phred scores below 30 typically contain sequencing
artifacta, such as PCR duplicates, base miscalls, and adapter contamination and should be
excluded. Commonly used QC tools include FastQC [76], PRINSEQ [77], Trimmomatic [78], and
BBTools [79] and others [80], which provide comprehensive diagnostics and support batch
trimming and filtering workflows. These tools enable the removal of low-quality bases, sequencing
adapters, and overrepresented k-mers, the latter of which can indicate contamination, primer bias,
or repeats. QC reports often include metrics such as GC content, read length distribution, sequence
duplication levels, and the frequency of ambiguous bases. Reads that fall below user-defined
length thresholds after trimming are typically discarded.

For long-read sequencing technologies such as Oxford Nanopore and PacBio, QC requires
platform-specific strategies, including tools like NanoFilt allow filtering based on read length, GC
content, and mean read quality [81], while LongQC [82] performs more nuanced assessments by
identifying anomalous or “nonsense’ reads, often associated with poor signal output or pore-level
errors. Because long-read platforms often sequence native DNA, they may also retain methylation
signatures and other modifications, further motivating platform-aware filtering strategies.

An essential component of QC is host read decontamination, particularly for samples
derived from human, animal, or plant hosts. Tools such as DeconSeq [83] and KneadData [84] can
automatically align reads to host reference genomes and remove them from downstream analysis.
This step reduces noise and computational burden while preventing spurious alignments during
taxonomic classification or functional annotation. Overall, rigorous quality control enhances the
accuracy and reproducibility of metagenomic studies, supporting reliable inferences about

microbial community composition, function, and dynamics.
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1.2.3. Metagenomic assembly

The assembly of sequencing reads into contiguous sequences represents a central step in
metagenomic analysis, offering a more complete and interpretable view of microbial community
structure than direct read-based approaches. Assembling reads into contigs or metagenome-
assembled genomes (MAGs) enhances taxonomic resolution and enables more accurate functional
annotation, particularly in complex microbial ecosystems. The process typically begins with short-
read or long-read assemblers that reconstruct contiguous fragments from millions of overlapping
sequences. Most short-read assemblers, such as MEGAHIT [85] and metaSPAdes [86], employ
de Bruijn graph algorithms [87], which represent reads as networks of overlapping k-mers. While
computationally efficient, these methods can struggle with uneven coverage, low-abundance
genomes, and repetitive genomic elements common in environmental samples.

To address these limitations, long-read sequencing technologies have facilitated the
development of specialized metagenomic assemblers such as metaFlye [88], which adjusts k-mer
frequency estimation to account for heterogeneous coverage, and hifiasm-meta [89], which
modifies read selection criteria to improve assembly from low-abundance species using high-
fidelity long reads. Tools like metaMDBG [90] introduce minimizer-based strategies that reduce
memory usage and improve scalability, particularly for high-quality long-read datasets. Hybrid
assembly approaches, which combine short-read accuracy with long-read contiguity, have proven
especially powerful in resolving complex genomes from mixed communities. Assemblers such as
hybridSPAdes [91], Opera-MS [92], and Unicycler [93] consistently outperform single-platform
approaches in terms of accuracy, completeness, and strain resolution. Recent methods such as
haplotype-resolved hierarchical clustering-based hybrid assembly (HCBHA) go a step further by
phasing reads into haplotypes prior to assembly, enabling near-complete genome reconstruction
from metagenomic samples with high strain-level diversity [94].

Nevertheless, strain-level resolution in metagenomes remains a computationally
challenging task. Unlike diploid genomes, microbial communities may harbor dozens of closely
related strains, often differing by only a few single-nucleotide polymorphisms. Resolving these
variants requires strategies borrowed from viral quasispecies analysis and human haplotyping,
although the number of co-occurring genotypes is typically unknown and often much larger. This
problem, formally categorized as NP-hard [95, 96], is tackled by heuristic algorithms that may fail
to capture rare strains or produce artificial recombinant sequences. An alternative strategy involves
identifying strains based on variation in conserved genes or gene families, bypassing the need for

complete genome reconstruction [97].
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Once contigs are assembled, they must be assigned to their likely source organisms through
a process known as binning. This step is essential for recovering individual MAGs and relies on
features not used during assembly, such as nucleotide composition, coverage patterns across
multiple samples, and in some cases, paired-end or long-range linkage information. Binning tools
such as MetaBAT [98], CONCOCT [99], and VAMB [100] implement a variety of unsupervised
learning techniques, from modified k-medoid clustering to Gaussian mixture modeling and deep
variational autoencoders, to group contigs into bins that represent draft genomes. Some methods
also incorporate mate-pair data to improve accuracy [101, 102]. The quality of bins is assessed in
terms of completeness and contamination, with high-quality MAGs serving as proxies for
uncultivated genomes. These reconstructed genomes enable phylogenetic placement, metabolic
reconstruction, and ecological inference for previously uncharacterized taxa, expanding our

understanding of microbial life in natural and human-impacted environments.

1.2.4. Taxonomic classification and profiling

Taxonomic classification and profiling are foundational to metagenomic data analysis,
enabling identification and quantification of microorganisms within complex microbial
communities based on sequence similarity to known reference genomes. Unlike metagenomic
assembly approaches, which aim to reconstruct novel genomes de novo from DNA fragments,
classification and profiling depends on existing sequence information to determine the identity and
relative abundance of taxa in a sample [103]. These analyses are critical not only for characterizing
community composition but also for detecting shifts in microbial populations associated with
environmental perturbations, disease states, or selective pressures such as antimicrobial exposure.

Two primary strategies are used for taxonomic inference from metagenomic data.
Taxonomic classification assigns individual sequencing reads or contigs to specific taxa, typically
through a process known as taxonomic binning, and then aggregates these assignments to estimate
abundance profiles. In contrast, taxonomic profiling uses the overall sequence composition to
estimate the relative abundance of taxa directly. While both approaches rely on comparisons to
reference databases, they differ in granularity, computational cost, and susceptibility to database
bias.

Alignment-based methods remain a cornerstone of taxonomic classification due to their
high precision and interpretability (Figure 1.4B). These strategies use alignment tools to map
sequencing reads to full reference genomes or curated gene sets, often applying the lowest common
ancestor (LCA) algorithm to resolve ambiguous alignments [103]. This is particularly important

when dealing with short or low-quality reads that align to multiple closely related genomes. The

33



MEGAN tool exemplifies this approach by using BLAST [104] or DIAMOND [105] alignments
followed by LCA-based binning to classify reads, and it has been adapted for long-read data in
MEGAN-LR, which enhances performance on contigs and long reads by incorporating additional
alignment context [106].

To reduce computational overhead, marker gene-based methods have been developed,
focusing on conserved, single-copy genes that are taxonomically informative. Tools such as
MetaPhyler [107] and PhyloSift [108] rely on sets of such genes. MetaPhyler uses 31 protein-
coding markers spanning major taxonomic ranks, while PhyloSift extends this to 37 primary gene
families plus four auxiliary marker sets covering rRNA, mitochondria, eukaryotes, and viruses,
amounting to around 800 gene families. The reduced reference size in these approaches not only
enhances computational efficiency but also improves specificity by limiting the influence of
redundant or ambiguous genomic regions.

One of the most widely adopted tools in this space is MetaPhlAn [109], which uses a
curated database of clade-specific marker genes selected from over two million candidate
sequences for their intra-clade conservation and inter-clade uniqueness. MetaPhlAn4 introduces
new capabilities, including support for user-defined custom databases derived from metagenome-
assembled genomes (MAGs), thus extending its utility to poorly characterized environments and
increasing detection sensitivity for novel or rare taxa [109]. Marker-based strategies, such as those
implemented in mOTUs, have also enabled the generation of taxonomic units based on universally
conserved single-copy genes, facilitating strain-level differentiation even in the absence of full
reference genomes. More than 7,700 mOTUs were initially generated using this approach, and
over 20,000 additional reference mOTUs were recently integrated based on marker genes derived
from over 150,000 MAGs [110, 111]. However, while marker gene methods tend to exhibit higher
specificity (i.e., fewer false positives), they can miss organisms not well represented in the marker
set and often exhibit reduced sensitivity (i.e., more false negatives) [110].

In parallel, alignment-free methods have emerged as computationally scalable alternatives,
particularly valuable in high-throughput applications (Figure 1.4A). These methods decompose
reads into short subsequences called k-mers and compare them to k-mer databases constructed

from reference genomes.
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Figure 1.4. Overview of taxonomic profiling strategies in metagenomics (adapted from [1]).
(A) Alignment-free profiling reduces computational demand by decomposing both
metagenomic reads and reference genomes into A-mers (Aa), identifying shared k-mers
(Ab), and quantifying these matches to generate a taxonomic profile (Ac). (B) Alignment-
based methods provide higher sensitivity by aligning reads to reference genomes or marker
gene sets. This involves constructing or using a predefined marker database (Ba),
identifying read-reference similarities through indexing, dynamic programming, or k-mer
matching (Bb), aligning reads to references (Bc), and quantifying the alignments to infer

taxonomic composition (Bd).
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Kraken [112], for example, assigns taxonomic labels using exact k-mer matches and a
majority-vote scheme, which, while fast, may struggle with precision at lower taxonomic ranks
due to shared k-mers among closely related taxa. Bracken [113] refines Kraken's output using a
Bayesian re-estimation of read distributions across the taxonomic tree, resulting in improved
abundance estimation and accuracy.

To enhance computational performance, sketching algorithms such as MinHash compress
k-mer datasets into smaller, information-rich signatures that retain similarity relationships while
drastically reducing memory and runtime requirements [114, 115]. More recent strategies employ
discriminative subsets of k-mers to optimize classification accuracy and avoid the pitfalls of
redundant sequence similarity [116].

In parallel, alignment-free methods have emerged as computationally scalable alternatives,
particularly valuable in high-throughput applications. These methods decompose reads into short
subsequences called k-mers and compare them to k-mer databases constructed from reference
genomes. Kraken [112], for example, assigns taxonomic labels using exact k-mer matches and a
majority-vote scheme, which, while fast, may struggle with precision at lower taxonomic ranks
due to shared k-mers among closely related taxa. Bracken [113] refines Kraken's output using a
Bayesian re-estimation of read distributions across the taxonomic tree, resulting in improved
abundance estimation and accuracy. To enhance computational performance, sketching algorithms
such as MinHash compress k-mer datasets into smaller, information-rich signatures that retain
similarity relationships while drastically reducing memory and runtime requirements [114, 115].
More recent strategies employ discriminative subsets of k-mers to optimize classification accuracy
and avoid the pitfalls of redundant sequence similarity [116].

Hybrid methods aim to combine the strengths of alignment-based precision with the
efficiency of alignment-free classification. Metalign exemplifies this hybrid paradigm by first
applying MinHash-based filtering to identify the most likely reference genomes and then
performing targeted alignments to assign reads, achieving both speed and high taxonomic accuracy
[117, 118]. Such approaches are particularly valuable in resource-constrained or time-sensitive
environments where comprehensive classification is required without compromising
computational efficiency.

The nature of the sequencing technology used—short-read versus long-read—also
influences taxonomic classification outcomes. Short-read platforms such as Illumina generate
highly accurate but fragmented sequences, which may not capture enough taxonomic signal for
precise classification, particularly at low abundance. In contrast, long-read technologies such as

Oxford Nanopore Technologies (ONT) and PacBio HiFi provide extended read lengths that allow
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for greater specificity and resolution. A benchmarking study evaluating 11 taxonomic classifiers,
including five designed for long-read data, demonstrated that long-read classifiers consistently
outperformed short-read tools in terms of precision and recall, particularly for low-abundance taxa
and at finer taxonomic levels [97]. Tools such as BugSeq [119], MEGAN-LR [106], DIAMOND
[105], and sourmash [114] showed robust performance on PacBio HiFi data, detecting species
present at just 0.1% relative abundance with high precision. Moreover, long-read data improved
classification even without the need for stringent post-classification filtering, which is often
necessary for short-read datasets. Nevertheless, long-read classification is still affected by factors
such as read length distribution and error rates. For example, datasets dominated by short long-
reads (<2 kb) were associated with reduced classification accuracy and biased abundance estimates
[62, 97].

Beyond static profiling, real-time taxonomic classification has become feasible with
streaming long-read platforms such as ONT. The ability to analyze reads as they are generated
allows for near-instantaneous detection of microbial taxa, bypassing the need for genome assembly
or binning prior to classification. This capability is particularly valuable in clinical and public
health settings, where timely identification of pathogens can guide treatment decisions and
outbreak response [120, 121]. In such contexts, long-read classifiers demonstrate not only high
precision but also practical advantages in terms of responsiveness and deployment flexibility.

Together, the growing suite of taxonomic classification and profiling tools offers
researchers a diverse set of strategies for interrogating the structure and dynamics of microbial
communities. Selection of the appropriate approach depends on the goals of the study, the
characteristics of the sample, the available reference data, and the computational resources at hand.
When used in concert with complementary methods such as functional profiling and strain-level

analysis, taxonomic classifiers form a critical component of modern metagenomics workflows.

1.2.5. Functional analysis of metagenomic data

Functional analysis in metagenomics aims to elucidate the biochemical capabilities and
ecological roles encoded in the genomes of complex microbial communities. In the context of
urban metagenomes, spanning wastewater, public transit surfaces, hospital effluents, and air
microbiomes, this type of analysis provides critical insights into how microbial consortia adapt to
anthropogenic pressures and influence environmental and public health. Functional analysis
reveals the metabolic potential of urban microbial communities, including their involvement in
nutrient cycling, xenobiotic degradation, antimicrobial resistance, and host-associated processes

[122, 123]. Rather than focusing solely on which organisms are present, functional analysis
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characterizes what these organisms can do, thus serving as a more stable and ecologically
informative layer of metagenomic interpretation [124, 125].

The conceptual foundations of functional metagenomics date back to early studies that
cloned environmental DNA into Escherichia coli hosts and screened for specific enzymatic
activities without sequencing [126]. These pioneering efforts demonstrated that complex
environments harbor extensive, previously uncharacterized biochemical diversity [127—129]. The
shift from experimental to computational methods was driven by high-throughput sequencing and
the development of large functional gene databases, allowing for genome-wide annotation and

pathway-level reconstruction directly from metagenomic reads or contigs.
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Figure 1.5. Overview of functional profiling in metagenomic analysis (adapted from [1]).
Sequencing reads can be directly mapped to known genes in reference databases to
estimate their abundance (top), while ab initio methods identify open reading frames
(ORFjs) for functional assignment (middle). Predicted ORFs are annotated using homology
or domain-based approaches, enabling quantification and profiling. Both strategies
contribute to the construction of functional profiles, which can be further explored through

pathway analysis and metabolic modeling (right).
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Unlike taxonomic markers, which vary across individuals and cohorts, microbial functional
profiles tend to be more conserved, offering a more reproducible and ecologically relevant
perspective on community structure [124]. This is particularly important in urban systems, where
spatial and temporal heterogeneity in community composition may obscure biological signals
unless functional redundancy and metabolic potential are considered.

Computational functional analysis of metagenomes involves two interrelated steps:
functional annotation and functional profiling. Functional annotation assigns putative functions to
sequences, often based on homology or domain similarity, while functional profiling quantifies
the abundance and distribution of these functions across samples [173—179]. Together, they enable
the reconstruction of microbial metabolic capabilities and community-level ecological strategies
in built environments.

Annotation typically begins with the identification of open reading frames (ORFs) in
assembled contigs or even directly from unassembled reads (Figure 1.5). Gene prediction in
metagenomic data is inherently challenging due to short contigs, sequencing errors, and the
unknown taxonomic origin of sequences. Tools such as MetaGeneAnnotator [130] and Prodigal
[131] have been widely adopted for prokaryotic gene prediction, using features like ribosomal
binding site motifs, GC content, codon usage, and hexamer statistics. Deep learning-based models
such as CNN-MGP [132] and Meta-MFDL [133] improve sensitivity and specificity in fragmented
data by learning high-dimensional representations of sequence patterns.

Predicted ORFs are then subjected to functional annotation using a variety of strategies
(Figure 1.5). Homology-based tools such as eggNOG-mapper [134] and KOALA/BlastKOALA
[135] align sequences against curated databases including COG [136], KEGG Orthology [137],
and Pfam [138], facilitating the assignment of enzymatic functions, pathway membership, and
broader functional categories. These tools are particularly useful in urban microbiome studies
where many sequences derive from taxa with no cultured representatives; orthology-based
mapping leverages evolutionary relationships to extend annotation coverage [139].

Annotation based on protein structure and domain similarity is especially valuable for
highly divergent or previously unknown genes. Profile Hidden Markov Models (HMMs), used in
tools such as InterProScan [140] and KOfamKOALA [141], match sequences to precomputed
domain profiles with adaptive thresholds (Figure 1.5). These methods reduce computational
overhead while preserving accuracy and are well suited for annotating metagenomes from highly
variable urban environments.

Despite advances in annotation tools, a substantial portion of metagenomic ORFs remains

unclassified. This “functional dark matter” highlights the limitations of current reference
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databases, which are biased toward well-studied, culturable organisms [142]. Approaches like
FunGeCo use gene neighborhood context to infer functions from co-located and co-regulated
genes, while MG-RAST’s subsystem-based annotation strategy [ 143] organizes gene families into
coherent metabolic modules, improving biological interpretability. Databases such as
AGNOSTOS-DB [144] aggregate protein clusters with unknown functions, facilitating the
mapping and classification of novel functional elements in urban samples.

Advanced embedding models such as ProtTrans [145] and ProSE [146] apply transfer
learning to protein sequences, capturing semantic and structural features that enable function
prediction even for highly novel genes. These deep representation learning tools are increasingly
integrated into annotation pipelines to improve the discovery of functional novelty in urban
metagenomes, where previously unseen proteins are frequently encountered.

Following annotation, functional profiling quantifies the abundance of genes or gene
products across samples (Figure 1.5). Profiling tools differ in whether they operate on raw reads,
predicted proteins, or gene families, and whether they rely on alignment-based or alignment-free
algorithms. MG-RAST [147], for instance, uses BLAST-based alignments to compare predicted
proteins against the M5Snr database [148], while DIAMOND [105] accelerates this process by
using seed-and-extend heuristics and double indexing, making it suitable for large-scale urban
datasets. eggNOG-mapper, GhostKOALA, and BlastKOALA integrate taxonomic and functional
assignments, enabling joint interpretation of ecological and phylogenetic patterns.

Profile HMM-based profilers such as KOfamKOALA[141] further increase throughput
and accuracy by reducing reference database complexity using adaptive score thresholds. Tools
like InterProScan [140] annotate protein domains or motifs, allowing for proteomic-level
functional inference even when full gene annotation is incomplete. These domain-level
annotations are particularly informative in urban samples where mobile genetic elements and
horizontally transferred genes may encode truncated or rearranged proteins.

Pathway-based functional analysis extends beyond gene-by-gene annotation to reconstruct
metabolic pathways and functional modules (Figure 1.5). Tools such as HUMAnN [149] and
gutSMASH [150] map functional annotations to metabolic pathways in curated databases such as
MetaCyc [151], KEGG [137], and KBase [152]. These analyses allow for the inference of
metabolic interactions across species and within communities, including nutrient fluxes,
xenobiotic degradation, and biosynthetic capabilities. Pathway-based functional mapping is
particularly relevant in urban contexts where selective pressures such as antibiotics, detergents,

and industrial pollutants shape microbial metabolic architecture.
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The complexity and interconnectedness of microbial functions in urban environments often
require integrative approaches. For example, DrugBank [153] can be used to infer potential
microbial contributions to drug metabolism or resistance in urban sewage metagenomes. Tools
like MetaErg [154] incorporate secondary features such as signal peptides, transmembrane
domains, and subcellular localization to enhance annotation confidence and ecological inference.
Despite extensive tool development, no single pipeline offers complete coverage or accuracy.
Benchmarking studies indicate that ab initio gene finders often outperform homology-based
methods in novel environments but are sensitive to model assumptions and taxonomic biases
[155]. Integrative frameworks combining statistical models, HMMs, and deep learning approaches
appear to offer the best performance across diverse environments, including the multifaceted
landscape of the urban microbiome.

Ultimately, functional analysis of metagenomic data in urban settings provides a lens
through which to examine the metabolic resilience, adaptability, and potential risk of microbial
communities in human-impacted environments. Whether tracking antimicrobial resistance,
pollutant degradation, or host-interactive pathways, functional metagenomics represents a
cornerstone for mechanistically understanding the urban microbiome’s role in shaping both

environmental quality and public health outcomes.

1.3. Metagenome meets pangenome analysis

The integration of metagenomics and pangenomics, termed meta-pangenomics, represents
a powerful paradigm for studying microbial communities beyond taxonomic profiles, capturing
evolutionary and ecological patterns encoded in genome content variation. While traditional
pangenomic analysis has focused on collections of isolate genomes to characterize core and
accessory gene pools across microbial species, metagenomics enables the recovery of genomic
fragments and metagenome-assembled genomes (MAGs) directly from environmental samples,
bypassing the need for cultivation. Their convergence enables high-resolution dissection of gene
content dynamics within and across microbial populations in situ.

This integrative approach is particularly relevant for microbial communities inhabiting
urban and artificial environments, where selective pressures imposed by infrastructure, pollution,
human activity, and antimicrobial exposure drive rapid adaptation. Urban metagenomes—derived
from wastewater, transit systems, hospital air, built surfaces, and other engineered ecosystems—
reveal microbial assemblages characterized by high turnover, frequent horizontal gene transfer,
and complex gene exchange networks. In such settings, traditional single-isolate genome

approaches are insufficient to capture the breadth of genetic variability and functional potential.
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Meta-pangenomic analysis enables the extraction of gene presence—absence matrices from
metagenomic datasets and links them to phylogenetic or ecological frameworks. This allows for
the quantification of genome plasticity, identification of lineage-specific adaptations, and
inference of gene gain/loss events across community members. By examining how core and
accessory genes are distributed within urban microbiomes, this approach provides insight into
microbial responses to artificial surfaces, anthropogenic chemicals, and spatial connectivity across
infrastructure.

A central challenge in applying pangenomic concepts to metagenomic data lies in
accounting for incomplete genomes, strain heterogeneity, and the fragmented nature of assemblies.
Methodological innovations, such as phylogenetic gene turnover modeling, probabilistic
estimation of gene presence, and quantification of pangenome openness are required to address

these limitations.

1.3.1. Urban metagenome deconvolution and MAG reconstruction

A major barrier in microbial ecology has long been the inability to culture the vast majority
of environmental microorganisms under laboratory conditions [156]. This limitation arises from
the complex and often unknown physiological requirements of many microbial taxa, which may
depend on highly specific nutrient regimes, microaerobic or anoxic conditions, or even syntrophic
interactions with other microbial partners [157, 158]. As a result, conventional cultivation-based
approaches provide only a narrow window into the diversity and function of natural microbial
communities, particularly in dynamic and anthropogenically impacted environments such as urban
settings.

The advent of metagenomic sequencing has fundamentally transformed this landscape,
enabling cultivation-independent access to the collective genetic material extracted from
environmental samples [159-161]. In urban environments, ranging from subway surfaces and
wastewater to air microbiomes, metagenomics facilitates in situ analysis of microbial
communities, capturing both abundant and rare taxa, and shedding light on the ecological
strategies that underpin microbial survival in built systems [15-17].

Metagenomic sequencing produces complex datasets composed of short reads from
hundreds or thousands of taxa. These reads are typically assembled into longer contiguous
sequences (contigs), although assembly is often hindered by the presence of conserved genomic
regions across related taxa. Advances in metagenome-specific assembly algorithms have improved
the resolution and completeness of metagenomic assemblies, even in high-diversity or low-

biomass samples. Tools such as IDBA-UD [162], MetaVelvet [163], SOAPdenovo2 [164],
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ABYSS [165], Khmer [166, 167], Ray-meta [168], MEGAHIT [85], and metaSPAdes [86] are
among the widely adopted tools for assembling complex environmental datasets.

Following assembly, metagenome deconvolution involves grouping contigs into genome-
level bins based on intrinsic sequence features such as GC content, tetranucleotide frequency,
coverage depth, and differential abundance patterns across samples. This process, referred to as
binning, has enabled the recovery of metagenome-assembled genomes (MAGs), which represent
the composite genome of an uncultivated species or a set of closely related strains [20]. MAGs
provide genome-resolved insights into the functional potential, metabolic capabilities, and
ecological roles of microbes in natural and artificial ecosystems.

Binning algorithms have undergone significant refinement and have been reviewed
extensively [169, 170]. Modern approaches combine multiple features and often include machine
learning classifiers to enhance bin accuracy. Nonetheless, the completeness and purity of MAGs
depend on sequencing depth, assembly quality, and contamination from host or cohabiting
microbial DNA [171-173]. Particularly in urban samples, where complex microbial consortia
interact with human-associated and environmental DNA, careful curation of MAGs is essential.

The expansion of public MAG repositories has illuminated a remarkable spectrum of
microbial genomic diversity, but the proliferation of incomplete or mis-binned genomes has raised
concerns regarding data reliability. Studies have shown that false positives, chimeric assemblies,
and redundancy are common among public MAG collections, especially when minimal quality
filtering is applied [174]. Consequently, rigorous quality control and validation steps are essential
before MAGs are used for downstream ecological or evolutionary analyses.

A suite of tools has been developed for MAG evaluation, including MetaQUAST [175], CheckM
[176], MAGpy [177], Anvi’o [178], AMBER [179], and DAS Tool[180]. These tools assess
genome completeness, contamination, redundancy, and other quality metrics. Additional strategies
such as re-assembly after read recruitment, refinement using coverage profiles, and manual
curation are increasingly applied to improve MAG fidelity and ensure that only high-quality
genomes are retained for analysis.

Despite their limitations, MAGs have become a cornerstone for genome-centric metagenomics,
enabling systems-level interrogation of microbial community structure, population genetics, and
functional traits. In urban microbiomes, genome-resolved analyses provide a high-resolution view
of microbial adaptation to anthropogenic stressors such as heavy metals, biocides, antibiotics, and
nutrient imbalances. High-quality MAGs serve as the foundation for downstream comparative
genomics, phylogenetic modeling, metabolic reconstruction, and pangenome analysis—making

them indispensable for elucidating microbial dynamics in modern urban ecosystems.
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1.3.2. Strain-level resolution and intraspecies diversity in urban metagenomes

Microbial communities in urban environments, such as wastewater systems, built surfaces,
and air microbiomes, often consist of complex mixtures of coexisting strains within a single
species. This intraspecies diversity is a critical, yet often under-resolved, layer of microbial
community structure that can influence ecological dynamics, metabolic capacity, and pathogen
evolution [1, 17]. Strain-level heterogeneity has been linked to clinically relevant traits, including
host adaptation, antimicrobial resistance, and variation in immune modulation, making it
particularly relevant in densely populated and infrastructure-mediated environments [181, 182].

Early genome-resolved studies using gel microdroplet cultivation revealed substantial
strain-level variation within the human oral and fecal microbiomes, uncovering near-complete
genomes from coexisting subpopulations [183]. Subsequent analyses demonstrated that dominant
skin and gut bacterial species exhibit considerable strain-level heterogeneity, often shaped by fine-
scale environmental gradients such as pH, moisture, and host-derived compounds [184, 185]. In
urban contexts, such micro-scale variation is further modulated by infrastructure type, surface
materials, cleaning agents, and human activity patterns—creating distinct ecological niches that
may favor specific genotypes.

From a bioinformatics perspective, the presence of multiple coexisting strains presents a
significant challenge to metagenome-assembled genome (MAG) reconstruction. Conventional
binning algorithms are generally designed to group contigs into species-level bins and lack the
resolution to distinguish between closely related strains. This often results in composite bins that
aggregate genomic fragments from multiple genotypes, obscuring true strain structure and
complicating downstream evolutionary and functional inference[186].

Strain heterogeneity also confounds short-read assemblies by disrupting synteny and
collapsing homologous regions, particularly in conserved genes and repeat-rich loci. This leads to
fragmented or misassembled genomes and limits the ability to infer genome-wide linkage between
variants. Although some strain-level signals can be removed during assembly, residual variation
often persists in MAGs, masking strain-specific adaptations and functional signatures.

To address this, several computational frameworks have emerged that aim to resolve strains
directly from metagenomic short-read data. Notable tools include StrainPhlAn [187], which uses
clade-specific marker genes to track strain variants; ConStrains [ 188], which infers strain-resolved
population structure from SNP patterns; MetaSNV [189], which detects strain variation using
single nucleotide variants; and DESMAN [190], which leverages haplotype reconstruction in a

probabilistic framework to deconvolve strain-level genotypes. While promising, these tools often
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rely on high coverage and consistent reference databases, which may be limiting in complex or
low-biomass urban samples.

The term "strain" remains inconsistently defined across studies, often used interchangeably
with subspecies, clonal type, or genotype. In metagenomic analyses, where cultivation is absent
and phenotype data are unavailable, strain identification is typically operational, inferred from
genomic similarity or gene content profiles.

Emerging long-read sequencing platforms such as PacBio SMRT and Oxford Nanopore
Technologies, as well as chromosome conformation capture techniques like Hi-C, offer the
potential to resolve strain structure more robustly. These methods extend read lengths and capture
physical linkage across distant genomic regions, improving both assembly contiguity and binning
accuracy [191, 192]. While not yet widely implemented in urban metagenomic studies due to cost,
technical complexity, and throughput constraints, these technologies represent promising
directions for high-resolution microbial ecology.

In urban microbiome research, resolving strain-level variation is not merely a technical
refinement—it is essential for understanding microbial adaptation to anthropogenic stressors,
tracing the movement of resistance and virulence genes, and developing accurate ecological and
epidemiological models. As binning algorithms, assembly techniques, and sequencing
technologies continue to evolve, strain-resolved metagenomics will become increasingly integral

to genome-centric studies of urban microbial ecosystems.

1.3.3. Meta-pangenome reconstruction from urban metagenomes

The pangenome concept has played a transformative role in microbial genomics, offering
a framework to describe and quantify the total genomic repertoire of a species as a combination of
shared (core) and variable (accessory or unique) genes (Figure 1.6) [10, 12, 193]. Traditionally,
pangenomes are reconstructed using isolate genomes obtained through culture-based methods.
While powerful, this approach is inherently limited in scope, as it excludes uncultivable taxa,
environmentally rare lineages, and transient or conditionally expressed genes—features that are
especially relevant in complex, dynamic environments like urban microbiomes.

Urban environments, characterized by dense human populations, engineered infrastructure,
pollutant gradients, and fluctuating microclimatic conditions, exert unique selective pressures on
microbial communities [1]. These include exposure to heavy metals, antibiotics, surfactants, and
highly variable nutrient conditions, all of which influence microbial adaptation and genome

plasticity. In such contexts, the concept of a species’ pangenome must be extended to account for
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both the ecological specificity and the diversity of gene pools that arise from environmental

structuring and anthropogenic stress.
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Figure 1.6. The pan-genome concept including the core genome shared by all strains and
the accessory genome, which varies across strains. Closed pangenomes have low
variability; open pangenomes show extensive gene diversity due to ecological and

evolutionary pressures.

To address these complexities, the meta-pangenome concept was introduced , defined as
the complete collection of genes observed for a microbial species across all metagenomic and
genomic samples from a specific environment [10, 12, 193]. This includes genes from isolate
genomes, MAGs, and unbinned contigs, making it a more inclusive and ecologically grounded
representation of a species’ functional potential in situ. In computational terms, the meta-
pangenome reflects the total gene space that can be accessed by a species in a particular
environment—capturing both conserved elements and dynamic gene acquisitions shaped by
selective gradients and horizontal gene transfer.

The workflow for meta-pangenome reconstruction begins with the assembly of
metagenomic reads from multiple samples collected across time points, locations, or
environmental compartments (Figure 1.7). Each metagenome is assembled into contigs, from
which MAGs are reconstructed using binning algorithms based on coverage, GC content,
tetranucleotide frequencies, and differential abundance. Taxonomic assignment of bins is

performed to identify contigs associated with the same microbial species across different samples.
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Figure 1.7. Workflow for meta-pangenome reconstruction from multiple metagenomic

samples. Metagenomic reads from different samples are independently assembled and

taxonomically deconvoluted to generate species-level bins. For each species, predicted

genes from assigned assemblies are pooled across samples to generate a non-redundant

gene set. These gene sets are clustered into homologous groups to form species-specific

meta-pangenomes. Accumulation curves are then generated to assess meta-pangenome

openness based on the number of gene clusters discovered as more samples are included.
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Subsequently, species-specific contigs and MAGs are subjected to gene prediction using
tools such as Prodigal [131], MetaGeneAnnotator [130], or deep learning-based predictors for
fragmented contigs [133]. Following quality control (e.g. using CheckM [176], MetaQUASR
[175], or DAS Tool [180]), coding sequences (CDSs) are clustered into homologous gene families
using sequence similarity thresholds, using tools such as Roary [194], CD-HIT [195], yielding
non-redundant gene catalogs per species. These gene cluster are then annotated using reference
databases such as eggNOG [196], KEGG [137] or Pfam [138], and stratified into: (1) core genes,
consistently detected across nearly all genomes; (2) accessory genes, found only in a subset of
metagenomes; and (3) unique genes, present in only one or very few samples (Figure 1.6).

This stratification mirrors the classic pangenome model, but contextualizes it within the
spatial, temporal, and environmental variability of urban microbial ecosystems. Core meta-
pangenome genes likely reflect essential functions for survival or competitive fitness across
diverse urban niches, whereas accessory and unique genes may be linked to local adaptation,
resistance, niche partitioning, or recent horizontal gene transfer events.

A key meta-pangenome analysis is the gene cluster accumulation curve, which plots the
number of non-redundant gene clusters discovered as a function of the number of samples analyzed
[193]. This allows us to assess whether a species’ meta-pangenome is closed, where new samples
contribute few or no new genes, or open, indicating continual gene discovery and high genomic
plasticity. Open meta-pangenomes are commonly associated with generalist species or those
experiencing strong selective heterogeneity, such as those in wastewater, industrial sites, or public
transit systems. Closed meta-pangenomes are more often observed in specialists confined to stable,

restricted niches.

1.4. Pangenome openness-closeness

Pangenome arise from the continual flux of gene content, shaped by the processes of gene
gain and loss, with horizontal gene transfer (HGT) serving as a predominant mechanism of gene
acquisition in prokaryotes [5, 7, 8, 197]. Once introduced, these genes are subject to drift and
natural selection, giving rise to the characteristic architecture of microbial pangenomes (Figure
1.8). One of the most widely observed patterns is the increase in accessory gene content and the
decline in core gene content as additional genomes of the same species are sequenced [10, 12,
193]. This pattern reflects the accumulation of rare and niche-specific genes, while genes that are

universally conserved become proportionally less dominant.
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Figure 1.8. Comparative features of open and closed microbial pangenomes. Gene
presence-absence matrices for an open (A) and a closed (B) pangenome. Grey indicates
gene presence, white indicates absence, solid lines denote gene frequency across genomes.
(C) Gene accumulation (solid lines) and core gene depletion (dashed lines) curves for open
(blue) and closed (orange) pangenome. (D) Gene frequency distribution show a U-shaped
pattern for the open pangenome, with a higher proportion of rare and core genes, while the
closed pangenome is enriched for conserved genes. (E) Genome fluidity estimates highlight

greater gene content variability in the open pangenome relative to the closed counterpart.

A second hallmark is the emergence of a U-shaped gene frequency distribution (Figure 1.8D),
wherein genes tend to be either ubiquitous (core) or rare (unique), with relatively few genes shared
by an intermediate number of genomes, reflecting a bimodal structure of microbial pangenomes:
one set of genes supporting essential cellular functions, and another set shaped by environmental
selection, lateral gene flow, and episodic adaptation [198, 199]. Importantly, the specific shape
and parameters of these patterns vary markedly across species. For instance, the rate at which new
genes are discovered may plateau rapidly in some taxa, whereas in others it continues to rise even

after hundreds of genomes have been sampled [198, 200]. Likewise, the proportion of core genes
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may remain relatively stable or diminish sharply depending on population structure, genome
plasticity, and ecological niche breadth. To capture this variation, pangenomes have been broadly
categorized as either open or closed [10, 11, 201].

An open pangenome is characterized by continued gene discovery with each new genome
added, suggesting extensive gene flow, high genomic diversity, and environmental heterogeneity.
A closed pangenome, by contrast, implies a limited gene pool and relatively stable genome content.
Although this binary classification is intuitive, it oversimplifies the underlying dynamics. To
provide a more quantitative and scalable measure of pangenome variability, metrics such as
genome fluidity have been introduced (Figure 1.8E) [198]. Genome fluidity estimates gene content
dissimilarity between genome pairs and enables comparative analyses across taxa or environments,
making it particularly useful in studies of diverse and high-turnover ecosystems such as urban

microbiomes.

1.5. Pangenome gene gain-loss dynamics

Estimating gene gain and loss across microbial genomes requires integration of
phylogenetic information, gene content data, and models of character state evolution. This
framework is essential for analyzing genome dynamics and understanding the evolutionary
processes that shape pangenome structure. A rooted phylogenetic tree provides the topological and
temporal context for comparative analysis [202]. Internal nodes represent ancestral genomes,
while branch lengths reflect evolutionary divergence, typically in substitutions per site or time
units. The tree serves as the scaffold for modeling gene transitions and reconstructing evolutionary
trajectories. Gene presence-absence data are encoded as a binary matrix, where each element
indicates whether a gene family is detected in a genome. This matrix represents observed states at
the leaves of the tree and is the input for ancestral reconstruction.

Ancestral state reconstruction (ASR) is used to infer gene presence or absence at internal
nodes. From these reconstructions, one can derive either (i) counts of gain and loss events by
comparing states along branches [27, 203], or (ii) gain and loss rates by integrating transition
models with branch lengths [14, 204]. These approaches differ in granularity, notably event counts
depend on discrete changes in inferred states, whereas rate estimation assumes a stochastic process
and yields branch-specific or lineage-specific rate parameters.

The reconstruction of ancestral gene content presents several challenges, owing to
limitations in the available data and model assumptions [205-208]. Despite extensive reviews
[206, 207, 209] and empirical comparisons of methods [210-213], the continued misinterpretation

of phylogenies indicates that fundamental aspects of ASR require reiteration. Given a reliable
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inferred phylogeny [202], gene presence and absence states are mapped onto the tips of a rooted
tree and optimized to internal nodes using parsimony, maximum likelihood, or Bayesian inference
(Table 1.1) [208, 214]. These methods enable inference of gene gain and loss either as discrete
event counts or as transition rates when branch lengths are available and modeled explicitly. Each
ASR method is assumption-based, regardless of claims to the contrary, however they differ
substantially in the processes they consider. Consequently, different methods applied to the same

data may yield divergent results [211-213, 215].

Table 1.1. Summary of ancestral state reconstruction (ASR) methods for

gene gain-loss inference.

Type Proprieties Disadvantages Ref.

Parsimony Minimize discrete-state changes; No probabilities; underestimates [206, 216]

uses step matrices; ignores branch  frequent changes.

lengths.
Maximum Estimates asymmetric gain/loss Sensitive to model assumptions; fails if  [209, 210,
Likelihood  rates using CTMCs and branch model is misspecified. 217, 218]
lengths.
Bayesian Use CTMCs with priors; High computational cost; sensitive to [219]
Inference estimates posteriors; integrates priors and model fit.

model/tree uncertainty.

1.5.1. Parsimony based gene gain-loss inference

Maximum parsimony is one of the earliest and most widely applied approaches for
ancestral state reconstruction, including gene presence—absence data in phylogenetic tree. It seeks
the scenario that minimizes the number of state changes, gene gains (0—1) and losses (1—0),
required to explain the observed distribution across the tips of a rooted phylogenetic tree [220]. In
the context of gene content evolution, this translates into identifying the minimal set of gain-loss
events needed to reconstruct the presence-absence states at internal nodes.

The most commonly used algorithm is Fitch parsimony [221], which proceeds in two
passes, firstly a postorder traversal to determine sets of possible states at internal nodes based on
tip data, followed by a preorder traversal that assigns specific states by minimizing transitions
between parent and child nodes. A change is counted when the sets between a node and its child
do not intersect. Parsimony can be extended by applying weighted step matrices, such as Wagner
[222] or Dollo [223, 224] models, to differentially penalize gains and losses. Dollo parsimony, in
particular, enforces a single gain per gene and allows for multiple losses, aligning with models
where horizontal transfer or innovation is rare but deletion is frequent [223-225].
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Despite its simplicity and computational efficiency, parsimony assumes that all state
changes are equally probable and independent of evolutionary time. As such, it does not
incorporate branch lengths and underestimates transitions when gene turnover is rapid or
heterogeneously distributed across the tree [205, 226]. This limitation leads to systematic biases,
particularly on long branches where multiple events are likely to have occurred. Additionally,
without a probabilistic framework, parsimony offers no estimates of uncertainty, likelihood, or
statistical support for alternative reconstructions [205, 206, 226]. While still used in exploratory
settings or as initialization for more complex models [227], parsimony is generally considered
suboptimal for modeling gene gain and loss where event rates vary or branch-specific dynamics
are of interest. These cases are better addressed by maximum likelihood or Bayesian inference
methods that incorporate time-scaled models of character evolution [228].

Parsimony approaches, such as Fitch, Wagner, and Dollo parsimony, aim to infer the
minimum number of gain and loss events required to explain the observed distribution of gene
presence and absence across a phylogeny. Several tools implement these methods (Table 1.2),
applying general-purpose algorithms for ancestral state reconstruction. However, parsimony
frameworks are inherently limited in their ability to accommodate rate heterogeneity, account for

branch length information, or quantify uncertainty in ancestral assignments.

1.5.2. Maximum Likelihood for gene gain-loss inference

Maximum Likelihood (ML) methods treat ancestral states as parameters and infer their
values by maximizing the probability of observing the gene presence-absence data at the tree tips,
given a specified evolutionary model and phylogeny [229, 230]. These approaches were initially
developed for nucleotide and protein sequences evolution but are equally applicable to discrete
binary traits such as gene content evolution as a continuous-time Markov process [14, 31].

Under this model, gene states transition between presence (1) and absence (0) along
branches of known lengths, with probabilities defined by a rate matrix Q. For a branch of length
t, the transition probability P(i — j, t) is computed from the matrix exponential P(t) = exp (Qt).
The likelihood of the entire tree is obtained by summing of er all possible internal state
assignments, consistent with Felsenstein’s pruning algorithm [31]. For an internal node x with

descendants y and z, the subtree likelihood is computed as:

Lx = ZSXEQ P(Sx) Zsyen P(Sy |Sx' txy)Ly ZSZEQ P(Sz |er txz)Lz (11)
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Where we are computing the likelihood of the subtree rooted at node x with direct descendants y
and z, S; denotes the character state for the i-th node, t;; is the branch length (evolutionary time)
between nodes i and j, and {Q is the set of all possible character states (for example gene presence
or absence). Thus, the objective of ASR is to find the assignment to S, for all x internal nodes that

maximizes the likelihood of the observed data for a given tree.

Table 1.2. Computational tools for ancestral state reconstruction (ASR) and gain-loss

(GGL) even estimation, categorized by inference framework.

Method Name Notes Ref.
Maximum Diversitree Contains several classical and contemporary [236]
Likelihood comparative phylogenetic methods, including

methods for analyzing trait evolution and
estimating speciation/extinction rates.

EREM Estimates the parameters of the model and [237]
reconstruct ancestral states (presence and absence
in internal nodes) and events (gain and loss events
along branches).

HyPhy ASR using an efficient maximum likelihood joint [238]
reconstruction method.

ape (R) Implements ML ancestral-state reconstruction for [239]
discrete traits, also supports continuous traits

BGB Likelihood  framework for  ancestral-range [240]
(discrete-state), returns node posteriors and event
summaries.

DEC Dispersal-Extinction-Cladogenesis  model  for [241]

discrete-state  evolution, ML estimation of
dispersal/extinction rates and ASR on a fixed tree.

Bayesian BayesTraits ASR with Bayesian framework to account for [242]
uncertainty in phylogenetic tree and the model of
evolution.

BayArea Bayesian MCMC inference of ancestral discrete [243]

states — yields full posterior distributions over node
states and parameters.

BBM MCMC  ancestral-state ~ reconstruction  for [244]

(implemented  in binary/multistate characters.

RASP)

Parsimony Count Performs ASR and infers family- and lineage- [21]

specific characteristics along the evolutionary tree.

ANGES Reconstructs ancestral genome maps. [245]

DIVA Parsimony-based ancestral-state (range) [246]
reconstruction minimizing dispersal/extinction
costs.

ML reconstructions can be carried in two ways. In marginal likelihood reconstruction, the
most likely state is assigned to each node independently, based on its local likelihood. In joint
likelihood reconstruction, the entire set of internal nodes states is optimized simultaneously to

maximize the global likelihood. Marginal methods are computationally efficient but may yield
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suboptimal results due to local maxima, while joint methods are more robust but computationally
demanding [231].

ML methods offer improved accuracy over parsimony when gene turnover rates vary
across lineages or traits [232, 233]. However, they assume rate constancy over time (i.e., no
heterotachy), which can lead to biases when evolutionary rates shift due to ecological or genomic
context. Furthermore, ML does not provide uncertainty estimates unless combined with
bootstrapping or Bayesian approaches. Distinguishing between rate heterogeneity across
characters and rate variation over time remains a challenge [234]. Additionally, ML approach
requires model specification and is therefore sensitive to model misspecification [205, 206, 235].
When the likelihood surface is multimodal or highly non-convex, ML may yield unstable point
estimates, in which case Bayesian approaches are preferable. Building on the general ML
framework, several computational tools have been developed to infer gene gain and loss dynamics
from ASR using continuous-time Markov chain (CTMC) models (Table 1.2). These tools
implement the core principles of ML estimation while providing model flexibility, support for rate

heterogeneity, scalability to large phylogenies.

1.5.3. Bayesian inference for gene gain-loss estimation

Bayesian inference provides a probabilistic framework for ASR by estimating the posterior
probability distribution of gene presence or absence at internal nodes, conditional on the observed
data and a model of gene content evolution. Unlike ML, which yields a single point estimate,
Bayesian methods characterize the uncertainty in ancestral reconstructions and evolutionary
parameters by integrating over their joint posterior distributions. Formally, this approach applies

Bayes’ theorem:

p(DIS, 6)r(S16)
r(D10)

P(S|D,6) = « P(D|S,0)P(S|6)P(6) (1.2)

where S denotes the ancestral states, D is the observed data (e.g. gene presence-absence matrix),
and 6 encompasses both the phylogenetic tree and the evolutionary model parameters. The
likelihood term P(D|S, 6) is typically computed using Felsenstein’s pruning algorithm [31, 226],
while the priors P(S|6) and P (6) reflect assumptions about ancestral states and model complexity,
respectively.

Two main variants of Bayesian inference are commonly used. The empirical Bayes

approach conditions on fixed estimates of the phylogeny and model parameters, typically derived
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from maximum likelihood, and computes posterior probabilities of ASR under these assumptions.
This method, implemented in software such PAML [247], provides a tractable solution for large
datasets by avoiding integration over the space of trees and models, but it assumes no uncertainty
in the estimated phylogeny or rates [247].

In contrast, the hierarchical (full) Bayesian approach infers the joint posterior distribution
over ancestral states, model parameters, and tree topology. This is typically achieved using Markov
chain Monte Carlo (MCMC) sampling, with the Metropolis-Hastings algorithm exploring high-
dimensional posterior space [248]. While this method provides a more complete quantification of
uncertainty, averaging over plausible trees and models, it is computationally intensive and often
restricted to datasets of modest size due to slow convergence in large tree space [249].

Bayesian methods have been used to model gene gain and loss processes explicitly by
defining priors over gain-loss rates and integrating over uncertain reconstruction to obtain
posterior expectations of event counts. This probabilistic treatment is particularly advantageous
when modeling space or noisy gene presence-absence data, or when testing hypotheses about the
timing and frequency of gene acquisitions across linages.

Despite their strengths, hierarchical Bayesian methods remain computationally demanding,
and their practical advantages over empirical Bayes approaches are debated [250]. Nonetheless,
the ability to directly quantify confidence in inferred gene histories makes Bayesian inference a

powerful tool for reconstructing genome evolution under uncertainty.

1.5.4. Models for gene gain-loss inference

Many models have been developed to estimate ASR of discrete and continuous characters
from extant descendants [211, 251]. These models assume that trait evolution can be modeled as
a stochastic process along a phylogeny. For gene gain-loss analysis, the traits of interest are binary
(presence or absence of a gene), and their evolution is typically modeled using a continuous-time
Markov chain (CTMC).

For discrete case, each gene can occupy one of k possible states, k = 2 for presence (1)
and absence (0). The CTMC assumes that each state transition to any other with a defined
instantaneous rate. The process is memoryless, and transitions are determined by a set of rates ¢ =
{q;j:1 <i,j < k,i,i # j}, where ach transition follows an exponential waiting time distribution.
Once a lineage reaches a given state, transition “clocks” are initiated for each possible destination
state, and the next state is selected based on which expires first. These transition rates are typically
estimated using maximum likelihood (ML) methods or, alternatively, using Bayesian inference
[205].
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Figure 1.9. Two-state continuous-time Markov chain (CTMC) models used in gene gain-

loss inference. (A) One-parameter model, both gene gain and gene loss transitions occur at
the same rate q. (B) Two-parameter model, gain and loss transitions occur at independent

rates q, for gene gain and g, for gene loss.

To estimate the ancestral state of a node v under an ML framework, one first determines
the maximum likelihood estimate g, for the rate matrix. Then, for each possible state at node v,
the likelihood is computed given g, and the state maximizing the conditional likelihood is selected.
Alternatively, a Bayesian framework allows integrating over uncertainty by specifying priors over
both rates and states and computing the posterior distribution over possible ancestral states.

Because models with many states can results in larger parameter spaces (up to k(k — 1)
parameters), simplified models are often preferred. For example, the Markov k-state one-parameter
model assumes a common transition rate g for all allowed transitions (Figure 1.9A). Certain
transitions can be excluded by fixing their rates to zero. The asymmetrical Markov k-state two-
parameter model assumes ordered states and restricts transitions to adjacent states, with separated
rates q4 for increase and q; for decrease (e.g., gain and loss) (Figure 1.9B). These simplifications
help reduce overfitting, improve numerical stability and facilitate biological interpretability,
especially in large-scale pangenomic datasets.

The binary state speciation and extinction (BiSSE) model [251] represents a notable
extension of these ideas, jointly estimates binary character evolution and diversification dynamics.
While originally applied to macroevolutionary traits, its structure is conceptually relevant for
modeling gene family dynamics, where duplications and deletions may be viewed analogous to

lineage birth and death events.

1.6. Conclusions to chapter 1

This chapter demonstrates that advances in genome-resolved metagenomics have exposed
fundamental limitations in how microbial diversity and function are currently analyzed,
particularly in complex environments and One Health settings. The following conclusions

synthesize these insights and motivate the methodological developments introduced in this thesis:
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1. Public-health-relevant microbial variation is primarily determined by gene content and
genomic organization rather than by taxonomic identity alone. Approaches based on
species profiling therefore fail to resolve the evolutionary and functional context of
resistance, virulence, and metabolic traits. Comparative genomic methods operating at the
pangenome level are required to capture this variation and to enable function-centric
interpretation across related genomes.

2. Metagenomic datasets are inherently fragmented and heterogeneous, combining isolate
genomes, MAGs, and unbinned contigs of variable completeness. Existing bioinformatic
workflows inadequately account for this structure, leading to biased gene catalogs and
unstable comparisons. Robust meta-pangenome inference therefore requires dedicated
bioinformatic methods and software capable of integrating heterogeneous genomic
evidence while explicitly accounting for uncertainty.

3. Gene gain and loss are central processes shaping microbial adaptation and diversification,
yet current pangenome tools lack the capacity to model these processes explicitly within a
phylogenetic framework. The absence of scalable software for pangenome-level gene
gain—loss analysis prevents the inference of phyletic patterns and lineage-specific
dynamics. New phylogeny-aware models and implementations are therefore needed to
quantify gene turnover in an evolutionary context.

4. The interconnected nature of environmental, clinical, and agricultural microbiomes
demands analytical frameworks that operate consistently across domains. Without
genome-resolved, comparative methods, the One Health paradigm remains largely
conceptual. The development of meta-pangenome-based approaches enables unified
analysis of gene flow, functional emergence, and selective pressures, supporting
applications in medicine, public health, agriculture, and biotechnology.

These conclusions motivate the thesis’ methodological program: building reproducible,
hybrid-aware pipelines for species-level meta-pangenomes; applying phylogeny-informed
turnover inference that remains robust to metagenomic uncertainty; and delivering standardized
products that translate genome-resolved metagenomics into decision-relevant indicators for

surveillance.
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2. METHODS FOR MICROBIOME AND VIROME DATA ANALYSIS

To solve the problem of quantifying gene-content variability and its evolutionary drivers in
heterogenous microbiome datasets, we developed a modular, reproducible framework for meta-
pangenome analysis. The challenge is twofold: (i) assemblies derived from metagenomes (MAGs)
are fragmented and uneven, whereas isolate genomes are high quality but culturally biased; and
(i1) bacterial recombination and rapid tur nover in accessory genes can obscure vertical signal and
inflate false inferences. Our framework addresses these issues by standardizing inputs, enforcing
quality thresholds, masking recombination before tree building, and applying explicit probabilistic

models of gene gain and loss on a fixed phylogeny (Figure 2.1).
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Figure 2.1. Reproducible meta-pangenome workflow and downstream inferences. (A)
Genome annotation and meta-pangenome reconstruction; (B) Phylogeny inference; (C)
Gene turnover counts (PGGL method) and gene classification according selection index

and scores (PGGS method).

Starting from taxonomically curated genomes (MAGs and isolates), we annotate coding
sequences and assign functions, cluster orthologs to build a gene presence—absence matrix, and
from it derive a recombination-filtered core alignment to infer a maximum-likelihood phylogeny

(Figure 2.1A-B). On this scaffold we deploy two complementary inference methods: the PGGL
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(Pangenome Gene Gain Loss) method that estimates per-gene gain (1) and loss (p) rates under a
two-state CTMC using Felsenstein’s pruning, delivering node posteriors and branch-level
transition calls that are aggregated along root-to-tip paths to yield per-genome summaries, and the
PGGS (Pangenome Gene Selection) then tests for asymmetric turnover by contrasting equal-rates
versus all-rates-different models, and quantifies directionality with rate-based indices (log(A/p)
and a normalized selection score) (Figure 2.1C). In parallel, a uniform virome screen reports
fragmentation-robust prophage metrics, including length-weighted viral signal, total viral bp,
segment counts, and hallmark-gene density. All components are scripted for parallel execution on

HPC with harmonized I/O for downstream statistics and visualization.

2.1.Datasets and software
2.1.1. Empirical datasets

We validated the framework on three Klebsiella cohorts spanning environments and
taxonomic scales: (i) MPKG (n=64 MAGs from urban environments); (ii)) PKG (n=35 public
isolate genomes spanning the genus); and (iii)) PKP (n=99 K. pneumoniae isolates from the
Republic of Moldova). Together, these datasets enable controlled comparisons of MAGs versus
isolates, genus-versus species-level processes, and environmental versus clinical contexts within

a single, phylogeny-aware analytical protocol.

MPKG dataset

We built the MPKG (Meta-Pangenome for Klebsiella genus) dataset from urban-labeled
metagenomes extracted from a corpus of 1,023 SRA experiments spanning four peer-reviewed
projects: (i) New York City MTA subway samples Metagenome (BioProject: PRINA271013)
[252], which produced the first city-scale mass-transit metagenomes; (ii) metagenomics based
spatiotemporal study of Chicago river microbiome (BioProject: PRINA336577) [253]; (iii) urban
waterway sediments in Singapore (BioProject: PRINA267173) [254]; and (iv) urban
metagenomes emphasizing antimicrobial resistance, also in Singapore (BioProoject:
PRINA400857) [255], and available as metagenomic assembled genomes (MAGs) in bioproject
“Urban MAG antimicrobial resistance diversity” (BioProject: PRINA850115) [256]. Of the 3,838
assemblies available in this study, we retained 64 high-quality Klebsiella genus MAGs spanning
built-environment niches, including subway surfaces, river sediments and wastewater (Table 2.1,
Table Al.1). The MPKG dataset comprises 64 urban Klebsiella MAGs, dominated by K.

pneumoniae (n=28), and K. michiganensis (n=15), with additional representation from K. oxytoca
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(n=8), K. variicola (n=7), K. aerogenes (n=3), K. africana (n=2), and K. huaxiensis (n=1), (Table
AS.1).

Table 2.1. Source datasets for the MPKG data, including raw data and curated MAGs

BioProject Study Environment/city Source
Raw data available as FASTQ files
PRJNA271013 NYC subway metagenomes Mass-transit surfaces, New York City, [47]
US
PRJINA336577 Chicago river microbiome Urban river/waterway, Chicago, US [253]
PRJNA267173 Urban waterway sediments Tropical urban waterways, Singapore [254]

PRJNA400857 Antimicrobial resistance of urban water Urban freshwater and wastewater, [255]

samples Singapore

Curated urban data available as metagenomic assembled genomes (MAGs)

PRJNAS850115 Urban MAG antimicrobial resistance diversity [253]

PKG dataset

We compiled the PKG dataset from NCBI Assembly (GenBank/RefSeq) [257], restricting
to isolate-derived genomes and prioritizing complete genomes. We selected a non-redundant set
of five genomes per species, yielding n = 35 genomes across seven Klebsiella species: K.
aerogenes, K. africana, K. huaxiensis, K. michiganensis, K. oxytoca, K. penumoniae, and K.
variicola. This sampling is intended for genus-level benchmarking and cross-datasets
comparisons. Overall, 29/35 (83%) assemblies are complete, the remainder are high-contiguity

scaffolds/contigs retained to ensure species representation (Table A1.2).

PKP dataset

We obtained the PKP dataset directly from the National Agency for Public Health (ANSP,
Republic of Moldova) as assembled isolate genomes (FASTA, AGs). The set includes 99 clinical
K. pneumoniae genome assembled sequences collected during 2020-2023 across Moldova’s
hospitals and ambulatory clinics, with specimen’s primary from blood and urine and several
cerebrospinal fluid (CSF) cases. These assembled genomes and their metadata were used as input
to our unified pangenome and phylogeny-aware gain-loss analyses, full isolate-level identifiers are

listed in Table A1.3.

2.1.2. Bioinformatics software
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The computational analyses performed in this study utilized a range of open-source
software tools for genome annotation, pangenome reconstruction, phylogenetic inference, and
gene gain-loss modelling. All tools are freely available, and their sources and intended purposes

in the workflow are summarized in Table 2.2.

Table 2.2. Summary of software tools used throughout the study.

Tool/Package Purpose Reference
Prokka Prokaryotic genome annotation [258]
eggNOG-mapper v.2 Functional annotation [134]
Panaroo Pangenome construction and gene presence-absence matrix [259]

generation
IQ-TREE 2 Maximum likelihood phylogenetic tree construction [260]
Gubbins Ancestral sequence reconstruction, phylogeny construction and [261]

recombination identification

R (base) Environment for analysis [262]
ape (R package) Phylogenetic tree manipulation and evolutionary analysis [263]
phytools (R) Comparative methods and visualization of phylogenetic data [264]
expm (R) Matix exponentiation for transition probabilities [265]
ggplot2 (R) Data visualization using a layered grammar of graphics [266]
micropan (R) Tools for pangenome analysis [267]
ggtree (R) Visualization and annotation of phylogenetic trees [268]
Pheatmap (R) Heatmap generation (visualizations) [269]
Phangorn (R) Phylogenetic analysis [270]

2.2.Pangenome reconstruction

We implemented a standardized framework for bacterial meta-pangenome analysis,
comprising genome annotations, orthologous gene clustering, and core genome alignment.
Annotated coding sequences were clustered into orthologous groups to delineate the core and
accessory gene content across genomes. This enabled the construction of a gene presence-absence
matrix and identification of shared and variable genomic regions. The resulting data formed the
basis for subsequent analyses, including phylogenetic reconstruction and characteristic of

pangenome structure.

2.2.1. Sequence annotation
All genomes assemblies were annotated with Prokka [258], a widely used prokariotic

genome annotation pipeline for speed and NCBI-compliant outputs. Prokka predict coding
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sequences using Prodigal [131] and includes standard annotation of tRNAs, rRNAs, and other
genomic features. For each genome, it produces annotation files in multiple formats (*.gff,
. *gbk, *.faa), which were used in downstream pangenome and functional analyses (Listing
A2.1). Functional annotation of predicted proteins was performed using eggNOG-mapper v2
[134], which assigns orthologs based on the eggNOG v6 database [196]. This includes a high-
coverage annotation of Gene Ontology (GO) terms, KEGG orthology and pathways, Clusters of
Orthologous Groups (COG) functional categories, and CAZyme familes. In our analyses, the
HMM-based search mode of eggNOG-mapper was enabled to increase annotation sensitivity. This
mode uses precomputed Hidden Markov Models (HMMs) to improve ortholog detection,
particularly for divergent or poorly characterized proteins. The * . faa files generated by Prokka
were used as input, and resulting annotations were parsed to support functional enrichment and

pangenomic profiling (Listing A2.2).

2.2.2. Ortholog gene computation and clustering

Identification of orthologous genes across multiple genomes is a fundamental step in
comparative genomics and pangenome analysis. In this study, we used Panaroo [259] for ortholog
clustering and pangenome construction (Listing A2.3). Panaroo operates on annotated genome
files (*.gff from Prokka) and uses CD-HIT [195] for initial sequence similarity searches,
followed by graph-based refinement incorporating synteny to correct for assembly and annotation
errors [259]. Orthologous genes are clustered using a high sequence identity threshold (98%), and
clusters are further merged when supported by conserved genomic context. Panaroo classifies
genes into core (present in >99% of genomes), soft-core (95-99%), shell (15-95%), and cloud
(<15%) categories, reflecting their distribution across the genome set. This classification provides
insights into both conserved and variable genomic context. The output includes a gene presence-
absence matrix (*.Rtab) and a set of reference sequences, as well as a core gene alignment
suitable for phylogenetic inference. These files serve as inputs for subsequent analyses, including

gain-loss modeling, frequency distribution assessment, and lineage-specific comparisons.

2.2.3. Pangenome openness-closeness

To evaluate whether the analysed pangenome is open or closed, we applied a rarefaction-
based modelling using the micropan R package [267]. This involved generating gene
accumulation curves from 1,000 random permutations of genome sampling order and fitting a

power-low mode to observed gene discovery rate:
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logG(n) = logk + ylogn, (2.1)

where G, represents the cumulative number of distinct orthologous gene families observed after

sampling n genomes, k is a constant (the intercept), and y is the scalling exponent that quantifies
the rate of pangenome expansion [193]. Based on this model, the openess-closeness coefficient
was computed as ¢ = 1 — y. Confidence intervals for a were derived from the standard error of
the fitted slope parameter. This framework allows statistical interpretation of pangenome
dynamics, where a positive y indicates an open pangenome, and a near-zero or negative value

suggests a closed structure.

2.3.Gene gain and loss model

We developed and implemented a maximum likelihood framework for inferring gene gain and
loss from binary presence-absence profiles across a phylogeny. For each orthologous group, the
method aligns the gene vector to the tip labels of a rooted, bifurcating tree and computes the
likelihood of the observed data under a continuous-time Markov chain model (CTMC) [271] using
Felsenstein’s pruning algorithm [31]. Transition rates are estimated by minimizing the deviance
via bounded quasi-Newton optimization [272] and standard errors are derived from the inverse
Hessian of the deviance [273], approximated numerically to assess parameter uncertainty.
Ancestral states are reconstructed by combining post-order likelihoods with pre-order upward
messages, yielding marginal posterior probabilities for each internal node [14]. Branch-specific
gain and loss events are inferred by computing the difference in posterior presence probabilities
between child and parent nodes. Branches are classified as gains or losses, enabling confidence-
aware event detection. When analyzing multiple genes, branch-level events are aggregated along
root-to-tip paths to produce genome-wide summaries of gain and loss dynamics, facilitating

comparative analyses across lineages.

2.3.1. Phylogenetic tree based on core genome alignment

To reconstruct the evolutionary relationships among genomes, we performed phylogenetic
inference based on core genome alignment obtained from Panaroo [259]. This alignment
comprises nucleotide sequences of single copy orthologs shared by the majority of genomes in the
dataset (typically = 95%), providing a robust scaffold for phylogenetic analysis.

Homologous recombination, which is widespread in bacterial genomes, can obscure

vertical inheritance signals and mislead phylogenetic inference. To account for this, we used
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Gubbins [261] to identify and mask recombinant regions in the alignment (Listing A2.4). Gubbins
iteratively detects recombination by modeling elevated densities of base substitutions along the
alignment using a phylogenetic framework. The output is a recombination-filtered alignment,
retaining only vertically inherited single nucleotide polymorphisms (SNPs) for tree construction.

The filtered core alignment was used to construct a phylogenetic tree with IQ-TREE 2
[260], which implements an efficient maximum likelihood (ML) framework (Listing A2.4). 1Q-
TREE automatically detects the best-fit nucleotide substitution model via ModelFinder [274] and
supports ultrafast bootstrap approximation (UFBoot) for statistical branch support. We applied
1,000 UFBoot replicates to assess clade reliability and inferred the final tree using the optimized
ML topology under the selected model. The resulting phylogeny (Newick format) was midpoint-
rooted using the phangorn package in R [270] and visualized with ggtree [268].

2.3.2. Probabilistic inference of gene gain and loss events using a continuous-time Markov
chain (CTMC) model

To identify evolutionary transition in gene content across a phylogeny, we developed a method

PGGL (Pangenome Gene Gain-Loss), implemented in R [38], that integrates ancestral state

reconstruction with probabilistic gain-loss detection procedure. The inference is grounded in a

continuous-time Markov chain (CTMC) model for binary traits [14], specifically modeling the

presence or absence of each gene across the nodes of a rooted phylogenetic tree.

Phylogenetic representation

Let phylogenetic tree be definedas T = (V, E, 1), where V = {1,2, ...,2n — 1} is a set of all
nodes, E c V X V is the set of directed edges (u — v), representing parent-to-child relationships,
[: E - R, assigns a positive branch length [,,,, to each edge, interpreted as expected evolutionary
time, Vi, € V denotes the set of n tip nodes (observed taxa), and Vi, = V\Vy,, denotes the

internal (ancestral) nodes.

Binary-state CTMC model of gene content evolution
Each gene is modeled independently as a time-homogeneous CTMC on the tree T [271],
with binary state space S = {0,1}, where 0 denotes gene absence and 1 denotes presence. The

infinitesimal generator (rate matrix) of the process is:

o=l 2
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with 4 = qy; > 0 denoting gain rate, and u = q;o > 0 denoting loss rate. The stationary

distribution T = (1, 1) is:

B = A
7T0—A+H»7T1—A+Ma (2.3)

and y = A + u is the total transition rate. The stationary variant was not explicitly implemented

because it introduces an additional constraint on the root distribution. Instead, the analysis was

conducted under the general formulation of the model, which does not assume a priori evolutionary

equilibrium and allows the parameters to be estimated directly and without constraint from the

data.
Transition probabilities and the Kolmogorov forward equation
Given a branch of length t, the transition probability matrix is derived as P(t) = e [14,

275, 276], yielding:

T[O + T[le_(l-l_u)t 7-[1(1 - e_(l+#)t)

= Qt =
P)=e (1 — e AWty g 4 goe AWt | 4
These expressions are the solution to the Kolmogorov forward equation:
d
L) = QP(®). 2.5)

with initial condition P(0) = I, the identity matrix [271, 277].

The assumption of exponentially distributed waiting times between gene gain and loss
events is grounded in the classical convergence theorem established in 1963 [278]. This theorem
rigorously demonstrates that the superposition of a large number of independent stochastic
processes, each characterized by infinitesimal event intensity, converges in distribution to a
Poisson process. In the biological context, this corresponds to the accumulation of numerous rare
and independent gene turnover events, such as insertions, deletions, or horizontal gene transfers,
acting along evolutionary lineages. In this asymptotic regime, event occurrences become
statistically independent, and the inter-event times follow an exponential distribution, the only

continuous distribution satisfying the memoryless property. Consequently, the limiting process
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conforms to the axioms of a continuous-time Markov chain (CTMC). This provides the formal
theoretical foundation for representing gene content evolution as a CTMC with transition
probability matrix P(t) = e?t where Q is the infinitesimal generator whose off-diagonal elements

denote the instantaneous rates of gene gain (4) and loss (u).

Likelihood estimation via Felsenstein’s pruning algorithm

To compute the likelihood of the observed gene presence-absence pattern x € {0,1}", 1
empolyed the pruning algorithm introduced by Felsenstein [226]. The algorithm recursively
computes the conditional likelihood at each internal node, given a hypothesized state. The
likelihood at a node v, denoted L, (s), represents the probability of obsering all data below the
node v, assuming v is in state s € {0,1}.

The recursion begins at the tip nodes, where the observed states are known. For a tip node

a tip node t € Vy;;, the conditional likelihood is defined as:

1, ifs = x;

0, otherwise (2.6)

L(s) = {

where x; € {0,1} is the observed gene presence (1) or absence (0) in taxon t. This initialization
reflects a deterministic assignment, the likelihood is 1 if the assumed state matches the observed
data, and 0 otherwise.

For an internal node v € V;,,; with child nodes j and k, we compute the conditional
likelihood L, (s) for each state s € {0,1} by summing over all possible state assignment at the child

node. Formally, the recursion is given by:
Lv (S) = Zsje{0,1} Ps—>s]- (lvj)Lj (Sj) ) Zske{o,l} Ps—)sk (lvk)Lk (Sk) (27)

where [,,; and [, are the branch lengths from node v to children j and k, P;_;, (t) is the CTMC

transition probability from state s to s; over time t (I,; and l,x), and L;(s;) and Ly (sy) are the

likelihoods at child nodes (j and k).

Denoting t,,; = l,,; branch length from v to j, and t,; = [, branch length from v to k, we

use the Kolmogorov-derived transition probabilities,

Poo(t) = my + mye~ A+t (2.8)
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Py (t) = m (1 — e—(/'l+u)t)
Pio(t) = mo(1 — e—(/'l+u)t)

Pi1(t) = my + mpe~AFmt

to expand the two cases (X;, = 0, and X,, = 1):

LU(O) = [Poo(lvj) ’ Lj(O) + POl(lvj) ’ Lj(l)] ' [POO(lvk) ' Lk(o) + POl(lvk) ' Lk(l)
= [(m + mye ™) - L;i(0) + 7y (1 — e Vi) - L;(D)] -
[(mo 4+ mye V) - L (0) + my (1 — e Vk) - L (D], (2.9)

and

Lv(l) = [Plo(lvj) ' Lj(O) + Pll(lvj) ) Lj(l)] ! [Plo(lvk) ' Lk(o) + Pll(lvk) ) Lk(l)
= [mo(1 — e i) - L;i(0) + (rry + moe Vi) - L;(1)] -
[mo(1 — e Vi) - L (0) + (my + moe k) - L (1)]. (2.10)

Once the upward recursion reaches the root node p, we obtain L,(0) and L,(1), the
conditional likelihoods assuming the root is in each possible state. Since the true ancestral state at

the root is unknown, we marginalize over both possibilities using the stationary probabilities:
LA, plx) =my - L,(0) + 1y - Ly(1), (2.11)

where x refers to the observed data at the tips of the tree (the vector of gene presence (1) or absence
(0)) across all extant taxa. This final likelihood represents the probability of the observed gene
presence-absence data under the specified CTMC model and parameter values and is used as the
objective function in maximum likelihood (ML) estimation, f(a, ) = —£(e%, e®), and serves as
a basis for statistical model comparisons and ancestral reconstructions. Parameters (4, @) were
estimated by maximizing the pruning-based log-likelihood £(4, u) = log {m,L,(0) + m;L,(1)}
[31], equivalently minimizing the deviance D (4, u) = —2¢(A, u). To ensure positive rates, we
optimize on the log scale @ =log (1) and B =log (u) and minimize D(«, ) with bound-
constrained L-BGFS-B [272]. After convergence, estimates are back transformed to the natural

scale (A = exp @, i = exp ).
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Uncertainty was quantified from the observed information, defined as the inverse Hessian
of the negative log-likelihood at the MLE. Let 8 = (a, )T with @ = log A and B = logu. The
observed information matrix is [ (é) = V¢[—4(a,Bllg, so Var(é) = 1(6)~'. Back transforming
to rates A = e® and i = eP the delta methods give Var(1) =~ 22Var (&), Var(Q) = p?Var(B),
and Cov(A, i) = 1fiCov(@, B); hence SE (1) ~ ASE(&) and SE(f) ~ ASE(B) [267]. We report
these uncertainties to quantify the precision of 1 and /1, enable confidence intervals and hypothesis

tests (e.g. A = u versus A # u), and to gauge the reliability of gene-level inferences rather than

relying on point estimates alone.

Posterior probabilities at internal nodes

Following likelihood maximization of (4,u), we compute node marginal posterior
probabilities of each state at each internal node using Bayes’ rule [277], by combining the upward
conditional likelihoods form pruning (L, ) with downward (parent-to-child) message (F,). For node

v and state s € {0,1},

_ _ 71°Ly(1)Fp(1)
Pr(X, = 1|x”p5) T o 'Ly(0)-Fy(0)+71 Ly (1) Fy(1)’ (2.12)

— _ oLy (0) Fy(0)
Pr(X, = O|x”ps) T Mo 'Ly(0)-Fy(0)+71 Ly (1) Fy(1)’

or in generalized form:

— — s Ly (S) Fy(S)
Pr(Xv B SlxtipS) B Egres s Ly(s")Fo(s") (213)

At the root, Fy,,.(s) = 1; 7 is uniform or stationary prior. This results in a matrix A € [0,1]™*?

where m is the number of internal nodes and each row gives the marginal posterior over states

{0,1}.
Pangenome gain-loss rates inference

To infer transition on branches, I evaluated the posterior probability state 1 at both parent and child

nodes of each edge e = (u = v). We define the change in presence probability as:
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A9 =PXx, =1) - P(X, = 1). (2.14)

The Agg ) represents the change in the posterior probability of the gene being in state “1” form the
parent to the child node of edge e. We classify the events as: (i) gain if Agg )> 8 , (i1) loss if AE;“’ )<

—4, (iil) no changes if |A§9 )| < 6 and (iv) unknown if either posterior is undefined. We use a

threshold for 6 € [0,1], § =0.05, to determine whether a change has occurred along a branch for

Agg)

a particular gene g on edge e. So, if —§ < ,1.e. the change is very small (within the threshold),

then we classify it as no change, or when Agg e (=46, 8 ), the change is not significant enough to
be called a gain or loss, and it is labeled as no change. This acts as a buffer zone that filters out
noise or uncertainty in the reconstruction process.

To summarize gene gain and loss events at the level of individual genomes (tips), we trace

the root-to-tip path for each genome in the tree and aggregate all gain-loss events that occurred on

G
that path. Given a set of per-gene branch events {AS’ )} , We compute per-genome counts:
=1

Gainy = 351 Teep, | (Aﬁf’)> 5), (2.15)
Loss; = £5-; Teep, I (Agg>< —6), (2.16)

where P; is the set of branches on the path from root to tip j, and I(:) is the indicator function.
This yields a matrix summarizing the total number of inferred gene gains and losses per genome.
Similarly, per-node summaries (internal or ancestral) are computed by aggregating all events
leading into each node. These summaries are useful for identifying clade-specific expansions,

contractions, or evolutionary bottlenecks.

2.3.3. Gene-wise estimation of selection pressure in pangenomes

Having established a probabilistic model for gene gain and loss using a continuous-time
Markov chain (CTMC) model (Section 2.3.2), we next sought to quantify the degree to which
evolutionary transitions in gene content are biased toward gain or loss. This is conceptually linked
to directional selection acting on gene retention or deletion. For this purpose, we implemented a
comparative likelihood framework that tests for asymmetry in transition rates and defines

quantitative indices of evolutionary bias for each gene.
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This procedure, implemented in the PGGS (Pangenome Gene Selection) classification
method, that evaluates each gene g independently, using its observed binary presence-absence
pattern x@ € {0,1}™ across the tips of the phylogenetic tree T. The analysis builds on the
maximum-likelihood framework established in the previous section, reusing the CTMC likelihood
function computed via Felsenstein’s pruning algorithm [31, 271].

To implement this framework, we compare two nested models of gene evolution: (1) the
first model (ER, Equal-Rates) assumes symmetric transition: the gain and loss rates are equal (A =
U = q), and (2) the second model (ARD, All-Rates-Different) allows distinct gain and loss rates

[14, 271]. Formally, the infinitesimal generator matrices are:

-4 ] (2.17)

_[1 4 _
QER_[q _q]'QARD_[# _#
For each gene g, the corresponding CTMC likelihood £(0|x(9,T) is computed under both
models. This yields MLE results, including §¢9 under ER model, and (19, 1(9)) under the ARD

model.
Next to determine whether the asymmetric model (ARD) better explains the observed data,
we employed the Akaike Information Criterion (AIC) as an alternative model selection strategy.

AIC evaluates each model’s goodness of-fit while penalizing model complexity, and is defined as:
AIC = 2k — 2logL (2.18)

where k is the number of free parameters, and L is the maximum likelihood under the model [279].

For the ER model (with one free parameter, ¢), AIC is computed as:
AlCggr = —2logLgg + 2 (2.19)
while for the ARD model (with two parameters, A and p), it is
AlC gp = —21log Lygp + 4. (2.20)
A lower AIC indicates a more parsimonious model that balances explanatory power with model

simplicity. For each gene, the two AIC values are compared, and the model with the lower AIC is

considered better supported. When the difference in AIC (AAIC = AICgg — AIC,Rrp) exceed 2, the
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ARD model is interpreted as significantly superior, implying asymmetric turnover dynamics. In
contrast, small AAIC values (e.g., | AAIC< 2|) suggest comparable fit, favoring ER model under
the principle of parsimony [280].

Following parameter estimation under the ARD model, we define the Selection Index log-

ratio (SI) metric to quantify the asymmetry in gene turnover:

iC)
SI = log (ﬁ) 2.21)

This index reflects the fold-change between gain and loss rates on a log scale. Positive values
indicate that gains are more frequent than losses, while negative values suggest loss-dominated
evolution.

Additionally, we define the Selection Score (SS) metric based on normalized difference of

estimates:

2@ _p@
855 = 5@ € (CLD). (2.22)

This bounded, symmetric score facilitates direct comparison across genes with very
different turnover dynamics. A value of 0 indicates balanced gain-loss rates, while values
approaching +1 or -1 indicate directional gain or loss pressure, respectively.

To support interpretably and downstream comparative analysis, we discretize the

continuous SS score into qualitative selection classes (SC). This categorization reflects increasing

levels of gain- or loss-bias:

strong loss, if §5, € [-1.0,-0.8] (2.23)
moderate loss, if SS; € [-0.8,—0.5]
SC, neutral, if 54 € [-0.5,0.5]

I
A

moderate gain, if SS; € [0.5,0.8]

strong gain, if §S4 €[0.8,1.0]

The classification scheme provides a biologically meaningful interpretation of gene turnover
asymmetry. It allows for stratification of genes into functional categories (e.g., core, accessory,

adaptative), facilitates visualization of evolutionary patterns across species or environments.
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2.4. Simulation of phylogenetic trees with known ancestral states

A rooted phylogenetic tree with 101 and 1001 terminal taxa was simulated under a Yule (pure-
birth) process using rtree function form the ape package [281]. The simulated trees were
checked and, if necessary, modified to ensure that they are rooted, strictly bifurcating, and
contained only positive branch lengths. Missing or non-positive branch lengths were replaced with
a small positive constant (1 X 1078) to ensure numerical stability in downstream analyses.

Binary orthologous gene evolution was modeled as a two-state continuous-time Markov
process with states {0, 1}, parametrized by an asymmetric rate matrix allowing distinct gain (0—1)
and loss (1—0) rates. The root state was fixed to state 0, thereby defining a known ancestral
condition at the base of the tree.

Complete evolutionary histories of the orthologous gene, including ancestral states at all
internal nodes and state transitions along branches, were generated using stochastic character
mapping under the specified Markov model [282]. Stochastic simulation and subsequent extraction
of true tip node states were performed using the phytools package, yielding ground-truth
ancestral states by construction. Branch lengths were interpreted as evolutionary time units under
the continuous-time model. All simulations were performed with a fixed random seed to ensure

reproducibility.

2.5. Ancestral state reconstruction and benchmarking

To assess the accuracy of the developed PGGL maximum likelihood ancestral state
reconstruction method, we designed a benchmarking analysis based on simulated phylogenetic
data with known ground-truth ancestral states. Ancestral states for a binary orthologous gene
(states {0, 1}) were reconstructed from observed tip states using three approaches: (1) Fitch
parsimony [283], maximum likelihood (ML; PGGL), and Bayesian stochastic character mapping
[219], and the inferred states were directly compared to the true simulated ancestral states.

Parsimony-based ancestral state reconstruction was performed using the Fitch algorithm for
unordered binary characters [283]. Tip states were propagated toward the root using a postorder
traversal of the tree, combining descendant state sets by intersection when possible or by union
otherwise. Internal nodes were classified as unambiguously assigned to state 0 or 1, or as
ambiguous when both states were equally parsimonious. This approach provided a non-parametric

baseline for comparison.
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Bayesian ancestral state reconstruction was performed using stochastic character mapping,
implemented with the make.simmap function from the phytools R package [219, 284].
Character histories were sampled conditional on the observed tip states under a continuous-time
Markov model, using either the true transition rate matrix from simulation or rates estimated from
the data under an ARD Mk model [284, 285]. Posterior state probabilities at internal nodes were
obtained by summarizing across multiple stochastic maps, and the modal posterior state was used
as the Bayesian point estimate.

For all three approaches, reconstructed ancestral states were aligned to internal node identifiers
and evaluated by direct comparison with the known simulated ancestral states. ML and Bayesian
reconstructions were classified as correct or incorrect (matches and mismatches), while
parsimony-inferred ambiguous nodes were tracked separately (matches, mismatches and

ambiguous).

2.6. Conclusions to chapter 2

This chapter produces a set of bioinformatic software components, algorithms, and
methodological outputs that enable quantitative, phylogeny-based meta-pangenome analysis from
heterogeneous metagenomic data. These contributions can be summarized as follows:

1. A unified meta-pangenome analysis software framework was developed and implemented
that integrates isolate genomes and metagenome-assembled genomes through standardized
curation, annotation, and ortholog clustering, resolving inconsistencies arising from
heterogeneous genome quality and enabling reproducible pangenome reconstruction and
comparison across mixed genomic inputs.

2. A recombination-filtered maximum-likelihood species phylogeny is inferred and used as a
fixed evolutionary reference for gene-content analyses, restoring explicit evolutionary
context and enabling lineage-resolved comparison of gene presence—absence variation
across genomes.

3. We developed a stochastic gene gain—loss inference algorithm (PGGL) that infers gene-
content turnover as a continuous-time Markov process on the phylogeny, enabling
estimation of gain and loss rates and counts and reconstruction of branch-, lineage-, and
clade-specific gene-content changes as quantitative measures of genome plasticity.

4. We developed a rate-based gene selection inference method (PGGS) that contrasts
symmetric and asymmetric gain—loss models to detect directional biases in gene turnover,
enabling lineage- and clade-specific identification of genes exhibiting non-neutral

evolutionary dynamics.
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5. We integrated all developed methods into a single scalable and reproducible software
framework, enabling controlled and repeatable meta-pangenome analyses across datasets,
species, and ecological contexts.

Collectively, the methods introduced in this chapter transform meta-pangenomes from
descriptive gene catalogs into quantitative evolutionary objects, enabling systematic inference of
gene-content dynamics from complex metagenomic data and providing a methodological

foundation for the applications presented in subsequent chapters.
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3. RESULTS FOR META-PANGENOME RECOSTRUCTION AND ANALYSIS

The pangenome encompasses the full complement of gene families identified across all
genomes within a defined taxonomic group [286]. It integrates the conserved core genome, which
comprises genes shared by all members of the group, with the accessory genome, consisting of
genes present in only a subset of genomes [11]. In this chapter we reconstruct and compare
Klebsiella pangenomes across three complementary cohorts, urban metagenome-assembled
genomes (MPKG), multi-species isolate genomes (PKG), and a species-focused set of K.
pneumoniae isolates (PKP), using a single, standardized pipeline for annotation, ortholog
clustering, and gene presence—absence profiling. We quantify pangenome architecture (core, shell,
cloud) and gene-frequency spectra, assess openness via rarefaction (Heap’s law) [193, 287], and
interrogate structure in the accessory genome using dimensionality reduction and hierarchical
clustering. Across datasets we find a clear gradient in pangenome organization: the MPKG meta-
pangenome exhibits an expanded cloud component and broad accessory diversity, the PKG isolate
set shows balanced core—accessory proportions, and the PKP clinical cohort is enriched for core
genes with reduced accessory dispersion. Gene accumulation analyses indicate that meta-
pangenomes remain strongly open, whereas the species-level PKP set approaches functional
saturation. Projection of gene presence—absence matrices separate genomes by species (and by
sequence type within K. pneumoniae), revealing lineage-specific accessory modules consistent
with ecological filtering and recent horizontal acquisition. Together, these results establish a
quantitative baseline for Klebsiella pangenome diversity across environmental and clinical
contexts, and provide the comparative framework used in subsequent sections for functional

interpretation and downstream evolutionary analyses.

3.1.Sequence structural annotation of Klebsiella sp. MAGs and isolates

To evaluate the genomic characteristics of the Klebsiella genus across different sequencing
contexts, we performed comparative annotation analyses on the three datasets: (1) the Klebsiella
genus meta-pangenome (MPKG dataset) derived from metagenome-assembled genomes (MAGs)
recovered from urban environments, (2) the Klebsiella genus pangenome (PKG dataset) and K.
pneumoniae isolates (PKP dataset). Across Klebsiella species, genomes from the PKG and PKP
isolates dataset exhibited consistently higher numbers of predicted coding sequences than those
from MPKG MAGs, consistent with known short-read metagenomic assembly limitations and
with community standards for MAG quality assessment, especially under-representation of repeat-
rich and multicopy loci [18, 19] (Figure 3.1, top-left panel, Figure 3.2). For instance, K.
michiganensis had an average of 6219.6 CDS in PKG, compared to 4998.3 CDS in MPKG (Table
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3.1). Similarly, K. oxytoca displayed 5987.0 in PKG versus 5304.4 CDS in MPKG (Table 3.1).
Intra-species variability in CDS counts, captured by the coefficient of variation (CV), was
substantially higher in MAGs. For example, K. michiganensis in MPKG had a CV-CDS of 0.146,
compared to 0.068 in PKG 0.068 indicating greater heterogeneity in gene prediction among
MAGs, likely due to variable assembly completeness (Table 3.1).
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Figure 3.1. Comparative annotation metrics of Klebsiella sp. genomes across isolate-derived
(p=PKG) and metagenome-assembled (mp=MPKG) datasets. Each panel show one
metrics: (top-left) the number of predicted CDS; (top-right) total genome size (in base
pairs); (bottom-left) number of tRNA genes; (bottom-right) number of contigs per

assembly.

MAGs were notably deficient in annotated tRNA genes (Figures 3.1-3.2), a well-
recognized consequence of fragmented assemblies that collapse or break rRNA/tRNA loci in
short-read MAGs [18, 288]. While isolate genomes consistently contained ~80-87 tRNAs across
species (e.g., K. pneumoniae 86.0, K. aerogenes 87.2), the same species in MPKG had markedly
reduced tRNA counts (e.g. K. pneumoniae 43.1, K. aerogenes 28.7), with higher variability (CV-
tRNA up to 0.329) (Table 3.1). These differences are illustrated in Figure 11 (bottom-left), which

shows widespread underrepresentation and dispersion in tRNA counts among MAGs. This trend
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reflects the inherent difficulty in assembling and annotating tRNA loci in fragmented, short-read

metagenomic data (Table 3.1).

Table 3.1. Summary of genome annotation metrics for Klebsiella sp. from isolate assembled

genomes (PKG dataset) (n = 34).

Species n CDS CVCDS tRNA CV tRNA Contigs Genome
(mean) (mean) (mean) size (bp)
K. aerogenes 5 5036.40  0.037 87.20 0.022 1.6 5,417,138
K. africana 5 4861.00  0.025 79.20 0.129 234 5,292,441
K. huaxiensis 4 5950.25  0.062 82.75 0.069 46.5 6,389,098
K. michiganensis 5 6219.60  0.068 86.40 0.013 3.2 6,625,047
K. oxytoca 5 5987.00  0.070 86.60 0.006 4.2 6,407,511
K. pneumoniae 5 5391.40  0.041 86.00 0.036 4.2 5,716,564
K. variicola 5 5283.20  0.062 86.20 0.035 1.8 5,701,695

CDs, tRNA, and contigs represent mean values per genome; CVs measure within-
species variability.

Contiguity metrics further differentiate the two types of datasets (Figure 3.1, bottom-right),
the average number of contigs and dispersion being significantly higher in MAGs, in line with
CAMI benchmarks and routine quality assessments for MAGs [176, 288] (Table 3.1). For
example, K. huaxiensis in MPKG displayed a mean of 2163 contigs, whereas in PKG the value
dropped to 46.5. In most PKG genomes, contig counts were consistently below 5 (e.g., K. variicola
1.8, K. aerogenes 1.6) (Table 3.2). This pronounced contrast is depicted in Figure 3.1 (bottom-
right), where MAGs show wide-ranging and elevated contig numbers, indicative of their

fragmented assembly states.

Table 3.2. Summary statistics of Klebsiella pneumoniae genomes in the PKP (Pangenome -

Klebsiella pneumoniae) dataset (n = 99).

Feature Mean SD Cv

Contigs 137 81.8 0.598
Genome Size (bp) 5,634,535 138,597 0.025
CDS 5,335 159 0.030
tRNA genes 80.1 1.89 0.024

As expected, genome sizes in PKG and PKP were generally larger and more consistent, reflecting
the higher completeness and lower contamination typical of isolate genomes compared with
MAGs [19, 176] (Figure 3.1, top-right, Figure 3.2). For example, K. michiganensis in PKG had an
average genome size of 6.63 Mbp, while the corresponding MPKG estimate was 5.24 Mbp (Table
3.1-3.2). A similar pattern was observed in K. oxytoca (PKG — 6.41 Mbp; MPKG — 5.73 Mbp),
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consistent with the underrepresentation of accessory and non-core regions in MAGs. These
genome size discrepancies are visually apparent in Figure 3.1 (top-right), where PKG genomes
cluster around larger, less variable sizes, while MAGs exhibit reduced and more dispersed sizes.
While both datasets include representatives from K. pneumoniae, K. michiganensis, K. variicola,
K. oxytoca, and K. aerogenes, their inter-species differences were more pronounced in the PKG
datset, particularly for genome size and CDS content (Tables 3.1-3.2). Moreover, intra-species
variability (CV) was consistently higher in MPKG, reflecting the influence of fragmented

assemblies, uneven sequencing depth, and inconsistent binning quality.
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Figure 3.2. Klebsiella pneumoniae pangenome annotation based on isolate-derived genomes

(PKP dataset).

Next, we annotated 99 K. pneumoniae isolate genomes to derive a high-resolution
pangenome profile (PKP data). As shown in Figure 3.2, key features such as the number of coding
sequences (CDS), genome size, tRNA genes and contig counts reveal relatively constrained
within-species variability. The mean number of CDS per genome in the PKP dataset was
5,335+159, with a coefficient of variation (CV) of 0.030, comparable to the MPKG value of
4,7144+334.6 (CV=0.071) (Table 3.1-3.2). Likewise, the genome size in PKP genomes averaged
5.63 Mbp, with minimal variation (CV=0.025), whereas the MPKG K. penumoniae genomes
averaged 5.02 Mbp, but with more pronounced variability and the presence of low-quality
assemblies (as suggested by the higher number of contigs, 204 vs. 137, respectively). The number
of tRNA genes was also highly conserved across PKP genomes (80.1+1.9, CV=0.024) compared
to the MKPG data (43.1£13.6, CV=0.315), likely reflecting the effects of metagenome-assembled
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genome fragmentation and incomplete recovery in environmental datasets. Contigs counts, a proxy
for assembly fragmentation, were significantly higher and more dispersed in the MPKG (K.
pneumoniae, mean = 2014, CV =0.61) than in the PKP dataset (mean = 137, CV = 0.60), although

variation was substantial in both.

Table 3.3. Comparative summary of unique functional annotations across Klebsiella
species in meta-pangenome (MPKG), isolate pangenome (PKG), and single-species (K.

pneumoniae) isolate (PKP) datasets.

CAZy CcoG EC GO KO KP PFAM
MPKG dataset
K. aerogenes 38 20 1141 4961 2993 450 2756
K. africana 34 20 1126 4840 2886 456 2563
K. huaxiensis 33 20 1020 4525 2576 450 2444
K. michiganensis 46 21 1272 5290 3438 468 3359
K. oxytoca 44 20 1257 5050 3242 452 3097
K. pneumoniae 36 21 1257 5149 3415 474 3375
K. variicola 38 20 5075 5075 3180 450 3020
PKG dataset
K. aerogenes 38 21 1154 5010 3120 452 3009
K. africana 37 20 1192 5014 3172 460 2917
K. huaxiensis 37 21 1262 5090 3353 476 3208
K. michiganensis 44 20 1262 5168 3412 478 3315
K. oxytoca 42 20 1262 5107 3287 452 3118
K. pneumoniae 36 20 1211 5057 3255 452 3104
K. variicola 34 20 1195 5028 3206 452 3043
PKP dataset
K. pneumoniae 37 22 1271 5263 3472 468 3411

CAZy = Carbohudrate- Active enZYmes; COG = Clusters of Orthologous Groups; EC = Enzyme Commission
Number; GO = Gene Ontology; KO = KEGG Orthology; KP = KEGG Pathway; PFAM = Protein Families

These results underscore the robustness of the isolate-based pangenome (PKP) in resolving
fine-scale genomic features and reinforce that MAG-based annotations, while informative, are
subject to biases introduced by incomplete assemblies and environmental contamination. The
integration of high-quality isolate genomes remains essential for pangenome structure

interpretation and core/accessory gene modeling.
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3.2.Functional annotation of Klebsiella sp. MAGs and isolates

To investigate the functional landscape of the Klebsiella genus across urban and clinical
contexts, we performed comprehensive annotation of both metagenome-assembled genomes
(MAGs) and isolate genomes using a curated suite of functional databases: CAZy (carbohydrate-
active enzymes) [289], COG (orthologous groups) [290], EC (enzyme classification) [291], GO
(gene ontology) [292], KEGG Orthology (KO) and KEGG Pathway (KP) [293], and PFAM
(protein families) [138], functional transfers being assigned with eggNOG-mapper v2 [134].
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Figure 3.3. Functional annotation summary across Klebsiella datasets. (A) Meta-
pangenome (MPKG dataset) captured from MAGs. (B) Isolate pangenome (PKG dataset).

(C) K. pneumoniae (PKP dataset) from isolate samples.

Functional profiles were compared across three datasets: (1) the meta-pangenome (MPKG
dataset), comprising high-quality MAGs from urban environment; (2) the isolate-only pangenome
(PKG dataset); and (3) a focused set of K. pneumoniae isolate genomes (PKP dataset). The MPKG
dataset, integrating only environmental MAGs (urban samples), revealed substantial inter-species
variation in functional repertoire. Among the seven species, K. michiganensis and K. pneumoniae
consistently exhibited the largest number of unique functional terms, particularly in EC (1,272 and
1,257, respectively), GO (5,290 and 5,149), and PFAM domains (3,359 and 3,375). This functional

richness is indicative of metabolic versatility and potentially broader environmental adaptability.
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Notably, K. variicola showed elevated KP values (5,075), suggesting extensive pathway
reconstruction or annotation saturation within MAGs (Figure 3.3A; Table 3.3).

In contrast, the PKG dataset, composed exclusively of isolate genomes with standardized
sequencing and annotation workflows, demonstrated a more conserved functional profile across
species. The variance in total functional terms was narrower, with GO and PFAM annotations
distributed more evenly. For instance, K. oxytoca, K. huaxiensis, and K. michiganensis all
possessed comparable PFAM domain counts (~3,100-3,300), suggesting a functional core that is
less influenced by environmental context (Figure 3.3B; Table 3.3). The lower dispersion in CAZy
and KP annotations across PKG species further supports this inference. These findings underscore
the methodological constraint of isolate-only analyses, which may underrepresent accessory or

niche-specific functions present in complex microbial communities.

A B
3359 3118
468 I 452
Klebsiella michi i 2139 529C Klebsiell t 2 5107
—— ——
epbsiella michiganensis 1272 ebsiella oxytoca 1262
121 120
146 142
I 3375 — 33 15
— 474 — 478
Klebsiella pneumoniae —3415 5149 Klebsiella michiganensis —3“12 5168
p e 1257 9 — 1262
13 144
3097 3208
—Y 3042 L 3353
Klebsiella oxytoca I —— 5050 Klebsiella huaxiensis 5090
\20_ 1257 ”_ 1
144 137
3020 — 3104
450 452
Klebsiella variicola e——— 5075 Klebsiell e I ———a 5057
]
ebsiella variicola W_ — ebsiella pneumoniae ‘2121—
138 13
450_ 2756 452_ 3043
. I )093 . . S —— 3206
Klebsiella aerogenes I — 406 1 Klebsiella variicola 5028
120 4 ‘_0 1195
138 134
—— —— 017
m— 456 25623356 =60 . 3172
I —
i i e — 4840 i i 5014
Klebsiella africana - - Klebsiella africana p— 1102
134 I39
2444 EEe—— 3009
450 — 452
Klebsiella huaxiensi =7 4525 Klebsiell S 5010
I
epsiella huaxiensis ‘ 1020 epsiella aerogenes ‘_21 1154
i3 138
0 1,000 2,000 3,000 4,000 5,000 0 1,000 2,000 3,000 4,000 5,000

B cazy [ ec [l KEGG KO B Pram

Annotation Type
P B coc B co [l KEGG Pathway

Figure 3.4. Species-level functional annotation profiles across Klebsiella genomes. (A)
MPKG dataset composed exclusively of MAGs reveals substantial variation in functional
term counts across species, particularly in GO and PFAM annotations. (B) PKG dataset

based on isolate genomes shows greater annotation consistency, with overall higher counts

for most annotation types.

A targeted comparison within K. pneumoniae (PKP) revealed that isolate genomes
maintain functional repertoires on par with or exceeding those in MAGs and multi-species

pangenomes. Specifically, PKP genomes encoded 1,271 EC entries, 5,263 GO terms, and 3,411
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PFAM domains (Table 3.3, Figure 3.3C), reflecting the species’ broad metabolic potential and
highlighting the robustness of isolate-based functional profiling when deep coverage is available.
However, the elevated KO (3,472) and GO annotation counts suggest that even within a single
species, functional diversity may be underappreciated in isolate-based pangenomes when
environmental signals are excluded.

Cross-dataset visualization of functional annotation distributions reveals systematic
differences in term recovery between metagenomic and isolate-based approaches (Figure 3.4).
Contrary to initial expectations, the isolate-derived pangenome (PKG) consistently outperforms
the meta-pangenome (MPKG) in the number of unique GO terms and PFAM domains across most
Klebsiella species. This is particularly evident for K. aerogenes, K. huaxiensis, and K. africana,
where isolate genomes recover a broader range of protein families and ontology terms than their
MAG counterparts. These trends suggest that despite the ecological breadth and composite nature
of MAGs, isolate genomes retain higher annotation fidelity, likely due to improved assembly
quality and completeness.

The MPKG dataset nonetheless remains valuable for uncovering functional diversity in
under-sampled or uncultured lineages, such as K. michiganensis and K. variicola, where
annotation patterns differ more substantially from their PKG counterparts. Moreover, in some
cases, KP and EC term counts are comparable or even higher in MAGs, underscoring their utility
in metabolic reconstruction. The species-level comparison of K. pneumoniae (Figure 3.3A-C)
further reinforces the benefit of data integration: the combination of MAGs and isolate genomes
produces a more complete and ecologically representative functional map. Together, these results
advocate for a hybrid pangenomic strategy that leverages the complementary strengths of isolate
genomes precision and MAGs breadth to maximize functional resolution across the meta-

pangenomes and pangenomes.

3.3.0rtholog gene computation and clustering

Orthology was inferred for protein-coding genes across all genomes (in MPKG, PKG and PKP
datasets) from Prokka-annotated GFF3 files [258] and computed using Panaroo [259]. This
approach clusters orthologous coding sequences (CDSs) using CD-HIT [195] at 98% identity and
integrates synteny correction and sequence alignments of core gene families, which were
subsequently used for downstream comparative analysis. We computed the core, shell and cloud
components of each pangenome based on gene prevalence thresholds: core (= 99%), shell (15 —
99%), and cloud (< 15%), consistent with the categorization scheme proposed by [259] (Figure
3.5). Notably, the MPKG meta-pangenome exhibited a substantial expansion of cloud genes,
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comprising 53.8% of its total gene content (Figure 3.5A). This elevated proportion of low-
frequency genes is indicative of the high genomic plasticity, gene gain-loss dynamics, and
functional heterogeneity characteristics of metagenome-assembled genomes (MAGs) originating
from urban environment. The predominance of cloud genes reflects the fragmented and
heterogenous nature of microbial populations captured via metagenomic assembly, including rare
and habitat-specific functions. In contrast, the PKP pangenome, composed solely of clinical K.
pneumoniae isolates, revealed a markedly expanded core genome, accounting for 40.8% of the
total genes (Figure 3.5C). This enrichment of universally conserved genes is consistent with a
tighter phylogenetic clustering and shared clinical niche, where selective pressures likely favor

maintenance of a stable functional core.
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Figure 3.5. Summary of gene composition across datasets (core, shell and cloud) in (A)

MPKG, (B) PKG, and (C) PKP datasets

The intermediate PKG dataset, which aggregates isolates genomes from multiple
Klebsiella species, presented a balanced distribution, with a moderately sized core (29.7%), shell
(31.6%), and cloud (38.7%) compartment, reflecting taxonomic heterogeneity but more uniform
sampling compared to MAGs (Figure 3.5B).

To further evaluate the distribution of gene frequencies across genomes, we plotted

histograms of gene family occurrence (Figure 3.6). All data sets exhibited the characteristic U-
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shaped distribution typical of prokaryotic pangenomes, where most genes are either universally
conserved (core) or rare (cloud), and relatively few genes exists at intermediate frequencies [259,
294]. However, the degree of skewness varied, MPKG and PKG datasets presented a flatter curve
with longer tails in low-frequency region (Figure 3.6A-B), indicating elevated accessory genome
diversity in mixed-species datasets, compared to the narrower peak and expanded high-frequency

tail observed in PKP dataset (Figure 3.6C).
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Figure 3.6. Gene frequency distribution across the number of genomes in (A) MPKG, (B)
PKG, and (C) PKP datasets

These patterns delineate a scale-dependent pangenome architecture: the meta-pangenome
(MPKG) is enriched for low-frequency “cloud” genes, the single-species clinical set (PKP) shows
the converse with an expanded core and contracted cloud, and the multi-species isolate set (PKG)
is intermediate. This gradient reflects the evolutionary heterogeneity and ecological plasticity
sampled by each dataset and is consistent with the canonical U-shaped gene-frequency distribution

of bacterial pangenomes

3.4.Gene discovery dynamics and meta-pangenome openness
To investigate the openness/closeness of Klebsiella pangenomes, we constructed

rarefaction curves and modeled gene discovery rates across genome permutations using a power-
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low fit (Heap’s law) as proposed in Tettelin et al [286]. The rarefaction analysis estimates the
cumulative number of non-redundant orthologous gene families discovered as new genomes are
sequentially added to the dataset, thereby allowing inference on whether the pangenome remains

expandable (open) or saturated (closed) [286, 295].
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Figure 3.7. Gene discovery dynamics and meta-pangenome openness in the MPKG dataset.
(A) Discovery rate of new gene families per genome, showing diminishing returns with
increasing sampling. (B) Cumulative number of unique gene families fitted to Heap’s law

model.

To quantitatively assess these dynamics, two complementary estimations were conducted
for each reconstructed pangenome. First, we evaluated the number of newly discovered gene
families per genome along the sampling order, thereby quantifying the incremental contribution
of each genome to the pangenome. Second, we computed the cumulative number of unique gene
families across genomes and fitted the growth curve using Heap’s low, formalized asn = k - NV,
where n is the total number of observed gene families for N genomes, and y > 0 is indicative of
an open pangenome, and when y < 0, the pangenome is considered closed [286]. The rarefaction
curve was generate using rarefaction () function of the micropan package [267] with 1000
permutations.

The MPKG meta-pangenome dataset, derived from 64 MAGs sourced from urban
environment sources, displayed an intermediate, clearly open pangenome (Figure 3.7B). The gene
discovery curve (Figure 3.7A) reveals a steep initial slope, with each genome contributing a high
number of novel genes even at 40 additions, with saturation being reached after 50 additions

(Figure 3.7A). The rarefaction curve surpassed 13,000 gene families, and the fitted Heap’s
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exponent yielded y = 0.291 (a = 0.709,95% CI: 0.289 — 0.293), a strong signal of highly open
pangenome. This reflects the vast gene content heterogeneity, ecological versatility, and potential

for horizontal gene transfer among urban Klebsiella strains.
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Figure 3.8. Gene discovery dynamics and meta-pangenome openness in the PKG dataset.
(A) Discovery rate of new gene families per genome, showing diminishing returns with
increasing sampling. (B) Cumulative number of unique gene families fitted to Heap’s law

model.

The PKG dataset (34 genomes from various Klebsiella species) presented an intermediate
strong open pangenome. While the gene discovery rate showed a downward trend, it remained
above ~50 genes/genome, with a cumulative gene family count exceeding 19,000 (Figure 3.8A).
The fitted a value was 0.585 (95% CI:0.411-0.418), consistent with a strong open pangenome
(Figure 3.8B). The slowdown in novel gene acquisition suggests a near-saturation of core and shell
components, yet the presence of rare cloud genes continues to contribute to diversity. This pattern
aligns with expectations for genus-level reconstructions spanning multiple species and ecological
niches.

In the species-specific pangenome of 99 clinical K. pneumoniae isolates, gene discovery
reached near saturation, falling below 10 after ~50 genomes and approaching ~5 in the final bins
(Figure 3.9A). The rarefaction curve count plateaued near 9,500 gene families (Figure 3.9B), and
the fitted exponent remained positive, y =0.139, a=0.861, 95% CI: 0.138-0.141), indicating a
formally open but functionally a closing pangenome. This pattern is consistent with reduced

ecological diversity and high genomic conservation within clinical strains.
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These results establish a gradient of pangenome openness across ecological and taxonomic
contexts. The MPKG dataset reflects the highest degree of openness and gene influx, driven by
environmental heterogeneity. The PKG dataset occupies an intermediate position, with saturation
beginning to emerge despite continued novelty. In contrast, the PKP dataset reveals a decelerating
rate of discovery, with most functional diversity already captured, a trend typical for narrow, clonal
clinical populations [11, 194]. Despite all a values exceeding zero and thus meeting the criterion
for openness, the empirical gene discovery curves provide additional resolution. Specifically, the
rate of new gene acquisition per genome clearly declines with increasing sample size and is an

essential complement to cumulative rarefaction modeling.
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Figure 3.9. Gene discovery dynamics and meta-pangenome openness in the PKP dataset.
(A) Discovery rate of new gene families per genome, showing diminishing returns with
increasing sampling. (B) Cumulative number of unique gene families fitted to Heap’s law

model.

3.5. Pangenome structure and gene content clustering

To investigate the internal diversity and structure of the reconstructed meta-pangenomes, we
conducted a comparative analysis of gene presence-absence patterns across the three datasets. Two
complementary strategies were employed, dimensionality reduction using principal component
analysis (PCA) [296, 297], and hierarchical clustering of binary gene presence-absence matrices
[298, 299]. Together, these methods elucidate the underlying genomic architecture, inter- and
intra-species variability, and patterns of accessory gene distribution. Across datasets, PCA of the
gene presence-absence matrices revealed strong separation between genomes based on species or
sequence type (ST) (Figures 3.10, 3.13-3.14). In the MPKG dataset, derived from urban MAGs,

the PCA projection of the accessory gene presence-absence matrix reveals a high degree of inter-
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species separation across the first two principal components, which jointly capture the dominant

presence of genomic variation (Figure 3.10).
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Figure 3.10. Principal Component Analysis (PCA) of MPKG meta-pangenome (Klebsiella

Spp-.) gene presence-absence matrix, colored by species.

Clusters corresponding to distinct Klebsiella species, including K. michiganensis, K. huaxiensis,
K. oxytoca, and K. aerogenes are clearly distinguishable, with each species occupying a unique
region in the PCA space (Figure 3.10). Notably, K. pneumoniae MAGs appear tightly clustered
near the origin, reflecting high intra-species homogeneity in gene content, while the environmental
species (urban landscapes) form dispersed and distant clusters, underscoring broader accessory
genome repertoires and potential ecological adaption [300]. The separation of K. variicola, K.
africana, and K. michiganensis in orthogonal directions further supports the hypothesis that urban
Klebsiella lineages exhibit species-specific accessory gene architectures, likely shaped by
environmental filtering and horizontal gene acquisition [11, 300-302].

The gene presence-absence heatmap of hierarchical clustering for the MPKG meta-
pangenome (Figure 3.11) shows a broad, dense block of universally conserved orthologous groups

spanning nearly all MAGs (core genome), overlaid by patchy, clade-restricted islands that define
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the accessory gene space. Several accessory bocks are restricted to K. michiganensis and to
members of the K. oxytoca (Figure 3.11), consistent with the high plasmid and integrative and

conjugative elements (ICE) burden and ecological breadth reported for the lineages [303—-306].
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Figure 3.11. Presence-absence heatmap based on hierarchical clustering of genomes and

orthologous groups of the MPKG meta-pangenome (Klebsiella sp.).

Distinct islands are also apparent among K. variicola MAGs, in line with its environmental
and plant-associated niche and corresponding accessory functions [301]. By contrast, K.
pneumoniae MAGs cluster tightly with fewer large accessory islands, reflecting the more
homogenous core observed in KpSC clinical lineages (Figure 3.11) [300, 307]. We also note
smaller, lineage-delimited blocks for K. aerogenes, K. huaxiensis, and K. africana, suggesting
species-specific gene modules that likely track habitat filtering and horizontal gene acquisition
(Figure 3.11). The numerous MAG-specific islands across taxa are consistent with mobile genetic
elements and prophage cargo-a pervasive driver of gene-content heterogeneity in Enterobacterales
[308, 309]. Hierarchical clustering of both genomes and genes recapitulates species-level structure

and mirrors the PCA separation, as expected when pangenome construction corrects annotation
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and assembly artefacts and leverages gene-context information [259]. A small number of columns
with unusually sparse signal corresponds to MAGs with small assembly sizes and very low N50
values (e.g., N50 < 10kb and total size < 4Mb), a pattern typical of incompletely recovered bins
rather than true biological absence [18, 19, 176, 288]. These observations reinforce that core-
accessory structure is recoverable from metagenomic data, while interpretation of rare or patchy

genes should be conditioned on MAG quality metrics.
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Figure 3.12. Presence-absence heatmap based on hierarchical clustering of genomes and

orthologous groups of the PKG pangenome (Klebsiella spp.).

The PKG pangenome, derived from RefSeq/GenBank [310, 311] isolate assemblies, exhibits a
sharper, contiguous core block than the MAG-based MPKG analysis, consistent with higher
completeness and uniform annotation in isolates. Hierarchical clustering resolves clades that match
established taxonomy for members of the Klebsiella pneumoniae species complex (KpSC),
including K. pneumoniae, K. variicola, and K. africana form a coherent cluster with a large
species-core and several clade-restricted accessory modules (Figure 3.12) [312, 313]. The

Klebsiella oxytoca complex appears as a second block, with K. oxytoca and K. michiganensis
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grouping together and K. huaxiensis adjacent but distinct; K. aerogenes falls outside these
complexes as an outgroup with a clearly differentiated accessory repertoire [314]. Within each
species block, compact, high-frequency cores are flanked by patchy islands that likely reflect
lineage-specific gene pools shaped by plasmids, prophages, and integrative conjugative elements
rather than assembly artefacts, an interpretation supported by the near-complete status and
consistent genome sizes of these isolates. These patterns align with known population structure
and gene-flow dynamics in Klebsiella (species-complex clustering; species-specific accessory
content) and the prominent role of mobile elements in Enterobacterales pangenomes [312-314].
As expected for high-quality isolate genomes, columns with extensive absences are rare; where
present, they most plausibly reflect genuine clade-specific deletions or missing accessory modules
rather than incomplete recovery. Methodologically, the clean separation of species in the heatmap
and dendrogram is consistent with pangenome reconstructions that correct spurious merges and

leverage gene-neighborhood information [259].
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Relative to the MPKG meta-pangenome, the PKG matrix shows (i) a more compact and
continuous core (fewer “false absences™), (ii) fewer sparsely populated columns, and (iii)
accessory islands that align tightly with taxonomic clusters rather than with assembly quality—
patterns attributable to the higher completeness and lower fragmentation of isolate assemblies
versus MAGs. In MPKG, by contrast, some sparse columns track MAGs with small assembly
size/N50, and patchy accessory signal can be inflated by fragmentation; these effects are largely

absent in PKG, strengthening inference on species-specific accessory repertoires.
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Figure 3.14. Principal Component Analysis (PCA) of PKP pangenome (Klebsiella

pneumoniae) gene presence-absence matrix, colored by sequence type (ST).

Principal component analysis of the binary gene presence—absence matrix resolves the
PKG genomes into species-specific clouds (Figure 3.13). PC1 and PC2 capture the dominant axes
of gene-content variation and cleanly partition the Klebsiella pneumoniae species complex
(KpSC), the K. oxytoca complex (K. oxytoca, K. michiganensis), and the outlying K. aerogenes
and K. huaxiensis clade, consistent with established taxonomy and recent population-genomic
surveys. Compact clusters (e.g., K. variicola, K. pneumoniae) indicate highly shared accessory
repertoires, whereas the broader spread observed for K. michiganensis suggests greater within-

species genomic plasticity. The concordance between gene-content ordination and species
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boundaries mirrors structure seen in core-genome phylogenies and genotyping frameworks for the
KpSC, and is expected given the high completeness of these isolate assemblies [11, 312-314].
As well, we quantified within-species structure for Klebsiella pneumoniae using
hierarchical clustering and PCA of the gene presence-absence matrix from the PKP dataset
(clinical high-quality isolate assemblies). The first two PCs segregate genomes by multilocus
sequence type (ST), with discrete clusters for major epidemic or clinically important lineages,
including ST147, ST15, ST23, and ST395, consistent with established KpSC population structure
[312, 313] (Figure 3.14). The ST395 cluster is especially compact, indicating a highly conserved
accessory repertoire compatible with recent clonal expansion or streamlining. By contrast, ST23
and ST15 exhibit greater dispersion across PC space, suggesting more heterogeneous accessory

gene pools shaped by episodic horizontal acquisition and loss (Figure 3.14).
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orthologous groups of the PKP pangenome (Klebsiella pneumoniae).

The hierarchical clustering corroborates the PCA, presenting a dense, universally present

core flanked by ST-restricted accessory modules (Figure 3.15). Blocks enriched in ST147/ST15
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likely reflect AMR-associated plasmids and integrative conjugative elements, whereas ST23
blocks are consistent with virulence-associated loci (e.g., siderophore and capsule modules)
frequently reported for hypervirulent K. pneumoniae [312, 313]. The predominance of large,
coherent accessory islands and the rarity of columns with widespread absence argues for genuine
lineage-specific content rather than assembly artefact, which is expected given the near-complete
status and standardized annotation of these isolates [18].

The PKP, a single species isolate dataset, resolves the finest structure and provides high
resolution of sequence type specific accessory modules. These modules are clearly delineated, and
the core block is compact and nearly universal. PKG (multi-species isolates) retains strong species
cores with clade-restricted islands, whereas MPKG (heterogeneous MAGs) shows the greatest
patchiness, reflecting fragmentation and mixed ancestry. The progressive sharpening of signal
with increasing assembly completeness and phylogenetic focus matches expectations from
pangenome theory and Klebsiella population genomics, which predict clearer accessory

architecture and fewer artefactual absences under these conditions.

3.6. Conclusions to chapter 3

This chapter provides empirical validation of the meta-pangenome framework developed in
chapters 2 by applying it to real isolate and metagenome-assembled genome datasets of Klebsiella
spp. across multiple ecological and different taxonomic scales. The main validated methodological
outcomes are summarized as follows:

1. The end-to-end meta-pangenome software workflow is validated on empirical data,
demonstrating that standardized gene prediction, functional annotation, ortholog
clustering, and gene-frequency summarization can be applied reproducibly to isolate
genomes and MAGs within a single analytical protocol, enabling controlled cross-dataset
comparisons.

2. Genome-level structural summaries validate input harmonization and quality propagation,
as the framework consistently recovers known differences between isolates and MAGs in
coding sequence counts, tRNA completeness, genome size, and contiguity, indicating that
downstream analyses reflect underlying data quality rather than pipeline artefacts.

3. Functional annotation and aggregation steps are validated across multiple databases (GO,
KEGG, PFAM, EC, COG, CAZy), recovering narrow and stable functional profiles for
high-quality isolate cohorts and broader, ecologically enriched repertoires for MAG-based
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meta-pangenomes, consistent with expectations from assembly completeness and
environmental sampling.

4. Ortholog clustering and gene-frequency stratification are validated by recovery of
canonical pangenome structure, including core—shell-cloud architecture and characteristic
gene-frequency distributions, across datasets differing in phylogenetic scope and sampling
depth.

5. Rarefaction and pangenome openness modelling validate gene discovery dynamics,
correctly distinguishing strongly open meta-pangenomes from partially saturated genus-
level and near-saturated single-species cohorts, confirming that the framework captures
both mathematical and practical aspects of pangenome openness.

6. Presence—absence matrices and visualization steps are validated through coherent
structural patterns, including clade-restricted accessory islands, species-level partitioning
in multi-species datasets, and sequence-type-specific modules in clinical K. pneumoniae
datasets, demonstrating sensitivity to biologically meaningful organization while
remaining robust to MAG fragmentation.

7. Multivariate analyses validate the consistency of gene-content representations, as
dimensionality-reduction methods reproduce expected relationships between genomes,
separating MAGs by environmental heterogeneity, isolates by species boundaries, and
clinical strains by clonal lineage.

Collectively, these results validate the methodological pipeline integrated in a bioinformatics

software as a reliable foundation for evolutionary inference, confirming that its outputs are
structurally coherent, biologically interpretable, and suitable for downstream modelling of gene

gain—loss histories and directional turnover developed in subsequent chapters.
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4. GENE DYNAMICS PATTERNS IN META-PANGENOMES
To quantify evolutionary turnover and directional pressures in microbial gene content from
urban meta-pangenomes, we developed, implemented, and applied two complementary,
phylogeny-aware methods to the MPKG (urban MAGs), PKG, and PKP Klebsiella datasets. The
PGGL (Pangenome Gene Gain—Loss) method converts gene presence—absence into per-branch,
per-node, and per-genome counts of gains and losses by coupling continuous-time Markov
modeling with ancestral state reconstruction on the species tree. The PGGS (Pangenome Gene
Selection) methods then provided gene-wise evidence of directional bias for gain versus loss, via
likelihood-based comparison of symmetric and asymmetric turnover models, summarized with an
interpretable effect size and AAIC thresholds.
Applied together, the framework resolved a heterogeneous, lineage-structured flux landscape,
a defining feature of open bacterial pangenomes embedded in large, environmentally structured
gene pools [11, 193, 315]. PGGL localized where turnover clustered (innovation bursts on internal
branches; pruning on terminal branches), while PGGS quantified how individual genes deviated
from balanced dynamics, recovering near-neutral behavior for core housekeeping modules and
pronounced biases for accessory functions linked to mobility, defense, and niche-tuned
metabolism [8, 315-318]. Together, PGGL and PGGS methods delivered a compact, comparative
atlas of rates (events along paths) and directionality or bias (gain versus loss) that underpins the

result sections that follow.

4.1.Probabilistic inference and visualization of gene gain and loss events

To localize where gene content changed along meta-pangenome phylogenies, we
developed and applied PGGL (Pangenome Gene Gain-Loss) (Algorithm 2; Algorithm A3.1),
implemented in R [38], a phylogeny-based inference that treats each orthologous group as a binary
trait evolving on the species tree. For every gene, PGGL performs maximum-likelihood ancestral
state reconstruction under a two-state continuous Markov model using Felsenstein’s pruning
algorithm (Algorithm 1) [31, 239, 271]. This yields node-wise posterior probabilities of presence-
absence across the tree. The PGGL then evaluates each parent-child edge and calls an event when
posterior support for presence changes beyond a small threshold (default § =0.05), labelling
increases as gains and decreases as losses.

The PGGL returns a branch-level atlas of events and corresponding summaries that are
directly interpretable for comparative genomics. First, edgewise calls identify innovation and
attrition hotspots on the tree, exposing clusters of gain-rich branches that precede radiating clades

and loss-enriched terminal edges consistent with post-acquisition streamlining.
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Algorithm 1. Per-gene gain-loss calling and rate estimation (PGGL-Gene)

Inputs:

Rooted, strictly bifurcating tree T with branch length.

Tip vector for gene g: x4 € {0,1,7 }" aligned to the tips of T

Target state s* € {0,1} (defaultl).

Event threshold § > 0 (default 0.05).

Model: ER (4 = p) or ARD (4 # w); root prior: uniform [1/2, 1/2] or stationary.

Output:
Rows for every edge e = (u = v): g, u, v, parent label, child label, gain, loss, Ag, lig.
Procedure:

1. Initialize tip likelihoods (upward message).

For each tip #:

if x,(t) = 0: L, = [1,0]
ifx,(t) = 1: L, = [0,1]
if missing: L, = [1,1]

Define the 2-state CTMC

Rates: Q(4, 1) = [_,:1 —llu]

Transition on branch of length t: P(t) = exp {Qt}.

Fit (14 ug) by maximum likelihood (ML).

Post-order recursion (for a given 4, p):

For each internal node a with children c;, ¢, and branch lengths ¢,, t,:

vy = P(t1)Lc,, v2 = P(t2)Le, ,Lg = v1 O vy

Apply scaling L, < L,/ Y, L, and accumulate log-scales to avoid underflow.

Root prior and log-likelihood:

T = log(T L,o0¢) + (sum of log-scales).

Optimize 4, 4 = 0 (ER: A = p) to maximize log L (bound-constrained L-BGFS-B).
Record the MLEs as ig, ﬁg.

Compute node posteriors for the target state (upward + downward).

Recompute all L,, using Q.

Root marginal: M,.,,; X T © L;.0¢; normalize to sum 1.

Downward pass: for each edge a — ¢ with length ¢t:

M, < (MIP(t))T © L.; normalize.

Tips with observed states remain at posterior 1/0; missing tips resolve via this pass.
Store p,, == M, [s*] for every node u.

Call edge events by posterior change.

Foreachedge e = (u = v), A,= p, — Py:
gain=11ifA,> § else 0
loss=1ifA,< § else 0

Append output rows.
For every edge e write: (g, u, v, parent label, child label, gain, loss, 1,, Ag) to R.

Notes:

Complexity per gene: one likelihood evaluation is O (| E|); optimization uses a few dozen
evaluations in practice.

Using stationary root prior often stabilizes calls on deep trees; uniform prior is
conservative when presence/absence is balances.
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Second, per-genome root-to-tip aggregates quantify the total burden of changes experienced by
each genome, producing heavy-tailed distributions in which a minority of genomes carry
disproportionate flux, candidates for recent ecological transitions or elevated interaction with
mobile gene pools. Third, per-node tallies highlight clade-specific episodes of expansion or
contraction, facilitating hypothesis-driven inspection of lineages that repeatedly acquire or purge

accessory modules.

Algorithm 2. Gene Gain-Loss (PGGL) dataset-wide event calling

Inputs:
e Rooted, strictly bifurcating tree T with branch lengths.
e Presence-absence matrix P € {0,1,? }"*¢ (tips X rows), rows aligned to tips of T
e Target state s* € {0,1} (default 1); threshold § > 0 (default 0.05).
e Model ER (1 = p) or ARD (4 # p); root prior (uniform or stationary).
Outputs:
e Long table R: for every gene g and edge e = (u = v): g, u, v, parent label, child label,
gain, loss, A »ig-
e Summaries: per-tip, per-node, or per-edge aggregates derived from R.
Procedure:
1. Ensure P rows match the tip order of T.
2. Initialize R « Q.
3. Foreachgeneg =1,...,G:
e Extract x, = P[, g]. If invariant (all 0 or all 1, ignoring “?”), skip.
e Run Algorithm 1 (PGGL-Gene) on (T, x4, s*, §, model, prior) to obtain R (all
edge rows for gene g with A »ig)-
e AppendR « RUR,.
4. Return R.
5. (optional post-processing) From R, compute per-genome (root-to-tip) or per-node event
counts/rates as needed.

e Time complexity O(G|E|); trivially parallelizable over genes.
e Use the same 6 and root prior across genes for comparability.
e Missing tips (“?”) are handled inside Algorithm 1; no special casing needed here.

Where appropriate, event counts are normalized by path length to allow like-for-like rate
comparisons across uneven branch durations. Sensitivity analyses varying & yield stable

qualitative patterns, indicating that major features are not threshold artifacts.

4.1.1. Summary of gene gain-loss counts and rates in meta-pangenomes
Bacterial pangenomes are not static inventories but dynamic gene pools that expand and

contract as lineages diversify, exchange DNA, and adapt to new niches [10, 11, 193]. Quantifying
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how often genes are gained or lost, and where on the phylogeny these transitions concentrate,
provides a mechanistic read-out of genome plasticity, ecological opportunity, and constraint [319,
320]. In a meta-pangenome, the familiar core—shell-cloud structure emerges from the balance
between innovation and attrition. Innovation comprises acquisition via mobile elements (plasmids,
ICEs, prophage), duplication, and occasional (neo)functionalization; attrition reflects deletion,
pseudogenization, and purifying selection that prunes costly or destabilizing cargo [11, 318, 320].
Crucially, gains and losses are not mirror processes: horizontal transfer and phage drive punctuated
bursts of acquisition, whereas streamlining and stability selection often produce gradual loss [319,
321]. These opposing forces act on a phylogenetic scaffold whose branch lengths, effective
population sizes, recombination regimes, and ecological exposures shape the tempo of turnover
[312, 322]. Interpreting the resulting patterns therefore requires both robust aggregations, to
stabilize noisy presence—absence calls, and explicit mapping to the tree, so that events are
attributed to lineages rather than samples. Here, we analyze event counts and continuous-time
gain—loss rates across three complementary K/ebsiella cohorts: (1) MPKG, a meta-pangenome built
from high-quality urban MAGs; (ii) PKG, cultured isolates spanning multiple species; and (iii)
PKP, a clinical collection enriched for Klebsiella pneumoniae sequence types sampled in the
Republic of Moldova. We proceed in three steps designed for comparability across datasets, first,
aggregating gain—loss counts at genome resolution, next, localizing events to specific branches of
the tree, and finally, estimating branch-length—normalized rates under a CTMC framework, all
within a uniform inference pipeline. We implement this design by reporting totals, branch-
localized events, and rate estimates per unit evolutionary time, enabling a clean separation of

magnitude from tempo and allowing direct cross-cohort contrasts.

4.1.2. Pangenome gain-loss events patterns quantification

The distributions of gene gain and loss events (Figures 4.1-4.3, Tables 4.1-4.2)
demonstrate pronounced heterogeneity across genomes, both in terms of absolute counts and in
the relative balance between gains and losses [10, 11, 193, 319]. In the PKP dataset (Figure 4.1),
which includes only Klebsiella pneumoniae isolate genomes, several lineages exhibit very high
cumulative turnover, with more than 1,000-1,300 events per genome, predominantly attributable
to gene losses. In contrast, other genomes within the same dataset show substantially lower
turnover, in some cases fewer than 200-300 events (Figure 4.1). This contast is in accord with
recent publication characterizing K. penumoniae and microbial evolution genomes [312, 318,

323-326].
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Figure 4.1. Gene gain—loss event counts per isolate genome in the PKP pangenome.

Across all three datasets, the balance of gene turnover was consistently skewed toward
losses when event counts were normalized by the number of genes evaluated per genome (Tables
4.1-4.2). In the MPKG dataset, the aggregated normalized contribution of gains was 3.58,
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compared with 8.05 for losses, corresponding to relative proportions of 30.8% gains versus 69.2%

losses. The PKG dataset showed the strongest loss bias, with normalized gains contributing only

0.88 against 4.24 losses (17.2% versus 82.8%) (Table 4.1).

Table 4.1. Normalized gene gain and loss contribution across MPKG, PKG,
and PKP datasets

Dataset Nr. genomes Gains Losses % Gains % Losses
MPKG 64 3.581 8.049 0.31 0.69
PKG 35 0.878 4.236 0.17 0.83
PKP 99 8.02 10.85 0.43 0.57

By contrast, the PKP dataset was more balanced, with normalized gains (8.03) and losses (10.86)

corresponding to proportions of 42.5% and 57.5%, respectively (Table 4.1).
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Figure 4.2. Gene gain-loss event counts per isolate genome in the PKG pangenome.

These normalized values reflect the aggregate contribution of each event type across genomes,

after adjusting for the number of genes analyzed per dataset. While all datasets reveal a

predominance of loss events, the extent of this bias varies, being strongest in PKG and weakest in
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PKP, a hierarchy consistent with sustained deletional pressure and episodic influx of mobile cargo
in clinical settings [312, 318, 323-326].
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Figure 4.3. Gene gain-loss event counts per MAG in the MPKG meta-pangenome.

A similar but more extreme pattern is observed in the PKG dataset (Figure 4.2). Here,
certain genomes accumulate >6,000 gene loss events, far exceeding the median across the dataset.
The PKP dataset (Figure 4.1; Tables 4.1-4.2) presents a more balanced distribution, with most
genomes showing between 500 and 1,200 events, indicating persistent but not overwhelming
acquisition superimposed on background pruning [312, 323, 324].

In the MAG-derived dataset, most species show ~30-33% gains versus ~67—70% losses
per genome. Klebsiella pneumoniae and K. variicola carry the largest tip burdens (=1,029-1,032
gains and ~2,364-2,376 losses per genome), indicating intense accessory churn at shallow
phylogenetic depth. K. oxyfoca is intermediate (=<884/1,816), whereas K. aerogenes shows a lower
density (=292/782). An apparent gain bias in K. africana (=47/28 per genome) reflects small
sample size (n=2) and should be interpreted cautiously. MAGs also display smaller annotated gene
complements than isolates (e.g., K. pneumoniae mean 4,568 genes), with larger dispersion for
some taxa (e.g., K. variicola SD =476 genes), consistent with environmental heterogeneity and

partial recovery of accessory contigs (Table 4.2) [288, 327]. These results indicate that in urban
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compartments, high-turnover species (K. pneumoniae, K. variicola) dominate the event landscape,

yet the direction of turnover remains loss-skewed (Figure 4.4; Table 4.2).

Table 4.2. Summary of events counts in MPKG, PKG and PKP datasets

Features Kpn Kmi Kox Kva Kae Kaf Khu
MPKG dataset
Nr. genomes 28 10 8 7 3 2 NA
Mean genes 4568 5207 5211 4752 4248 4545 NA
SD tip genes 323 159 171 476 137 0 NA
Terminal gain events 28837 6660 7075 7224 877 94 NA
Terminal loss events 66543 14057 14534 16550 2348 56 NA
Gain per genome (mean) 1029 666 884 1032 292 47 NA
Loss per genome (mean) 2376 1405 1816 2364 782 28 NA
PKG dataset
Nr. genomes 5 5 5 5 5 5 4
Mean genes 5306 6174 5969 5270 5018 4824 5856
SD tip genes 223 435 416 328 191 78 360
Terminal gain events 2289 5881 1208 1653 815 708 2374
Terminal loss events 8601 30856 5630 9576 3430 7170 6756
Gain per genome (mean) 458 1176 242 331 163 142 593
Loss per genome (mean) 1720 6171 1126 1915 686 1434 1689
PKP dataset

Nr. genomes 99 NA NA NA NA NA NA
Mean genes 5284 NA NA NA NA NA NA
SD tip genes 156 NA NA NA NA NA NA
Terminal gain events 45885 NA NA NA NA NA NA
Terminal loss events 62069 NA NA NA NA NA NA
Gain per genome (mean) 463 NA NA NA NA NA NA
Loss per genome (mean) 627 NA NA NA NA NA NA

Isolate genomes also accentuate the loss predominance, notably most species fall between
~15-26% gains and ~74-85% losses. K. michiganensis is an outlier with the highest per-genome
burden (=1,176 gains and ~6,171 losses), followed by K. huaxiensis (=593/1,689) and K. variicola
(=331/1,915). Even species with smaller genomes, such as K. aerogenes (<163/686), remain
strongly loss-skewed (Figure 4.2; Table 4.2). Compared with MPKG, isolates recover larger gene
sets (e.g., K. pneumoniae mean 5,306 genes) and reveal broader between-strain variability (e.g.,

K. oxytoca SD =416 genes), consistent with improved capture of plasmids and genomic islands in
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high-quality assemblies (Table 4.2) [5-7,8—10]. Beyond the dominance of K. michiganensis, the
spread in total per-genome burden is steep, ranging from <7,347 events in K. michiganensis to
~849 in K. aerogenes, an ~8.6-fold difference that underscores strong lineage heterogeneity
(Figure 4.5; Table 4.2). Mid-ranked species cluster near ~2.2—-2.3x10? total events per genome, yet
their directionality diverges, notably K. huaxiensis carries the highest relative gain share (~26%),
K. pneumoniae is intermediate (~21%), and K. variicola is lower (~15%), indicating distinct
balances between acquisition and pruning despite similar overall burdens (Figure 4.5; Table 4.2).
No species exhibits a net-gain regime in the isolate cohort, losses exceed gains across the board,
reinforcing a cohort-wide reductive bias that is consistent with long-recognized deletional
pressures in bacteria [318, 325, 326]. The rank order by total burden proceeds from K.
michiganensis to K. huaxiensis, K. variicola, K. pneumoniae, K. africana, K. oxytoca, and K.
aerogenes (Figure 4.5; Table 4.2). Estimates for K. huaxiensis (n=4) and K. africana (n=5) remain

sample-size limited and should be interpreted cautiously.
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Figure 4.4. Species-level gene gain and loss count in the MPKG meta-pangenome

Within the large K. pneumoniae clinical set (n=99), turnover approaches near-balance
relative to PKG at =463 gains versus ~627 losses per genome (~43/57%). Despite a net loss bias,
the absolute gain load is substantial, consistent with persistent acquisition of mobile cargo in
clinical contexts [312, 323, 324]. The within-dataset dispersion is modest (mean 5,284 genes; SD

~156), reflecting the narrower taxonomic scope (Figure 4.1; Table 4.2).
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Considered together, the MPKG, PKG, and PKP datasets analyses resolve three
reproducible patterns that frame our interpretation of Klebsiella gene turnover. First, terminal
losses exceed gains in every cohort, and the effect size is cohort-dependent: (1) MAGs show a
moderate skew (=30-33% gains, 67-70% losses), (2) isolates show the strongest skew (=<9-26%
gains, 74-91% losses), and (3) clinical K. pneumoniae is intermediate (=43% gains, 57% losses)
(Tables 4.1-4.2; Figures 4.4-4.5). Second, species rank by total per-genome burden aligns with
accessory-space expectations, with K. pneumoniae and K. variicola leading in MAGs and K.
michiganensis dominating in isolates, where it exhibits >7% more losses than gains and an ~8-fold
spread over K. aerogenes (Table 4.2; Figure 4.5). Finally, data type shapes observables, notably,
fragmented MAG assemblies under-recover plasmids and genomic islands, which can inflate
apparent terminal losses in some taxa, whereas high-quality isolate assemblies reveal genuine,
lineage-specific reductive dynamics, including pronounced pruning in K. michiganensis and K.
variicola (Tables 4.1-4.2; Figures 4.4-4.5) [318, 325-328]. Signals for rare taxa remain uncertain
owing to limited sample size (e.g., K. africana in MPKG and K. huaxiensis in PKG).
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Figure 4.5. Species-level gene gain and loss in the PKG pangenome.

4.1.3. Pangenome gain-loss events mapped on phylogenetic trees

Event totals capture magnitude but confound evolutionary time, because identical numbers
of transitions can accumulate on branches of very different length. To enable fair comparison
across the tree, we estimated genome-specific rates of gain (A) and loss () under an all-rates-

different continuous-time Markov model and standardized by branch length, yielding the expected
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number of acquisitions or deletions per unit evolutionary time [219, 235]. These rate estimates are

interpreted in conjunction with the mapped counts.

77| ERREERREECERTEECRRRES ‘GCA_032111885.1
—{ +99/-130

---------------- ‘GCA_031983265.1
1 +718/-1300

- »»»»»»»»»» GCA_032010785.1
_l,mz.:-lss {2980)

"""""" GCA_031981405.1
+1794 /3436

- ............................. GCA_032107165.1

+1378 /-3260
- ............................. GCA_032109145.1

{4708} - ‘GCA_031978485.1

+1604/-3716 I_w -------------- GCA_031998505.1
4148

s GCA_031982885.1

+267/-308 I—- ~~~~~~~~~~~~~~~~~~~~ GCA_032057645.1

+346/-236 E&&s ‘GCA_031986885.1
+1564 /- & GCA_031983525.1

+636 /-2050

+47 1 -28

77 SRR R PP PP PPN GCA_032079025.1

- .................................... GCA 032002565.1
+806/-1277

—1 +658 /-904 - """"""""""""""""""" GCA_032067645.1
- ................................ GCA_031984005.1

+500/-1179

] +47/-28 - ............................... GCA_032105895.1
—I +1054 /-4738

{4300} GCA_032109245.1

GCA_032011525.1

117412250 (ass1] GCA_032011455.1
GCA_031978265.1

+1103/-2100

I oy

+960 / -1865

GCA_031981985.1

GCA_031976615.1
GCA_031978885.1

‘GCA_031992925.1

+2012/-4234 @Es GCA_031974615.1
L1 60074000 [ZAE} GCA _031994645.1
JGEEZ) GCA _031981125.1

0.000 0.003 0.006 0.009

Figure 4.6. Gene gain-loss counts in K. pneumoniae phylogenetic tree pruned from MPKG

dataset phylogeny

In the MPKG whole-tree projection, terminal branches are widely loss-skewed, whereas
gains are concentrated on a minority of short, shallow branches and on several interior branches
that subtend multi-tip clusters of Klebsiella pneumoniae (Figure A4.1). Within those clusters, most
daughter terminals retain a loss excess even when their immediate ancestor carries elevated gain
counts, and pairs of sister terminals with comparable branch lengths frequently differ in both the
sign and magnitude of their terminal balances. The K. pneumoniae pruning rendered at higher
resolution shows the same architecture, multiple interior branches with elevated gains followed by
terminals in which losses outnumber gains by several-fold, interspersed with a smaller set of

terminals where gains approach parity (Figure 4.6). The combination of (i) interior branches with
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concentrated gains, (ii) terminal branches with pronounced loss excess, and (iii) large between-
sister differences despite similar branch lengths demonstrates that raw totals are a poor proxy for
the pace of change on individual branches and motivates the use of branch-length—standardized A
and p for cross-lineage comparison (Figure A4.1; Figure 4.6) [219, 235]. The local enrichment of
gains on shallow branches is compatible with recent influx of mobile elements, whereas the
prevailing terminal loss excess accords with well-documented deletional pressures in bacterial
chromosomes [318, 325, 326].

In the isolate cohort spanning multiple species (PKG), tree-mapped counts show a
pervasive excess of losses on both internal and terminal branches (Figure A4.2). Deep internal
branches that delimit species complexes contain long tracts of inferred deletions, and most tips
remain strongly loss-skewed despite high assembly completeness, indicating a biological signal
rather than an assembly artefact (Figure A4.2). Within this full tree, clusters assigned to K.
michiganensis carry the heaviest terminal burdens, with uniformly large loss counts across
adjacent tips, consistent with the species-level per-genome summaries.

The K. pneumoniae subtree pruned from the same phylogeny displays the same architecture
at higher resolution, occasional interior branches with elevated gains are followed by terminals in
which losses outnumber gains in nearly all genomes (Figure 4.7). No tip-set within the K.
pneumoniae pruning exhibits a persistent gain-dominated regime. Together, the PKG trees support
sustained reductive dynamics in isolates, most pronounced in K. michiganensis on the full tree and
evident across K. pneumoniae, with only infrequent, localized gain episodes superimposed on a
background of deletional pressure (Figure A4.2; Figure 4.7), in line with prior reports [312, 318,
325]. Because PKP comprises clinical Klebsiella pneumoniae isolates, hospital selection
(antibiotics, indwelling devices, host-associated niches) and dense plasmid and prophage traffic
are expected to elevate terminal acquisitions despite background genome reduction [312, 323,
324]. Within the clinical K. pneumoniae cohort, the whole-tree projection remains loss-skewed
but shows a higher frequency of tip-proximal gains than the isolate panel (Figure A4.3). Gains
tend to occur on short terminal branches and are interspersed with loss-dominated segments,
whereas deep internal branches rarely accumulate large, shared acquisitions. The ST395 subtree,
which represents the largest sequence type in the dataset, displays repeated shallow gain events
superimposed on persistent terminal losses across closely related isolates (Figure 4.8). This
combination, frequent small gains on tips with continued net attrition, is consistent with ongoing
exchange of mobile elements in hospital settings coupled with genome-wide deletional pressure,
and it explains why the cohort-level balance in PKP is closer to parity than in PKG [312, 319,

323]. The within-ST dispersion in terminal balances further indicates that closely related clinical
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lineages can differ appreciably in recent accessory-genome editing, a pattern widely noted for

Klebsiella pneumoniae populations undergoing plasmid and prophage traffic [319, 325, 326].
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Figure 4.7. Gene gain-loss counts in K. pneumoniae phylogenetic tree pruned from PKG

dataset phylogeny.

Read across the three trees, three observations are consistent: (i) loss predominance is
universal, with a dataset-dependent effect size that is strongest in high-contiguity isolate trees
(PKG), (ii) intermediate in clinical K. pneumoniae (PKP), and (iii)) more moderate in MAGs
(MPKG), where fragmented assemblies under-recover short, mobile-element—rich contigs and can
inflate inferred terminal losses [19, 327, 328]. The comparatively higher gain fraction in PKP
versus PKG is consistent with healthcare-associated plasmid exchange and AMR-gene
mobilization repeatedly documented for K. pneumoniae [312, 323].

Internal-branch gains occur but are limited in scope and are followed by heterogeneous
terminal outcomes among sister tips. Because tip-wise raw counts correlate weakly with branch
length, comparisons among closely related isolates are made using branch-length—standardized

estimates of gain (L) and loss (i), which express expected transitions per unit evolutionary time
[219].
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4.1.4. Pangenome gain-loss rate quantification

Event counts measure the magnitude of genome editing but confound it with evolutionary
time, since identical totals can accumulate slowly along long branches or rapidly along short ones.
To separate these dimensions, we estimated genome-specific gain (A) and loss (i) under an all-
rates-different continuous-time Markov framework and normalized by branch length, yielding
expected acquisitions and deletions per unit evolutionary time [219, 235]. Read together with
counts, these branch-length—standardized rates help distinguish changes concentrated on internal

branches from ongoing turnover at the tips.

Table 4.3. Summary gene gain-loss rates by species in MPKG, PKG.

Species Nr. genomes Gain rate (mean) Loss rate (mean)
MPKG dataset
K. variicola 7 0.329 0.671
K. pneumoniae 28 0.356 0.644
K. oxytoca 8 0.375 0.625
K. aerogenes 3 0.376 0.624
K. michiganensis 10 0.436 0.564
K. africana 2 0.627 0.373
PKG dataset
K. aerogenes 5 0.143 0.857
K. michiganensis 5 0.162 0.838
K. oxytoca 5 0.210 0.790
K. africana 5 0.246 0.754
K.variicola 5 0.250 0.750
K. huaxiensis 4 0.287 0.713
K. penumoniae 5 0.401 0.599

Across datasets, branch-length—standardized estimates of gain (A) and loss (i) resolve a
consistent yet dataset-specific picture of accessory-genome turnover. In the urban MAG panel
(MPKGQ), per-unit-time gain—loss rates span a broad range across genomes, but the median pattern
is a moderate, consistent bias toward losses (for most species A~0.33-0.44 and u~0.56—0.67), with
substantial among-genome heterogeneity (Figure 4.9). Most species center around A=<0.33-0.44
with the complementary p~0.56-0.67 (Table 4.3). Within this range, both K. pneumoniae
(A=0.356, u~0.644) and K. variicola (A=0.329, n=0.671) show a reproducible deletional bias, the
latter is slightly more loss-skewed, implying stronger net attrition of accessory loci [312]. By
contrast, K. michiganensis exhibits the highest relative acquisition tempo among well-sampled
MAG taxa (A=0.436, pu~0.564), consistent with frequent uptake of mobile cargo in urban

compartments where gene flow is intense [329, 330].
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Figure 4.9. Gene gain-loss rates per genome in MPKG meta-pangenome.

0.75

Rate
o
3

0.00

® o

K. michiganensis

.
s

Rate Type B3 Gain (\) B3 Loss (i)

<

K. pneumoniae
K. oxytoca

K. variicola

K. aerogenes
K. africana

Figure 4.10. Distribution of gene gain and loss rates per species in MPKG meta-

pangenome.

111



An apparent gain-biased mean for K. africana (A\=0.627, ©=~0.373) is observed across only
two MAGs, given the small n and known under-recovery of short, mobile-element—rich contigs in
MAGs, we report the point estimates without drawing species-wide conclusions (Figures 4.9—4.10;
Table 4.3). Genome-wise rate bars in MPKG are heavy-tailed, notably a minority of tips approach
2>0.45 while sister tips with comparable branch lengths remain strongly loss-skewed, indicating
that among-genome differences in A and p are driven by lineage biology rather than evolutionary
depth alone (Figure 4.9), a pattern corroborated by species-level distributions (Figure 4.10). The
modest overall skew in MPKG is also compatible with partial under-recovery of short accessory

contigs in fragmented MAGs [288, 327].
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Figure 4.11. Gene gain-loss rates per genome in PKG pangenome.

In the cultured-isolate panel (PKG), the loss bias is strongest. Across species, A contracts
to =0.14-0.29 while p rises to =0.71-0.86 (Table 4.3), yielding narrowly distributed, uniformly
loss-skewed genome profiles (Figure 4.11). K. aerogenes (A=0.143, n~0.857) and K.
michiganensis (A\=0.162, u~0.838) exemplify high deletional pressure, whereas K. huaxiensis lies
toward the gain-richer end of the spectrum (A~0.287, u~0.713). Across species, the rate
distributions are well separated, notably K. michiganensis shows a pronounced loss excess with
wide among-genome dispersion, whereas K. variicola and K. oxytoca cluster tightly at high p and

low A (Figure 4.12).The compressed A and consistently high p in PKG are expected when high-
112



contiguity assemblies reveal genuine deletions rather than missing contigs and align with long-

recognized deletional bias and reductive evolution in bacteria [318, 325].
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Figure 4.12. Distribution of gene gain and loss rates per species in PKG pangenome.

Within the clinical K. pneumoniae dataset (PKP), genomes and sequence types converge
on an intermediate bias between MPKG and PKG. Genome-level estimates (Figure 4.13) and ST-
resolved summaries (Figure 4.14; Table A5.4) show that the dominant ST395 (n=56) centers at
2=0.410, u=0.590, with active turnover but net loss, whereas several clinically important or widely
distributed STs display substantially higher acquisition tempo, notably ST15 (A=0.575, p=0.425),
ST405 (A=0.563, n=~0.437), ST1037 (A=0.543, n=~0.457), ST101 (1=0.492, n=0.508), and elevated
A also in ST11 and ST147 (Table A5.4). The within-ST dispersion is large, especially in ST395,
indicating that even closely related hospital lineages differ in near-term exchange and purging of
accessory cargo. This structure is characteristic of episodic plasmid and prophage influx
superimposed on background deletional dynamics in healthcare settings, where antibiotic
exposure, devices, and dense patient-to-patient transmission elevate opportunities for horizontal

transfer [312, 313, 323].
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Figure 4.13. Gene gain-loss rates per genome in PKP pangenome

(clinical K. pneumoniae isolates).

Across datasets, the estimated gain (L) and loss (p) rates show a reproducible pattern.
Losses dominate in every cohort, and the magnitude of this bias depends on data type, A is typically
~0.33-0.44 in MAGs, ~0.14-0.29 in isolates, and ~0.36-0.58 in clinical K. pneumoniae, with
sequence-type. Lineage context shapes these signals, internal branches often carrying clusters of
gains that establish clade-specific accessory backbones, whereas closely related tips diverging in
time, with heavy-tailed A in MPKG, compressed low A with uniformly high p in PKG, and ST-
stratified A in PKP. Differences among cohorts reflect both measurement and biology. Fragmented
MAGs can under-recover short mobile-element contigs, which depresses apparent A or inflates p,
yet the persistent upper tails of A in MPKG indicate genuine rapid gene influx in specific
environmental lineages [328, 331]. In contrast, complete isolate assemblies reveal long tracts of
deletion and the strongest loss bias (Figures 4.11-4.13), consistent with well-documented

deletional pressure and genome streamlining in bacteria [32, 318, 325].
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(STs with > 4 genomes).

Two caveats qualify interpretation, namely that estimates for small groups such as K.
africana in MPKG (n=2) are dominated by sampling uncertainty and are reported without species-
level generalization, and that because A and p are computed per unit branch length, comparisons
presume an internally consistent molecular clock within each cohort, with violations expected to
widen dispersion without altering the cross-cohort ordering [332-334]. In summary, the results
indicate discontinuous, lineage-structured gene turnover with a net excess of losses, environment-
specific and sequence-type—specific acquisition regimes generate the upper tails in A and plausibly
explain the higher gain fraction in the clinical PKP cohort relative to the multi-species PKG panel,
consistent with documented plasmid and prophage exchange and AMR-gene mobilization in K.

pneumoniae [312, 323, 335, 336].

4.1.5. Gain-loss rates mapping onto meta-pangenome phylogenies

Projecting branch-length—standardized gain (1) and loss (p) onto the phylogenies resolves
where turnover concentrates along lineages rather than across samples. In the MAG panel, the full
MPKG tree shows a broadly loss-skewed background punctuated by compact clusters of elevated
A on short, tip-proximal branches; deeper internal paths remain moderate for both processes,
consistent with founder acquisitions followed by heterogeneous terminal outcomes rather than

uniformly accelerated change across clades (Figure A4.4).
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Figure 4.15. Gene gain-loss rates for K. pneumoniae mapped on phylogenetic tree (pruned

from MPKG dataset).

Pruning to Klebsiella pneumoniae sharpens this picture, with multiple subclades displaying
independent, shallow A spikes embedded within a p-dominated scaffold, closely related tips with
comparable branch length frequently diverge in rate balance, which argues for lineage-specific
access to mobile DNA and differential removal of recently acquired genes rather than time-alone
effects (Figure 4.14).

Isolate trees (PKG dataset) accentuate reductive dynamics, notably long segments of
adjacent branches carry consistently high p with only sparse, low-amplitude A excursions, and
within the K. pneumoniae pruning the short tips rarely overturn the loss background, clades
assigned to K. michiganensis show the most coherent runs of elevated p across neighboring tips,
mirroring the strong isolate-level loss bias reported from the rate summaries (Figure A4.5; Figure
4.16). The continuity of these high-p tracts across adjacent lineages supports sustained gene
removal within these backgrounds and is not readily explained by assembly gaps, which would be

expected to affect contiguous taxa idiosyncratically rather than in blocks.

116



-+ GCF_000240185.1

"""" GCF_050156185.1

) SRR GCF_011045595.1

"""" GCF_006364295.1

""""" GCF_022869665.1

Figure 4.16. Gene gain-loss rates for K. pneumoniae mapped on phylogenetic tree

(pruned from PKG dataset).

Clinical K. pneumoniae occupies an intermediate regime. The whole PKP tree preserves a
loss-skewed backbone yet includes numerous tip-proximal elevations in A, a pattern compatible
with ongoing plasmid and prophage exchange in hospital environments (Figure A4.6).

The dominant sequence type, ST395, is internally stratified: several sublineages approach
or exceed roughly one-half of events per unit branch length as gains on short branches, while
adjacent tips remain loss-dominated, indicating repeated but uneven accessory influx
superimposed on background removal (Figure 4.17). This within-ST dispersion aligns with the
cohort-level rate distributions that are closer to balance than in PKG, and with the well-
documented, episodic movement of resistance and cargo plasmids through K. pneumoniae
populations under clinical selection [323, 337, 338].

Loss events predominate across all datasets, although the magnitude of the bias differs by
data type, being strongest in high-contiguity isolate panels (PKG), intermediate in the clinical K.
pneumoniae collection (PKP), and weakest in MAGs once tip-proximal acquisition bursts are
considered. Founder-like gains on internal branches establish clade-level accessory backbones,

after which closely related tips follow divergent trajectories, with acquisition-rich pockets
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confined to specific subclades and short terminal segments rather than distributed uniformly across

the tree (Figures A4.4-A4.6; Figures 4.15-4.17).
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Figure 4.17. Gene gain-loss rates for K. pneumoniae ST395 sequence type mapped on

phylogenetic tree (pruned from PKP dataset).
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Differences between datasets reflect both biology and measurement, relating that
fragmented environmental assemblies can under-recover short, mobile-element-rich contigs and
thereby depress apparent gain rates or inflate loss rates, yet acquisition-rich tails persist in MPKG,
indicating genuine rapid influx in a subset of environmental lineages, by contrast, complete isolate
genomes reveal contiguous tracts of gene loss and the strongest deletional skew, consistent with
long-recognized deletional bias in bacteria [319, 325] and with known limitations of MAG
recovery for accessory elements [174].

Estimates for very small groups, such as K. africana in MPKG (n=2), are dominated by
sampling uncertainty and are reported without species-level generalization; comparisons of A and
u among tips further assume a consistent molecular-clock (branch-length) calibration within each

cohort [332, 339].

4.2.Gene-wise selection patterns pressure estimation

To investigate the evolutionary pressure shaping the structure of bacterial meta-
pangenomes or pangenomes, we developed the PGGS (Pangenome Gene Selection), an R-
implemented classifier built on the phytools package (Algorithm 3; Algorithm A3.2) [264].
PGGS operates downstream of PGGL-Gene (Algorithm 1) by using the per-gene maximum-
likelihood gain and loss rates (4, fAg) estimated on a rooted, branch-length-calibrated phylogeny,
it performs model-selection-based classification of turnover bias for every orthologous group. For
each gene, PGGS compare a symmetric history (ER, A = u) with an asymmetric history (ARD,
A # u), evaluates support with Akaike’s Information Criterion (AIC) [279, 280], and report the
best-supported regime together with direction (gain- versus loss-biased) and magnitude,
summarized by the selection index log(ig / ﬁg) and selection score (ig — ﬁg)/(ig + dg).
Likelihoods are computed on fixed tree with standards two-state CTMC pruning [14, 31, 271]
(Algorithm 1). The software returns a ranked, tidy table with estimates, including AAIC, selection
index and selection score, suitable for figure generation and functional enrichment. Biologically,
ER denotes no directional bias in long-term turnover, presence and absence being exchangeable
after accounting for shared ancestry and branch lengths, reflecting nearly neutral or fluctuating
selection [340-342]. Equal-rate model is therefore consistent with: (i) effectively neutral or
fluctuating selection that averages to zero across lineages and environments; (ii) a balance between
gene supply (HGT) and deletion processes; or (iii) dynamics dominated by phylogenetic inertia
rather than consistent gains or consistent losses. Importantly, ER does not mean “no evolution”,
with A = u small, a gene can appear nearly core because both gains and losses are rare, and with

A = u large, the same can be highly labile yet show no preferred direction. Data patterns that
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support ER include gains and losses dispersed across the tree without monotonic trends, posterior
probabilities at internal nodes that do not consistently drift upward or downward, and AIC
indicating that allowing A # u provides negligible improvements (AAIC < 2). In stationary ER,
the long-run equilibrium frequency is 0.5, but on finite trees the realized frequency also reflects

the root prior and total tree length [14, 31, 264, 271].

Algorithm 3. PGGS (Pangenome Gene Selection) algorithm for estimating selection

pressure and bias in pangenome genes.

Inputs:
e Rooted, strictly bifurcating tree T with branch lengths; tip order L.
e Binary matrix X € {0,1,?}"*¢ (rows = tips of T).
e Frequency window for informative genes: fi,in, fmax (defaults 0.05, 0.95).
e Root prior: uniform [1/2,1/2] or stationary.
(For PGGL-Gene calls) targe state s* (default 1), event threshold § (default = 0.05)
Outputs: Table R with one row per gene g: A Jfig, sel_index, (selection index),
sel_score, (selection score), €gg, £arp, AlCgg, AlC4gp, AAIC, sel_class (selection class)
Procedure:
1. Align rows to tips. Reorder X so its rows match L.
2. Filter genes. Keep g with var(X.g) > 0 and fin < %Z}LlXig < frmax-
3. Initialize R « @.
4. For each gene g in the filtered set:
o Sety < X,
e ER fit via Algorithm 1 (PGGL-Gene):
call PGGL-Gene (T, y,s*, 6§ = 0, model = ER, prior) — get single rate f; and log-
likelihood Zgp.
ARD fit via Algorithm 1 (PGGL-Gene):
call PGGL-Gene (T, y, s*, 8 = 0, model = ARD, prior) — get single rate (1,, Ag)
and log-likelihood £ 4zp.
e Information criteria:
AlCgr = —2€gg + 2, AlCygp = —24€45p + 4, AAIC = AlCggr — AlCypp.
e Selection summaries:

&

Ag+ _ Ag-Rig
ﬁg+s)’ sel_scorey = Ty tlgrs’
e C(lass label (by AAIC):

NSif<2; WSif2 <<4; MSif4 << 10; SSif> 10
e Append row for g to R.

5. Return R.

sel_indexg = log(

The assymetric rates model (4 # u) captures a directional bias in turnover, attributable to
long-term selection, with two distinct biological interpretations, specifically, the cases when p >
A (loss-biased) and A > pu (gain-biased). In loss biased cases (u > A), repeated, lineage-

independent losses outweigh gains. This pattern is expected when deletional mechanisms and/or
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purifying selection against maintenance cost dominate—classical “streamlining”, so dispensable
or conditionally useful genes are pruned more often than they are reacquired [11, 325]. Typical
data signatures include deep or intermediate ancestral presence with nested, clade-specific
absences, posterior presence that declines along internal backbones, negative selection index
log(i/ ﬁ) < 0, and substantial AIC support for ARD (AAIC>2). Complementary, in gain-biased

cases (A > u) independent acquisitions outpace losses. This arises when a gene is repeatedly
supplied (e.g., by mobile elements) and confers advantages often enough to be retained, yielding
patchy yet convergent presence across distant lineages. Empirically, gain-biased genes are
enriched for horizontally transferred, niche-adaptive modules (AMR determinants,
efflux/secretion systems, carbohydrate-use islands, prophage/ICE cargo), and event maps show
“seeding” on internal branches followed by tip-proximal retention [325, 343, 344]. The selection
index gain-biased cases are positive, and ARD is AIC-favored.

As a tool for meta-pangenome gene classification, PGGS emphasizes phylogeny-aware
inference and interpretable, portable outputs. Frequency-only heuristics (core/shell/rare partitions)
quantify variability but cannot distinguish recent localized gains from widespread losses or deep
ancestral asymmetries [193, 318, 345]. PGGS evaluates fit on the tree, producing labels that reflect
where and how turnover accumulated, providing an actionable classification, including
neutral/symmetric or gain-/loss-biased with weak, moderate, or strong support, together with effect
sizes suitable for ranking and enrichment [279, 280]. Loss-biased genes flagged by PGGS trace
clade-defining attrition on event maps, consistent with deletional bias and streamlining [11, 325,
326], whereas gain-biased genes concentrate on internal “seeding” branches with tip-proximal
retention, consistent with horizontally acquired, selectively maintained loci [193, 343, 344, 346].

For practice, PGGS includes a pragmatic frequency window to remove near-invariant cores
and ultra-rare singletons that drive boundary estimates, improving identifiability without altering
qualitative conclusions. Classifications remain robust under either root prior (uniform or
stationary) and under modest changes to branch lengths and optimizer settings, with AAIC
orderings for strongly asymmetric genes conserved across runs [279, 280]. Computational cost
grows linearly with the number of genes and edges, enabling parallel execution at cohort scale. In
applied analyses, PGGS consistently recovers the expected predominance of loss-bias (genome
streamlining) and highlights focused pockets of gain-bias enriched for mobile, surveillance-
relevant functions, thereby converting binary gene histories on a fixed phylogeny into a
reproducible, interpretable map of directional selection on gene content that complements event
mapping and improves upon frequency-only summaries for prioritizing genes of biological and
public-health interest.
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4.2.1. Assessment of selection pressure on pangenomes in Klebsiella genus
We next asked how strongly directional forces shape gene-content turnover across
Klebsiella lineages and whether such forces differ between metagenome-derived and isolate-

derived cohorts.
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Figure 4.18. Selection class counts and proportions across Klebsiella species

in the MPKG dataset.

Using the PGGS pipeline on three complementary datasets: (i) MPKG (urban, MAG-based, genus-
level), (ii)) PKG (isolate-based, genus-level), and (iii) PKP (isolate-based, K. pneumoniae), we
classified every orthologous group by the best-supported CTMC model (ER versus ARD), and

summarized direction and magnitude with the selection index log(/ig /) and selection score

(ig -y )/(/Tg + fiy) computed on the fixed phylogeny. In this framework, ER denotes direction-
free turnover (nearly neutral or fluctuating selection), whereas ARD denotes directional turnover
attributable to long-term selection and/or process asymmetries such as deletional bias or uneven
HGT supply.

Across species in MPKG, directional turnover is widespread, a substantial minority of
genes falling into the non-neutral classes (WS/MS/SS corresponding to weak, moderate and strong
selection signals) in every species, with WS the most common non-neutral label and MS and SS
forming smaller but consistent tails; both gain- and loss-biased members are present, and loss-
biased classes outnumber gain-biased classes (Figure 4.18A-B). The selection-index—selection-
score relationship covers nearly the full theoretical range, with both positive and negative tails

well populated, indicating the presence of strong gain- and loss-biased gene subsets (Figure
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4.20A). The volcano plot shows a U-shaped relationship between AAIC and the selection score;
model support for asymmetry increases with the absolute selection score, and genes with strongly
positive scores (gain-biased) or strongly negative scores (loss-biased) exhibit the highest AAIC

values (Figure 4.21A).
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Figure 4.19. Selection class counts and proportions across Klebsiella species

in the PKG dataset.

Together these patterns indicate that in the ecologically diverse, urban MAG set, directional
turnover is common, repeated losses dominate overall (consistent with streamlining), but repeated
gains occur in a non-trivial subset, features expected when mobile elements supply niche-adaptive
functions that are selectively retained [11, 193, 343, 346].

In the isolate-based PKG pangenome, support for directional gain—loss dynamics is
substantially weaker than in the urban MAG-based MPKG cohort. Most genes are NS (neutral
selection under ER) with only modest WS/MS (weak and moderate selection) tails across species
(Figure 4.19A-B). The S-curve is compressed toward the origin (Figure 4.20B), and the volcano
plot concentrates near AAIC=0 with few extreme points (Figure 4.21B), indicating that symmetric
turnover explains the majority of presence—absence patterns in this more homogeneous sampling
frame [318, 319].

Under current sampling and phylogenetic resolution, classifications are exclusively neutral,
selection scores and AAIC values collapse at the origin (not shown), implying that symmetric

gain—loss dynamics suffice for the K. pneumoniae pangenome in this cohort.
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Selection Index vs Selection Score (MPKG dataset)
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Figure 4.20. S-curve showing selection index versus selection score for

the MPKG and PKG datasets.
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Figure 4.21. Volcano plots of selection score ((A— p) / (A + p)) versus model support
(AAIC: ER versus ARD CTMC models) for the MPKG and PKG datasets. Panel A shows
results for the MPKG dataset, and Panel B for the PKG dataset. Each point represents an

orthologous group, with the x-axis showing the normalized selection score — positive
values indicate gain bias, negative values indicate loss bias — and the y-axis showing the
AAIC between equal-rates (ER) and all-rates-different (ARD) models, reflecting statistical

support for asymmetric rates.
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The aggregate picture matches modern views of pangenome evolution. A predominance of
loss-bias, most evident in MPKG, aligns with deletional pressure and higher streamlining of
accessory content [11, 325], whereas focused pockets of gain-bias are consistent with repeated
acquisition and retention of mobile, surveillance-relevant modules including AMR determinants,
secretion/efflux systems, carbohydrate-use islands, prophage/ICE cargo), where HGT supply is
high and selection favors maintenance [193, 343, 346].

By evaluating fit on the tree, PGGS yields phylogeny-aware labels that localize where
turnover accumulated and viewed alongside PGGL event maps, reveal clade-backbone attrition
for loss-biased genes and internal “seeding” branches with tip-proximal retention for gain-biased
genes. These figure-level signals—broad non-neutral tails in MPKG meta-pangenome (Figures
4.18, 4.20A, 4.21A) versus compressed, near-neutral distributions in PKG and PKP pangenomes
(Figures 4.19, 4.20B, 4.21B), results that support that ecological heterogeneity and mobile-element
supply amplify directional turnover at the genus level, while clonal, species-level isolate cohorts

appear closer to symmetric dynamics.

4.3. Benchmarking ancestral state reconstruction on simulated trees

The performance of ancestral state reconstruction (ASR) methods was evaluated using
simulated phylogenies with fully known evolutionary histories. Phylogenetic trees were simulated
under a Yule (pure-birth) diversification process [347], after which gene presence—absence
evolution was simulated along branches using a continuous-time Markov chain (CTMC) with
asymmetric gain and loss rates. This design provides an objective benchmark for ASR accuracy,
which is generally not achievable with empirical data. Two commonly used approaches were
compared: Fitch parsimony [221], Bayesian stochastic character mapping (SCM) [219], and
maximum likelihood (ML), developed in this thesis.

The benchmarking results indicate that both maximum likelihood and Bayesian stochastic
character mapping achieve consistently high reconstruction accuracy across the phylogeny,
whereas Fitch parsimony is constrained by a substantial proportion of unresolved internal nodes
(Figure 4.22). Errors under the probabilistic methods are rare and show no systematic association
with specific tree regions or depths, suggesting stable performance throughout the evolutionary
history. Given its comparable accuracy but markedly lower computational cost, maximum
likelihood emerges as the most practical primary reconstruction approach (Figure 4.22). In
contrast, Fitch parsimony [221] produces a large number of ambiguous ancestral assignments
(Figure 4.22). These ambiguities occur whenever multiple equally parsimonious reconstructions

exist and are particularly common in regions characterized by frequent state transitions. Although
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parsimony correctly infers many resolvable nodes, the high proportion of ambiguous states

substantially limits its utility for downstream analyses requiring complete ancestral

reconstructions.
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Figure 4.22. Ancestral state reconstructions on the simulated phylogeny obtained using
Fitch parsimony (A), Bayesian stochastic character mapping (B), and maximum likelihood
(C), with internal nodes annotated as matches, mismatches, or ambiguous relative to the

known simulated states.

Quantitative reconstruction outcomes are summarized in Table 4.4, which presents the
confusion matrix for each method alongside node coverage. Fitch parsimony reconstructs only
60.8% of internal nodes unambiguously, leaving 392 nodes unresolved. When evaluated solely on
resolvable nodes, parsimony attains a raw accuracy of 94.4%. However, once ambiguous nodes
are penalized by normalizing correct assignments to the total number of internal nodes, the
effective accuracy declines sharply to 57.4%. This result highlights a fundamental limitation of
parsimony-based ASR on large phylogenies, although reliable when informative, it frequently fails
to provide comprehensive reconstructions.

To facilitate a standardized comparison across methods, the confusion-matrix outcomes
were used to derive coverage-adjusted performance metrics, summarized in Table 4.5. These
metrics provide a more comprehensive assessment of reconstruction quality by integrating both
classification accuracy and the proportion of nodes assigned a definite ancestral state. Both
probabilistic approaches achieve complete node coverage, assigning a state to every internal node.
Maximum likelihood reconstruction, implemented via marginal likelihood estimation under a

discrete-state CTMC [235], attains an effective accuracy of 96.3%. Bayesian SCM, which samples
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character histories conditional on the observed data and rate matrix [219, 348], achieves an
identical effective accuracy of 96.3%. Confusion-matrix—derived metrics further reveal nearly
indistinguishable error profiles, with ML producing 21 false positives and 16 false negatives, and
SCM producing 22 false positives and 15 false negatives. Balanced accuracy exceeds 0.959 for
both methods, indicating robust performance across character states and confirming that
reconstruction accuracy is not biased toward either state. Despite exhibiting a high conditional
accuracy of 94.4%, Fitch parsimony performs substantially worse once unresolved nodes are
incorporated into the evaluation framework. Its effective accuracy drops to 57.4%, reflecting the
large fraction of ambiguous reconstructions. This contrast underscores the importance of
accounting for reconstruction completeness when benchmarking ASR methods, as conditional

accuracy alone may substantially overestimate practical performance.

Table 4.4. Confusion matrix and node coverage for ancestral state reconstruction methods

on a simulated phylogeny with 1000 terminal taxa.

Method TP TN FP FN Coverage
Maximum Likelihood 596 367 21 16 1.000
Bayesian SCM 697 366 22 15 1.000
Fitch Parsimony 357 217 13 21 0.608

Despite their similar reconstruction accuracy, ML and Bayesian SCM differ substantially
in computational efficiency and practical applicability. ML-based ASR relies on deterministic
likelihood calculations implemented via dynamic programming and converges rapidly even for
large phylogenies. In contrast, Bayesian SCM requires repeated Monte Carlo sampling of full
character histories, resulting in substantially higher computational demands and longer runtimes,
particularly for large trees or repeated analyses. In the present benchmark, ML reconstruction
completed orders of magnitude faster than SCM while yielding indistinguishable point-estimate

accuracy.

Table 4.5. Comparative performance metrics for ancestral state reconstruction methods

Method Accuracy Precision Recall Specificity Ambiguous nodes
Maximum Likelihood 0.963 0.966 0.973 0.945 0
Bayesian SCM 0.963 0.964 0.975 0.943 0
Fitch Parsimony 0.944 0.964 0.944 0.943 392
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These results demonstrate that probabilistic ASR methods strongly outperform parsimony

once ambiguity is appropriately accounted for, and that maximum likelihood reconstruction

represents the most efficient and practical approach under correct model specification. ML

achieves accuracy equivalent to Bayesian SCM while offering superior computational scalability,

making it particularly well suited for large phylogenies and high-throughput evolutionary analyses.

Bayesian SCM remains valuable as a complementary framework for uncertainty assessment and

methodological validation but is not strictly required for accurate ancestral state inference at scale.

4.4.Conclusions to chapter 4

In this chapter, we introduce phylogeny-based methods for quantitative inference of gene-

content evolution in microbial pangenomes and evaluates their performance on empirical datasets.

The main conclusions of this chapter are as follows:

1.

The PGGL (Pangenome Gene Gain—Loss) method was developed and implemented as
software to infer phyletic patterns of gene-content evolution by modeling gene gain and
loss as a continuous-time Markov process on a fixed species phylogeny, enabling branch-
, lineage-, and clade-specific estimation of gain and loss counts and rates as quantitative
measures of gene turnover.

The PGGS (Pangenome Gene Selection) method was developed and impelemented as
software to infer directional biases in gene turnover by contrasting symmetric and
asymmetric gain—loss rate models using information-theoretic model selection, enabling
gene- and lineage-specific identification and quantification of gain- or loss-biased
evolutionary regimes.

Maximum likelihood reconstruction under a continuous-time Markov chain (CTMC)
achieves accuracy comparable to Bayesian stochastic mapping while substantially
reducing the ambiguity associated with Fitch parsimony and, by avoiding computationally
intensive sampling, enables reliable and scalable inference of ancestral gene presence—
absence states across large phylogenies and genome-scale datasets.

Application of PGGL and PGGS to empirical isolate and metagenomic datasets validates
both methods, demonstrating recovery of coherent phyletic patterns, predominant loss bias
consistent with deletional pressure, and localized gain events associated with mobile and
niche-adaptive gene modules, while remaining robust to differences in assembly quality,

ecological breadth, and sampling design.
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GENERAL CONCLUSIONS AND RECOMMENDATIONS

This thesis demonstrates that metagenomics and pangenomics can be fused into a single,

lineage-aware analytical framework that resolves how gene content is organized and changes in

complex environments. The key advance is to treat gene presence-absence as an evolutionary trait

on a fixed phylogeny, allowing event localization, rate estimation, and directionality tests that are

portable across assembly types and taxonomic scopes. Accordingly, the main conclusions are:

1.

A robust and fully reproducible meta-pangenome reconstruction and analysis software
framework was developed to integrate isolate genomes and heterogeneous metagenomic
data into a unified gene-content representation, allowing comparative and evolutionary
analysis of genomic diversity based on gene presence—absence and functional annotation
across mixed-quality datasets.

A method for inferring a recombination-filtered maximum-likelihood species phylogeny
was developed and integrated into the analysis framework, providing the explicit
evolutionary structure required for probabilistic modeling of gene presence—absence
evolution and for likelihood-based inference of gene gain and loss processes across
heterogeneous genome collections.

A phylogeny-based maximum-likelihood gene gain—loss inference algorithm (PGGL;
Pangenome Gene Gain—Loss) was developed specifically for pangenome analyses and
implemented as R software to model the evolution of inferred gene presence—absence states
of orthologous groups as a continuous-time Markov process on a species phylogeny,
enabling quantitative estimation of branch-, lineage-, and clade-specific gene gain and loss
rates and event counts.

A rate-based gene selection inference algorithm and R software implementation (PGGS;
Pangenome Gene Gain—Loss Selection) was developed for pangenome analyses, based on
explicit comparison of gene gain and loss rates under symmetric and asymmetric
evolutionary models to identify statistically supported gene- and lineage-specific gain- or
loss-biased regimes.

The meta-pangenome reconstruction framework and the PGGL and PGGS inference
algorithms were empirically validated on isolate and metagenome-assembled genome
datasets across multiple taxonomic scales, yielding consistent gene presence—absence
representations and stable gene gain—loss inference from species-level to higher
phylogenetic resolutions.

The developed method based on maximum-likelihood inference under a continuous-time

Markov framework was benchmarked at the level of ancestral gene-state reconstruction
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against Bayesian stochastic mapping and Fitch parsimony, showing reliable reconstruction
accuracy with reduced ambiguity and improved computational efficiency in genome-scale

pangenome analyses.

To translate these findings into durable practice, metagenomic pangenomics should be

operated as a tiered, FAIR, and quality-aware system that couples upstream assemblies to

downstream evolutionary inference and public-health reporting. The items below prioritize actions

that raise fidelity, portability, and decision value:

1.

Analyses should be conducted concurrently across environmental, isolate, and clinical data
layers, using uniform analytical thresholds and a shared data model, so that inferred signals
are directly comparable across distinct contexts and over longitudinal series.

For high-information-value datasets, particularly metagenome-assembled genomes
containing repetitive regions, the use of long-read or hybrid assemblies is preferable.
Complete recovery of rRNA and tRNA operons, as well as repeat-rich mobile regions,
reduces artifactual gene absences caused by assembly fragmentation, enables more precise
delineation of accessory islands, and improves localization of gain—loss events and
prophage boundaries.

Event-mapping and gene-flux directionality tools should be implemented as R packages,
tested across diverse datasets, with stable interfaces, example datasets, reproducible
documentation, and dedicated plotting functions. Result reporting should include explicit
identifiers for genes, genomes, and branches, along with minimal metadata on data
provenance and analytical parameters, to ensure full traceability and reproducibility in
downstream studies.

Systematic assessment of inferential robustness is recommended via sensitivity analyses to
root choice, branch-length scaling, and optimization settings, particularly for genes
exhibiting strong directional asymmetry. Such evaluation strengthens the biological
interpretation of selection metrics and reduces the risk of conclusions driven by technical
parameterization.

Integrating gain—loss inferences with standardized functional annotations (e.g., COG,
KEGG, PFAM) is essential for biological interpretation of observed patterns and for
conducting comparable functional enrichment analyses across cohorts and ecological

contexts.
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ANNEX 1. Source datasets and metadata for MPKG, PKG and PKP datasets
Table Al1.1. MPKG dataset metadata

Organism Scientific Taxonomy Assembly Contig
Name id Assembly Name Accession Level N50 Size BioProject BioSample
Klebsiella pneumoniae 573 | ASM3197461vl | GCA 031974615.1 | Scaffold 8924 4536574 | PRINARS0115 SAMN29156382
Klebsiella michiganensis 1134687 | ASM3197491v]l | GCA 031974915.1 | Scaffold 46608 5637797 | PRINA850115 SAMN29156368
Klebsiella pneumoniae 573 | ASM3197661vl | GCA 031976615.1 | Scaffold 95709 5095361 | PRINAS850115 SAMN29156457
Klebsiella variicola 244366 | ASM3197762v]l | GCA 031977625.1 | Scaffold 143594 5397350 | PRINAS850115 SAMN29159067
Klebsiella pneumoniae 573 | ASM3197826vl | GCA 031978265.1 | Scaffold 94162 5340135 | PRINAS850115 SAMN29159037
Klebsiella pneumoniae 573 | ASM3197848vl | GCA 031978485.1 | Scaffold 129128 5132067 | PRINAS850115 SAMN29159025
Klebsiella michiganensis 1134687 | ASM3197860v]l | GCA 031978605.1 | Scaffold 1989 3934098 | PRINAS850115 SAMN29159021
Klebsiella pneumoniae 573 | ASM3197888vl | GCA 031978885.1 | Scaffold 10475 4645042 | PRINARS0115 SAMN29159009
Klebsiella michiganensis 1134687 | ASM3197968v]l | GCA 031979685.1 | Scaffold 123103 5701375 | PRINAS850115 SAMN29158982
Klebsiella variicola 244366 | ASM3197980v]l | GCA 031979805.1 | Scaffold 134212 5243289 | PRINAS850115 SAMN29158979
Klebsiella michiganensis 1134687 | ASM3197984v]l | GCA 031979845.1 | Scaffold 11302 5464758 | PRINAS850115 SAMN29158975
Klebsiella michiganensis 1134687 | ASM3198012v]l | GCA 031980125.1 | Scaffold 143358 5929369 | PRINAS850115 SAMN29158961
Klebsiella michiganensis 1134687 | ASM3198026v]l | GCA 031980265.1 | Scaffold 65644 5700745 | PRINAS850115 SAMN29158955
Klebsiella michiganensis 1134687 | ASM3198032v]l | GCA 031980325.1 | Scaffold 132575 5686946 | PRINAS850115 SAMN29158950
Klebsiella michiganensis 1134687 | ASM3198042v]l | GCA 031980425.1 | Scaffold 140658 5776060 | PRINA850115 SAMN29158947
Klebsiella pneumoniae 573 | ASM3198112vl | GCA 031981125.1 | Scaffold 60934 4818337 | PRINARS0115 SAMN29159252
Klebsiella pneumoniae 573 | ASM3198140vl | GCA 031981405.1 | Scaffold 113467 5511502 | PRINAS850115 SAMN29159237
Klebsiella pneumoniae 573 | ASM3198198vl | GCA 031981985.1 | Scaffold 16914 4879073 | PRINARS50115 SAMN29159208
Klebsiella pneumoniae 573 | ASM3198288vl | GCA 031982885.1 | Scaffold 109697 5030109 | PRINAS850115 SAMN29159166
Klebsiella pneumoniae 573 | ASM3198326vl | GCA 031983265.1 | Scaffold 29240 4565805 | PRINARS0115 SAMN29159148
Klebsiella pneumoniae 573 | ASM3198352vl | GCA 031983525.1 | Scaffold 35376 4275052 | PRINARS50115 SAMN29159136
Klebsiella pneumoniae 573 | ASM3198400vl | GCA 031984005.1 | Scaffold 33098 5135774 | PRINAS850115 SAMN29159111
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Klebsiella oxytoca 571 | ASM3198600vl | GCA_031986005.1 | Scaffold 28907 5381023 | PRINA850115 | SAMN29160655
Klebsiella pneumoniae 573 | ASM3198688vl | GCA_031986885.1 | Scaffold 99630 5565665 | PRINA850115 | SAMN29160633
Klebsiella variicola 244366 | ASM3198746vl | GCA_031987465.1 | Scaffold 150064 5272748 | PRINA850115 | SAMN29160620
Klebsiella pneumoniae 573 | ASM3199292vl | GCA_031992925.1 | Scaffold 172752 5138273 | PRINA850115 | SAMN29159268
Klebsiella variicola 244366 | ASM3199392vl | GCA 031993925.1 | Scaffold 4502 4214911 | PRINA850115 | SAMN29160832
Klebsiella pneumoniae 573 | ASM3199464vl | GCA_031994645.1 | Scaffold 8884 5533584 | PRINA850115 | SAMN29160816
Klebsiella pneumoniae 573 | ASM3199850vl | GCA_031998505.1 | Scaffold 114717 5332399 | PRINA850115 | SAMN29160718
Klebsiella oxytoca 571 | ASM3200126vl | GCA_032001265.1 | Scaffold 202468 5755155 | PRINA850115 | SAMN29160900
Klebsiella michiganensis 1134687 | ASM3200190vl | GCA_032001905.1 | Scaffold 4644 5661280 | PRINA850115 | SAMN29160886
Klebsiella pneumoniae 573 | ASM3200256vl | GCA_032002565.1 | Scaffold 177418 5068932 | PRINA850115 | SAMN29160869
Klebsiella variicola 244366 | ASM3200680vl | GCA_032006805.1 | Scaffold 182862 5579730 | PRINA850115 | SAMN29159946
Klebsiella variicola 244366 | ASM3200939vl | GCA_032009395.1 | Scaffold 67096 5240718 | PRINA850115 | SAMN29159879
Klebsiella pneumoniae 573 | ASM3201078vl | GCA_032010785.1 | Scaffold 156149 5198552 | PRINA850115 | SAMN29159843
Klebsiella michiganensis 1134687 | ASM3201088vl | GCA_032010885.1 | Scaffold 75241 5712396 | PRINA850115 | SAMN29159841
Klebsiella pneumoniae 573 | ASM3201145vl | GCA 032011455.1 | Scaffold 124252 5357102 | PRINA850115 | SAMN29159824
Klebsiella pneumoniae 573 | ASM3201152vl | GCA_032011525.1 | Scaffold 95670 5288370 | PRINA850115 | SAMN29159818
Klebsiella michiganensis 1134687 | ASM3205424v]l | GCA 032054245.1 | Scaffold 47792 6178226 | PRINAS850115 SAMN29161927
Klebsiella pneumoniae 573 | ASM3205764vl | GCA_032057645.1 | Scaffold 70901 4925819 | PRINA850115 | SAMN29162232
Klebsiella michiganensis 1134687 | ASM3206078v]l | GCA 032060785.1 | Scaffold 2060 3707121 | PRINAS850115 SAMN29161482
Klebsiella michiganensis 1134687 | ASM3206524vl | GCA_032065245.1 | Scaffold 176732 6178048 | PRINA850115 | SAMN29161626
Klebsiella pneumoniae 573 | ASM3206764vl | GCA_032067645.1 | Scaffold 4823 4551093 | PRINA850115 | SAMN29161552
Klebsiella oxytoca 571 | ASM3207224vl | GCA 032072245.1 | Scaffold 159845 5780502 | PRINA850115 | SAMN29161022
Klebsiella aerogenes 548 | ASM3207388vl | GCA_032073885.1 | Scaffold 26370 4622068 | PRINA850115 | SAMN29160963
Klebsiella pneumoniae 573 | ASM3207902vl | GCA_032079025.1 | Scaffold 116783 5211853 | PRINA850115 | SAMN29161167
Klebsiella oxytoca 571 | ASM3208641vl | GCA 032086415.1 | Scaffold 14214 5516882 | PRINA850115 | SAMN29163403
Klebsiella aerogenes 548 | ASM3208679vl | GCA_032086795.1 | Scaffold 100691 4971102 | PRINA850115 | SAMN29164030
Klebsiella aerogenes 548 | ASM3208711vl | GCA_032087115.1 | Scaffold 112433 5048697 | PRINA850115 | SAMN29164014
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Klebsiella huaxiensis 2153354 | ASM3208725v]l | GCA_032087255.1 | Scaffold 2790 5212165 | PRINA850115 SAMN29164007
Klebsiella michiganensis 1134687 | ASM3208729vl | GCA_032087295.1 | Scaffold 1894 3271432 | PRINA850115 SAMN29164004
Klebsiella michiganensis 1134687 | ASM3208733vl | GCA_032087335.1 | Scaffold 2323 4078816 | PRINA850115 SAMN29164003
Klebsiella oxytoca 571 | ASM3209475vl | GCA_032094755.1 | Scaffold 227978 5936634 | PRINA850115 SAMN29163503
Klebsiella oxytoca 571 | ASM3209625vl | GCA_032096255.1 | Scaffold 81670 5833154 | PRINA850115 SAMN29163464
Klebsiella variicola 244366 | ASM3210498vl | GCA_032104985.1 | Scaffold 45181 5447014 | PRINA850115 SAMN29162995
Klebsiella pneumoniae 573 | ASM3210589vl | GCA_032105895.1 | Scaffold 39861 4699530 | PRJNA850115 SAMN29163251
Klebsiella pneumoniae 573 | ASM3210716vl | GCA_032107165.1 | Scaffold 73725 4944969 | PRINAg50115 SAMN29163214
Klebsiella pneumoniae 573 | ASM3210914vl | GCA_032109145.1 | Scaffold 247680 5375292 | PRINA850115 SAMN29163146
Klebsiella pneumoniae 573 | ASM3210924vl | GCA_032109245.1 | Scaffold 13386 4646431 | PRINA850115 SAMN29163141
Klebsiella africana 2489010 | ASM3211054v]l | GCA 032110545.1 | Scaffold 47932 4967355 | PRINA850115 SAMN29163107
Klebsiella pneumoniae 573 | ASM3211188vl | GCA_032111885.1 | Scaffold 79541 4888767 | PRINA850115 SAMN29163385
Klebsiella oxytoca 571 | ASM3211248vl | GCA_032112485.1 | Scaffold 221850 5828758 | PRINA850115 SAMN29163368
Klebsiella oxytoca 571 | ASM3211509vl | GCA_032115095.1 | Scaffold 290550 5788139 | PRINAB50115 SAMN29163299
Klebsiella africana 2489010 | ASM3211054v]l | GCF_032110545.1 | Scaffold 47932 4967355 | PRJINA850115 SAMN29163107
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Table A1.2. PKG dataset metadata

Organism Scientific Taxonomy Assembly Contig
Name id Assembly Name Accession Level N50 Size BioProject BioSample
Klebsiella aerogenes 1028307 | ASM21574v1 GCF 000215745.1 | Complete 5280350 | 5280350 | PRINA66537 SAMNO02603581
Klebsiella aerogenes 548 | ASM157154v2 GCF 001571545.2 | Complete 5452368 | 5626434 | PRINA279469 SAMNO03448049
Klebsiella aerogenes 548 | ASM1904812vl | GCF 019048125.1 | Complete 5281764 | 5281764 | PRINA231221 SAMN16357584
Klebsiella aerogenes 548 | ASM2759570vl | GCF 027595705.1 | Complete 5443727 | 5487446 | PRINA667445 SAMN16387652
Klebsiella aerogenes 548 | ASM3742935v2 | GCF 037429355.1 | Complete 5409695 | 5409695 | PRINA812595 SAMN40557126
Klebsiella africana 2489010 | ASM1680412vl | GCF 016804125.1 | Complete 5291121 | 5422247 | PRINA646592 SAMNI15547534
Klebsiella africana 2489010 | ASM2052608v]l | GCF 020526085.1 | Complete 5243981 | 5443802 | PRINA768294 SAMN22024779
Klebsiella africana 2489010 | ASM2370403v]l | GCF _023704035.1 | Complete 5268423 | 5268423 | PRINA646592 SAMN15547540
Klebsiella africana 2489010 | 200023.1 GCF 900978845.1 | Contig 195731 | 5156720 | PRJEB29143 SAMEA4969318
Klebsiella africana 2489010 | CIP111653T GCF 965139595.1 | Scaffold 158804 | 5171015 | PRJEB85433 SAMEA117660618
Klebsiella huaxiensis 2153354 | ASM326157v2 GCF 003261575.2 | Complete 6183608 | 6300829 | PRINA353728 SAMNO8861555
Klebsiella huaxiensis 2153354 | ASM2673541v2 | GCF 026735415.2 | Contig 6314697 | 6875149 | PRINA907249 SAMN31964237
Klebsiella huaxiensis 2153354 | ASM3873769v]l | GCF 038737695.1 | Contig 284828 | 6220856 | PRINA316969 SAMN40982453
Klebsiella huaxiensis 2153354 | SB6422 GCF 902158605.1 | Scaffold 318410 | 6208089 | PRJEB15325 SAMEAS5610086
Klebsiella huaxiensis 2153354 | SB6421 GCF 902158625.1 | Scaffold 200809 | 6159557 | PRJEB15325 SAMEAS5610085
Klebsiella michiganensis 1134687 | ASM1513957vl | GCF 015139575.1 | Complete 5935402 | 6041841 | PRJDB9036 SAMDO00196009
Klebsiella michiganensis 1134687 | ASM1661821vl | GCF 016618215.1 | Complete 6330740 | 6865058 | PRINA664790 SAMN16233476
Klebsiella michiganensis 1134687 | ASM4021511vl | GCF _040215115.1 | Complete 6491865 | 6692448 | PRINA1120221 SAMN41684531
Klebsiella michiganensis 1134687 | ASM4128348vl | GCF 041283485.1 | Complete 6301770 | 6925468 | PRINA812595 SAMN32093411
Klebsiella michiganensis 1134687 | ASM5092191vl | GCF 050921915.1 | Complete 6545023 | 6600419 | PRINA907198 SAMN31956146
Klebsiella oxytoca 571 | ASM102211vl GCF _001022115.1 | Complete 6229565 | 6673117 | PRINA246471 SAMNO3733750
Klebsiella oxytoca 571 | ASM102229v1 GCF 001022295.1 | Complete 6217725 | 6630537 | PRINA246471 SAMNO03733663

158




Klebsiella oxytoca 571 | ASM187018vl GCF_001870185.1 | Complete 6155924 | 6582387 | PRINA246471 SAMNO03733631
Klebsiella oxytoca 571 | ASM1375059v1 | GCF_013750595.1 | Complete 6091081 | 6293551 | PRINA605147 SAMN15148597
Klebsiella oxytoca 571 | 45889 CO01 GCF_900636985.1 | Complete 5857964 | 5857964 | PRJEB6403 SAMEA3923594
Klebsiella pneumoniae 1125630 | ASM24018v2 GCF_000240185.1 | Complete 5333942 | 5682322 | PRINA78789 SAMNO02602959
Klebsiella pneumoniae 573 | ASM636429v1 GCF_006364295.1 | Complete 5303035 | 5573867 | PRINA231221 SAMN11056490
Klebsiella pneumoniae 573 | ASM1104559v1 | GCF_011045595.1 | Complete 5803733 | 5803733 | PRINAS559783 SAMN12559024
Klebsiella pneumoniae 573 | ASM2286966vl | GCF_022869665.1 | Complete 5303036 | 5563484 | PRINA605254 SAMN14078806
Klebsiella pneumoniae 573 | ASMS5015618vl | GCF_050156185.1 | Complete 5785925 | 5959413 | PRINA1043403 SAMN38339031
Klebsiella variicola 244366 | ASM8&2805v2 GCF_000828055.2 | Complete 5521203 | 5521203 | PRINA272370 SAMNO1174581
Klebsiella variicola 244366 | ASM1763894vl | GCF_017638945.1 | Complete 5519584 | 5519584 | PRINA716670 SAMN18446056
Klebsiella variicola 244366 | ASM1832404vl | GCF_018324045.1 | Complete 5564085 | 5732600 | PRJDB11476 SAMDO00294603
Klebsiella variicola 2590157 | ASM2052554vl | GCF_020525545.1 | Complete 5521194 | 5521194 | PRINA768294 SAMN22024815
Klebsiella variicola 244366 | ASM3559407vl | GCF_035594075.1 | Complete 5727068 | 6213895 | PRINA1050876 SAMN38756473
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Table A1.3. PKP dataset metadata

Isolate | ENA accession | Year of . Isolate Hospital

No. . . Biosubstrate . .

ID number isolation origin department

1. 1030710 ERS24931633 2020 blood Hospital Intensive care unit

2. 1030711 ERS24931634 2020 blood Hospital Intensive care unit

3. 1030712 ERS24931635 2020 blood Hospital Intensive care unit

4. 1030713 ERS24931636 2020 CSF Hospital Intensive care unit

5. 1030714 ERS24931637 2020 CSF Hospital Intensive care unit

6. 1030715 ERS24931638 2020 blood Hospital Intensive care unit

7. 1030716 ERS24931639 2020 blood Hospital Intensive care unit

8. 1030717 ERS24931640 2020 blood Hospital Intensive care unit

9. 1030718 ERS24931641 2020 blood Hospital Intensive care unit

10. 1030719 ERS24931642 2020 blood Hospital Other*

11. 1030776 ERS24931699 2020 urine Ambulatory Consultative

12. 1030777 ERS24931700 2020 urine Ambulatory Consultative

13. 1030722 ERS24931645 2021 Blood Hospital Other*

14. 1030723 ERS24931646 2021 Blood Hospital Other*

15. 1030724 ERS24931647 2021 Blood Hospital Intensive care unit

16. 1030725 ERS24931648 2021 Blood Hospital Other*

17. 1030726 ERS24931649 2021 Blood Hospital Other*

18. 1030727 ERS24931650 2021 Blood Hospital Other*
1030728 ERS24931651 2021 Blood Hospital Intensive care unit
1030729 ERS24931652 2021 Blood Hospital Intensive care unit

2| 1030730 ERS24931653 2021 Blood Hospital Paediatry
2] 1030731 ERS24931654 2021 Blood Hospital Intensive care unit

23. 1030732 ERS24931655 2021 Blood Hospital Internal medicine

24. 1030733 ERS24931656 2021 Blood Hospital Paediatry

25. 1030734 ERS24931657 2021 Blood Hospital Other*

26. 1030736 ERS24931659 2021 Blood Hospital Other*

27. 1030737 ERS24931660 2021 Blood Hospital Intensive care unit

28. 1030741 ERS24931664 2022 blood Hospital Intensive care unit

29. 1030744 ERS24931667 2022 blood Hospital Surgery

30. 1030745 ERS24931668 2022 blood Hospital Intensive care unit

31. 1030750 ERS24931673 2022 blood Hospital Intensive care unit

32. 1030751 ERS24931674 2022 blood Hospital Intensive care unit

33. 1030752 ERS24931675 2022 blood Hospital Other*

34. 1030753 ERS24931676 2022 blood Hospital Intensive care unit

35. 1030754 ERS24931677 2022 CSF Hospital Paediatry

36. 1030755 ERS24931678 2022 blood Hospital Intensive care unit

37. 1030756 ERS24931679 2022 blood Hospital Intensive care unit

38. 1030757 ERS24931680 2022 blood Hospital Intensive care unit

39. 1030758 ERS24931681 2022 blood Hospital Internal medicine

40. 1030759 ERS24931682 2022 blood Hospital Intensive care unit

41. 1030760 ERS24931683 2022 blood Hospital Intensive care unit

42. 1030762 ERS24931685 2022 blood Hospital Internal medicine

43. 1030763 ERS24931686 2022 blood Hospital Intensive care unit

44. 1030764 ERS24931687 2022 blood Hospital Intensive care unit

45, 1030765 ERS24931688 2022 blood Hospital Paediatric 1nt.en51ve

care unit

46. 1030766 ERS24931689 2022 blood Hospital Intensive care unit

47. 1030767 ERS24931690 2022 blood Hospital Intensive care unit

48 1030768 ERS24931691 2022 blood Hospital Paediatric 1nt.en51ve

care unit

49, 1030769 ERS24931692 2022 blood Hospital Paediatric 1nt.en51ve

care unit

50. 1030780 ERS24931703 2023 Urine Hospital Intensive care unit

51. 1030781 ERS24931704 2023 Urine Hospital Urology
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52. 1030782 ERS24931705 2023 Urine Hospital Urology

53. 1030783 ERS24931706 2023 Urine Hospital Urology

54. 1030784 ERS24931707 2023 Urine Hospital Internal medicine
55. 1030785 ERS24931708 2023 Urine Hospital Intensive care unit
56. 1030789 ERS24931712 2023 Urine Ambulatory Consultative
57. 1030803 ERS24931726 2023 Urine Hospital Urology

58. 1030804 ERS24931727 2023 Urine Hospital Urology

59. 1030805 ERS24931728 2023 Urine Hospital Intensive care unit
60. 1030806 ERS24931729 2023 Urine Hospital Internal medicine
61. 1030807 ERS24931730 2023 Urine Ambulatory Consultative
62. 1030809 ERS24931732 2023 Blood Hospital Intensive care unit
63. 1030810 ERS24931733 2023 Blood Hospital Intensive care unit
64. 1030811 ERS24931734 2023 Blood Hospital Intensive care unit
65. 1030812 ERS24931735 2023 Blood Hospital Intensive care unit
66. 1030813 ERS24931736 2023 Blood Hospital Intensive care unit
67. 1030814 ERS24931737 2023 Blood Hospital Intensive care unit
68. 1030816 ERS24931739 2023 Blood Hospital Intensive care unit
69. 1030819 ERS24931742 2023 Urine Hospital Intensive care unit
70. 1030820 ERS24931743 2023 Urine Hospital Urology

71. 1030821 ERS24931744 2023 Urine Hospital Internal medicine
72. 1030822 ERS24931745 2023 Urine Hospital Intensive care unit
73. 1030823 ERS24931746 2023 Urine Ambulatory Consultative
74. 1030824 ERS24931747 2023 Urine Hospital Internal medicine
75. 1030825 ERS24931748 2023 Blood Hospital Intensive care unit
76. 1030826 ERS24931749 2023 Blood Hospital Internal medicine
77. 1030827 ERS24931750 2023 Blood Hospital Intensive care unit
78. 1030828 ERS24931751 2023 Blood Hospital Intensive care unit
79. 1030829 ERS24931752 2023 Blood Hospital Intensive care unit
80. 1030830 ERS24931753 2023 Blood Hospital Intensive care unit
81. 1030831 ERS24931754 2023 Blood Hospital Intensive care unit
82. 1030832 ERS24931755 2023 Urine Hospital Internal medicine
83. 1030833 ERS24931756 2023 Urine Hospital Urology

84. 1030834 ERS24931757 2023 Urine Hospital Internal medicine
85. 1030835 ERS24931758 2023 Blood Hospital Intensive care unit
86. 1030836 ERS24931759 2023 Blood Hospital Intensive care unit
87. 1030837 ERS24931760 2023 Blood Hospital Intensive care unit
88. 1030838 ERS24931761 2023 Blood Hospital Intensive care unit
89. 1030839 ERS24931762 2023 Blood Hospital Intensive care unit
90. 1030840 ERS24931763 2023 Blood Hospital Intensive care unit
91. 1030841 ERS24931764 2023 Blood Hospital Intensive care unit
92. 1030842 ERS24931765 2023 Blood Hospital Intensive care unit
93. 1030844 ERS24931767 2023 Blood Hospital Intensive care unit
94. 1030845 ERS24931768 2023 Blood Hospital Intensive care unit
95. 1030846 ERS24931769 2023 Blood Hospital Intensive care unit
96. 1030850 ERS24931773 2023 Urine Hospital Gynecology
97. 1030851 ERS24931774 2023 Urine Hospital Intensive care unit
98. 1030852 ERS24931775 2023 Urine Hospital Intensive care unit
99. 1030853 ERS24931776 2023 Blood Hospital Intensive care unit
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ANNEX 2. Command-line protocols for meta-pangenome reconstruction and analysis
Listing A2.1. Batch Prokka annotation for Klebsiella genomes (recursive over .fna files)
#!/bin/bash

INPUT DIR="/home/../pangenome project/klebsiella pangenome/data k
lebsiella"

OUTPUT_ DIR="/home/../pangenome project/klebsiella pangenome/klebs
iella prokka results"

mkdir -p "SOUTPUT DIR"

# Recursively find all .fna files

find "SINPUT DIR" -type f -name "*.fna" | while read i; do
base=$ (basename "$i" .fna)
prokka --kingdom Bacteria --genus Klebsiella --prefix "Sbase" \
--locustag "S$base" --outdir "SOUTPUT DIR/Sbase" \
--cpus 0 --force "S$Si"
if [ $? -eq 0 ]; then
echo "Prokka annotation completed for: S$Sbase"
else
echo "Prokka failed for: S$base"
fi
done

echo "All Prokka annotations finished!"

Listing A2.2. Batch eggNOG-mapper function annotation for all .faa files

#!/bin/bash

# Define paths

DB PATH="/home/../pangenome project/klebsiella pangenome/eggnog-
mapper/data"

INPUT FOLDER="/home/../pangenome project/klebsiella pangenome/kle
bsiella prokka results"
OUTPUT DIR="klebsiella mapping results"

# Set CPU usage to use all available CPUs
NUM CPUS=0 # Use all CPUs
MP METHOD="spawn" # Recommended for multiprocessing compatibility

# Create the output directory if it doesn't exist
mkdir -p "$OUTPUT_DIR"

# Find all .faa files in subdirectories and process them
find "SINPUT FOLDER" -type f -name "*.faa" | while read -r
faa file; do

echo "Processing: $faa file"
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# Extract the base name of the file (without extension and
path)
BASENAME=S (basename "$faa file" .faa)

# Define the output file name
OUTPUT_FILE="${OUTPUT_DIR}/${BASENAME}_eggnog"

# Run eggNOG-mapper (emapper.py)
emapper.py -—-data dir "$DB PATH" -i "S$faa file" --output
"SOUTPUT FILE" --cpu "SNUM CPUS" --mp start method "S$MP METHOD"

echo "Finished processing: $faa file"
done

echo "All FAA files have been mapped!"

Listing A2.3. Batch Panaroo pangenome build from Prokka GFFs

#!/bin/bash

# Force maximum system resources based on provided specs
THREADS=32 # Force using all 32 CPU cores

MEMORY LIMIT=126 # Force using 126GB of RAM

# Define Prokka output and Panaroo output directories

PROKKA OUTPUT DIR="/home/../pangenome project/klebsiella pangenom
e/klebsiella prokka results"

PANAROO OUTPUT DIR="/home/../pangenome project/klebsiella pangeno
me/klebsiella panaroo results"

# Create Panaroo output directory if it doesn't exist
mkdir -p "$PANAROO_OUTPUT_DIR"

# Print resource usage

echo " Running Panaroo with FORCED FULL RESOURCES:"
echo " - CPUs: STHREADS threads (MAX)"

echo " - Memory: ${MEMORY_LIMIT}GB (MAX) "

echo " - Codon Table: $SCODON TABLE"

echo " - Input: $PROKKA_OUTPUT_DIR"

echo " - Output: $PANAROO_OUTPUT_DIR"

# Run Panaroo with forced resource allocation
panaroo -i "$PROKKA_OUTPUT_DIR"/*/*.gff -0 "$PANAROO_OUTPUT_DIR"
\

--clean-mode strict -a core —--aligner mafft \

—-—-threads "STHREADS"

# Check if Panaroo ran successfully
if [ $? -eq 0 ]; then
echo "Panaroo pangenome analysis completed using ALL available
resources!"
else
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echo "Panaroo failed!"
exit 1
fi

echo "Panaroo analysis finished successfully!"

Listing A2.4. Phylogenetic tree based on core genome alignment

# bash shell

# use data from panaroo outputs

#!/bin/bash

# === Configuration ===

INPUT DIR="/home/../pangenome project/klebsiella pangenome/klebsi
ella panaroo results"

OUTPUT DIR="/home/../pangenome project/klebsiella pangenome/phylo
geny results"

INPUT ALN="S{INPUT DIR}/core gene alignment.aln"

OUTPUT PREFIX="${OUTPUT DIR}/gubbins"

# === Create output directory if it doesn't exist ===
mkdir -p "$OUTPUT_DIR"

# === Run Gubbins using all available cores ===

run_gubbins --prefix "SOUTPUT PREFIX" \
-—-threads "$ (nproc)" \
"$INPUT_ALN"

# bash shell

# extract SNPs from the alignment using spn-sites

S snp-sites -C gubbins.filtered polymorphic sites.fasta >
clean.core.aln

# reconstruct the phylogenetic tree with 1000 of bootstrap
$ igtree2 -s clean.core.aln -B 1000 -nt AUTO --prefix tree clean ST

Listing A2.5. Identification of Antimicrobial-Resistance Genes (ARGs) with ABricate

#!/bin/bash

# === Detect script's own directory ===
SCRIPT DIR="S$ (cd "$(dirname "S{BASH SOURCE[O]}")" && pwd)"
# === Set input directory with genome folders ===

BASE DIR="/home/../pangenome project/klebsiella pangenome/data kl
ebsiella"

# === Abricate configuration ===
DB="resfinder"

MINID=90

MINCOV=90

echo "Output will be saved to: SSCRIPT DIR"
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# === Loop through each subfolder ===
for folder in "SBASE DIR"/*; do

if [ -d "Sfolder" ]; then
# Find the first .fna file
fna file=$(find "$folder" -maxdepth 1 -name "*.fna" | head -n
1)
if [ -z "S$fna file" ]; then
echo "No .fna file found in S$folder"
continue
fi

# Get folder name to use as sample ID
sample name=S$ (basename "S$folder")

# Set output file in the script's directory
out file="SSCRIPT DIR/S{sample name} resfinder.tab"

echo "Processing $sample name"
abricate --db "$DB" --minid "S$SMINID" --mincov "SMINCOV"
"Sfna file" > "Sout file"
echo "Result saved to: Sout file"
fi
done

echo "All outputs saved in: $SCRIPT DIR"

# summarizing results
abricate --summary * resfinder.tab > resfinder summary.tab

Listing A2.6. Identification of Virulence Factors (VFs) with ABricate

#!/bin/bash

# ========== Configuration ==========

INPUT DIR="/home/../pangenome project/klebsiella pangenome/data k
lebsiella"

DB="vifdb"

MINID=90

MINCOV=90

REPORT NAME="result virulence.tab"

# Get path where this script resides
SCRIPT DIR="$ (cd "$(dirname "S{BASH SOURCE[O]}")" && pwd)"

echo "Starting virulence gene screening with Abricate wusing
database: $DB"

echo "Minimum identity: SMINID%, Minimum coverage: $MINCOVS"

echo "Scanning genome folders in: S$INPUT DIR"

echo "Output directory: SSCRIPT DIR"
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for folder in "SINPUT DIR"/*; do
if [ -d "Sfolder" ]; then
fna file=$(find "$folder" -maxdepth 1 -type f -name "*.fna" |
head -n 1)

if [ -z "S$fna file" ]; then
echo "No .fna file found in: $folder"
continue

fi

sample name=S$ (basename "S$Sfolder")
output file="$SCRIPT DIR/${sample name} SREPORT NAME"

echo "Screening $fna file"
abricate --db "$DB" --minid "SMINID" --mincov "$MINCOV"
"$fna file"™ > "Soutput file"
echo "Output saved to: Soutput file"
fi
done

echo "Virulence factor screening complete."

# summarizing results
abricate --summary * result virulence.tab > virulence summary.tab

Listing A2.7. Identification of viral sequences with VirSorter2

#!/bin/bash

# Directory that contains subfolders with FASTA files

INPUT ROOT="/home/../pangenome project/klebsiella pangenome/data
klebsiella"

OUTPUT ROOT="/home/../pangenome project/klebsiella pangenome/virs
orter results"

# Use all CPU cores

THREADS=S (nproc)

# VirSorter2 parameters
MIN SCORE=0.8

MIN LENGTH=10000
INCLUDE GROUPS="all"

# Create output directory if it doesn't exist
mkdir -p "SOUTPUT ROOT"

# Recursively find all .fasta files in subdirectories

find "SINPUT ROOT" -type f -name "*.fna" | while read fna; do
# Get unique name using relative path, replacing "/" with " "
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rel path=$ (realpath --relative-to="$SINPUT ROOT" "S$fna")
tag=${rel path//\//_ }

tag=${tag%.fna}

outdir="$OUTPUT ROOT/${tag} vir"

echo "Processing: $fna"

echo "Output: Soutdir"

virsorter run \
-w "Soutdir"™ \
-1 "Sfna" \
--include-groups "$INCLUDE GROUPS" \
-3 "STHREADS" \
—--min-score "SMIN SCORE" \
--min-length "S$MIN LENGTH"

if [ $? -eq 0 ]; then
echo "Completed: Stag"
else
echo "Failed: Stag"
fi
done

echo "All VirSorter2 jobs finished."
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ANNEX 3. PGGL and PGGS algorithms

Algorithm A3.1. Pangenome Gene Gain-Loss (PGGL) Algorithm

Input:

rooted, strictly bifurcating tree T with tip order L= (l,..,l,,), internal nodes
I, branch lengths ¥¢,>0, and edge E = {(u-v)}.

Binary presence-absence matrix P €{0,1}"*¢ (rows align to L, columns are
genes) .

Target state s*€{0,1} whose gains/losses are detected (default s*=1)
Threshold >0 for declaring events from probability changes (default 7=
0.05)

Output:

Long table R with one row per gene g and edge (u— v), containing parent/child
Ids and labels, gaing, €{0,1}, loss;, €{0,1}, and fitted rates (Ag Hy)

3.1

3.2.

PGGL(T, P, model="ARD", threshold=t, state=s*):
1. Align rows:
Ensure rows of P match the tip order L of T.

2. Precompute:
n « number of tips; m < number of internal nodes
all nodes « (labels for tips L) Il (string IDs for internal nodes)
R « empty table

3. For each gene g = 1..G:
. x < P[:, gl

If x is invariant (all 0 or all 1, ignoring missing): continue

Inlined CTMC gain-loss fitter with node posteriors
# States and parameters
S = {0,1}; nl =2
Parameterization:
if model=ER : p=(pl), g0l=pl, glO0=pl, k=1
if model=ARD : p=(pl,p2),q90l=pl, qglO=p2, k=2
BUILD Q(p) :
Q « [[_qul quJI
[ g10,-910]]
Ptrans (Q,t) = exp(Q-t) # eigen or generic matrix exponential
Dev (p) : # -2 log-likelihood via pruning with scaling
if any p r < 0 or non-finite: return +e
Q « BUILD Q(p)
Initialize conditional likelihoods L u € R"2:
for each tip u with observed x u:
Lu-=[1,0] if x u=0, L u=[0,1] if x u=1
for missing: L u=[1,1]
logS <« 0
Postorder over internal node a with children cl,c2 and lengths tl,t2:
vl « Ptrans(Q,tl) - L {cl}
v2 « Ptrans(Q,t2) - L {c2}

v <~ vl ® v2

S « ¥ s v[s]

La—-v/s

logS « logS + log(s)
Choose root prior m (stationary from Q or uniform [*s,3%])
logL « logS + log( & s m s - L root[s] )
return -2 -loglL

# Optimize

p0 « vector of 0.1 (length k)

P~ < argmin p Dev(p) subject to p 2 0

if Dev(p”) i1s non-finite: continue # skip gene on fitting failure
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# Rates for reporting
if model=ARD: (A, n) « (p°1l, p~2)
else : (A, 1) o« (pT, P

# Internal-node posteriors for state s* (upward values already in L u)
# Downward pass to get node marginals (standard upward-downward) :
# (store upward L u from final Dev pass)
Q" « BUILD Q(p")
For each edge a-c with length t (top-down order):
P « Ptrans(Q~, t)
# parent marginal M a X (m at root or previously computed at a)
# combine sibling info implicitly via upward L sibling:
# compute child marginal M ¢ « (M a - P) © (upward of c)
Normalize M c¢ to sum 1
After pass: obtain posterior m u(s) for all internal nodes u.

3.3. Build node probability wvector for target state s*
prob € R™{n+m}
For internal nodes u: prob[u] < m u(s¥*)
For tips t: prob[t] « 1 if x t = s* else O (or 0.5 if missing)

3.4. Edge-wise gain / loss calls by probability change
For each edge e=(u-v) in E:

A e « prob[v] - probl[u]

gain e « 1 if A e > +71 else O

loss e « 1 if A e < -1 else O

Append row to results dataframe:
(gene=g,
parent=u, child=v,
parent label=all nodes[u], child label=all nodes([v],
gain=gain e, loss=loss e,
lambda=A, mu=p)

4. Return R table.

Algorithm 3.2. PGGS (Pangenome Gene Selection) method for estimating selection pressure

in pangenome genes.

Input: rooted tree T with tip order L; binary matrix X € {0,1}"*¢
Output: table R with per-gene A, u, selections index, selection score, AICs, AAIC,
selection class
ALGORITHM: PGGS(T, X, min freq, max_freq):
1. Align rows to tips:
Ensure rows of X match the tip order L of T.
2. Filter informative, mid-frequency genes:
Ke { g€ {l..G} : variance(X[:,g]) > 0 A
min freq < (1/n) % i X[i,g] < max freq }.
3. Initialize empty result table R.
4. For each gene g € K do:
4.1 y — X[:,g] € {0,1}"n.
4.2 Define common CTMC machinery (used twice, ER and ARD):
(a) State space S={0,1}, nl=2.
(b) Given parameter vector p, build Q(p):
if model=ER: p=(pl); gO0l=glO=pl
if model=ARD: p=(pl,p2); gO0l=pl, glO0=p2
Q « [[_qul qu]l

[ 910,-q10]].
(c) Transition matrix P(Q,t) ~ exp(Q-t) # via eigendecomposition or
generic matrix exponential.
(d) Pruning deviance Dev(p) = -2 -logLik(p):
i. Initialize conditional likelihoods L u € R"2 at each node u:
if u is tip with observed y u: L u = [1,0] if y u=0 else [0,1];
if missing: L u = [1,1].
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ii. Postorder over internal node a with children cl,c2 and branch

lengths tl1,t2:

[*2,%2]) .

vl « P(Q(p), tl) - L {cl}
vZ2 « P(Q(p), t2) - L_{c2}
v <« vl ® v2
S « ¥ s v[s]
La<-v/s
accumulate logS <« logS + log(s)
iii. Choose root prior m (stationary: solve nQ(p)=0, Zn=1; or uniform

iv. logLik(p) « logS + log( X s m s - L root[s] ).
V. Return -2 -logLik(p) .

(e) Constrained optimization and Hessian SEs:
- Choose initial py (all 0.1 for each free rate), bounds p 2 0.
- p~ « argmin p Dev(p) subject to p 2 0 (generic bounded optimizer).
- If Dev(p”) is non-finite: mark fit as failed.
- loglL « -%-:Dev(p”).
- H « numerical Hessian of Dev at p~.
- If H invertible and well-conditioned:
SE < sqgrt(diag(H"{-1}));
else:
SE ~ (NaN,..,NaN) .

Fit ER model:
- model « ER; k ER « 1
- Run steps 4.2(b-e) - obtain (p” ER, logER, SE ER) or failure.

Fit ARD model:
- model « ARD; k ARD « 2
- Run steps 4.2(b-e) - obtain (p”~ ARD, logARD, SE ARD) or failure.

If either fit failed:
- Append NA row for gene g to R and continue to next g.

Read ARD rates:
- A« p” ARD[1] (g01)
- u < p° ARD[2] (gl0)

Information criteria and selection summaries:
- AIC ER « -2-logER + 2-k ER

- AIC_ARD « -2-10gARD + 2 -k _ARD

- AAIC ~ AIC ER - AIC ARD

- sel index « log(A/p)

- sel score « (A - u)/ (A + )

Class label:
- sel class «
NS if AAIC £ 2;
WS if 2 < AAIC < 4;
MS if 4 < AAIC < 10;
SS if AAIC > 10.
Append row to R table:
(gene=g, A, 1, sel index, sel score,
logLik ER=1ogER, logLik ARD=10gARD,
AIC ER, AIC ARD, AAIC, sel class).

Return R table.
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Figure A4.1. Gene gain-loss counts mapped on phylogenetic tree of MPKG dataset (meta-
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