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Abstract

Regarded as a cornerstone of prokaryotic innovation, the process of horizontal gene transfer (HGT)
drives genetic exchange between organisms and, in doing so, is widely believed to significantly enhance
the adaptability and evolutionary success of prokaryotes. HGT is associated with bacterial colonization
of diverse environments, from antibiotic-resistant pathogens in clinical settings to extremophiles
in harsh ecological niches. However, large-scale empirical studies of HGT’s role in environmental
adaptation remain limited, constrained by significant methodological challenges in accurately detecting
and validating transfer events. This cumulative thesis addresses both methodological issues and the
evolutionary significance of horizontal gene transfer.

Manuscript 1 systematically evaluates the performance of diverse HGT inference methods. By testing
whether HGT events inferred from real genomic data follow expected patterns, such as neighboring
genes being co-transferred on the same DNA fragment, we identify best practices for recovering
biologically realistic HGT events. Contrary to prevailing assumptions, our results demonstrate that
implicit phylogenetic approaches using gene presence-absence matrices outperform gene tree-based
and parametric sequence composition-based methods, yielding fewer false positives and thus more
meaningful biological inferences.

Based on these methodological insights, Manuscript 2 applies the best-performing HGT inference
technique to probe the relationship between HGT and environmental transitions at scale. By integrating
gene and ecosystem presence-absence data across a wide array of bacterial lineages, we reveal that
bacteria colonizing new ecosystems generally possess smaller genomes and undergo lower rates of HGT
— with both observations contradicting a priori expectations. The reduced HGT frequency is entirely
explained by genome size, with no independent effect of environmental change, challenging prevailing
ideas that genomic flexibility via increased HGT rates is essential.

In Manuscript 3, we investigate the evolutionary fate of transferred genes, uncovering a two-phase
process: rapid loss of most long-distance HGTs shortly after transfer, followed by persistence in the
remaining cases. Remarkably, a minority of bacterial genomes harbor the majority of inter-phylum
transfers. The retention of these genes is gene function-dependent, illustrating the swift and selective
nature of bacterial genome streamlining following HGT.

The final chapter, Chapter 5, synthesizes the main findings and explores their broader implications for
prokaryotic genome evolution. It discusses how the methodological and conceptual advances developed
in this thesis can inform future research, and proposes new directions for advancing our understanding
of horizontal gene transfer and genome dynamics in prokaryotes.

In sum, this dissertation demonstrates that the evolutionary success of bacteria hinges on the discerning
retention of functionally relevant genes and the efficient purging of superfluous ones — embodying a
“quality over quantity” principle at the genomic level. This same philosophy of “quality over quantity”
applies to the inference of horizontal gene transfer: methods grounded in limited but high-quality
information yield more precise and meaningful evolutionary insights than approaches that merely
maximize the information used for inferences. By developing and applying robust strategies for both
HGT detection and interpretation, this work provides essential conceptual and methodological advances

for the broader study of prokaryotic genome evolution.
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Chapter 1

Introduction

The dynamic nature of prokaryotic
evolution

Prokaryotic evolution is shaped by a variety of
mechanisms, with HGT believed to play a signif-
icant role in driving adaptation to new environ-
ments. HGT allows for the exchange of genetic
material between organisms, bypassing vertical in-
heritance. Recent estimates suggest that HGT is
highly prevalent in prokaryotes, with some studies
inferring at least one HGT event in nearly 75%
of gene families across diverse prokaryotic taxa
(Kloesges et al., 2011). While HGT is a common
phenomenon in prokaryotes, it is relatively rare in
eukaryotes, where gene duplication is the primary
mechanism for generating genetic diversity (Doolit-
tle, 1999; Martin, 2017); Conversely, duplications
are rarer than HGT in prokaryotes (Treangen and
Rocha, 2011; Tria and Martin, 2021).

HGT occurs through several mechanisms, includ-
ing transformation (uptake of free DNA), transduc-
tion (phage-mediated transfer), and conjugation
(cell-to-cell transfer), and can involve anything
from small DNA segments to multi-gene cassettes
(Arnold et al., 2022; Dilthey and Lercher, 2015;
Pang and Lercher, 2017, 2019). This prevalent and
mechanistically diverse process has far-reaching
consequences for bacterial genomes: it can obscure
phylogenetic relationships among genomes (Garud
et al., 2019) and enable rapid adaptation to new
niches even with just a few recombination events
(Frazdo et al., 2019).

In recent years, genomic studies have increasingly
focused on how HGT and selection interact to
shape bacterial evolution. Researchers now seek
not only to detect HGT, but also to identify which
transferred genes are adaptive in particular envi-
ronments (Bradley et al., 2018; Dmitrijeva et al.,
2024; Smillie et al., 2011) or to assess whether

pangenomes are shaped primarily by selection (An-
dreani et al., 2017; Vos and Eyre-Walker, 2017).
Uncovering such signatures of adaptive HGT is
key to understanding the evolutionary pressures
shaping prokaryotic populations and their genomic
diversity.

In this thesis, I address both the methodological
challenges of HGT inference and the conceptual
questions surrounding the role of HGT in prokary-
otic evolution. The findings reveal the importance
of quality over quantity in the contribution of HGT
to bacterial adaptation. Methodologically, simpler
methods using less — but more reliable — data
appear to be more reliable than more involved
approaches (Chapter 2). Environmental transi-
tions are not characterized by a flood of new genes
acquired via HGT, suggesting that a small num-
ber of additional genes is sufficient for adaptation
(Chapter 3). More generally, only a functionally
biased minority of the genes acquired via HGT are
retained in the recipient genomes (Chapter 4).

Methods and challenges in inferring
horizontal gene transfer

Central to the study of HGT in is its identification
from genomic data. Outside of controlled exper-
imental settings, HGT can be detected through
methods that fall into two main categories: para-
metric and phylogenetic approaches (Ravenhall et
al., 2015). Parametric methods search for genes
with unusual sequence composition, such as GC
content or codon usage, compared to the host
genome. These approaches can miss events be-
tween closely related taxa and are less effective for
older transfers, as sequences gradually adapt to
the host background.
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Phylogenetic methods use evolutionary relation-
ships to infer transfer events. Explicit approaches
compare gene trees with species trees to detect
discordant patterns, while implicit approaches an-
alyze patterns of gene presence or absence across
a species phylogeny. Explicit methods can infer
both donor and recipient but are sensitive to gene
tree reconstruction errors. Implicit methods are
faster and avoid gene tree errors but typically iden-
tify only the recipient lineage. All phylogenetic
methods assume an underlying species tree, which
may not be well-defined in the presence of fre-
quent transfer events. For a comprehensive review
of HGT inference methods, see Ravenhall et al.
(2015).

Given the importance of HGT in prokaryotic evo-
lution, robust methods for its inference are essen-
tial. Inference methods are, however, difficult to
validate. HGT signals are often obscured by subse-
quent gene loss and sequence amelioration, making
reliable validation possible only for very recent
events, typically observed in laboratory experi-
ments. Such experiments, however, cannot capture
the breadth of HGT seen over longer timescales, in-
cluding transfers between distant lineages (Cordero
and Hogeweg, 2009; Sheinman et al., 2021). While
data resampling can measure robustness, it does
not address the suitability of model assumptions
(Felsenstein, 2003).

As a result, most HGT inference methods rely on
simulated data for validation. Simulations offer
a controlled setting and a known ground truth,
allowing systematic assessment of method perfor-
mance and sensitivity. Nevertheless, simulation
outcomes are shaped by their underlying assump-
tions, which may not fully reflect biological realities
and can bias results (Feyerabend, 1993). For ex-
ample, simulations might treat genes as indivisible
units, overlook intragenic changes or population
dynamics, or ignore unsampled taxa. Furthermore,
inference methods may perform well on simula-
tions designed with similar assumptions, limiting
their ability to generalize to real data (Kapust
et al., 2018). Few methods have been tested and
compared using shared simulation frameworks or
empirical data.

In Chapter 2, we benchmark widely used HGT in-
ference methods by evaluating how well they match
expected patterns in empirical data. We focus on
the observation that genes co-transferred in a sin-
gle HGT event enter the recipient genome together
on the same DNA fragment and tend to remain
adjacent immediately after transfer (Dilthey and
Lercher, 2015; Pang and Lercher, 2017). Although
genomic rearrangements may eventually separate
these genes, many co-transferred pairs should still
be physically close in present-day genomes. If a
method infers a higher proportion of neighboring
gene pairs as having been acquired simultaneously
(for example, on the same branch of the species
tree), it is less likely to identify false-positive HGT
events. This expectation underlies our comparative
approach.

While it might seem that methods using explicit
gene tree reconciliation methods utilize more in-
formation and therefore would outperform others,
our results show that implicit phylogenetic meth-
ods actually recover more biologically meaningful
HGT events and exhibit lower false positive rates
than either explicit phylogenetic or parametric
approaches. The reason gene tree-reconciliation
methods perform poorly is likely due to their sen-
sitivity to gene tree reconstruction errors (Than
et al., 2008, 2007), which can lead to false positive
HGT inferences. Inference methods therefore need
to balance the use of available information with
robustness to noise. This also means that for bet-
ter HGT inferences, one important approach can
be to improve gene tree reconstruction methods,
which I touch upon in Chapter 5.

Conceptual questions regarding
acquisition or loss of genetic
material in bacterial evolution

Bacteria often adapt to new habitats such as the
gut, skin, fungal partners, and marine plastics
(Caruso, 2020; Lieberman, 2022; Richter et al.,
2024; Zheng et al., 2020). These transitions impose
new selection pressures and population bottlenecks
that reshape genomes. Large genomes can ease



transitions by offering a wider functional "toolbox"
(Maslov et al., 2009; Szappanos et al., 2016) and
more homologous landing pads for incoming DNA
via HGT (Taylor et al., 2024). Small genomes
tend to reflect niche specialisation and reduced
flexibility (Serra Moncadas et al., 2024). Mean-
while, HGT supplies ready-made genes or operons
that accelerate adaptation (Arnold et al., 2022; P4l
et al., 2005; Pang and Lercher, 2019), and environ-
mental change may raise both the benefit and the
opportunity for transfer (Dmitrijeva et al., 2024;
Engelstadter and Moradigaravand, 2014). Labora-
tory studies confirm bursts of HGT under stress,
mainly for antibiotic-resistance genes in limited
bacterial species (Acar Kirit et al., 2020; Dadeh
Amirfard et al., 2024; Goh et al., 2024; Woods et
al., 2020), yet large-scale studies are non-existent,
leaving genome-wide patterns poorly resolved. Fur-
thermore, studies on sets of closely related species
indicate that the retention of newly acquired genes
is often transient; empirical studies indicate that
the majority of horizontally transferred genes are
rapidly lost following their acquisition (Hao and
Golding, 2006; Lerat et al., 2005; Puigbo et al.,
2014). However, it is unclear if this pattern of
rapid initial loss holds generally across bacteria.

These observations raise fundamental questions
about the interplay between genome architecture,
environmental transitions, and evolutionary adap-
tation. How do population bottlenecks and shifting
selection pressures alter the evolutionary trajecto-
ries of bacterial lineages during habitat transitions?
Which specific genomic characteristics enable some
bacteria to successfully colonise new environments
while others fail? To what extent does HGT con-
tribute to adaptation during these ecological shifts,
and how do the competing dynamics of gene ac-
quisition and gene loss together sculpt prokaryotic
genome evolution over time?

We address these issues in Chapter 3 and Chap-
ter 4. Chapter 3 investigates the relationship be-
tween HGT and environmental transitions at scale,
applying the most reliable inference methods iden-
tified in Chapter 2.
bacteria colonising new habitats typically possess

Contrary to expectations,

smaller genomes and exhibit lower HGT rates.

Once genome size is controlled for, environmen-
tal transitions show no additional effect on HGT
frequency. These findings suggest that genomic
streamlining, rather than expanded gene reper-
toires, facilitates successful ecological transitions,
prompting a fundamental reassessment of HGT’s
role in bacterial adaptation. In a complementary
analysis, Chapter 4 examines the evolutionary fate
of horizontally acquired genes, revealing a biphasic
pattern of gene retention and loss. Inter-phylum
HGT events are rare overall but concentrate in a
subset of bacterial lineages, where they undergo
rapid initial purging followed by much slower sec-
ondary loss. This selective retention process high-
lights how bacterial genomes maintain only those
horizontally acquired functions that provide lasting
adaptive value, further supporting the importance
of genome streamlining in bacterial evolution.

Finally, in Chapter 5, I summarise the main find-
ings of this dissertation and discuss their implica-
tions for our understanding of prokaryotic genome
evolution. I highlight the issues of methodological
validation and HGT inference and the questions
raised by the counter-intuitive findings presented
in this thesis as directions for future research.
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Chapter 2

Horizontal Gene Transfer Inference:

Gene presence-absence outperforms gene trees

This section consists of an article that has been published in Molecular Biology and Evolution, Volume
42, Issue 7, July 2025, msaf166, hitps://doi.org/10.1093/molbev/msaf166.

The article contains references to supplementary materials available online, which are included at the
end of this chapter.

I designed the study, performed the analyses, and drafted the manuscript.
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Abstract

Horizontal gene transfer is a fundamental driver of prokaryotic evolution, facilitating the acquisition of novel traits and adaptation to new
environments. Despite its importance, methods for inferring horizontal gene transfer are rarely systematically compared, leaving a gap in our
understanding of their relative strengths and limitations. Validating horizontal gene transfer inference methods is challenging due to the
absence of a genomic fossil record that could confirm historical transfer events. Without an empirical gold standard, new inference methods
are typically validated using simulated data; however, these simulations may not accurately capture biological complexity and often embed
the same assumptions used in the inference methods themselves. Here, we leverage the tendency of horizontal gene transfer events to
involve multiple neighboring genes to assess the accuracy of diverse horizontal gene transfer inference methods. We show that methods
analyzing gene family presence/absence patterns across species trees consistently outperform approaches based on gene tree-species tree
reconciliation. Our findings challenge the prevailing assumption that explicit phylogenetic reconciliation methods are superior to simpler
implicit methods. By providing a comprehensive benchmark, we offer practical recommendations for selecting appropriate methods and
indicate avenues for future methodological advancements.

Keywords: horizontal gene transfer, HGT inference, gene presence—absence profiles, reconciliation models, implicit phylogenetic methods, explicit

phylogenetic methods

Introduction

Horizontal gene transfer (HGT) is recognized as a major driv-
ing force in the evolution of prokaryotes. (Arnold et al. 2021)
However, the inference of HGT events is challenging, since
HGT is commonly followed by other evolutionary processes
such as sequence amelioration and gene loss. In the best-case
scenario, HGT events can be traced between closely related ge-
nomes in lab evolution experiments to validate HGT infer-
ences. This limits any rigorous validation of HGT inference
methods to only extremely recent HGT events. However, on
longer timescales, transfers occur frequently even between dis-
tantly related organisms (Cordero and Hogeweg 2009;
Sheinman et al. 2021), something that laboratory evolution
experiments cannot replicate. Although one can test the ro-
bustness of the HGT inference methods, for example by data
resampling, that does not validate the model choices made
during the inference process (Felsenstein 2003).

As a result of these challenges, HGT inference methods are
typically validated using simulated data. Simulated data offers
key advantages over empirical data for method validation: it
provides a known ground truth and allows direct assessment
of robustness and sensitivity by varying parameter values or
violating specific assumptions. However, simulations are based
on a set of assumptions about the evolutionary process, poten-
tially biasing their results in comparison to real data—even if
these assumptions are accepted principles or “natural interpre-
tations” of the community (Feyerabend 1993). Examples of
potentially biasing assumptions are: considering genes as evo-
lutionary units, ignoring intragenic rearrangements; neglecting

population-level processes such as drift; assuming that sites
evolve independently from each other and from structural con-
straints; and ignoring extinct or unsampled species. Using sim-
ulations to compare different HGT inference methods is
complicated by the differences in assumptions made by each
method: a particular method will perform well in the simulated
world designed for it. The vast majority of methods, when pub-
lished, have not been tested on a common reference set of simu-
lated data, nor have they been compared to one another.
Moreover, methods not tested in the real world may fail to cap-
ture real-world complexities (Kapust et al. 2018). It is thus
valuable to validate and compare methods based on their per-
formance on the same empirical data set.

In the following, we develop a comparative analysis of HGT
inference methods using genomics data. Our goal is to provide
an approximate ranking of HGT inference methods, delineat-
ing which methods infer results that are meaningful in a given
biological context, as well as to have a nuanced view of how
these methods compare to each other.

HGT inference methods can be broadly classified into two
categories: parametric (or sequence composition) methods
and phylogenetic (or tree-based) methods (Ravenhall et al.
2015).

Parametric methods operate under the assumption that the
sequence composition of the transferred gene differs between
the donor and recipient organisms. Sequence features of a gen-
ome, such as GC content, codon usage, and oligonucleotide
frequencies, are often analyzed. However, they are limited in
their effectiveness when the donor and recipient are closely
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related and thus have similar sequence features, or when deal-
ing with ancient HGT events where enough time has passed
for the acquired nucleotide sequence to evolve to the sequence
features of the host genome (sequence amelioration).

Phylogenetic methods, in contrast, analyze sets of sequences
by leveraging phylogenetic trees. These methods can be cate-
gorized into explicit and implicit approaches.

Explicit phylogenetic methods compare the branching pat-
terns (topologies) of gene trees, which show the history of in-
dividual genes, with species trees, which show how species are
related based on vertical inheritance. When the topology of a
gene tree deviates from that of the species tree, such discrepan-
cies can not only indicate the occurrence of an HGT event, but
also help infer the direction of transfer — identifying both the
likely donor and recipient species. For example, imagine a
gene tree where a gene from species A is very similar to genes
from a distant clade that contains species B. This mismatch
suggests that species A likely received the gene from the lineage
of species B through HGT. In the simplest case of a single HGT
event, the method reconciles the gene tree with the species tree
by introducing a horizontal branch connecting the donor and
recipient lineages. However, in bacterial evolution we often
need to consider multiple events of duplication, transfer, or
loss (DTL) to fully explain the observed differences between
gene and species trees, and there may be several plausible rec-
onciliation scenarios for any given pair of trees. The frequency
with which a particular DTL event appears across these scen-
arios reflects the confidence of the method in that inferred
event. For example, a transfer event that appears in 90% of
the reconciliations indicates a high confidence in that event.
Among explicit methods, tools such as RANGER-DTL
(Bansal et al. 2018) and ALE (Szollosi et al. 20125 Szolldsi
et al. 2013) use a maximum likelihood (ML) framework to es-
timate the rates of duplication, transfer, and loss events that
best explain the observed gene and species trees. These meth-
ods optimize DTL rate parameters to maximize the overall
likelihood, and then sample reconciliation scenarios probabil-
istically according to these rates. In contrast, methods like
AnGST (David and Alm 2011) operate within a maximum
parsimony (MP) framework, inferring DTL events by minim-
izing a cost function for each type of event.

Implicit methods avoid such a direct comparison and hence
do not require a gene tree. Instead, they aim to infer the gene
gain and loss events that explain the observed gene distribu-
tion across genomes in a genome tree. BLAST-hit methods
such as DLIGHT (Dessimoz et al. 2008) find very similar
gene sequences in distantly related organisms. Methods based
on phyletic patterns such as GLOOME (Cohen et al. 2010)
and Count (Cslios 2010) use a statistical framework instead.

Since implicit phylogenetic methods do not require a gene
tree, they are faster to execute and are not compromised by
the potential inaccuracies of gene tree reconstruction.
However, unlike explicit methods, they can only infer the
gain or loss of a gene in a given recipient branch of the species
tree, without providing information about the donor of the
gene. Additionally, one can save time by not estimating a spe-
cies tree beforehand and instead let for example GLOOME in-
fer the species tree topology based on the phyletic pattern
itself, even if this may result in a less accurate tree topology.
Note that all phylogenetic inference methods assume the exist-
ence (and correctness) of a species tree describing purely verti-
cal inheritance; however, such a species tree may not always be
well defined, especially in cases of highly reticulate evolution.

Mishra & Lercher - https://doi.org/10.1093/molbev/msaf166

For a more comprehensive review of HGT inference meth-
ods, we refer the reader to Ravenhall et al. (2015).

Although phylogenetic methods offer valuable insights,
they are not without limitations. Unrecognized paralogy re-
sulting from duplication followed by loss can be misinter-
preted as HGT. Furthermore, tree reconstruction errors,
particularly in gene trees, can lead to false HGT inferences
(Than et al. 2007). However, with increases in computing
power, studies on HGT have increasingly used phylogenetic
methods, not least because they are not compromised by se-
quence amelioration and can thus infer older HGT events
than parametric methods.

Parametric methods were developed first and have been
benchmarked elsewhere (Becq et al. 2010), with oligonucleo-
tide signature-based methods found to outperform alternative
approaches. We thus use an oligonucleotide signature-based
method, Wn (Tsirigos and Rigoutsos 2005), as a representa-
tive parametric method for our benchmark, and focus primar-
ily on the comparison of phylogenetic methods. Explicit
phylogenetic methods included in our study are ALE,
RANGER-DTL, and AnGST. For RANGER-DTL, in addition
to the full version, we also include a heuristic “fast” version
that samples a smaller space of optimal reconciliations.
Implicit methods included in our study are GLOOME and
Count, two phyletic pattern-based methods. GLOOME and
Count were each run with both ML and MP settings. With
GLOOME, each of those were also run with and without an
input species tree. Unless stated otherwise, we refer to
GLOOME (ML or MP) as versions with an input species tree.

Our selection of HGT inference methods for the benchmark
aims to provide a comprehensive overview of different
state-of-the-art methods. We preferentially include methods
that are widely used by the community and have user-friendly,
publicly available implementations. There are many other
methods that have not been included in this study. These in-
clude methods that have no publicly available implementa-
tions of the algorithm (e.g. DLIGHT Dessimoz et al. 2008);
methods that cannot handle modern large datasets with mul-
tiple genes of the same gene family in a taxon (especially
subtree-prune-and-regraft based methods, e.g. RIATA-HGT
(Nakhleh et al. 2005), SPRIT (Hill et al. 2010), EEEP (Beiko
and Hamilton 2006)); methods that focus on the presence of
HGT in the evolution of a gene but not on the inference of ex-
act transfer events (e.g. JPrime (Sjostrand et al. 2014); and
additional methods discussed in Poptsova 2009).

Here, we benchmark the selected methods by evaluating
how well they reproduce expected patterns in empirical
data. Specifically, we expect that genes transferred together
in a single HGT event often arrive on the same DNA fragment
and initially remain neighbors in the recipient genome. Over
time, genomic rearrangements may separate them, but a sub-
stantial fraction should still be found close together in extant
genomes. Thus, if we find a higher percentage of neighboring
gene pairs among the genes inferred by a given method to have
been acquired around the same time (i.e. on the same branch
of the species tree), this method likely captures true HGT
events more reliably than alternative methods. This principle
forms the core of our comparative analysis.

Although intuitively, the usage of explicit gene tree informa-
tion may seem to be an advantage, our findings indicate that
implicit phylogenetic methods infer more biologically mean-
ingful HGT events than explicit phylogenetic methods or
parametric methods, having a lower false positive rate.
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Results

For our benchmark of HGT inference methods, we used the data-
set of orthologous gene families in Gammaproteobacteria in the
EggNOG database v6 (Herndndez-Plaza et al. 2023). EggNOG
terms these gene families non-supervised orthologous groups, or
NOGs. We focused on the 359 Gammaproteobacterial taxa in
EggNOG that are featured in the tree of life provided by
ASTRAL (Zhu et al. 2019); we used the subtree with these taxa
as the input genome tree for the phylogenetic methods. We then
sampled a representative set of 1286 gene families (NOGs) that
occur in at least 10 of these taxa. We obtained the corresponding
gene trees from EggNOG, rooting them using Minimum Ancestor
Deviation (Tria et al. 2017), which has been shown to be more ac-
curate than other rooting methods (Wade et al. 2020). We used
these gene families to infer HGT events using each of the tested
methods.

For each method, one can restrict the set of HGT inferences
to the most reliable ones, either by modifying an input param-
eter (the gain/loss penalty ratio for Count (MP) and
GLOOME (MP)) or by removing inferences labeled by the in-
ference method as less reliable (e.g. based on the frequency of
gain events across reconciliation models by ALE). In this way,
each method’s number of HGT inferences can be varied, with
lower numbers corresponding to higher “stringency”, i.e.
more reliable inferences. Because each method quantifies con-
fidence differently, these thresholds are not directly compar-
able across methods. To enable fair comparisons, we instead
use the numbers of inferred co-acquired gene pairs as common
reference points at which we compare the methods.

For the explicit phylogenetic methods, we defined stringency
as the mean number of transfers inferred per reconciliation
model. In GLOOME (ML) and Count (ML), we used the min-
imum posterior probability of gene gain events as the strin-
gency. For GLOOME (MP) and Count (MP), we use the
gain/loss penalty ratio as the stringency parameter. In the para-
metric method Wn, we fixed the oligonucleotide window size to
8 and defined stringency as the ratio of absolute deviation to the
median absolute deviation (MAD; see Methods for details).

Implicit and Explicit Methods Infer Very Different
Sets of HGT Events

To assess similarities and differences in the sets of HGT events
inferred by each method, we first clustered the methods based
on the similarity between pairs of these sets. As a similarity
measure, we used the Overlap Coefficient, which is the ratio
of the size of the intersection to the size of the smaller set in
the pair. Because for each method the set of infered HGT
events can expand or contract massively by changing the strin-
gency, we measured similarities as the maximum possible
Overlap Coefficient across all possible pairs of thresholds.

As expected, the explicit phylogenetic methods (ALE,
RANGER, AnGST) cluster together, as do the implicit phylo-
genetic methods (GLOOME, Count) (Fig. 1). The biggest dif-
ferences in terms of inferred HGT events are seen between
explicit and implicit phylogenetic methods. The parametric
method Wn clusters with the implicit phylogenetic methods.
Note that the maximum Overlap Coefficient between all the
implicit methods is 1 (or very close to 1 when involving
GLOOME ML and MP without a species tree), i.e. for each
pair of methods, there are thresholds such that one set of
HGT inferences is a subset of the other. The same is true for
ALE and AnGST.

GLOOME (ML)

GLOOME (MP)

GLOOME (MP) }—‘
Count (ML)
Count (MP)

GLOOME (ML)

.0

ALE

AnGST

RANGER

RANGER-Fast

0.2 04 06 0.8
1 - maximum Overlap Coefficient

0

Fig. 1. Clustering analysis of the inferred sets of HGT events. Shown
here is a UPGMA dendrogram of the tested methods based on their
maximum Overlap Coefficient. Overlap Coefficient is the ratio of the size
of the intersection to the size of the smaller set (of inferred HGT events)
in the pair of methods. Maximum Overlap Coefficient is the maximum of
this metric across all stringencies of any pair of methods. This is a
similarity measure between 0 and 1, and 1 minus this value is used here
as a distance measure. Red: implicit phylogenetic methods. Blue: explicit
phylogenetic methods. Yellow: parametric method Wn. To enhance
clarity, a power transformation with exponent 0.6 was applied to the
x-axis, spreading apart internal nodes that would otherwise appear too
close to zero. a: GLOOME without species tree.

Supplementary fig. S1, Supplementary Material online con-
firms the very low overlap between implicit and explicit phylo-
genetic methods shown in Fig. 1. Within these two groups, we
generally see relatively low overlap coefficients at higher strin-
gencies but strong overlaps at low stringencies. This indicates
that high-confidence inferences tend to be different even across
similar methods, while for low-confidence inferences, one set
of inferences tends to be a subset of the other for any pair of
methods from the same class (implicit or explicit).

Implicit Phylogenetic Methods Infer a Higher
Percentage of Co-acquisitions as Neighbors

When a method infers that two genes from different families
were acquired on the same terminal branch of the genome
tree, we refer to them as co-acquisitions. If both genes are
also inferred to originate from the same donor branch, we
call them co-transfers. These terms do not imply that the genes
were acquired in a single HGT event. However, some such
pairs likely indeed stem from the transfer of a single DNA frag-
ment containing multiple adjacent genes, which would initial-
ly remain neighbors in the recipient genome (Dilthey and
Lercher 2015; Pang and Lercher 2017). While independent
transfers could also result in neighboring genes by chance,
this is expected to be rare, as quantified below.

We do not know in advance how often true co-acquired
gene pairs are the result of single HGT events, and how often
they should still be neighbors. However, if one method finds a
much higher fraction of neighboring co-acquisitions than an-
other, this is unlikely to be the result of chance—instead, it
suggests a lower rate of false-positive inferences by the first
method.

For each method, the number of inferred co-acquisitions
varied based on the stringency used for each inference method.
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As we decrease the stringency, the number of co-acquisitions
inferred by ALE, Wn, Count, and GLOOME (ML) varies
from about 100 to 5 x 10°. In contrast, GLOOME (ML, with-
out tree), and RANGER infer much higher numbers of co-
acquisitions in general, varying from about 2 x 10* to 10°
(supplementary fig. S2b, Supplementary Material online).
For a fair comparison, the percentage of neighbors should
be compared at comparable levels of stringency, i.e. at the
same number of inferred co-acquisitions.

The percentage of co-acquisitions in which the co-acquired
gene pairs are separated by zero or one intervening gene is not-
ably high, but this percentage declines sharply as the number
of intervening genes increases (supplementary fig. SS,
Supplementary Material online). For the main text, we define
two genes as neighbors if they are separated by at most one
other gene. supplementary table S1, Supplementary Material
online summarizes the results for other values of the maximum
number of intervening genes.

At any given number of co-acquisitions—i.e. any given level
of stringency—the implicit phylogenetic methods Count (ML
or MP) and GLOOME (ML or MP) almost always infer a
higher percentage of neighboring co-acquisitions than the ex-
plicit phylogenetic methods or Wn (Fig. 2, Table 1). For ex-
ample, at 103 co-acquisitions, Count (MP) infers >8 times
the number of neighboring co-acquisitions inferred by ALE.
Count and GLOOME make the exact same inferences with
the MP approach. Across stringencies, they outperformed all
other methods, with GLOOME (ML) taking second place ex-
cept at the most stringent thresholds. GLOOME and Count
rely solely on the presence and absence of genes across the gen-
ome tree.

If one or both genes inferred to have been co-acquired by a
given method are false inferences, or if they result from inde-
pendent HGT events, there is no reason to expect them to be
genomic neighbors. Indeed, the expected percentage of
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Fig. 2. Count (MP) and GLOOME (MP) outperform other methods at
inferring neighboring co-acquisitions. The y-axis shows the percentage of
neighboring co-acquisitions inferred. Higher stringencies of individual
methods are expected to lead to fewer false positive predictions; to
make results comparable across methods, the x-axis indicates the
number of co-acquisitions. Additional methods are shown in
supplementary fig. S2b, Supplementary Material online.
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neighboring pairs among randomly located genes is very
low—typically between 0.09% and 0.18%, with most values
around 0.13% (supplementary fig. S2a, Supplementary
Material online). Correcting for this background expectation
does not alter the results.

It appears likely that gene trees are more accurate when they
are based on more sequence information, that is, for longer
gene sequences. As expected, methods that utilize the gene
tree information perform slightly better on longer genes
(supplementary fig. S3, Supplementary Material online); how-
ever, the explicit phylogenetic methods still infer lower percen-
tages of neighboring co-acquisitions compared to the
well-performing implicit methods. In sum, the use of gene trees
appears to lead to a higher fraction of false-positive HGT
inferences.

Gene acquisitions inferred on short terminal branches of the
species tree must be (relatively) recent, while gene acquisitions
inferred on long terminal branches can be recent, but can also
be much older. Thus, we expect that the events inferred for
short branches are on average younger than those inferred
for long branches. As shown in supplementary fig. S4,
Supplementary Material online, method performance ranking
varies little with branch length, suggesting that our results gen-
eralize across phylogenetic depths.

With GLOOME, one can also infer HGTs without provid-
ing a species tree, in which case the method will infer a tree
topology that is most consistent with the phyletic patterns.
Without an input species tree, GLOOME consistently per-
forms worse, inferring lower percentages of neighboring co-
acquisitions, than the corresponding case of ML or MP with
an input species tree (Fig. 3)

We note here that given the small percentages of neighbor-
ing co-acquisitions, one must be cautious in interpreting the
results. For example, in supplementary fig. S2b,
Supplementary Material online, the observed percentage of
neighboring co-acquisitions for several methods (e.g. Count
(ML), Wn) increases from 0.5% to 1% when we go from
about 200 co-acquisitions to 100 co-acquisitions. This means
that the same, single neighboring co-acquisition is inferred by
the respective method, but the total number of co-acquisitions

Table 1 Count (MP) infers a higher percentage of neighboring
co-acquisitions

Method Mean std Max Stringency
Count (MP) 1.893 1.554 4.737 7.000
GLOOME (MP) 1.893 1.554 4.737 7.000
GLOOME (ML) 1.076 0.491 1.920 0.956
Count (ML) 0.896 0.523 2.600 1.000
GLOOME (MP) a 0.896 0.409 1.376 8.000
GLOOME (ML) « 0.499 0.119 0.711 1.000
Wn 0.470 0.489 1.613 13.000
ALE 0.452 0.158 0.750 0.770
AnGST 0.337 0.000 0.337 1.000
RANGER-Fast 0.334 0.001 0.336 1.000
RANGER 0.319 0.036 0.409 1.000

Shown here are the mean, standard deviation, and maximum of the
percentage of neighboring co-acquisitions, as well as the stringency at which
the maximum occurs. This table shows only # =1, where ¢ is the maximum
number of intervening genes between two co-acquired genes to be considered
neighbors. supplementary table S1, Supplementary Material online shows
the same for other values of . Methods using presence—absence outperform
the others for all tested values of ¢, with Count (MP) leading among them.
Methods such as ALE or Wn have lower variation across their stringencies
and low mean percentages of neighboring co-acquisitions. o : GLOOME
without species tree
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Fig. 3. GLOOME performs worse when run without a species tree.
Shown here is the percentage of neighboring co-acquisitions inferred by
GLOOME (ML) and GLOOME (MP) with and without a species tree (the
latter is shown in red and marked with a a).

inferred is halved. Such effect of small numbers greatly affects
the apparent performance of the methods. This type of effect
also explains why the parametric method Wn, which generally
performs worse than all other methods, appears to improve in
performance at very high stringencies (Fig. 2).

The explicit phylogenetic methods in our analysis—ALE,
RANGER, and AnGST—also provide information on the do-
nors of the acquired genes. Genes acquired on the same branch
of the genome tree could originate from the same donor or
from different donors. We have no strong a priori expectation
about the relative probability of these two types of events.
However, it appears unlikely that a method would infer the
same donor just by chance. Thus, if we see notable differences
between methods in the fraction of inferred co-acquisitions
that are also inferred to be co-transfers, then this indicates a
posteriori that (i) some co-acquisitions are indeed co-transfers
and that (ii) the method inferring a higher fraction of co-
transfers has a lower false-positive rate. Thus, just like for
neighboring co-acquisitions, we also expect that more reliable
methods should infer more co-transfers among co-
acquisitions; further, they should also infer more neighboring
co-transfers among co-acquisitions.

Where results are available for both explicit phylogenetic
methods, RANGER almost always infers higher percentages
of co-transfers among co-acquired genes than ALE (Fig. 4a).
At increasing stringencies for ALE — where no RANGER re-
sults are available—ALE infers higher percentages of co-
transferred genes.

In terms of the inferred percentage of co-transferred neigh-
bors among co-acquisitions, RANGER and ALE perform
similarly (Fig. 4b). The results for ALE at higher stringency —
where we have no data from RANGER—can again be attrib-
uted to the effects of small numbers. Given that the perform-
ance of the two methods in this test is similar, one may
choose ALE over RANGER simply because it is faster to
run. In our analyses, ALE finished running on the dataset using
100 threads in ~ 18 min, whereas RANGER took ~ 4.5 h.

AnGST and RANGER-Fast, while faster, perform much
worse: they consistently infer very similar percentages of co-
transferred genes and co-transferred neighbors, which are sub-
stantially lower than those inferred by ALE and RANGER.

At relatively high stringencies (<10* co-acquisitions), ALE
infers a relatively large proportion (>13%) of gene pairs as co-
transfers (Fig. 4a). According to Fig. 4b, only about 0.2% of
co-acquired gene pairs are co-transferred neighbors at this
stringency. This indicates that only about 1.5% (i.e. 0.2%/
13%) of co-transferred genes are neighbors. This low fraction
is roughly consistent with Fig. 2, where about 0.5% of gene
pairs inferred by ALE to be co-acquired are neighbors. The
low fraction of neighbors indicates that the majority of what
we call co-transfers (and, consequently, also co-acquisitions)
are the result of independent HGT events. Importantly, that
does not invalidate our basic assumption: that a higher frac-
tion of inferred neighboring co-acquisitions (or co-transfers)
indicates that the corresponding inference method is more re-
liable. Instead, it just emphasizes that a perfect inference meth-
od would not predict that 100% of co-acquisitions are
neighbors.

Discussion

The present study is the first systematic comparison of phylo-
genetic methods for inferring HGT. Our analysis reveals sev-
eral important insights that can guide the choice of method
for HGT inference in a given biological study.

Implicit phylogenetic methods, which rely solely on phylogen-
etic profiles, more accurately capture the spatial clustering of
horizontally transferred genes in recipient genomes compared
to explicit phylogentic methods. The latter infer HGT events
from topological conflicts between gene and species trees, mak-
ing them vulnerable to gene tree reconstruction errors that can
inflate false positive rates for acquisitions and co-acquisitions.
The idea that gene tree noise undermines the reliability of expli-
cit methods is supported by the slight performance increase of
the explicit phylogenetic methods for long compared to short
genes (supplementary fig. S3, Supplementary Material online).
This aligns with earlier studies showing that statistical errors
in gene tree reconstruction can cause topological incongruities
with species trees, leading to spurious HGT inferences.
Including low-confidence branches exacerbates this problem, in-
creasing false positive rates (Than et al. 2007, 2008). In contrast,
implicit methods bypass sequence-level reconstruction and in-
stead rely on gene family assignments, which are considerably
less error-prone.

It is surprising to find that the maximum parsimony ap-
proaches (of Count and GLOOME) perform on par or often
better than their maximum likelihood counterparts, given
that maximum likelihood is often considered a superior ap-
proach, e.g. in phylogeny reconstruction (Gadagkar and
Kumar 2005). The difference between the two versions of
Count is larger when the stringency is higher. The strong in-
crease in the percentage of neighboring co-acquisitions indi-
cates that the strategy of increasing Count (MP)’s stringency
by increasing the gain/loss penalty ratio works well, leading
to fewer, but more accurate HGTs. In contrast, increasing
the stringency of maximum likelihood inferences by selecting
events with increasingly higher inferred posterior probabilities
appears to be less effective. Future work should explore alter-
native ways to vary the stringency of maximum likelihood
inferences.
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Fig. 4. RANGER performs better or similar to ALE at inferring co-transferred genes and co-transferred neighbors. At lower stringency, RANGER infers
higher a) percentages of co-transfers and b) percentages of co-transferred neighbors than ALE. Although at higher stringency, ALE generally makes better
inferences, it is either similar to RANGER or the performance can not be compared as no data from RANGER is available. AnGST and RANGER-Fast

generally provide much worse inferences than ALE and RANGER. Note that only explicit phylogenetic methods are shown here, since other methods do

not provide information about the source of transfer.

Among tree reconciliation methods, RANGER and ALE
generally performed better or similar to the others at inferring
co-transfers and co-transferred neighbors. Given that ALE is
aware of extinct taxa (Szollosi et al. 2012), it is surprising
that it does not perform better than RANGER where results
are available for both.

Our methodology is—at least in principle—biased in favor
of Wn, the only sequence composition-based method included
in our study. Wn is based on oligonucleotide frequencies,
which may differ systematically across genomic regions.
Accordingly, we may expect Wn to often flag neighboring
genes as co-acquisitions, regardless of whether they were in-
deed the result of HGT. Despite this bias, Wn still performs
worse than the phylogenetic methods tested.

Keeping these results in mind, we recommend the use of the
implicit phylogenetic methods Count or GLOOME to identify
horizontal gene acquisitions. In particular, the MP versions of
Count and GLOOME outperform all other methods in identi-
fying neighboring co-acquisitions, especially at higher strin-
gencies (gain/loss penalty ratios 4 to 7; Fig. 2). If inferring
the donor of HGT events is a requirement, explicit phylogen-
etic methods must be used. In this case, both ALE and
RANGER are adequate choices, although ALE is computa-
tionally more efficient than RANGER. ALE can be made
more stringent than RANGER by choosing a high stringency
(>0.86 transfers per reconciliation model). At this level of
stringency, its inferences are the most reliable among all tested
scenarios for explicit methods, as indicated by the highest per-
centages of neighboring co-acquisitions or co-transfers
(supplementary fig. S2¢, Supplementary Material online). On
that note, for any method used, we generally recommend using
a minimum stringency (see Table 1) and focus on a subset of
reliable HGT inferences.

Although Gammaproteobacteria are a well-studied and di-
verse bacterial clade, these findings might vary for other data-
sets. Specifically, results could differ when analyzing only

recent gene transfers or examining shallower phylogenetic
trees, such as those limited to Escherichia coli strains.
However, this seems unlikely, given that the relative perform-
ance ranking of the methods remains mostly consistent across
branch lengths (supplementary fig. S4, Supplementary
Material online). Because many users will not spend time op-
timizing most of the parameters offered by the various pro-
grams, we ran each program only with their default settings.
We note, however, that these parameters can dramatically
change their performance.

Our conclusions rely mainly on the analysis of neighboring
co-acquisitions and co-transfers. A limitation of this approach
is the lack of an a priori expectation for how often gene pairs
co-acquired on the same branch of the species tree indeed re-
sult from the same HGT event, and how often these are ex-
pected to still be neighbors in extant genomes. As a result,
our method can provide relative rankings of inference meth-
ods, but cannot assess their reliability in absolute terms.
Nonetheless, the substantial differences between methods in
the fraction of neighboring co-acquisitions suggest that some
of these co-acquisitions truly reflect single HGT events. If all
methods had similar error rates, we would expect similar
fractions of neighboring and co-transferred genes across
methods — which is not the case. These differences therefore in-
dicate varying reliability and provide a basis for improving
HGT inference methods.

Methods

Genomic Data Selection and Cleaning

We used the Gammaproteobacterial dataset (NCBI taxonomic
ID: 1236) from the EggNOG database v6 (Hernandez-Plaza
et al. 2023) for orthologous genes (non-supervised ortholo-
gous groups, or NOGs). The corresponding nucleotide se-
quence information (for Wn execution) was downloaded
from the NCBI GenBank database (Sayers et al. 2022) using
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the NCBI Datasets CLI program. The reference species tree
downloaded from ASTRAL WoL (Zhu et al. 2019).
Specifically, the astral - branch length - cons -
astral.cons.nwk file was used. In brief, this means that
the topology of the tree was inferred using ASTRAL and the
branch lengths were re-estimated with maximum likelihood,
using the 100 most conserved sites per gene. We retain only
the taxa belonging to the maximum overlap of taxa between
the set of NOGs, such that their sequence data could be re-
trieved and that these taxa could be reliably mapped onto
the species tree. Furthermore, to ensure that gene families
were large enough to infer meaningful HGT events, NOGs
containing <10 genes or <30 taxa were removed.

NOGs were then selected around the average sized NOGs
such that they together represented all the 359 taxa in the da-
taset, resulting in a set of 1,286 NOGs. The gene trees were
taken from the EggNOG database and rooted using
Minimum Ancestor Deviation (Tria et al. 2017).

Inferring HGT

All the programs were executed separately, using default pa-
rameters. For ALE, the ALEml_undated program was used,
which does not require a dated species tree (SzollGsi et al.
2015). RANGER-DTL v2.0 was executed with and without
the “fast” option. AnGST was executed with parameters as
suggested in the manual.

The stringency of ALE, RANGER, and RANGER-Fast is
defined as the mean number of transfers inferred per reconcili-
ation model. At increasing stringency levels, we exclude HGT
events that are inferred with lower frequencies across all of the
output the reconciliation models. For Count, the “ Asymmetric
Wagner Parsimony” method was used as the maximum parsi-
mony method. Unlike GLOOME where we also ran without a
species tree for both ML and MP settings, Count could be run
only with a species tree. For both of these implicit phylogenetic
methods, the stringency is defined as the gain/loss penalty ratio
given as input. Unlike the explicit phylogenetic methods where
we vary the stringency on the output of a single run, with the
implicit phylogenetic methods we run the program multiple
times, each time with a different gain/loss penalty ratio.
These phylogenetic HGT inference methods have publicly
available implementations that we used with default settings.
In contrast, we implemented the parametric method Wn our-
selves, as described below, since there is no publicly available
implementation.

The parametric method Wn was implemented based on the
original publication (Tsirigos and Rigoutsos 2005), and as
suggested, we used an oligonucleotide size of 8 nucleotides.
Wn calculates a typicality score of how similar the gene se-
quence is to the genome sequence based on the oligonucleotide
frequencies in both. These frequencies were efficiently calcu-
lated using KMC (Kokot et al. 2017). In the original paper
for Wn, the authors used an automatic threshold detection
method. This method rank orders the genes based on their typ-
icality scores, smoothens this curve (requiring a rolling win-
dow average), takes a derivative of this curve, and then
considers transferred genes as those that are above the point
where the derivative becomes approximately constant.
Although this method is termed automatic, it still depends
on both the rolling window size used for smoothing and the
user’s notion of when exactly does the derivative become ap-
proximately constant (i.e. the double derivative is approxi-
mately zero). Instead of making the choice of when the

double derivative is approximately zero, we used multiples
of the median absolute deviation (MAD) of the double deriva-
tive around zero, which also helps to set the stringencies.
These multiples represent the stringency parameter that goes
from 4 times the MAD to 13 times the MAD. Note that it is
generally recommended to use at least 2.5 times the MAD,
and so we are already being highly strict even when Wn is
run at the lowest stringency. The rolling window size was
automatically determined by iteratively finding the longest
Savitzky-Golay filter such that the root mean square error of
the smoothed curve with respect to the original curve stops de-
creasing. The code for Wn is available at the code repository
linked in the Data Availability section.

Co-acquisition and Co-transfer Analysis

To limit the effect of small numbers, chromosomes with
<1,000 genes were excluded from calculations of co-
acquisitions, co-transfers, and neighbors. At any given strin-
gency of a method, if the number of co-acquisitions was
<20, that stringency was excluded from the analysis. The co-
acquisitions discussed in this study are those where both genes
have known positions in their respective chromosomes. In any
gene family, genes from EggNOG that could not be retrieved
from GenBank, or pair of genes co-acquired by the same taxon
but not in the same chromosome/contig in the GenBank data,
were excluded from this analysis.

We calculated the expected percentage of neighboring co-
acquisitions under the null model that the two genes were
acquired in independent HGT events or that one or both
HGT inferences are false. We first calculate the expected number
of neighboring co-acquisitions for each chromosome individual-
ly, based on the chromosome size and the number of inferred co-
acquisitions for that chromosome (see below). The randomly ex-
pected number of neighboring co-acquisitions is the sum of these
expected numbers across chromosomes. The expected percent-
age of neighboring co-acquisitions is this expected number, div-
ided by the total number of co-acquisitions. Specifically, if ¢ is the
maximum number of intervening genes between the two genes
in the pair (in our case ¢ = 1), and # is the number of chromo-
somes among the inferred co-acquisitions for a method, the ex-
pected fraction of neighboring co-acquisitions is

2% (4 1)(ci/gi)
Y ci

where ¢; and g; are the number of co-acquisitions and the num-
ber of genes in chromosome i, respectively. This is because for
each horizontally transferred gene in a chromosome, the prob-
ability of another gene being transferred as a neighbor is 2(¢ +
1)/g: (i.e. approximating for boundary genes, there are ¢ + 1
neighboring positions on either side of a gene out of g; positions
in the chromosome). The expected number of neighboring co-
acquisitions is then this probability multiplied by the number
of co-acquisitions for that chromosome. The expected fraction
of neighboring co-acquisitions is the sum of the expected num-
ber of neighboring co-acquisitions (per chromosome) divided
by the sum of co-acquisitions for all chromosomes.

The expected percentages differ across methods because
they are calculated from the number of inferred HGTs for
each given genome, considering the genome size. Since these
numbers differ across methods, there is some variation across
methods in the overall expected number of neighboring
co-acquisitions.
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Fig. S1. Contour plots of Overlap Coefficient between pairs of inference methods. Figure shows the Overlap Coefficient between pairs of inference methods, for all
gene families in our dataset. Each axis subplot is for one pair of methods, and each axis in each subplot shows stringency values for the corresponding method in the axis
label. Colors indicate the Overlap Coefficient between the two methods, with warmer colors indicating higher overlap. The Overlap Coefficient is calculated as the size of the
intersection of two sets divided by the size of the smaller set. Here, the two sets are sets of inferred HGT events. Implicit and explicit phylogenetic methods have very low
overlap, while within these two categories pairs of methods generally have higher overlap at lower stringencies.

Alt text: Figure showing contour plots for each pair of methods. Method names are axis labels and the stringency values are axis ticks. The color of the contour plots indicates
the overlap coefficient between the two methods. o : GLOOME without species tree.
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Method \ Mean (t=0) std (t=0) Max (t=0) \ Mean (t=2) std (t=2) Max (t=2) \ Mean (t=3) std (t=3) Max (t=3)
Count (MP) 1.324 1.187 3.684 2.198 1.666 4.737 2.396 1.716 4.961
GLOOME (MP) 1.324 1.187 3.684 2.198 1.666 4.737 2.396 1.716 4.961
GLOOME (ML) 0.657 0.335 1.180 1.347 0.593 2.380 1.547 0.692 2.840
GLOOME (MP) « 0.544 0.255 0.814 1.192 0.549 1.888 1.410 0.640 2.250
Count (ML) 0.460 0.256 1.200 1.124 0.641 3.200 1.355 0.739 3.800
Wn 0.330 0.501 1.613 0.573 0.493 1.613 0.654 0.447 1.613
ALE 0.314 0.160 0.600 0.578 0.165 0.880 0.672 0.170 1.020
GLOOME (ML) « 0.289 0.065 0.405 0.672 0.171 0.995 0.817 0.212 1.232
AnGST 0.196 0.000 0.196 0.454 0.000 0.454 0.561 0.000 0.561
RANGER-Fast 0.194 0.001 0.195 0.444 0.001 0.446 0.546 0.001 0.547
RANGER 0.186 0.026 0.250 0.425 0.046 0.539 0.528 0.059 0.673

Table S1. Mean, standard deviation, and maximum of the percentage of neighboring co-acquisitions inferred by each method, for ¢t # 1, where ¢ is the maximum number of
intervening genes between two co-acquired pair of genes to be considered neighbors.
« : GLOOME without species tree.

Short gene length Long gene length
Method Mean ‘ ‘ Method Mean
Count (MP) 1.459 || Count (MP) 1.556
GLOOME (MP) 1.459 || GLOOME (MP) 1.556
GLOOME (ML) 1.183 || GLOOME (MP) o«  1.128
GLOOME (MP) «  1.002 || GLOOME (ML) 1.100
Count (ML) 0.694 || Count (ML) 0.900
GLOOME (ML) @  0.530 || GLOOME (ML) o«  0.646
ALE 0.324 || ALE 0.607
RANGER 0.274 || RANGER 0.449
Wn 0.225

Table S2. Ranking of methods according to mean percentages of neighboring co-acquisitions inferred by each method, for gene families with mean gene length shorter
or longer than the median value of 799.86 bp. Only co-acquisitions in the range of 10® to 10° were considered, to exclude the effect of small numbers at lower number
of co-acquisitions and the effect of low confidence inferences at higher number of co-acquisitions. Note that the relative ranking of the methods remains similar (see also
Supplementary Figure S3). « : GLOOME without species tree.
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Short branches Long branches
Method Mean || Method Mean

Count (MP) 1.927 || Count (MP) 1.820
GLOOME (MP) 1.927 || GLOOME (MP) 1.820
GLOOME (MP) «  1.726 || GLOOME (ML) 1.305
GLOOME (ML) 1.411 GLOOME (MP) &«  0.933

Count (ML) 0.906 || Count (ML) 0.830
GLOOME (ML) « 0.818 || GLOOME (ML) o  0.488
ALE 0.517 || ALE 0.463
RANGER 0.326 || RANGER 0.391
Wn 0.209 || Wn 0.259

Table S3. Ranking of methods according to mean percentages of neighboring co-acquisitions inferred by each method, for species tree branches shorter or longer than the
median branch length of 0.076 substitutions per site. Only co-acquisitions in the range of 102 to 10° were considered, to exclude the effect of small numbers at lower number
of co-acquisitions and the effect of low confidence inferences at higher number of co-acquisitions. Note that the relative ranking of the methods remains similar (see also
Supplementary Figure S4). « : GLOOME without species tree.
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Fig. S5. Distribution of distances between co-acquired genes. Shown here are histograms of number of intervening genes between co-acquired genes at three different
stringency levels such that the number of co-acquisitions is (a) 102, (b) 104, and (c) 10°. The x-axis shows the number of intervening genes between co-acquired genes,
and the y-axis shows the corresponding percentage of co-acquisitions. The inset shows the histogram across the full range of intervening genes across all co-acquisitions,
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Streamlined genomes, not horizontal gene
transfer, mark bacterial transitions to new
environments

Swastik Mishra! and Martin J. Lercher' ™2

!Institute for Computer Science and Department of Biology, Heinrich Heine University, Diisseldorf, Germany

Bacterial colonization of unfamiliar environments constitutes a
drastic evolutionary transition, temporarily altering patterns of
natural selection. This process is often assumed to be associated
with bursts of horizontal gene transfers (HGTs), a major driver
of bacterial adaptation. Larger genomes are thought to facil-
itate such adaptations by providing broader functional reper-
toires and more integration sites for foreign DNA. Here, we sys-
tematically test these ideas across a broad bacterial phylogeny,
linked to environmental transitions inferred from metagenomics
data. Contrary to expectations, we find that bacteria entering
new environments typically have smaller genomes and experi-
ence lower rates of HGT. The reduction in HGT is fully ex-
plained by genome size, with no residual effect of environmen-
tal transitions once size is controlled for. These findings suggest
that successful bacterial colonizers rely less on genomic plastic-
ity through HGT than previously assumed, highlighting gaps in
our understanding of microbial evolutionary dynamics.
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Horizontal Gene Transfer, Genome Size, Bacterial Evolution, Ecosystem Tran-
sitions, Colonization, Pathogenicity Gains, Purifying Selection
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Introduction

Bacterial strains frequently adapt to new ecosystems, with
prominent examples reported from gut microbiota (Zheng
et al., 2020), skin microbiota (Lieberman, 2022), bacterial-
fungal associations (Richter et al., 2024), and colonization
of marine plastics (Caruso, 2020). Here, we explore the ge-
nomic correlates of such colonization events. Specifically,
we test three expectations: (1) Because ecosystem transitions
are often accompanied by population bottlenecks, we expect
a temporary weakening of purifying selection at these events;
moreover, as outlined below, there are reasons to hypothesize
that colonization is (2) associated with large genomes and (3)
accompanied by bursts of horizontal gene transfers (HGT).
Large genomes may facilitate transitions to new ecosystems
by providing a broader “toolbox” of molecular functions that
can be employed in new combinations to address novel chal-
lenges (Maslov et al., 2009, Szappanos et al., 2016). In con-
trast, bacteria with small genomes often exhibit niche special-
ization, which can limit their adaptability when environmen-
tal conditions shift beyond their optimized range (Serra Mon-
cadas et al., 2024). In addition, larger genomes are more
likely to contain homologous genes that can serve as landing
pads for horizontal gene transfer (HGT), potentially enhanc-
ing access to foreign DNA (Taylor et al., 2024).

45 HGT plays a central role in bacterial adaptation by enabling
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the acquisition of genomic fragments — entire genes or oper-
ons — from other organisms (Pang and Lercher, 2019, Pl
et al., 2005, Arnold et al., 2021). This mechanism enables the
rapid acquisition of novel traits and may be particularly im-
portant during ecological transitions. Environmental change
has therefore been hypothesized to increase HGT rates (En-
gelstiadter and Moradigaravand, 2014), not only by creating
new selective pressures but also by exposing bacteria to unfa-
miliar pangenomes that can be accessed via HGT (Dmitrijeva
et al., 2024).

Several studies have shown that environmental change can
indeed trigger significant spikes in HGT rates (Woods et al.,
2020, Goh et al., 2024, Dadeh Amirfard et al., 2024,
Acar Kirit et al., 2020). However, these findings primarily
derive from laboratory experiments focused on specific envi-
ronmental transitions and specific gene families, particularly
antibiotic resistance genes; in contrast, HGT can affect virtu-
ally any bacterial gene (van Dijk et al., 2020, Coluzzi et al.,
2023). Systematic analyses of such patterns across bacte-
rial pangenomes in natural settings have been limited by the
challenge of reconstructing environmental transitions along
bacterial evolutionary histories.

In this study, we tested these three expectations using the
GOLD database (Mukherjee et al., 2023), which provides
metagenomic data for hundreds of bacterial genomes across
diverse environments. From these data, we inferred transi-
tions to new ecosystems and linked them to nucleotide sub-
stitutions, ancestral genome sizes, and HGT rates across a
deep bacterial phylogeny. The data indicate that (1) purify-
ing selection weakens during these transitions, as expected.
Surprisingly, however, we found that (2) genomes involved
in transitions to new ecosystems tend to be small, and (3)
there is no evidence for increased HGT rates at such ecosys-
tem transitions.

Results

Dataset construction. We used extant bacterial genomic
data obtained from the EggNOG database v6 (Hernidndez-
Plaza et al., 2023), which clusters genes into non-supervised
orthologous groups (NOGs), referred to as gene families be-
low. For the inference of transitions to new environments
— which we also refer to as ecosystem gains — we used the
GOLD database, which contains metagenomic data from a
variety of ecosystems. We limited our analyses to bacte-
rial genomes in GOLD with at least 3 ‘Ecosystem Type’ la-
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%0 bels. To facilitate the inference of HGT events, we restricted
our dataset further to those gene families that are present
in at least 4 of these genomes. The final dataset comprises
8197 gene families across 159 taxa, represented in 80 diverse
Ecosystem types encompassing both natural and human-

s made environments; examples include ‘fermented vegeta-
bles’, ‘fetus’, ‘fish products’, ‘freshwater’, and ‘industrial
wastewater’. We retrieved gene family trees and sequence
alignments from EggNOG.

To infer ecosystem transitions and HGT events, we required

100 @ species tree representing the phylogenetic relationships be-
tween the genomes included. For its reconstruction, we ap-
plied the summary-based species tree method ASTRAL-Pro
2 (Zhang and Mirarab, 2022), using the 233 gene family trees
of single-copy gene families present in at least 95% of all taxa

105 as input. The branch lengths of this tree were estimated with
IQ-TREE 2 (Minh et al., 2020) based on a concatenation of
the multiple sequence alignments.

To map ecosystem gains on branches of the genome tree,
we used the asymmetric Wagner parsimony algorithm imple-

110 mented in Count (Cstios, 2010). While originally developed
for inferring gene gains and losses from presence—absence
patterns, this method is equally applicable to infer gains
and losses of other discrete traits. We applied it to a pres-
ence—absence matrix of GOLD Ecosystem Type labels across

11s genomes, allowing us to identify branches with ecosystem
gains (EG) and those with no ecosystem gains (NEG).

Purifying selection weakens during transitions to new
ecosystems, but only for a subset of gene families.
Transitions to new ecosystems are likely often accompanied
by population bottlenecks, leading to a global decrease in
purifying selection. Due to changed interactions with the
environment, patterns of natural selection are also likely to
change in gene-specific ways: genes no longer required in
the new ecosystem may experience relaxed selection, while
125 genes involved in new or modified interactions may expe-
rience positive selection. These changes in natural selec-
tion are expected to affect nucleotide substitutions in protein-
coding genes in the same direction, increasing w = dN/dS,
the ratio of non-synonymous nucleotide substitutions (d/NV) to

130 synonymous substitutions (dS). w is a widely used metric to
assess the type and strength of selection acting on protein-
coding genes. w < 1 indicates purifying selection, while
w = 1 indicates purely neutral evolution. w > 1 would in-
dicate strong positive selection. Even when a gene product

135 is under strong positive selection, this selection typically af-
fects only a small subset of amino acids, such as those near
an enzyme’s active site, while most others remain subject to
purifying selection. For this reason, the average w value for
a gene rarely reaches or exceeds 1.

140 To compare w values between branches with and without
ecosystem gains, we used the RELAX algorithm from the
HyPhy software package (Wertheim et al., 2015). RELAX
is designed to assess whether the strength of natural selec-
tion on a gene family has been relaxed or intensified along a

s specified set of “test” branches (here defined as EG, ecosys-
tem gain, branches) compared to “reference” branches (here,
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NEG branches). For each gene family, RELAX fits a branch-
specific codon model involving three categories of omega
values for each branch set. It also fits a global selection in-

150 tensity parameter, K, which modifies the selection pressure

on the test branches relative to the reference branches as an
exponent of w. K > 1 indicates intensified selection on the
test branches, while K < 1 indicates relaxed selection. A
likelihood ratio test is used to assess if a model with K # 1

1ss explains the data better than a model assuming equal selec-

tion pressures on test and reference branches.

1

40

I
R=

w
o
N

>

Frequency

N
o
I
I

10

Lol

10~ 1073 1072 1071 100 101
K

Fig. 1. Distribution of K, the exponent of w = dN/dS on EG branches, for
gene families with significant changes in selection intensity. K < 1 indicates
a relaxation of natural selection on branches with ecosystem gains, while K > 1
indicates an intensification of selection. The skew toward values < 1 indicates that
the majority of gene families show a decrease in the strength of selection during
ecosystem gains. The median K value is 0.61.

ALT TEXT: Histogram of K values for gene families with significant changes in
selection intensity at ecosystem gains.

For this analysis, we obtained nucleotide sequences from
NCBI; for 3228 gene families, we could reliably map
EggNOG taxon IDs to corresponding genomes across all rel-
evant taxa using the NCBI Datasets API (Sayers et al., 2022)
and successfully ran RELAX. As expected from a dominance
of purifying selection, only a small percentage of amino acid
sites show signs of positive selection (w > 1). Consistent
with positive selection on a subset of environment-related
genes, EG branches have a significantly higher percentage
of such sites (median 2.40%) compared to NEG branches
(median 1.63%; Mann-Whitney U = 5709953.5, two-sided
p=9.71 x 10712, N = 3228).

RELAX detected a statistically significant change in the in-
tensity of selection at ecosystem gains for 8.15% of gene
families (263 out of 3228; adjusted p < 0.05 after correct-
ing for multiple testing (Benjamini and Hochberg, 1995)).
Of these, 62.36% (164 out of 263) showed a decrease in the
strength of selection (K < 1), while the rest indicated inten-

175 sified selection (Figure 1).
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Thus, while the majority of gene families show no significant
shift in selection intensity, those that do predominantly show
signs of relaxed selection.

Bacteria transitioning to new ecosystems have
smaller genomes and lower HGT rates. We next used
the complete set of 8197 gene families to test the second
prediction: that the genomes of strains that colonize new
ecosystems tend to be large. Contrary to this expectation,
branches with ecosystem gains tend to have smaller genomes
at the ancestral node, with a median of 3,800 genes com-
pared to 5,395 in branches without such gains (top marginal
plot in Fig. 2; Mann-Whitney U = 5884, two-sided p =
3.9x 107 Npg = 208, Ny g = 108).

Our third expectation was an increase in HGT rates at ecosys-
tem gains. To robustly infer HGT events, we again used the
complete gene set of 8197 gene families, complemented by
the corresponding gene trees. A previous benchmark on em-
pirical data demonstrated that Count’s maximum parsimony
approach outperforms alternative HGT inference methods,
including explicit, maximum-likelihood-based phylogenetic
methods (Mishra and Lercher, 2024). We estimated the HGT
rate for each branch of the genome phylogeny by dividing the
number of inferred HGT events by the branch length. Ac-
cordingly, HGT rates are expressed as the number of HGT
events per point substitution per amino acid site.
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Fig. 2. Bacteria transitioning to new ecosystems tend to have small genomes
and low HGT rates. As seen in the top marginal histogram, branches with ecosys-
tem gains (EG, orange) tend to have a smaller genome size than branches with no
ecosystem gains (NEG, blue). Branches with ecosystem gains also tend to have
lower HGT rates, as shown in the right marginal histogram. Histograms show per-
centages; dotted lines show medians. Each point in the scatter plot represents a
branch in the genome tree on which at least one gene was gained through HGT.
The regression line is log(y) = 6.65 4+ 6.16 x 10~ . z, with a Pearson correla-
tion coefficient r = 0.87.

ALT TEXT: HGT rate is a function of genome size, as shown in the scatter plot.
Marginal plots show the distribution of genome sizes (top) and HGT rates (right) for
branches with and without ecosystem gains.

Contrary to the expectation that HGT rates would increase
during transitions to new ecosystems, branches with ecosys-
tem gains exhibited lower HGT rates than branches without
(right marginal plot in Fig. 2; Mann-Whitney U = 8306.5,

205 two-sided p = 1.5 x 10™%, Ngpg = 208, Ny gg = 108). This
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trend persists when the analysis is restricted to single-copy
gene families (Supplementary Figure S1).

Transitions to new ecosystems do not affect HGT rates
when controlling for genome size. Thus, contrary to our
expectations, we found that genomes undergoing transitions
to new ecosystems tend to be small and experience low rates
of HGTs. Given that smaller genomes generally exhibit
lower rates of horizontal gene transfer (scatter plot in Fig. 2;
Spearman p = 0.530,p = 2.8 x 10~2%; see also Cordero and
Hogeweg (2009) ), it is conceivable that the lower HGT rates
at ecosystem gains are simply a consequence of the smaller
genome sizes. To test this conjecture, we fitted two linear
models: a full model with HGT rate as a function of genome
size and ecosystem gain (as a binary trait), and a reduced
model that considered genome size only. A likelihood ra-
tio test comparing these nested models showed no significant
improvement when using the full model (LRT = 1.62,p =
0.203,df = 1), indicating that when accounting for genome
size, transitions to new ecosystems do not significantly affect
HGT rate. Note that this analysis considered all gene families
together. It is conceivable that ecosystem changes influence
the HGT rate for specific functional categories; this possibil-
ity is explored below.

HGT rates do not change at transitions to pathogenic
lifestyles. To test for the robustness of the finding that tran-
sitions to new ecosystems are not associated with changes in
HGT rates, we used a similar pipeline for the examination of
an independent dataset related to a different type of ecolog-
ical change: the transition of Escherichia coli and Shigella
strains from a commensal to a pathogenic lifestyle. Bacterial
pathogenicity has been associated with changes in environ-
mental conditions, such as a transition of a non-host associ-
ated organism to a host environment, but also transitions be-
tween different ecosystems within the host (Nuss et al., 2016,
Chin et al., 2018, Brown et al., 2006).

To analyze transitions to pathogenicity, we examined 151
E. coli and Shigella genomes retrieved from NCBI, com-
prising 98 commensal and 53 pathogenic strains. For these
genomes, we identified 5,503 orthologous gene families with
OrthoFinder (Emms and Kelly, 2019) and estimated HGT
rates using Count. Based on binary labels indicating whether
a given genome is pathogenic, we also used Count to infer
the gain and loss of pathogenicity. Pathogenicity gains were
detected in just 14 of 300 evolutionary branches, a notably
low frequency compared to ecosystem gains. As seen in the
top marginal histogram in Fig. 3, branches with pathogenic-
ity gains did not have significantly smaller genomes (median
4,497 genes) than those without pathogenicity gains (me-
dian 4,721 genes; Mann-Whitney U = 1489.5, two-sided
p= 0-1227NPG = 147NNPG = 287).

Unlike in the ecosystem analyses, HGT rates did not increase
significantly with genome size (Spearman p = 0.075,p =
0.198). Thus, whatever difference exists in HGT rates be-
tween branches with and without pathogenicity gains, they
are unlikely to be caused by genome size effects.

bioRxiv | 3



As seen in the right marginal histogram in Fig. 3, median
HGT rates are slightly lower in branches with pathogenic-
ity gains (5.03 x 10™%) than in those without (1.19 x
107~5); however, this difference is not statistically significant

26s (Mann-Whitney U = 2137.0, two-sided p = 0.526, Npg =
14, Ny pg = 287). In sum, ecological shifts — whether
through adaptations to pathogenic lifestyles or the coloniza-
tion of new ecosystems — are not associated with elevated
HGT rates.
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Fig. 3. Transitions to pathogenic lifestyles are not associated with increased
HGT rates or smaller genomes. As seen in the top marginal histogram, branches
with pathogenicity gains (PG, orange) do not have significantly smaller genomes
than branches without pathogenicity gains (NPG, blue). Branches with pathogenic-
ity gains also do not have significantly higher HGT rates, as shown in the right
marginal histogram. Histograms show percentages; dotted lines show medians.
Each point in the scatter plot represents a branch in the genome tree on which
at least one gene was gained through HGT. The regression line is log(y) =
1102.20 +5.35 x 10~ % - z, with a Pearson correlation coefficient » = 0.03.

ALT TEXT: HGT rate is a function of genome size, as shown here in the scatter plot.
Marginal plots show the distribution of genome sizes (top) and HGT rates (right) for
branches with and without pathogenicity gains.

270 Ecosystem transitions affect HGT rates in only two
functional gene categories. We saw above that when all
gene families are analyzed collectively, ecosystem gains
have no significant effect on HGT rates after controlling for
genome size. However, ecosystem gains may still influence

2rs HGT rates in specific functional categories. To investigate
this possibility, we examined each functional category de-
fined in the Clusters of Orthologous Groups (COG) database
(Tatusov et al., 2000, Galperin et al., 2021) that included at
least 20 gene families in our dataset. We performed like-

280 lihood ratio tests (LRTSs) as described earlier, comparing a
model that includes both genome size and ecosystem gains
as linear predictors of HGT rates with a nested model that
considers only genome size.

As shown in Fig. 4 (see also Table S1), the only HGT rates

285 significantly affected by ecosystem gains are those for the
COG categories *Amino acid transport and metabolism’ (ad-
justed p = 3.1 x 10~° after correction for multiple testing
(Benjamini and Hochberg, 1995)) and ’Transcription’ (ad-
justed p = 0.046). In both cases, HGT rates are lower on

200 branches with ecosystem gains.

4 | bioRyiv

Likelihood Ratio Statistic
5 10 15 20

Amino acid transport
and metabolism

| | | | |
-
Carbohydrate transport and _
metabolism
RNA processing and _
modification

Posttranslational modification, protein
turnover, chaperones

Lipid transport and
metabolism -
Defense mechanisms -

Energy production and
conversion

Cell motility —-

Coenzyme transport and
metabolism
Translation, ribosomal structure
and biogenesis
Nucleotide transport and
metabolism

Intracellular trafficking, secretion, _.
and vesicular transport

Signal transduction mechanisms I

Cell wall/membrane/envelope biogenesis <I

Replication, recombination and l
repair

Secondary metabolites biosynthesis, 1
transport and catabolism

Extracellular structures -I

Cell cycle control,

cell division, chromosome partitioning
Inorganic ion transport _

and metabolism

Fig. 4. Functional categories with significant ecosystem gain effects on HGT
rates. This barplot displays Log Likelihood Ratio statistics from likelihood ratio tests
(LRTs) comparing two models of HGT rates: one as a function of genome size
and ecosystem gain, and another with genome size alone. Tests were performed
separately for Clusters of Orthologous Groups (COG) functional categories. Aster-
isks (*) denote categories where ecosystem gain significantly influenced HGT rates
(p < 0.05 after FDR correction via the Benjamini-Hochberg method). Notably, tran-
sitions to new ecosystems were associated with lower median HGT rates in all of
the categories shown here.

Discussion

Our analyses reveal a slight reduction in the strength of pu-
rifying selection during transitions to new ecosystems. A
global relaxation of purifying selection would be expected

205 under the assumption that colonizing bacteria typically un-
dergo population bottlenecks. Such bottlenecks may allow
new mutations to escape elimination quickly, contributing
to higher proportions of non-synonymous substitutions com-
pared to synonymous ones. However, that only a small mi-

a0 nority of genes appears to experience changes in selection
pressures suggests that population bottlenecks — which would
affect selection globally — may be less important at bacterial
colonization events than widely assumed.

Contrary to expectations, we found that genomes transition-

a5 ing to new ecosystems tend to be small. The observed trend
might reflect a trade-off between adaptability, favored by
large genomes, and efficiency, favored by small genomes.
Although larger genomes could ease transitions by provid-
ing broader molecular toolkits or homologous gene landing

a0 pads for HGT (Maslov et al., 2009, Taylor et al., 2024), many
genes may be irrelevant to the new environment, impos-
ing maintenance costs for redundant genetic material (Step-
kowski and Legocki, 2001). Accordingly, bacteria with
smaller genomes may be able to replicate faster and use re-

a5 sources more efficiently, traits that might be favored during
colonization of new environments.

Again contradicting our expectations, we found that neither

Mishra and Lercher | Smaller genomes transition to new environments
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ecosystem gains nor gains of pathogenicity are associated
with increased HGT rates. Instead, bacteria colonizing new
ecosystems exhibit significantly reduced HGT rates — a phe-
nomenon that is entirely attributable to their smaller genome
sizes (Fig. 2, scatter plot) due to the established relation-
ship between genome size and HGT (Cordero and Hogeweg,
2009). After controlling for genome size, only two func-
tional categories of genes show an effect of ecosystem gains
on HGT rates: ‘Amino acid transport and metabolism’ and
‘Transcription” (which includes transcription factors). For
these, HGT rates are actually lower at transitions to new
ecosystem.

We would like to note two limitations of our study. First, the
scopes of ‘Ecosystem Type’ labels in the GOLD database can
vary substantially; e.g., the scope of ‘Fermented vegetables’
may not be comparable to that of ‘Freshwater’ aquatic en-
vironments. A broader ecosystem label may result in fewer
inferred transitions, missing out on the narrower niches that
may be a part of the broader ecosystem. Second, while sam-
pling issues are not a significant concern in the gene families
we analyzed, given the scale and dense taxon sampling of the
dataset, the same cannot be said for the ecosystem labels. The
number of genomes in the dataset for each ecosystem label is
not uniform, and most genomes in GOLD are sampled in only
one or a few ecosystems. On one hand, missing ecosystem la-
bels may result in certain ecosystem gains not being inferred;
on the other hand, missing labels for a subset of a given clade
may also lead to the inference of a false positive ecosystem
gain when in reality the clade’s ancestor was already adapted
to that ecosystem. While both limitations likely add noise
to our dataset, its power to show biologically relevant sig-
nals is confirmed by our observations of (i) smaller genome
sizes at ecosystem gains and (ii) a strong association between
genome size and HGT rates. Moreover, both limitations are
unlikely to bias our results in any systematic manner.

HGT is often considered the dominant mechanism of bacteria
to adapt to new environments (Pang and Lercher, 2019, Pal
etal., 2005, Arnold et al., 2021). Moreover, both a weakening
of purifying selection and an increase of positive selection —
as observed in the nucleotide substitution patterns — would be
expected to be associated with higher HGT rates. How can
these expectations be reconciled with our finding that HGT
rates are not affected by transitions to new ecosystems (after
controlling for genome size)? It is possible that a colonizing
bacterium may occupy a different microniche than resident
species due to different metabolic preferences, spatial segre-
gation, or competitive exclusion, thereby reducing the physi-
cal interactions needed for HGT (Dmitrijeva et al., 2024, Polz
et al., 2013, Foster and Bell, 2012). In addition, the coloniz-
ing bacterium’s recombination machinery may not be com-
patible with resident mobile genetic elements (Johnson and
Nolan, 2009). While these conjectures might potentially ex-
plain — at least in part — the lack of evidence for increased
HGT rates at transitions to new ecosystems, more research
will be needed to fully understand this surprising observa-
tion. Overall, our findings suggest that bacterial colonization
events may be less driven by adaptive benefits of HGT than

Mishra and Lercher | Smaller genomes transition to new environments
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Methods

Data retrieval and processing for the analysis of
ecosystem gains. We used extant bacterial genomic data
obtained from the EggNOG database v6 (Hernandez-Plaza
et al., 2023), which clusters genes into non-supervised or-
thologous groups (NOGs), referred to as gene families in the
main text. For the inference of transitions to new environ-
ments, we used the GOLD database, which contains metage-
nomic data from a variety of ecosystems. GOLD follows a
hierarchical labeling system, and the ‘Ecosystem Type’ level
provides the most fine-grained and diversified set of labels
such that most genomes have a label at this level, unlike, for
example, the ‘Ecosystem Subtype’ level. Our analysis was
restricted to bacterial genomes in the GOLD database (v9)
annotated with at least three Ecosystem Type labels (Mukher-
jee et al., 2023), leading to a dataset of 159 genomes across
80 diverse Ecosystem types.

We used the NCBI Datasets API to retrieve nucleotide se-
quences for each genome (O’Leary et al., 2024). Nucleotide
sequences were used to prepare codon alignments for each
NOG, translated from the amino acid multiple sequence
alignments provided by EggNOG using PAL2NAL (Suyama
et al., 2000).

COG functional categories were retrieved from the EggNOG
database itself, which provides a mapping of NOGs to COG
categories (Galperin et al., 2021).

We reconstructed the genome tree topology using ASTRAL-
Pro 2 (Zhang and Mirarab, 2022) based on 233 single-copy
gene families present in at least 95% of the genomes. The
EggNOG database provides multiple sequence alignments
for each NOG, which we used to estimate the branch lengths
of the genome tree. The branch lengths were estimated with
IQ-TREE 2 (Minh et al., 2020) using the Q.pfam+I+R8
model, based on a concatenation of the multiple sequence
alignments. The genome tree was rooted using the Mini-
mum Ancestor Deviation method (Tria et al., 2017), which
has been shown to be more accurate than other rooting meth-
ods (Wade et al., 2020).

Data retrieval and processing for the analysis of
pathogenicity gains. Pathogenic and commensal E.coli
and Shigella genomes were retrieved from NCBI RefSeq us-
ing the NCBI Datasets API. Strain genomes with at least 95%
CheckM completeness and without suppressed assembly sta-
tus were retained. CheckM estimates genome complete-
ness and contamination based on the presence of lineage-
specific single-copy marker genes (Parks et al., 2015).
The pathogenicity of each genome was inferred from the
‘Pathogenicity’ label in the assembly attributes. OrthoFinder
(Emms and Kelly, 2019) was used to infer orthologous
groups of genes, and corresponding gene trees were esti-
mated using IQ-TREE 2 with the ‘JTT’ substitution model.
The genome tree topology and branch lengths were estimated
using ASTRAL-Pro 2 and IQ-TREE 2, respectively, as de-
scribed above for the ecosystem analysis.
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was inferred using Count (Cstios, 2010) with asymmetric
Wagner parsimony. For inferences of ecosystem gains and
pathogenicity gains, the gain penalty ratio for Count was
set to 1.0, which means that gains and losses are penalized
equally. Based on a benchmark on empirical data, a gain
penalty ratio of 7.0 was found to be optimal for HGT infer-
ence using Count, and we used this value for HGT inferences
(Mishra and Lercher, 2024).

HGT rates were estimated as the number of HGT events per
unit branch length, where the branch length is in units of av-
erage amino acid substitutions per site. This normalization
allows for a fair comparison of HGT rates across branches of
different lengths.

Inference of changes in selection intensities. We es-
timated the ratio of non-synonymous to synonymous sub-
stitutions (w = dN/dS) and the selection intensifica-
tion/relaxation parameter (K) for 3,228 non-supervised
orthologous groups (NOGs) using the HyPhy RELAX
method (Wertheim et al., 2015). Our analysis was restricted
to NOGs for which we could reliably retrieve nucleotide se-
quences for all associated taxa, with at least two branches in
both the ecosystem gain (EG) and no ecosystem gain (NEG)
branch sets, and for which the RELAX analysis completed
successfully.

The RELAX algorithm fits a codon model to the nucleotide
sequences of each NOG to estimate an w value for every
branch in the genome tree. The method then compares the
distribution of w values on EG branches with those on NEG
branches, estimating the parameter K, which models the
change in selection pressure. A K value greater than 1 indi-
cates an intensification of selection pressure on EG branches,
while a value less than 1 indicates a relaxation. Finally, a like-
lihood ratio test is used to assess whether a model allowing
for different selection pressures (K # 1) provides a signifi-
cantly better fit to the data than a null model assuming equal
pressure on both branch sets (' = 1).

Likelihood ratio tests. Likelihood ratio tests (LRTs) were
used to test for the effect of ecosystem gains, pathogenic-
ity gains, as well as the effect of ecosystem gains on spe-
cific functional categories. These tests compared generalised
linear models (GLMs) that used as predictors either only
genome size (a continuous variable) or both genome size
and the binary ‘environmental gain’ variable. The GLMs
were fitted using the GLM function in Python Statsmod-
els (Seabold and Perktold, 2010) using a log-link function.
The p-values from LRTs were adjusted for multiple test-
ing using the Benjamini-Hochberg procedure (Benjamini and
Hochberg, 1995). For the likelihood ratio test (LRT) of HGT
rates in functional categories, we used the COG functional
categories as defined in the COG database (Tatusov et al.,
2000, Galperin et al., 2021). We performed LRTs for each
COG category with at least 20 NOGs in our dataset.
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Code and data availability

The code used in the analysis of ecosystem transitions is
available in the following Gitlab repository:
https://gitlab.cs.uni-duesseldorf.de/
general/ccb/hgt_rates_and_ecosystem_
transfers.

For the pathogenicity analysis, it is at:
https://gitlab.cs.uni-duesseldorf.de/
general/ccb/hgt_rates_and_pathogenicity_
gains.

The data used or generated in this study can be retrieved from
Zenodo:
https://doi.org/10.5281/zenodo.14555204.
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Fig. S1. Bacteria transitioning to new ecosystems tend to have small genomes and low HGT rates (single-copy NOGs). As seen in the top marginal histogram,
branches with ecosystem gains (EG, orange) tend to have a smaller genome size than branches with no ecosystem gains (NEG, blue; Mann-Whitney U = 5884.0, two-sided
p=3.9%x10"12, Ngg = 208, Ny ¢ = 108, median genome size on EG branches = 3,800 and on NEG branches = 5, 395). Branches with ecosystem gains also tend
to have lower HGT rates, as shown in the right marginal histogram (Mann-Whitney U = 7622.5, two-sided p = 3 X 107%, Np = 208, Ny pg = 108, median HGT rate
on EG branches = 28.53 and on NEG branches = 122.14). Histograms show percentages; dotted lines show medians. Each point in the scatter plot represents a branch
in the genome tree on which at least one gene was gained through HGT. The regression line is log(y) = 2.79 + 6.61 X 10~% . z, with a Pearson correlation coefficient
r = 0.47.

ALT TEXT: HGT rate is a function of genome size, as shown in the scatter plot. Marginal plots show the distribution of genome sizes (top) and HGT rates (right) for branches
with and without ecosystem gains.
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Median HGT rate
COG category NEG EG ‘ Log Likelihood Ratio  p-value
Amino acid transport and metabolism 16.01 5.16 23.09 0.00
Transcription 26.94 6.08 8.00 0.05
Carbohydrate transport and metabolism 15.75 8.68 5.46 0.10
RNA processing and modification 11.42 3.68 5.71 0.10
Posttranslational modification, protein turnover, chaperones 16.47 5.47 4.53 0.13
Lipid transport and metabolism 9.84 6.02 3.83 0.17
Defense mechanisms 17.87 6.02 3.52 0.17
Energy production and conversion 13.75 7.94 2.69 0.20
Cell motility 14.45 5.62 271 0.20
Coenzyme transport and metabolism 13.02 7.51 2.72 0.20
Translation, ribosomal structure and biogenesis 12.83 5.81 1.59 0.38
Nucleotide transport and metabolism 6.36 5.74 1.18 0.43
Intracellular trafficking, secretion, and vesicular transport 7.61 5.13 1.24 0.43
Signal transduction mechanisms 17.26 10.12 0.98 0.46
Cell wall/membrane/envelope biogenesis 16.27 8.61 0.72 0.50
Replication, recombination and repair 12.71 7.00 0.79 0.50
Secondary metabolites biosynthesis, transport and catabolism | 15.28 5.73 0.59 0.52
Extracellular structures 12.44 6.75 0.32 0.60
Cell cycle control, cell division, chromosome partitioning 16.84 8.05 0.32 0.60
Inorganic ion transport and metabolism 16.47 7.16 0.06 0.80

Table S1. COG categories with effect of ecosystem gain on HGT rates. All categories shown here have a lower median HGT rate at ecosystem gains (EG) than without
ecosystem gains (NEG). The LRT p-values are corrected for multiple testing using the Benjamini-Hochberg method. They suggest that only the categories ‘Amino acid
transport and metabolism’ and ‘Transcription’ are significantly affected by ecosystem gains.
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The fate of horizontally acquired genes:
rapid initial turnover followed by
long-term persistence

Swastik Mishra' , Kédthe Weitl, and Martin J. Lercher! ™

"Institute for Computer Science and Department of Biology, Heinrich Heine University, Diisseldorf, Germany

A major driver of bacterial evolution is horizontal gene transfer
(HGT), the acquisition of genes from other strains or species.
Transfers between closely related taxa are more likely to suc-
ceed, while the pervasive deletion bias of bacterial genomes
drives frequent turnover of horizontally acquired genes. How-
ever, whether the rate of gene loss after acquisition is constant
across lineages or time remains unclear. Here, we analyze a
comprehensive dataset of bacterial genomes to infer the fre-
quency, distribution, and retention of inter-phylum HGT events.
The retention of inter-phylum gene transfers is highly skewed,
with only a small subset of bacterial genomes accounting for the
majority of such events. Most transferred genes are lost rapidly.
Those genes that survive the initial purging are retained over
long periods, are biased toward functions such as transport and
metabolism, and have larger numbers of protein-protein inter-
actions.

Introduction

Horizontal gene transfer (HGT) is a key driver of prokaryotic
evolution (1, 2), even if its role in environmental adaptations
may have been overestimated (3). Unlike vertical inheritance,
HGT facilitates the exchange of genetic elements across phy-
logenetic boundaries, profoundly shaping bacterial evolution
and ecological diversification.

Evidence indicates that most horizontally acquired genes
originate from phylogenetically related donors rather than
from distantly related taxa. This pattern likely reflects both
selective pressures and mechanistic barriers to gene flow be-
tween divergent lineages, such as constraints imposed by
genome architecture, functional compatibility, and integra-
tion with host regulatory networks (4—7). Although horizon-
tal transfer of genes between bacteria from different phyla
(inter-phylum HGT) is less frequent than within-phylum
transfer, it has nonetheless been documented in notable cases,
for instance, in the transfer of genes from archaea to bac-
teria at the origin of certain archaeal clades (8, 9). While
such events are considered rare, their impact on recipient
genomes can be substantial. Although it is difficult to esti-
mate the frequency of inter-phylum HGT, Sheinman et al. (7)
reported that approximately 8% of bacterial genomes harbor
DNA segments identical to those in other phyla, indicating
that inter-phylum gene transfer is not uncommon. Neverthe-
less, because these DNA segments may not always function
as expressed genes, the functional relevance of such horizon-
tally transferred sequences — and whether all bacterial clades

ss are equally susceptible to inter-phylum HGT — remains un-
clear.

Furthermore, studies on sets of closely related species indi-
cate that the retention of newly acquired genes is often tran-
sient; empirical studies indicate that the majority of horizon-
tally transferred genes are rapidly lost following their initial
acquisition (10-12). However, it is unclear if this pattern of
rapid loss holds generally across bacteria.

Here, we employ a systematic, sequence-identity-based
method for HGT inference to analyze patterns of gene
loss across a comprehensive dataset of > 33,000 bacterial
genomes. Our approach differentiates between very recent
and slightly older inter-phylum HGT events and examines
their persistence, functional categorization, and involvement
in protein—protein interaction networks. The horizontal ac-
quisition of potentially functional genes from other phyla is
very rare; however, a quarter of the genomes that contain any
inter-phylum gene acquisitions harbor genes from multiple
gene families. We observe that horizontally acquired genes
are initially lost at a high rate; those retained appear to be
very stable afterwards and display distinct functional charac-
teristics compared to genes eliminated early. Collectively,
these findings support a two-phase model of post-transfer
gene loss and broaden our understanding of the evolutionary
forces shaping the retention of horizontally acquired genes.
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Inference of recent inter-phylum gene transfers. We
analyzed 35,439 gene families from 33,918 extant bacte-
rial genomes, obtained from the EggNOG database v6 (13),
which clusters genes into non-supervised orthologous groups
(NOG:s; referred to as gene families below). Horizontal gene
transfer (HGT) was inferred by identifying, within a gene
family, pairs of genes with high sequence identity that are
found in two different phyla as defined by NCBI Taxon-
omy (14). In this framework, a horizontally acquired gene
is represented as a pair of homologous genes from differ-
ent taxa. Sequence identity — the percentage of identical
amino acids — was calculated from the multiple sequence
alignments (MSA) of EggNOG gene families. The distribu-
tion of such gene pairs across percent sequence identities is
s shown in Fig. 1. The direction of transfer (i.e., which gene

in the pair is from the donor taxon and which from the re-

cipient) was inferred by examining the outgroup of the most
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recent common ancestor in the gene tree; if one phylum is

represented in the outgroup and the other is not, direction-
o ality can be assigned, i.e., we can identify which genome

is the recipient and which is the donor (see Methods). The

vast majority of gene families contain no inter-phylum gene

pairs with sequence identities above 80%. We find candidate

inter-phylum HGT gene pairs in 796 gene families and 4,445
s genomes for downstream analyses.

8000

D
(=3
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[S]

HGT cutoff

Number of gene pairs
N
o
o
o

2000

80.0 825 85.0 875 90.0 925

Sequence identities

95.0 97.5 100.0

Fig. 1. Recent inter-phylum HGTs can be distinguished from vertically inher-
ited genes from sequence identities. Distribution of sequence identities of gene
pairs in a gene family such that the pair of genes are from two different phyla. The
dotted line indicates the estimated cutoff for HGT inference, above which we con-
sider the gene pairs to be horizontally transferred.

The overall distribution of inter-phylum gene pairs exhibits
three major trends: a prominent peak at 100% sequence iden-
tity, an approximately uniform distribution at intermediate se-
quence identities, and a gradual increase as sequence identity
decreases further. For comparison, we performed the same
analysis to identify candidate inter-class and inter-order HGT
pairs. For these, the increase in frequency begins at much
higher sequence identities (Suppl. Fig. S1). This pattern sug-
gests that gene pairs with lower sequence identity primarily
105 result from vertical inheritance, as vertically inherited genes
within the same family will be more similar among more
closely related taxa. We conclude that pairs of genes from
different taxonomic groupings with high sequence identities,
including those at 100% sequence identity, are predominantly
the results of HGT.

Accordingly, we applied a sequence identity cutoff of 91.75%
to identify gene pairs from inter-phylum HGT. This threshold
corresponds to the point at which the smoothed frequency
distribution of sequence identities flattens when moving from
lower to higher sequence identities (see Methods and Suppl.
Fig. S2).

For two highly similar homologous genes found in two
genomes from different phyla, sequence identity is an ap-
proximate measure of the number of substitutions since their
120 last common ancestor, and can thus serve as a proxy for the
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time that has passed since the HGT event. Even without
the assumption of a molecular clock, one can distinguish ap-
proximately between recent and older transfers by consid-
ering the inter-phylum gene pairs that are identical versus
the ones that are not. Accordingly, we classified pairs with
100% sequence identity as recent transfers, whereas those
with sequence identities below 100% but above the cutoff
are regarded as older (albeit still relatively recent) transfers.
The majority of inter-phylum gene pairs identified as HGTs
(84.51% or 4,245 of 5,023) are older transfers.

Inferences of HGT from high sequence similarity be-
tween phyla are highly precise. Neighboring genes are
frequently co-acquired (15-17), and inference methods that
identify a higher fraction of such co-acquisitions are gener-
ally considered to infer fewer false positives. Accordingly,
HGT inference methods can be benchmarked based on how
often co-acquisitions were inferred for neighboring genes
in the target genome (18). We used this strategy to check
the accuracy of our sequence identity-based HGT inference
method, which does not use position information of the genes
for its inferences. It appears to perform on par with the best-
performing methods in Mishra and Lercher (18); note, how-
ever, that the performances are not directly comparable, as
our dataset differs from the one used in the previous bench-
mark.

Across all inter-phylum transfers, 3.83% of gene pairs in-
ferred to be co-acquired within the same genome are neigh-
bors in the target genome. Among co-transferred gene pairs
(i.e., pairs of HGTs where both genes have the same donor
and recipient genome, the majority (81.09%) are neighbors
in the target genome.

We estimated the probability of finding a single identical
gene pair in our dataset that results from vertical inheritance
from the common ancestor of two phyla — the family-wise
error rate (FWER) — to be approximately 2.81 x 10710 (see
Methods). This low rate of false positives, combined with the
high percentage of neighboring co-acquisitions, suggests that
the inferred inter-phylum HGT events are reliable, although
the actual number of inter-phylum transfers may be higher
than what we can detect in this dataset.

Inter-phylum gene acquisitions are concentrated in
a few genomes. The distribution of the number of inter-
phylum HGTs per genome is highly skewed, with most
genomes (98.16%; 33294 of 33918) not hosting any inter-
phylum HGTs that are recent enough to pass our filters. Only
0.57% (195 of 33918) of the genomes in our dataset (195 out
of 33,918) are involved in any relatively recent inter-phylum
HGT event for which we could infer the direction of trans-
fer. Of these, only about a quarter (53 out of 195) show ev-
idence of recent transfers, while most (180 out of 195) only
harbour older transfers. Only about a quarter of the genomes
involved in inter-phylum HGTSs (26.7%, or 52 out of 195) re-
ceived genes from more than one gene family, and only 3.1%
(6 out of 195) received genes from more than 5 gene fam-
ilies (Fig. 2a) These genomes belong to diverse phyla, with
no single phylum dominating the distribution of inter-phylum
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HGTs (see Suppl. Table S1 for lineage information). Fig. 2b
shows that recent inter-phylum HGTs are also concentrated
in a handful of bacterial genomes.
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Fig. 2. The distribution of inter-phylum HGTs is strongly skewed. Rank plot of
the number of inter-phylum gene acquisitions per genome. The x-axis shows the
genomes ranked by the number of inter-phylum HGTSs, while the y-axis shows the
number of gene families with inter-phylum HGTs where the direction of transfer is
known. (a) All inter-phylum HGTs. (b) Recent inter-phylum HGTs.

The loss rate of horizontally acquired genes shows
two phases. The pronounced peak of inter-phylum gene
pairs at 100% sequence identity in Fig. 1 indicates that a large
proportion of horizontally acquired genes are lost shortly af-
ter their acquisition: only few of these genes are still present
after enough time has passed for the gene pair to have ac-
cumulated even a small number of substitutions. The near-
uniform distribution across lower identity levels implies that
very few genes are lost at later stages. The pronounced peak
at 100% sequence identity, immediately followed by a near-
uniform distribution, is also seen for inter-order and inter-
class HGT (Suppl. Fig. S1). Thus, gene loss following HGT
appears to generally follow a two-phase dynamic: an early
phase of rapid loss, followed by long-term retention of the
remaining genes.
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15 Recent and older transfers differ systematically in
functional categories and connectivity. How do horizon-
tally acquired genes that persist in their host genome dif-
fer from those eliminated in the early, high-turnover phase?
To answer this question, we used Clusters of Orthologous
Groups (COG) functional category annotations in EggNOG.
We performed a Fisher’s exact test to check if the proportion
of HGT pairs in a given COG category differs between recent
and older HGT pairs. After correcting for multiple hypoth-
esis testing (19), we observed that compared to recent inter-
phylum acquisitions, older transfers are significantly depleted
in the COG categories of (J) translation, ribosomal struc-
ture and biogenesis, (K) transcription, (L) replication, recom-
bination and repair, (U) intracellular trafficking, secretion,
and vesicular transport, and (V) defense mechanisms. Con-
versely, we observed a significant enrichment in older gene
acquisitions in a number of transport and metabolism cate-
gories: (E) amino acid transport and metabolism, (H) coen-
zyme transport and metabolism, and (P) inorganic ion trans-
port and metabolism. This result is consistent with the com-
plexity hypothesis (20), which posits that genes that are suc-
cessfully transferred belong more frequently to operational
functional categories, such as metabolism and transport, than
to informational ones, such as transcription and translation.
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Fig. 3. Recent and older inter-phylum transfers differ systematically in their
functions. Odds ratios (OR) of COG categories depleted (OR>1) and enriched
(OR<1) in older transfers. Error bars show 95% confidence intervals. Red markers
indicate COG categories that are significantly enriched (adjusted p < 0.05 after
correcting for multiple testing). The dashed line at OR=1 indicates no difference
between recent and older transfers.

The rationale behind the complexity hypothesis is that genes
in the information-processing functional categories are more
complex in the sense of having more interaction partners, and
are thus less likely to integrate successfully into the interac-
tion network of a new host (20, 21). One therefore expects
that genes transferred more frequently have a lower connec-
tivity in terms of protein-protein interactions (PPI), a predic-
tion that was previously confirmed in a much more limited
dataset of older transfers (21).
We used the STRING database v11 (22) to obtain the number
of PPI for every gene in our HGT dataset based on STRING’s
20 own gene family clustering and a minimum STRING inter-
action score of 900 (max: 1000). Although we observe a
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marginal negative correlation between the number of HGTs
inferred for a gene family and the mean PPI of the gene fam-
ily (Spearman’s p =-0.14 and -0.11 for recent and older trans-
fers, respectively), neither of these correlations is statistically
significant (p = 0.08 and p = 0.18 respectively; see Suppl.
Fig. S3).

However, we find that the mean PPI across all gene pairs
involved in older transfers is significantly higher than that
across all gene pairs in recent transfers (6.95 vs. 5.99,
p = 0.033 from a permutation test). Thus, genes involved
in older transfers have on average one more protein-protein
interaction partner than those involved in recent transfers.

Discussion

Our analysis shows that inter-phylum transfers of potentially
functional genes are rare: less than 2% of genomes have been
involved — either as donor or recipient — in any inter-phylum
HGTs that our methodology can infer. However, when fo-
cusing on those events for which we can infer the direction
of transfer, a quarter of those genomes that contain any inter-
phylum gene acquisition harbor acquisitions from multiple
gene families. We observed that the probability of a randomly
selected genome harboring an inter-phylum gene acquisition
is 0.57%. Consequently, if all inter-phylum gene acquisi-
tions occurred independently, the expected probability for a
genome to acquire a second acquisition after the first would
again be 0.57%, two orders of magnitude lower than the ob-
served 26.7%. This observation suggests that once a genome
has acquired a gene from another phylum, it becomes consid-
erably more likely to acquire additional inter-phylum genes.
When inter-phylum gene acquisitions occur, the acquired
genes follow a biphasic trajectory. A brief, intense purge re-
moves most of the newcomers, while the remaining genes
appear to be surprisingly stable and are retained over ex-
tended time periods. The fast, early attrition matches qual-
itatively the findings of Puigbo et al. (10), who reported a
loss rate roughly three times higher than the rate of acquisi-
tion. Lineage-specific bursts of inter-phylum gene acquisi-
tions have been described for individual species and genera
(23, 24), lending further support to our findings.

The two phases of losing genes acquired through inter-
phylum HGT likely reflect the same evolutionary processes
that are responsible for the pronounced differences between
intra-population polymorphisms, which are characterized by
negative selection and drift, and inter-population substitu-
tions, characterized by positive selection (25, 26). Thus, it
appears likely that the most recent inter-phylum HGTs de-
tected in our study are not fixed in the respective populations,
but are polymorphism specific to the genomes that were de-
posited in the EggNOG database.

The complexity hypothesis (20) predicts that operational
genes are more frequently transferred than informational
ones. Our results align with this prediction: compared to very
recent inter-phylum gene acquistions, older (yet still rela-
tively recent) transfers are depleted in categories such as tran-
scription, translation, replication/recombination/repair, intra-
cellular trafficking, and defense — several of which repre-
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sent informational functions. In contrast, genes that survived
the early loss phase predominantly participate in operational
roles, such as transport and metabolism.

The original formulation of the complexity hypothesis em-
phasized — without empirical support — the greater connec-
tivity and functional entanglement of informational genes, a
view that was supported by a more limited, earlier analysis of
older transfers across different phylogenetic distances (21).
However, our data reveal a different trend. Genes that un-
dergo initial purging of horizontally acquired genes have, on
average, more interaction partners than the most recent trans-
fers. Thus, the observed functional biases likely reflect func-
tional adaptations more than the sheer complexity initially
proposed.

Our sequence similarity-based HGT inference approach of-
fers precision that — based on neighboring co-acquisitions —
is comparable to the best state-of-the-art methods at high-
est stringency, but focussed on relatively recent HGT events.
However, it is inherently limited to detecting HGT between
gene pairs covered by the dataset examined. Increasing both
genome and gene family diversity would enable more accu-
rate detection of gene similarities across clades, yielding a
more complete picture of inter-phylum HGT. Sheinman et al.
(7) observed that 8% of bacterial genomes share identical
DNA segments with other phyla. That we observed a lower
number of less than 2% likely reflects our focus on genes
rather than DNA segments, as well as a more limited dataset.
While the results of the two studies are not directly compa-
rable, this discrepancy suggests that most inter-phylum DNA
segment exchanges may not yield functional genes.
Together, our findings clarify the rarity and rapid attrition
of inter-phylum horizontal gene transfers in bacteria, while
highlighting the selective processes shaping their long-term
retention. Future studies that combine broader genome sam-
pling will be essential to map the ecological and molecular
contexts in which such transfers persist.

Materials and Methods

Data and implicit phylogenetic method for HGT infer-
ence. Sequence identity, the number of substitutions, mis-
matches, and other relevant metrics were calculated for every
gene pair within each NOG using multiple sequence align-
ments (MSA) from the EggNOG database. EggNOG also
provides COG functional annotations for each gene family.
Taxonomic information was retrieved from the NCBI Taxon-
omy via the Entrez API implemented through the Biopython
library (14, 27). To infer the direction of HGT, gene trees
available in EggNOG were used to identify appropriate out-
groups. PPI data were obtained from STRING vl11, consid-
ering only pairs of gene families with a minimum interaction
score of 900 out of 1000 (22). Chromosomal positions of
genes were also extracted from the STRING database.

To improve tractability and reduce noise, analyses were per-
formed on a curated subset of the data. Specifically, only
NOGs containing at least 10 taxa (to exclude very small
groups) and a maximum of 2,000 genes were included.
This subset comprised 33,918 genomes representing 35,439
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NOGs across all bacterial phyla. For downstream analyses

us in this study, we further focused only on the 4,445 genomes

containing 796 NOGs in which gene pairs exhibited sequence
identity above 80% and originated from two different phyla.
A subset of these gene pairs are inferred to be horizontally
transferred based on our sequence identity cutoff.

Although recent transfers are defined as those with 100%
sequence identity, to consider older transfers we identify a
sequence identity cutoff based on the point where distribu-
tion of sequence identities flattens out. The distribution was
smoothed using a rolling average with a window size of 5%
sequence identity across bins of width 0.5%, excluding the
bin for identical sequence matches. The cutoff was set at
the point where the derivative of the smoothed distribution
reached zero, indicating a plateau in the distribution.

Family-wise error rate for recent HGT. We assume that
substitutions at each site follow a Poisson process. Then, the
probability that a site undergoes no amino acid substitutions
over a branch length d (the mean number of substitutions per
site) is e~?. For a gene of length L, the probability that all
sites are unchanged is then

Pigentical = e L
Across M independent gene pairs, the probability that no pair
is identical by chance is (1 — Pgengca)™. Then, the proba-
bility that at least one gene pair is identical by chance — the
family-wise error rate (FWER) — is one minus this probabil-
ity, i.e.,

FWER =1— (1 —e )M

For our dataset, we estimate d as 4.94 substitutions per site,
M as ~ 109 (number of gene pairs), and L as 267.41 (aver-
age gene length in number of amino acids). This leads to an
estimate of FWER = 0, i.e., a very low probability of false
positives in our HGT inference.

Outgroup for inferring direction of transfer and co—
transfers. For any potential HGT in a gene family, the pair
of genes must have two different taxonomic groupings at the
taxonomic level of interest. Let A and B be two taxonomic
groupings represented in a gene family tree, with gene mem-
bers A; and Bj. If the outgroup of A; and B; has genes
from A and not from B, then the direction of transfer is from
the taxon containing A; to the taxon containing B, and vice
versa. If two pairs of genes are inferred to be transferred from
the same donor taxon to the same recipient taxon, we de-
fine it as a co-transfer. If they have the same recipient taxon,
but not necessarily the same donor taxon, we define it as a
co-acquisition. We limit our analysis of co-transfers and co-
acquisitions to the gene pairs where the direction of transfer
could be inferred.

Functional categories for PPI analysis. We use the COG
(Clusters of Orthologous Groups) functional categories as
defined in NCBI COG (28), since EggNOG gene families
already use these annotations for categorizing the NOGs.
Fisher’s exact test was performed with a contingency table
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comparing the number of recent vs older HGT gene pairs, in
a COG vs those not in the COG. The reliance on gene pairs
introduces a potential for overestimation: in cases where sev-
eral genomes within the same family are highly similar and
only one belongs to a different phylum, multiple gene pairs
may be labeled as HGT even if they result from a single trans-
fer event.

Permutation tests were performed with 10% iterations of ran-
domly shuffling whether a gene pair is a recent or older trans-
fer, and then calculating the mean PPI for the pair of genes.
The p-value is calculated as the fraction of iterations where
the mean PPI of the older transfers is greater than that of the
recent transfers. These gene families across the two sets are
not independent, since a gene family can have both recent and
older transfers. However, the permutation test is still valid,
since the null hypothesis is that the mean PPI of the two sets
of gene pairs is equal.
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Recipient
Taxon ID  Phylum Class Order Family Genus Species/Strain
1120933 Actinobacteria Actinomycetia Actinomycetales ~ Actinomycetaceae  Actinotignum Actinotignum urinale
DSM 15805
330214 Nitrospirae Nitrospira Nitrospirales Nitrospiraceae Nitrospira Nitrospira
defluvii
469615 Fusobacteria Fusobacteriia Fusobacteriales Fusobacteriaceae Fusobacterium Fusobacterium
gonidiaformans ATCC 25563
552811 Chloroflexi Dehalococcoidia ~ NaN NaN Dehalogenimonas ~ Dehalogenimonas
lykanthroporepellens BL-DC-9
653733 Chrysiogenetes  Chrysiogenetes Chrysiogenales Chrysiogenaceae Desulfurispirillum  Desulfurispirillum
indicum S5
938289 Firmicutes Clostridia Eubacteriales NaN Levyella Levyella
massiliensis

Table S1. Lineage information for the genomes receiving more than 5 gene families with inter-phylum HGTs. If strain information was missing, the species name is shown

instead.
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Chapter 4 The two phases of losing horizontally acquired genes: rapid initial turnover followed by long-term persistence
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Chapter 5

Outlook

This chapter synthesizes the findings of the
dissertation and discusses their implications for
our understanding of prokaryotic genome evolution.
The first part highlights areas of research required
for methodological advances. The second part dis-
cusses the conceptual implications of the findings
and raises key questions for future research.

The need for more accurate
phylogenetic trees

Since direct observation of long-term evolutionary
processes is impossible, as discussed in Chapter 2,
benchmarking inference models on expected pat-
terns in empirical data provides a practical way
to assess their relative precision in inferring bio-
logically meaningful events. The empirical bench-
mark presented in this thesis indicates that gene
tree-based approaches generally underperform com-
pared to presence-absence-based methods. In the
presence of noise and inaccuracies in gene tree re-
constructions (Than et al., 2008, 2007), even vast
amounts of data may not lead to reliable inferences.
The idea of simplicity-over-sophistication is also
supported by the finding that the best-performing
models are maximum parsimony methods, and not
maximum-likelihood based reconciliation methods,
even if maximum-likelihood methods are generally
considered more accurate in other contexts such as
tree estimation (Gadagkar and Kumar, 2005).

This does not mean that reconciliation-based meth-
ods are without merit; in particular, they may be
essential when one needs to infer the donor of an
HGT event, and the extra information of gene tree
topology may be beneficial if accurate. Rather,

these findings highlight the need for caution in
interpreting the results of gene tree reconciliation.
Improving the reliability of such methods will de-
pend on advances in gene tree estimation, for ex-
ample by using species tree-aware algorithms as
described in Morel et al. (2020). However, this
strategy introduces a conceptual challenge: species
tree-aware approaches require an accurate species
tree that is ideally independent of the gene trees
themselves. Yet, state-of-the-art species tree esti-
mations are typically constructed from the consen-
sus of multiple gene trees or their subtrees (David-
son et al., 2015; Jiang et al., 2020; Rannala et
al., 2020; Yang, 2014), making it difficult to avoid
circularity.

Even in the absence of circularity, for example
when using concatenated alignments for species
tree estimation, there is no information in the
species tree and the gene tree that can be used
to distinguish between reconciliations based on
inaccuracies in gene tree estimation and based
on actual evolutionary events. This problem can
potentially be solved by the use of additional infor-
mation, such as ecological/environmental contexts
or functional associations, helping to disentangle
the processes that shape the gene trees and species
trees.

The importance of traveling light

Given the higher phenotypic plasticity of bacteria
with larger genomes and their larger “toolboxes”
of molecular machines, it may seem intuitive that
they can adapt more easily to new environments
(Maslov et al., 2009). However, the results of Chap-

ter 3 indicate that smaller genomes, which incur
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lower genetic costs and generally show reduced
HGT rates, are in fact more successful at adapting
to novel habitats than larger genomes with a larger
toolbox of functions. These streamlined genomes
could be explained by long-term specialization in
stable environments, but our findings also show
that rapid loss of acquired genes plays a role, which
is consistent with corresponding findings from ex-
perimental studies that focus on specific bacteria
(Chaudhari et al., 2024; Lee and Marx, 2012).

While deletion bias is well documented in prokary-
otic genomes (Mira et al., 2001) and genome
streamlining has been described as the result of
adaptation to stable, resource-limited niches, po-
tentially decreasing adaptability (Giovannoni et al.,
2014), our findings suggest a broader view. Stream-
lined genomes appear not only as evolutionary end
products, but as features that may actively facili-
tate or enhance adaptation to new environments,
To
what extent does such streamlining aid adaptation,

presumably by reducing genetic “baggage”.

and when does it instead restrict evolutionary flex-
ibility? The answer may lie in the nature of genes
acquired for specific functions in specific environ-
mental contexts. If these genes are not contribut-
ing significantly to fitness in the new environment,
they are likely to be lost quickly, and vice versa.
The quality of the acquired genes in terms of their
functional relevance (see Chapter 4) and the eco-
logical context in which they are acquired or lost
may therefore be much more important than the
quantity of genes gained or lost.

The counterintuitive finding that smaller genomes
with lower HGT rates tend to adapt more often
to new environments questions the assumptions
underlying our understanding of prokaryotic evo-
lution. Even if the lower HGT rates are entirely
accounted for by the smaller genome sizes, we
found no evidence of any increase in HGT rates
in environmental transitions. This means that at
the very least, three key assumptions need to be
revisited. First, HGT may not be the primary
driver of adaptation; mutations or other mecha-
nisms could play a more decisive role. Second,
the magnitude of gene influx may not scale with
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adaptive challenges: rather than requiring a large
repertoire of novel or optimized functions, adap-
tation — even to markedly different ecosystems —
may instead be facilitated by genome streamlin-
ing reinforced by a few key gene acquisitions. A
quality-over-quantity principle may thus apply at
the genomic level. Third, transitioning to a new
ecosystem may not inherently present a greater
adaptive challenge than remaining in a seemingly
stable one, either because such environments are
less stable than presumed or because the ecological
shift is not as drastic as traditionally assumed. In
Chapter 3, we use ecosystem labels extracted from
the GOLD database (Mukherjee et al., 2019) at
the level of “Ecosystem Type”; perhaps a more
fine-grained approach could reveal additional in-
sights. Notably, our analysis does not incorporate
possible influences of environmental fluctuations
or other time-dependent ecological factors. More-
over, we find no strong evidence linking transitions
to new ecosystems with population bottlenecks.
Overall, the ecological context of gene gain and
loss remains underexplored, emphasizing the need
to expand our understanding of prokaryotic evo-
lution by integrating eco-evolutionary frameworks.
Such frameworks can, for instance, consider con-
served genes across communities (Blanchet et al.,
2023), or map functional traits such as metabolic
strategies or stress tolerances onto phylogenies to
directly link ecological functions with evolutionary
history (Krause et al., 2014).

Taken together, several key questions regarding the
biology of bacterial adaptation remain unresolved.
To what extent is HGT central to prokaryotic adap-
tation? Are transitions to new ecosystems more
challenging than remaining in stable ecosystems?
How do the functional roles and ecological contexts
of acquired genes shape their likelihood of reten-
tion or loss? The findings of this thesis underscore
the necessity of systematically investigating the
influence of ecological factors, and of rigorously
incorporating ecological and functional informa-
tion, to unravel the forces governing gene gain and
loss and to clarify their significance for prokaryotic
adaptation and long-term evolutionary patterns.
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