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A genomic catalog of Earth’s bacterial and 
archaeal symbionts
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Ewan Whittaker-Walker1,3, Miguel F. Romero    1, Sarina Qin4, Neha Varghese1, 
Emiley A. Eloe-Fadrosh    1, Nikos C. Kyrpides    1, SymGs data consortium*, 
Axel Visel    1, Tanja Woyke    1 & Frederik Schulz    1 

Microbial symbiosis drives the functional and phylogenomic diversification 
of life on Earth yet remains underexplored because of culturing challenges. 
This study used machine learning (ML) to predict symbiotic lifestyles 
in more than a hundred thousand microbial genomes from diverse 
environmental metagenome samples and reference genomes. Predictions 
were performed using symclatron, an ML framework developed to identify 
genomic signatures of symbionts. Predictions were deposited in a catalog 
we established called Symbiont Genomes (SymGs). The results indicate 
that 15–23% of uncultivated microorganisms likely engage in symbiotic 
relationships with other organisms, categorized as host-associated or 
obligate intracellular lifestyles, and are present in half of all known bacterial 
and archaeal phyla. We also identify genomic signatures of symbiotic 
lifestyles, including the loss of certain metabolic functions and the 
differential presence of metabolic modules that may enable host-dependent 
living. The symclatron software and the SymGs catalog represent valuable 
resources for studying symbioses, potentially facilitating future mechanistic 
investigations and engineering of host–microorganism associations.

The intricate and persistent relationships between microorganisms 
and their hosts, known as microbial symbioses, are fundamental to 
the functioning of life on Earth1–3. These dynamic relationships span a 
spectrum from mutualism to parasitism4 and are integral to the health 
and evolution of all partners involved5. On the one hand, microbial 
symbionts have critical roles in processes such as nutrient cycling6,7, 
transfer of energy in the form of ATP8, enhancement of host stress 
resistance9 and disease suppression and protection from pathogens10–12. 
On the other hand, microbial pathogens infect eukaryotic cells and 
adversely affect their host fitness13. The genetic makeup of symbionts 
often determines host range and interaction4,14; however, the avail-
ability of symbiont genomes is skewed toward those that are animal 
or human associated or amenable to laboratory cultivation15–17. This 
bias has caused researchers to overlook the true breadth of symbiont 

diversity in nature, potentially missing novel and globally important 
symbiont clades yet to be identified.

Recent advances in metagenomics have provided the tools to 
capture and analyze the vast array of genetic material present in envi-
ronmental samples, offering unprecedented insights into the microbial 
world18. The ability to reconstruct population genomes, so-called 
metagenome-assembled genomes (MAGs) and single amplified 
genomes (SAGs), from environmental sequencing data has revolution-
ized our understanding of microbial diversity, functional capabilities 
and ecology19–24 and the evolution of the eukaryotic cell25,26. To date, 
hundreds of thousands of MAGs have been generated27–29. While MAG 
taxonomy can be linked to their predicted metabolic traits, the life-
styles of these organisms remain largely unknown. Taxonomy alone is 
often insufficient to predict lifestyle because of variation within related 
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a reference set of 792 symbiont proteomes from across major clades 
(Fig. 1a) that was used to capture functional signals of symbiosis. 
The manually curated origin of the 792 symbiont proteomes and the 
expert-guided labeling criteria for the 6,751 genomes are described in 
the Methods. We performed orthogroup inference on these symbiont 
proteomes, from which we built 20,063 high-confidence profile hidden 
Markov models (HMMs) for orthogroups that contained ≥5 member 
proteins. The HMMs serve as potential markers of symbiotic gene con-
tent (Fig. 1a). Next, we built a dataset comprising 6,751 labeled microbial 
genomes (Fig. 1b and Supplementary Table 1) available in the Integrated 
Microbial Genomes and Metagenomes (IMG/M) database29, spanning 
three lifestyle classes: free-living (n = 5,959), host-associated (n = 409) 
and obligately intracellular (n = 383). Detailed definitions of these life-
style labels are provided in the Methods. With the aim of accounting 
for the effect of genome incompleteness in the downstream training 
of our models, all the genomes were artificially reduced to different 
levels of genome completeness and fragmentation lengths (Fig. 1b). 
We then applied uniform genome gene calling and annotation across 
the entire labeled dataset, yielding ~244 million proteins (Fig. 1b). 
Each protein was scanned against the symbiont HMM library (Fig. 1a) 
to determine orthogroup memberships. As a result, each genome was 
represented as a 20,063-dimensional feature vector reflecting the 
bitscore of symbiont-related orthogroups.

Genome labeling was performed following our conceptual demar-
cation of the symbiosis continuum (Fig. 1c). Then, the 20,063-dimen-
sional encoding captured each genome’s potential host-dependence 
traits (Fig. 1c). Accordingly, we used the encodings to train a symbiont 
classifier model (symcla) on the basis of discrete class labels and to 
train a regressor model (symreg) derived from the continuous labels 
(Fig. 1d). To optimize computational efficiency, the top 1,000 most 
relevant features were selected for each model.

Calibrating predictions with clade-level cross-validations and the 
neural network symclatron. To benchmark the model’s generaliz-
ability to novel taxa, we implemented a clade-level leave-one-clade-out 
cross-validation strategy (Fig. 1e). In total, 11,025 unique clades (across 
species, genus, family, order, class and phylum levels) were represented 
in the labeled dataset (Fig. 1e, left). For each validation run, we withheld 
all genomes from one clade (for example, all members of a given family) 
from training and then tested the model on those held-out genomes 
(Fig. 1e, right). This process was repeated such that each clade (at each 
taxonomic rank) was left out in turn, yielding 11,025 clade-specific 
validations. By removing entire lineages during training, this rigor-
ous scheme evaluates how well the classifier can predict lifestyles for 
previously unseen lineages.

We developed a feedforward neural network, termed ‘symclatron’,  
to provide a final prediction of each genome’s lifestyle on the basis of 
the clade-level cross-validation data and other interpretable genomic 
features (Fig. 1f). Rather than using thousands of raw ortholog features 
directly, the symclatron model integrates seven informative features 
per genome that summarize its position in symbiotic gene-content 
space. These features capture both the categorical and the continu-
ous signals of symbiosis, as well as genome quality, and are defined 
below (Fig. 1f).

Symcla class probabilities (three features): the probabilities of the 
genome being free-living, host-associated or obligate intracellular, as 
predicted by an initial gradient-boosted trees classifier trained on the 
20,063-dimensional feature matrix.

Symreg score (one feature): a continuous symbiosis score rang-
ing from 0.0 (free-living) to 2.0 (obligate intracellular) produced 
by a gradient-boosted regression model (symreg). This models the 
genome’s position along the host-dependence continuum (Fig. 1c).

Distance to training datasets (two features): for both the sym-
cla classifier feature space and the symreg feature space, we com-
puted the genome’s weighted Euclidean distance to the nearest 

groups and the prevalence of novel organisms in MAG datasets. Analyz-
ing genomic features related to function and dependence offers a more 
direct approach30. In particular, genomes of symbiotic clades have been 
disproportionately underrepresented in large-scale MAG studies. This 
bias occurs because estimates of genome completeness often fall below 
the medium-quality threshold for these genomes31–33. The concept of 
the symbiome encompasses the entire assemblage of colocalized and 
coevolving organisms, including both host and symbionts34. However, 
a linkage between symbiont and host can often not be established in 
complex metagenomic datasets. Yet, it is plausible that many MAGs 
and SAGs represent uncultivated microbial symbionts; therefore, a 
symbiont-centric view of the global microbiome data could represent 
a powerful approach to uncover the full extent of the genomic space 
of bacterial and archaeal symbionts.

Understanding microbial symbiosis has exciting implications for 
biotechnology. Symbiotic systems represent naturally evolved solutions 
for metabolic division of labor, offering blueprints for engineering 
synthetic microbial consortia for industrial applications35. The stream-
lined genomes of obligate symbionts provide insights into minimal 
genome design for synthetic biology applications, while their special-
ized metabolic capabilities suggest enzymatic tools for biotechnology36. 
Furthermore, symbiont–host metabolic complementarity can guide 
the design of engineered microbial communities for bioproduction, 
bioremediation and agricultural applications37,38. A comprehensive cata-
log of symbiont genomes would accelerate the discovery of additional 
biosynthetic pathways, specialized enzymes, metabolic division of labor 
and metabolic interactions that can be harnessed for biotechnological 
innovation in the engineering of host–microorganism systems.

Here, we leverage machine learning (ML) models trained on 
large-scale genomic data to map putative microbial symbionts across 
the globe. For simplicity, we henceforth refer to these putative symbi-
onts as ‘symbionts’, recognizing that their status remains provisional, 
being predicted from genomic data. Operationally, in this study, we 
define a symbiont as an organism that maintains a spatially close and 
temporally prolonged association with a host organism of a different 
species, regardless of the function of the symbiont, which can range 
from mutualistic to parasitic16. Microbial symbionts can be associated 
with host organisms by attaching to external surfaces or host cells or 
occurring intracellularly at least during part of their life cycle. Some 
microorganisms are obligate intracellular and cannot replicate out-
side a host cell. To account for these differences in host dependence, 
we broadly categorized microbial symbionts as ‘host-associated’ or, 
more specifically, as ‘obligate intracellular’. Host-associated symbionts 
encompass both facultatively intracellular microorganisms, which 
can replicate inside a host cell but also independently of a host, and 
ectosymbionts (or epibionts), which inhabit the exterior of their host, 
often attached to the host’s surface. In contrast, obligate intracel-
lular symbionts represent a subset of host-associated symbionts that 
thrive and replicate exclusively inside a host cell. We investigate the 
prevalence of predicted symbionts across the microbial tree of life, 
systematically detect the taxonomic extent of symbiont-exclusive 
clades and analyze the functional and metabolic patterns that char-
acterize host-associated and intracellular lifestyles. The results of our 
large-scale approach enrich our understanding of microbial symbiont 
prevalence, diversity and metabolic capacity, providing global insights 
into microbial symbiosis and establishing a resource for potential bio-
technological applications ranging from synthetic consortium design 
to minimal genome engineering and enzyme discovery.

Results
An artificial intelligence (AI)/ML framework (symclatron) for 
accurately classifying symbiotic lifestyles
Symbiont genome dataset and feature extraction. We constructed a 
comprehensive symbiont proteome database and extracted genomic 
features to enable lifestyle classification (Fig. 1). The first part included 
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training-set genome. These distance metrics (weighted by feature 
importances from the symcla/symreg models) quantify how atypical 
or novel the genome’s gene content is relative to known symbionts and 
free-living organisms.

Genome completeness (one feature): an estimate of genome com-
pleteness (assembly quality) for the proteome, included to ensure that 
partial genomes are appropriately handled.

All seven features were scaled and passed as input to the neural 
network. The symclatron architecture consists of fully connected 
dense layers with batch normalization and dropout regularization 
(Fig. 1f). Specifically, three dense layers (each with ReLU activation 
and dropout rates) transform the input features, followed by an output 
layer with a softmax activation that yields probability scores for each of 
the three lifestyle classes (0, free-living; 1, host-associated; 2, obligate 

intracellular). This design leverages biologically interpretable inputs, 
derived from gene-content patterns and host-dependence signals, 
while using the neural network to capture nonlinear combinations of 
these inputs for final prediction. By building on the intermediate sym-
cla and symreg models (which themselves provide feature importance 
insights), the symclatron predictions remain grounded in tangible 
biological features rather than opaque latent variables.

Classification performance across lifestyles. The symclatron model 
achieved high classification accuracy for all three lifestyle categories 
in cross-validation (Fig. 1g,h). Receiver operating characteristic (ROC) 
analysis (Fig. 1g) showed that the model discriminates lifestyles with 
excellent performance; the one-versus-all AUC was 0.99 for free-living, 
0.98 for host-associated and 1.00 for obligate intracellular genomes. 
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Fig. 1 | Developing an AI/ML framework for symbiotic lifestyle prediction 
in microbial genomes. a, Feature engineering workflow for detecting the 
genomic features specific to symbiont genomes. b, Construction of a genus-level 
representative database of lifestyle-labeled genomes accounting for artificial 
genome reductions. c, Schematic of the symbiosis continuum concept applied 
in the labeling strategy for model training. d, Construction of the training matrix 
for the symbiont classifier (symcla) and symbiont regressor (symreg) using 
XGBoost. The final models were optimized for the most relevant 1,000 features. 
e, Strategy implemented to calibrate the final lifestyle prediction by training a 
neural network on the outputs of the out-of-fold validations. Right, the neural 
network was trained on 11,025 rounds of benchmarking and validations of the 
classifier and regressor models by blinding the models to entire clades from the 

training data. Left, bar plot showing the total number of unique clades analyzed 
at each taxonomic rank. f, Architecture of the neural network featuring batch 
normalization and dropout layers (30% and 20%), with three dense layers using 
ReLU activation. The output layer also yields confidence scores for each lifestyle 
class (0, free-living; 1, host-associated; 2, obligate intracellular). g, ROC curves 
showing classification performance for each lifestyle category (one versus 
rest). ROC curves are shown for the final neural network model evaluated on the 
stratified 80:20 split of the integrated out-of-fold benchmarking dataset used 
for neural network model selection. h, Confusion matrix at 0.725 confidence 
threshold depicting correct classifications for each category. The data split 
for the neural network validation was applied at 80% for training (n = 385,800 
proteomes) and 20% for testing (n = 96,450 proteomes).
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These high AUC values indicate that symclatron consistently ranks 
the true class higher than the alternatives across diverse genomes. 
Correspondingly, the classifier’s confusion matrix confirms accurate 
assignment of lifestyles (Fig. 1h). Overall accuracy was 96%, with most 
genomes falling on the diagonal of the confusion matrix. Free-living 
bacteria were almost always correctly identified (98.5% of free-living 
genomes predicted as free-living, Fig. 1h), with only minimal misclas-
sification (1.5% predicted as host-associated and effectively none as 
intracellular). Obligate intracellular symbionts were also recognized 
with high precision (97.6% correctly classified; Fig. 1h). The model 
exhibited a slight tendency to confuse the two symbiotic classes in a 
minority of cases; about 5.2% of host-associated genomes were mis-
predicted as obligately intracellular and 2.3% of obligate intracellular 
genomes were predicted as host-associated (Fig. 1h). This minor class 
mixing reflects the biological reality that some host-associated bacteria 
approach an intracellular lifestyle but, importantly, very few symbionts 
were mistaken for free-living organisms or vice versa (Fig. 1h). Given 
that the benchmark set is class imbalanced, we emphasize balanced 
metrics in addition to accuracy. On the held-out validation set, sym-
clatron achieved class-specific F1 values of 0.982 for free-living, 0.699 
for host-associated and 0.908 for obligate intracellular genomes. The 
strong performance on held-out clades underscores that the thoroughly 
calibrated symclatron can generalize to novel taxa, even when evaluat-
ing genomes from entirely untrained lineages, the model maintained 
robust accuracy with only rare errors. Our results demonstrate that the 
neural network, informed by independent models built on gene-content 
features, can reliably distinguish free-living versus symbiotic lifestyles 
and even delineate the degree of host dependence among symbionts.

Prediction confidence. To translate symclatron’s predictions into 
actionable biological insights, we calibrated the model’s probability 
outputs to assess prediction confidence (Extended Data Fig. 1). We 
first examined the distribution of prediction confidence scores (the 
highest class probability for each prediction) for correct versus incor-
rect assignments (Extended Data Fig. 1a). This analysis revealed a clear 
separation: the vast majority of true-positive predictions were made 
with high confidence, whereas false predictions tended to have lower 
confidence scores (usually <0.6). On the basis of this distribution, we 
selected a confidence threshold of 0.725, above which misclassifica-
tions are exceedingly rare (Extended Data Fig. 1a). At this cutoff, the 
false-positive rate is only 1.5% (that is, only 1.5% of incorrect predic-
tions have a confidence ≥ 0.725), indicating that a prediction with 
≥72.5% confidence is highly likely to be correct. Users of symclatron 
can, thus, choose to accept only predictions above this probability to 
minimize errors. Applying a confidence threshold allows a tunable 
trade-off between accuracy and data coverage (Extended Data Fig. 1b). 
As the minimum required probability is raised, the model’s accuracy 
on retained predictions increases, while the fraction of genomes that 
meet the threshold (coverage) decreases.

Lastly, we assessed model calibration across the full range of con-
fidence scores by stratifying predictions into 40 bins and computing 
performance within each bin (Extended Data Fig. 1c). This analysis 
showed that symclatron’s reported probabilities are well aligned 
with actual outcomes. Higher confidence scores yield higher preci-
sion in lifestyle assignment, as reflected in the confusion matrices 
for each bin (Extended Data Fig. 1c). In the lowest-confidence bins 
(for example, <0.5), the model’s predictions include a mix of errors, 
especially for the difficult host-associated category. In contrast, in 
the highest-confidence bin (≥0.95 probability), predictions are almost 
always correct; free-living and obligate intracellular calls were >99% 
accurate and even host-associated calls were ~92% accurate. Even 
at moderately high confidence levels (for instance, ≥0.70), the pre-
cision for free-living and intracellular predictions already exceeds 
97–98%, with host-associated predictions around ~88% accurate 
(Extended Data Fig. 1c). These results confirm that the model’s 

confidence scores are meaningful measures of confidence for practi-
cal applications of symclatron.

Contribution of symclatron features. To assess feature redundancy 
and contribution in the final symclatron model, we compared the 
performance of symcla alone against the full seven-feature neural 
network on the held-out 20% split of the integrated benchmark data-
set (Extended Data Fig. 1d) and then performed grouped permuta-
tion importance on the final neural network (Extended Data Fig. 1e). 
Symcla alone achieved high overall accuracy (95.34%), indicating that 
it captures much of the dominant signal in the easier regions of the 
host-dependence continuum. However, because the evaluation set is 
dominated by free-living genomes, accuracy alone underestimated 
the contribution of the full model. The complete symclatron model 
increased macro-F1 from 0.769 to 0.863, increased host-associated 
recall and F1 from 32.7% and 0.467 to 83.3% and 0.697 and increased 
intracellular recall/F1 from 83.3% and 0.861 to 93.3% and 0.911. Permu-
tation analysis showed that, although the symcla class probabilities 
contributed the strongest overall signal, the symreg score and the 
distance-to-training-set features provided nonredundant information, 
particularly for host-associated predictions and, to a lesser degree, for 
intracellular predictions. These results indicate that symcla is an inform-
ative coarse classifier, whereas the full symclatron model is required 
for balanced three-class prediction across the symbiosis continuum.

Predictions as a function of distance from training data. To evaluate 
whether prediction accuracy declines for genomes that are farther 
from the training data, we analyzed the leave-one-clade-out bench-
mark as a function of a conservative combined weighted distance to 
the remaining training set, defined as the maximum of the symreg 
and symcla nearest-neighbor distances (Extended Data Fig. 1f–h). As 
expected, broader held-out clades were farther from the training data, 
with the median combined distance decreasing from 61.98 at phylum 
to 36.84 at species (Extended Data Fig. 1f). Genome-weighted perfor-
mance remained strong through the first four distance quintiles but 
declined in the most distant quintile, where accuracy dropped from 
94.1% to 72.7% (Extended Data Fig. 1g). This decline was strongest for 
host-associated genomes, whose recall fell from 73.6% in the closest 
quintile to 7.2% in the most distant quintile; intracellular recall fell from 
70.8% to 20.3%. When the same analysis was repeated with equal weight-
ing of held-out clades rather than genome count, the same pattern 
remained, with the decrease concentrated in the most distant quintile 
(Extended Data Fig. 1h). These results show that symclatron generalizes 
well across broad phylogenetic diversity but predictions for the most 
phylogenetically novel clades, especially within the host-associated 
category, should be interpreted with greater caution.

Symclatron availability. Our symbionts prediction framework uses bio-
logically interpretable features of genomes to accurately predict micro-
bial lifestyle with high confidence (Fig. 1g,h and Extended Data Fig. 1c). 
The model is robust to taxonomic novelty (validated across thousands 
of clades) and provides probabilistic predictions that are well calibrated, 
enabling flexible, threshold-tuned deployment. These characteristics 
make symclatron a powerful tool for characterizing the lifestyle of 
microorganisms, even in the face of incomplete genomes or previously 
unseen lineages, while retaining transparency and control over predic-
tion confidence. Symclatron is publicly available from GitHub (https://
github.com/NeLLi-team/symclatron).

SymGs: a global-scale genomes catalog of microbial symbionts
Genome catalog construction and symbiont classification. We 
started by binning a comprehensive set of 31,152 public environmen-
tal sequencing data projects from the IMG/M database to construct a 
catalog of MAGs referred to as ‘NeLLi2023’. We also collected reference 
genomes from IMG/M and Genome Taxonomy Database (GTDB). After 

http://www.nature.com/naturebiotechnology
https://github.com/NeLLi-team/symclatron
https://github.com/NeLLi-team/symclatron


Nature Biotechnology

Resource https://doi.org/10.1038/s41587-026-03213-1

quality assurance, quality control and dereplication at 95% average 
nucleotide identity (ANI), we obtained a genome catalog encompassing 
107,067 genomes of Bacteria and Archaea (Fig. 2a). To predict symbiotic 
lineages within our catalog, we applied symclatron. Using the strin-
gent confidence threshold 0.725, we identified 14,070 high-confidence 
symbiont genomes in the catalog (Supplementary Table 2), equat-
ing to 14% of all genomes in the catalog; we define the collection of 
high-confidence symbiont genomes as SymGs (Fig. 2b). In other words, 
roughly one in seven genomes in the assembled dataset was predicted 
to represent a symbiont (Fig. 2c). The symbiont classification rate was 
even higher when computed only for the MAGs fraction of the catalog, 
ranging from 15% up to 23% symbionts (Fig. 2c); roughly one in five 
MAGs was predicted to be a symbiont.

Taxonomic diversity and genome quality of SymGs. The SymGs 
catalog with 14,070 symbiont genomes spans a wide phylogenetic range 
across the prokaryotic tree of life, highlighting the broad taxonomic 
diversity of microbial symbionts (Fig. 2d). SymGs encompassed rep-
resentatives from all prokaryotic ranks, including dozens of bacterial 
phyla (Fig. 2d). This diversity indicates that symbiotic lifestyles have 
arisen in many branches of Bacteria and Archaea. Indeed, the overall 
taxonomic profile of the SymGs closely mirrored the relative com-
position of the full 107,067-genome catalog (Extended Data Fig. 2a), 
implying that most high-level clades contain at least some symbiotic 
members. As expected, lineages well known for symbiosis were promi-
nent within SymGs (for example Pseudomonadota, Proteobacteria, Bac-
teroidota and Firmicutes), reflecting an enrichment of symbiont-rich 
clades in the catalog. At the same time, SymGs also included members 
of less-characterized phyla (including candidate phyla), underscor-
ing that symbiotic associations are phylogenetically widespread and 
not limited to traditionally studied groups. In addition to their broad 

taxonomic spread, the SymGs are distinguished by high genome qual-
ity and characteristic features (Fig. 2e). Most symbiont genomes were 
high-quality MAGs or nearly complete genomes with minimal assembly 
fragmentation (Fig. 2e). CheckM2 quality assessment indicated that 
SymGs had a median completeness higher than 90% and low contamina-
tion (typically <0.2%), comparable to the quality metrics observed for 
genomes in the overall catalog (Extended Data Fig. 2b). Many symbiont 
MAGs are relatively small, streamlined genomes, which contributed to 
high assembly contiguity (high N50 values) and low contig counts per 
genome (often only a few contigs; Fig. 2e). These statistics are consist-
ent with the biology of well-studied obligate symbionts, which often 
possess reduced, gene-dense genomes that could be fully or nearly fully 
recovered from metagenomes. In summary, SymGs represents a set of 
genomes that not only spans diverse taxa but also meets high standards 
of completeness and purity, ensuring that downstream analyses of 
symbiont biology rest on a solid genomic foundation.

Ecological and geographic distribution of symbiont genomes. 
SymGs exhibits broad ecological and geographic coverage, dem-
onstrating that symbiotic microorganisms are ubiquitous across 
global environments (Fig. 2f). SymGs was recovered from environ-
mental samples spanning all major biome categories and conti-
nents or oceans (Fig. 2f), highlighting a near-global distribution of 
these genomes. Notably, symbiont MAGs were disproportionately 
derived from host-associated and aquatic biomes, which together 
accounted for the majority of SymG source environments (Fig. 2f). 
Host-associated samples (such as animal microbiomes, insect guts and 
plant rhizospheres) and aquatic ecosystems (marine and freshwater 
environments) each contributed large numbers of symbiont genomes. 
Overall, the global and ecological spread of SymGs parallels the broad 
sampling of the entire genome dataset (Extended Data Fig. 2c) but 
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with a clear emphasis on environments involving host organisms or 
aquatic environments where symbiotic interactions are expected to 
be especially common.

To further characterize the environmental contexts of the sym-
biont genomes, we examined the most common biome sources rep-
resented in SymGs (Fig. 2g). The top contributing biomes included 
the deep subsurface of terrestrial and aquatic samples. Each of these 
biomes contributed hundreds to thousands of symbiont genomes, 
underlining that symbiotic microorganisms thrive in a variety of 
environments but are especially prevalent in association with animal 
hosts and aquatic ecosystems. On the contrary, as expected, obligate 
intracellular microorganisms were not detected in built environments 
(Fig. 2g). Nonhuman animal digestive systems showed presence of 
predicted obligate intracellular symbionts, while host-associated 
(and not obligate intracellular) lifestyles were predominant in human 
digestive systems (Fig. 2g), which may represent more facultative or 
environmentally transmitted symbionts.

To evaluate how representative the labeled training set is relative 
to the IMG/M-derived NeLLi2023 catalog, we compared GTDB taxo-
nomic composition across the 6,751 labeled training genomes, the full 
107,067-genome NeLLi2023 catalog and the 14,070 high-confidence 
SymGs subset (Extended Data Fig. 2d,e). The training set spans both Bac-
teria and Archaea domains and includes 53 phyla, 131 classes, 347 orders, 
805 families, 3,977 genera and 5,712 species, indicating broad phylo-
genetic coverage but not a compositional mirror of the MAG-derived 
catalog. At the phylum level, the training set was moderately concordant 
with the full NeLLi2023 catalog (Spearman ρ = 0.57; Jensen–Shannon 
distance = 0.36) and with SymGs (Spearman ρ = 0.51; Jensen–Shan-
non distance = 0.66). This pattern is expected because the labeled set 
was built from high-quality, manually curated reference genomes, 
whereas NeLLi2023 and SymGs derive largely from MAGs reconstructed 
from environmental projects and, therefore, extend much further 
into uncultivated diversity. Thus, the training set captures many of 
the major clades present in the catalog while remaining intentionally 
biased toward better-characterized reference lineages. This ecologi-
cal resemblance is shown explicitly in Extended Data Fig. 2f, where the 
relative representation of IMG ecosystem categories in SymGs closely 
tracks that of the full NeLLi2023 catalog overall (Spearman ρ = 0.84), 
while revealing enrichment of SymGs in several host-associated and 
aquatic environments. Host-associated datasets constituted a minor-
ity of the MAG input data given that, among the NeLLi2023 MAGs with 
environment metadata, 13.2% derived from IMG datasets categorized 
as host-associated, compared to 12% of the high-confidence SymGs 
subset, indicating that the prevalence of predicted symbionts is not 
driven simply by overrepresentation of host-associated metagenomes.

Collectively, the construction and characterization of SymGs 
reveal a remarkable breadth of microbial symbionts. The SymGs 
comprise over 14,000 genomes spanning myriad taxa and including 
high-quality representatives of known and novel symbiont lineages. By 
contrasting the SymGs with the broader genome catalog, we observe 
that symbiotic lineages make up roughly 15–23% of the sampled micro-
bial diversity, a substantial and previously underappreciated fraction.

Functional traits that differentiate microbial lifestyles and 
allow accurate prediction of symbionts
To identify functional traits that differentiate microbial lifestyles, 
we performed SHAP (Shapley additive explanations) analysis on the 
annotated features used by the symcla and symreg models of sym-
clatron, which stratified features into quadrants defined by SHAP 
contribution and HMM bit score (Extended Data Fig. 3a for symcla; 
Extended Data Fig. 4a for symreg). Analysis of Gene Ontology (GO) term 
mapping resolved two major sets of lifestyle-associated traits in the 
NeLLi2023 catalog. In the symcla analysis, low detection of Q3 features 
contributed negatively to symbiotic classification and was therefore 
more indicative of a free-living lifestyle (Extended Data Fig. 3b, Q3).  

In contrast, high detection of Q2 features contributed positively 
to symbiotic classification and was therefore more indicative of a 
symbiotic lifestyle; the corresponding GO terms were enriched in 
transport, membrane and other host-dependence-related functions 
(Extended Data Fig. 3b, Q2). The top 35 features of symcla Q2 accounted 
for 25.7% of the cumulative mean SHAP signal (Extended Data Fig. 3c). 
These high-contributing features sat on top of a strongly long-tailed 
distribution rather than a small discrete set, indicating that symbi-
ont prediction draws on a broader continuum of lower-contributing 
domains (Extended Data Fig. 3d).

The same quadrant contrast was recovered when the analysis was 
repeated on the labeled training genomes. Low detection of Q3 features 
was again more indicative of a free-living lifestyle, whereas high detec-
tion of Q2 features was more indicative of a symbiotic lifestyle; the 
corresponding Q2 terms emphasized transport and membrane-related 
functions (Extended Data Fig. 3e). The highest-ranking symcla Q2 
features in the training data closely resembled those identified in 
the environmental catalog (Extended Data Fig. 3f ) and the full 
ranked SHAP distribution retained the same long-tailed structure 
(Extended Data Fig. 3g). Across the shared Q2 feature set, mean abso-
lute SHAP values were strongly correlated between the catalog and 
the labeled training genomes (Spearman ρ = 0.976) and 31 of the top 35 
features were shared between the two rankings (Extended Data Fig. 3h). 
These results indicate that the functional signals highlighted by the 
symcla model are not unique to the environmental catalog but are also 
present in the curated reference set used for training.

The parallel symreg analysis (Extended Data Fig. 4a) recovered 
the same broad biological distinction while emphasizing a comple-
mentary subset of predictive features. In the NeLLi2023 catalog, low 
detection of Q3 features was more indicative of a free-living lifestyle 
and the corresponding terms were enriched in biosynthetic functions, 
whereas high detection of Q2 features was more indicative of a sym-
biotic lifestyle and the corresponding terms were enriched in trans-
port and membrane-associated functions (Extended Data Fig. 4b); 
the top 35 symreg Q2 features accounted for 52.2% of the cumula-
tive mean SHAP signal (Extended Data Fig. 4c). The corresponding 
ranked distribution was long-tailed in both the catalog and the labeled 
training genomes (Extended Data Fig. 4d,g) and the same GO term 
contrast was recapitulated in the training set (Extended Data Fig. 4e). 
The highest-ranking training features closely matched those from 
the catalog (Extended Data Fig. 4f) and catalog and training symreg 
estimates were strongly concordant across shared Q2 features (Spear-
man ρ = 0.951), with 28 of the top 35 features shared between datasets 
(Extended Data Fig. 4h). However, the catalog-level symcla and symreg 
Q2 rankings shared only three of their respective top 35 features and 
showed low overall concordance across the shared Q2 set (Spearman 
ρ = 0.096), indicating that the classifier and regression branches cap-
ture complementary aspects of host dependence while retaining a 
limited shared core of symbiosis-associated markers. Feature rank 
discrepancies between the models arise from distinct mathemati-
cal optimization objectives. The classifier (symcla) establishes dis-
crete boundaries between the three lifestyle classes by prioritizing 
category-separating attributes. Conversely, the regressor (symreg) 
optimizes for a continuous score along the host-dependence contin-
uum to capture progressive functional contraction trends. Permutation 
analysis (Extended Data Fig. 1e) confirmed that both models provide 
nonredundant information that the final neural network integrates to 
improve classification accuracy.

Symclatron allows identification of bacterial and archaeal 
clades dominated by symbionts
Widespread distribution of symbionts across Bacteria and Archaea. 
Microbial symbionts are phylogenetically widespread, appearing in 
numerous branches of the bacterial (Fig. 3) and archaeal (Fig. 4) trees 
of life. Nearly all major phyla include some host-associated members, 
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indicating that transitions to symbiosis have occurred repeatedly in 
diverse lineages. However, the prevalence of symbionts varies greatly 
among clades, with certain groups especially enriched for symbiotic 
lifestyles (Figs. 3 and 5). For example, the Candidate Phyla Radiation of 
bacteria (this entire lineage is now classified as a phylum-level group; 
analogous to the Patescibacterota, it has been formally designated as 
Minisyncoccota39) and the DPANN superphylum of archaea (for exam-
ple, Nanoarchaeota and Aenigmatarchaeota) consist almost entirely 
of host-dependent organisms. By contrast, in large phyla such as Pseu-
domonadota or Actinomycetota, symbionts represent a smaller subset 
of the total diversity, yet, even in these groups, multiple subclades 
(for instance, the order Rickettsiales in Alphaproteobacteria or family 
Mycobacteriaceae in Actinobacteria) have evolved host-associated 
lifestyles (Fig. 3).

Our analysis also shows that many symbiont-exclusive clades are 
dominated by intracellular symbionts (detailed metrics of every clade 
analyzed in this study in Supplementary Table 3). For instance, the phy-
lum Chlamydiota (Fig. 3) is composed entirely of obligate intracellular 
bacteria (most are expected to be pathogens of animals according to 
the current understanding of this clade) and the Dependentiae (for-
merly TM6) are similarly almost exclusively intracellular symbionts 
(most are expected to be endosymbionts of protists according to the 
current understanding of this clade). In other clades, the symbionts are 
predominantly host-associated but not obligate intracellular, as in the 
case of certain bacterial clades within the Bacteroidota and Bacillota 
(formerly known as Firmicutes) phyla that are traditionally known to 
colonize the gut of animal hosts without residing inside host cells. In 
sum, the broad phylogenetic survey of symbiont genomes shows that 
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Fig. 3 | Phylogenetic distribution of the bacterial symbionts. The tree 
encompasses a representative genome from each class spanning various phyla. 
The tree was rooted using Fusobacteriota. From the innermost to the outermost 
rings, the following information is displayed: (1) the heat map ring shows the 
percentage of symbiont-exclusive clades per class found at the order, family and 
genus levels; (2) the bars represent the specific lifestyle of the symbiont fraction 

within the class; (3) the filled dots and the gray bars show the log10-scaled total 
number of genomes analyzed in each class; (4) clades from which genomes 
were used in building the classifier and regressor models are designated by 
black arrows. Additional details on genomes of predicted symbionts and 
symbiont-exclusive clades are provided in Supplementary Tables 2 and 3. Tree 
reconstruction is described in the Methods.
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symbiotic relationships have evolved in diverse taxa of the microbial 
world, with some lineages undergoing especially pronounced shifts 
to host-dependent, often intracellular, existence in Bacteria (Fig. 3) 
and Archaea (Fig. 4).

Symbiont-exclusive clades. Using the above phylogenomic frame-
work, we identified numerous ‘symbiont-exclusive’ clades, defined as 
taxonomic groups in which ≥90% of the member genomes are predicted 
to be symbionts with high-confidence (Fig. 5a). As expected, because of 
microbial diversification, the majority of symbiont-exclusive clades are 
found at the lower taxonomic ranks; over 1,000 genera consist almost 
entirely of symbionts. At progressively higher ranks, fewer clades meet 
the ≥90% symbiont criterion. We detected on the order of tens of classes 
and hundreds of orders and families that are symbiont dominated but 
only a handful of phyla (Fig. 5a). The few top-level groups with perva-
sive symbionts include well-known obligate symbiont lineages such 

as Chlamydiota (phylum of obligate intracellular bacteria), as well as 
several candidate phyla in bacteria and archaea that lack free-living rep-
resentatives. This pattern indicates that completely host-dependent 
groups exist at all taxonomic scales but broad, phylum-level speciali-
zations to symbiosis are rare. More commonly, symbiosis evolves as a 
specialized subset within larger lineages. The prevalence of so many 
symbiont-exclusive genera and families suggests multiple independent 
acquisitions of a host-associated lifestyle within each major bacterial 
phylum. Furthermore, many of these clades have only recently been 
recognized through metagenomic sequencing (Fig. 5a), implying that 
our knowledge of microbial diversity has expanded to include previ-
ously undiscovered symbiont lineages.

Indeed, a notable fraction of our high-confidence symbiont clades 
appear to be MAG-exclusive (known solely from MAGs), highlight-
ing how cultivation-independent approaches are revealing symbi-
onts that were missed in cultivation-based surveys (Fig. 5a). Genome 
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encompasses a representative genome from each order spanning various 
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the visualization. From the innermost to the outermost rings, the following 
information is displayed: (1) the heatmap ring shows the percentage of 
symbiont-exclusive clades per order found at the order, family and genus 

levels; (2) the bars represent the specific lifestyle of the symbiont fraction 
within the order; (3) the filled dots and the gray bars show the log10-scaled total 
number of genomes analyzed in each order. Additional details on genomes 
of predicted symbionts and symbiont-exclusive clades are provided in 
Supplementary Tables 2 and 3. Tree reconstruction is described in the Methods.
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characteristics of many symbiont-exclusive clades reflect reduc-
tive evolution but some have larger genomes and high G+C content 
(Fig. 5b). There is a pronounced trend toward genome miniaturization; 
many obligate symbionts in our dataset have genome sizes well under 
1.5 Mbp and some approach the theoretical lower size limit for cellular 
life (on the order of only a few hundred kilobases). These reduced 
genomes also tend to have biased nucleotide compositions, often <40% 
G+C. For instance, several known insect endosymbiont clades (Fig. 5b) 
harbor genomes around ~0.2–0.7 Mb with extreme A+T bias (for exam-
ple, one lineage at ~13–20% G+C). Such values are in line with the most 
extreme cases previously reported in endosymbiotic bacteria such as 
Candidatus Zinderia insecticola with a 208-kb, 13.5% G+C genome40.

To examine the nature of these symbiont-dominated clades 
more concretely, we broke down a selection of high-confidence 
symbiont-exclusive clades (down to family level for clarity), detail-
ing their taxonomy, symbiont percentage and lifestyle composition 
(Fig. 5c). All of the highlighted clades have at least 90% of members 

identified as symbiotic, with many at a full 100%. The proportion of 
host-associated versus intracellular symbionts is indicated for each 
clade, illustrating different degrees of integration with host organisms. 
Some clades are composed almost entirely of obligate intracellular 
symbionts. For example, the family Blattabacteriaceae (order Flavo-
bacteriales) is 100% symbiotic, consisting of obligate intracellular 
(traditionally known to be endosymbionts of cockroaches) bacteria 
that live within host fat-body cells41. Similarly, the Amoebophilaceae 
(order Cytophagales) are intracellular symbionts traditionally known 
to live inside amoeba hosts42. In these groups, virtually all symbionts 
inhabit host cells, indicating an extreme specialization and dependence 
on the host environment.

In contrast, other clades, while still exclusively host-associated, 
predominantly contain nonobligate intracellular symbionts (Fig. 5c). 
An example is the order Acholeplasmatales (class Bacilli (formerly 
Mollicutes), phylum Bacillota), which includes Mycoplasma-like bac-
teria found on animal and plant hosts; these symbionts require a host 
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Fig. 5 | Genomic characterization of symbiont-exclusive clades. a, Distribution 
of symbiont-exclusive clades across different taxonomic ranks. A clade is 
depicted as symbiont-exclusive at any taxonomic rank if ≥90% of genomes 
were classified as symbionts with mean confidence of the predictions of the 
clade ≥ 0.725 and s.d. ≤ 0.2. A clade is depicted as ‘MAG-exclusive’ if it was not 
previously represented by reference isolates. b, G+C content and assembly size 
of symbiont-exclusive clades across different taxonomic ranks, from phylum 
to genus. Dot color indicates the phylum in which we found symbiont-exclusive 

clades; only Alphaproteobacteria and Gammaproteobacteria are shown 
at the class level. Each point represents a clade. c, Lifestyle composition of 
symbiont-exclusive clades down to the family taxonomic rank. Unknown 
taxonomic classifications are depicted by the first letter of the taxonomic rank 
and two underscore signs. The two rightmost columns indicate the fraction of 
genomes in that clade classified as symbionts and its percentage distribution of 
symbiotic lifestyles.
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to survive but typically reside on cell surfaces or in host fluids rather 
than intracellularly invading host cells. As a result, Acholeplasmatales 
genomes, although reduced, are not as minimal as those of strictly 
intracellular bacteria (Bacillota dots in Fig. 5b). Likewise, certain gut 
bacterial clades like Christensenellales (former Christensenellaceae) 
within the class Clostridia and phylum Bacillota_A (former Firmicutes) 
are known to be almost entirely restricted to animal hosts yet remain 
outside host cells43 as predicted by us (Fig. 5c).

Among the Pseudomonadota symbionts that were used for build-
ing the classifier, only Rickettsiales did not meet the criteria for being 
considered a symbiont-exclusive clade despite its known occurrence 
as symbionts of a wide variety of eukaryotic species (Fig. 5c). Both 
orders Holosporales and Legionellales did form symbiont-exclusive 
clades (Fig. 5c). This is consistent with recent genome-based analyses 
suggesting free-living or possibly facultative host-associated lifestyles 
for certain, basal lineages of Rickettsiales44. Within Rickettsiales, only 
Rickettsiaceae, Midichloriaceae, JAGVLN01, JABSSG01, Deianiraeaceae, 
Anaplasmataceae and 33-17 formed symbiont-exclusive families of 
obligate intracellular symbionts (Fig. 5c). In contrast, some members 
of the Rickettsiales family UBA1997 were classified as host-associated. 
Alternatively, these could also be ectosymbiotic, a lifestyle that has 
been reported in the Rickettsiales for Candidatus Deianiraea vasta-
trix45. Genome-based inferences proposed that intracellularity likely 
evolved multiple times in the evolution of Rickettsiales, which is con-
sistent with the prediction of host-associated, not necessarily obligate 
intracellular lifestyles in certain lineages of this order44,46.

Overall, our data indicate that most clades dominated by sym-
bionts have gravitated toward intracellular niches (Fig. 5c), although 
there are puzzling cases such as the MAG-exclusive unknown families 
of Gloeomargaritales and PCC-6307 within Cyanobacteriota (Fig. 5c). 
Nevertheless, in other clades, a notable subset maintain a less intimate, 
nonobligate intracellular association with their hosts. This variation 
suggests that, while host dependence is the common thread uniting 
these clades, the mode of symbiosis (intracellular endosymbiosis 
versus host association) can differ, likely influenced by the specific 
ecological context and evolutionary history of each lineage.

Differential metabolic module completeness found in 
symbiont-exclusive clades compared to their free-living 
relatives
Widespread loss of biosynthetic pathways in symbiont genomes. 
We calculated metabolic module completeness for each clade and used 
bootstrap resampling to detect major differences between symbiont 
and free-living groups. For each symbiont-exclusive clade, bootstrap 
comparisons were performed against the corresponding free-living 
sister set from the immediately higher parent clade after excluding 
the focal symbiont clade itself; 100 bootstrap iterations were then 
generated by sampling 100 genomes with replacement from each 
lifestyle group per iteration and clades were retained only when at 
least five free-living sister genomes were available. The 100 random 
subsamples of genomes were used to generate confidence intervals 
for each module’s completeness in symbiont versus free-living cohorts. 
This analysis ensured that observed differences (for example, loss of 
amino acid synthesis or enrichment of nitrogen metabolism) are not 
because of random genome content variation but reflect true adaptive 
divergences.

We observed that, across diverse lineages, many core metabolic 
pathways are incomplete or entirely absent in symbiont-exclusive 
clades (Fig. 6). For example, symbionts in the families CG1-02-43-26 
and UBA9783 within the order Opitutales (phylum Verrucomicro-
biota) and the order Borreliales within the phylum Spirochaetota 
show pervasive loss of amino acid biosynthesis pathways that are 
present in related free-living bacteria. Modules for the production of 
branched-chain amino acids (valine, isoleucine and leucine), as well as 
other essential amino acids such as ornithine, arginine and histidine, 

are largely missing or pseudogenized in the symbionts (Fig. 6). This 
trend is echoed in the symbiont-exclusive order Borreliales within the 
phylum Spirochaetota, which lack key enzymes for serine, threonine 
and arginine biosynthesis that their free-living relatives retain (Fig. 6). 
We generally observed that symbionts show pervasive loss of amino 
acid biosynthesis pathways that are present in related free-living bac-
teria. Similarly, symbionts rely on salvage pathways for nucleotides; 
we found de novo purine and pyrimidine biosynthesis modules (for 
example, M00048 and M00051) to be partially or wholly absent in 
symbiont clades, whereas free-living strains encode these pathways 
completely (Fig. 6).

The two symbiont genera UMGS1491 and CAG-557 within the fam-
ily Acutalibacteraceae (class Clostridia and phylum Bacillota_A) were 
characterized by having also shed parts of central metabolic pathways 
such as the citrate cycle (TCA cycle), being absent in all examined 
symbionts within these two clades (Fig. 6). Their absent citrate cycle 
indicates a reduced capacity for aerobic respiration in these symbi-
onts. Nevertheless, they do show a more complete module for V-type 
ATPase metabolism.

In a contrasting example of related symbiont clades with poten-
tially different hosts, we observed that the symbiont-exclusive order 
UBA1113 within Gammaproteobacteria retained a complete module 
cytochrome o ubiquinol oxidase but the same module was not consist-
ently detected in the related symbiont-exclusive order UBA11136 and 
was completely undetectable in free-living counterparts (Fig. 6). This 
differential presence of the cytochrome o ubiquinol oxidase module 
indicates that UBA1113 families are still occupying niches with oxygen 
flux while UBA11136 families are most likely adapting to oxygen-poor 
host environments.

Our data show that the loss of energy-intensive biosynthetic 
functions indicates that symbionts frequently obtain amino 
acids, nucleotides, cofactors, vitamins and other key metabolites 
(Extended Data Fig. 5b) from their hosts (or cosymbionts), a hall-
mark of metabolic dependence in host-associated bacteria47–49. How-
ever, some symbiont-exclusive clades can also show more complete 
modules for these biosynthetic functions (Extended Data Fig. 5b), 
indicating that the selective pressure of the specific host or niche 
environment is a differential factor in the evolution of metabolic 
capabilities of symbionts and a reduction in metabolic function is not 
the only adaptation mechanism of host-associated and intracellular 
microbial symbionts.

Retention of niche-specific metabolism in symbiont genomes. 
We observe that, despite overall metabolic contraction, symbionts 
commonly retain or even enrich certain pathways that may confer a 
selective advantage within the host environment. Some biosynthetic 
modules are more complete in symbionts than in related free-living 
taxa (Fig. 6). For example, the modules for C5 and C10–C20 isoprenoid 
biosynthesis and pentose phosphate pathway in the symbiotic order 
Borreliales within Spirochaetota are consistently more complete.

Nitrogen metabolism modules in symbiont-exclusive genera 
within the family Thioglobaceae (class Gammaproteobacteria) are 
more complete than in free-living relatives (Fig. 6), indicating poten-
tially nitrogen-poor and sulfur-poor diets of their hosts or that the 
symbionts’ retention in nitrogen acquisition modules likely alleviates 
their hosts’ dietary deficiencies, providing a source of usable nitrogen. 
Likewise, we found that sulfur metabolic modules are retained in these 
symbiont clades, probably reflecting adaptation to anoxic, sulfate-rich 
gut environments. Most likely, the nitrogen and sulfur chemoauto-
trophic metabolism that is fully present enables the host to exploit 
inorganic energy sources in harsh environments like deep-sea vents. 
In the symbiotic genus CAG-557 within the class Clostridia (Fig. 6), the 
dTDP-L-rhamnose biosynthesis module, often critical for the virulence 
of human pathogens50, is consistently complete in contrast to other 
symbiont clades and free-living relatives.
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Overall, we observe that symbionts may allow hosts to live in 
habitats or use resources that would otherwise be inaccessible, illus-
trating an adaptive advantage of maintaining certain metabolic mod-
ules. In general, the genes that remain in reduced symbiont genomes 
(Extended Data Fig. 5b) tend to be those directly involved in meta-
bolic exchanges with the host, such as nutrient provisioning or waste 
recycling, highlighting the tight metabolic interdependence of host 
and symbiont.

Discussion
Our study leverages large-scale genome-resolved metagenomics and 
ML to explore the global diversity of microbial symbionts. By compiling 
and analyzing a comprehensive catalog of genomes primarily com-
posed of MAGs, here, we show the extensive diversity and pervasiveness 
of bacterial and archaeal symbionts across Earth’s biomes, an idea long 
hypothesized16,51 but not documented until now.

We developed the symclatron software designed for the clas-
sification of genomes. One of the main criteria for symclatron devel-
opment and optimization was to minimize the false-positive rate for 
symbiont prediction, which provides a conservative trustworthy 
ground for the host-associated and obligate intracellular predictions 
made here. Nevertheless, symclatron showed remarkable accuracy 
by correctly classifying symbiotic lifestyles in clades such as Bipolari-
caulota and Omnitrophota, consistent with the recent literature52,53. 
Another example includes Candidatus Azoamicus ciliaticola (GTDB: 
f__UBA6186, o__UBA6186), a Gammaproteobacterial endosymbiont 
that uses denitrification to generate ATP for its ciliate host8, which 

was the first described member of a much larger clade of protist endo-
symbionts54. In our analysis, we were able to identify 21 genomes from 
the order UBA6186 that are part of our SymGs catalog. Symclatron 
predicted all the symbionts within the UBA6186 order as intracellular 
(Supplementary Table 3). Similarly, the model correctly predicted 
recently described obligate intracellular endosymbionts of dinoflagel-
lates, demonstrating robust generalization to novel lineages explicitly 
outside the main training bias. For example, the bacterial genomes 
RS3 and XS4 (endosymbionts of Citharistes regius) were accurately 
classified despite their closest relatives in the training data being 
free-living55. Furthermore, symclatron correctly identified Candi-
datus Sukunaarchaeum mirabile, a newly discovered deeply branching 
archaeal lineage recovered from a single sorted dinoflagellate, as an 
obligate intracellular symbiont56.

Although the training data of symclatron were skewed toward 
bacterial symbionts of Eukaryotes and involved only a few archaeal 
genomes, the model correctly predicted several lineages of archaeal 
symbionts affiliated with DPANN lineages that have previously been 
characterized as episymbionts of other archaea. One such example is 
Nanoarchaeota57,58, families of which associate obligately with other 
Archaea within the Thermoproteota. Many members of Thermopro-
teota were also identified as symbionts by symclatron; however, 
our classifier predicted the known Thermoproteota hosts Ignicoc-
cus hospitalis59 and Acd1 (ref. 60) to be correctly free-living. Further-
more, it correctly identified the symbiotic and free-living lifestyle of 
the Huberarchaeota–Altiarchaeota symbiosis61. Lastly, it predicted 
symbiont-exclusive clades for Micrarchaeota, which were recently 
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Fig. 6 | Differential metabolic module completeness between genomes of 
symbionts and their free-living sister clades. Phylogenomics trees showing 
clades identified as symbiont-exclusive alongside related taxa. Key metabolic 
modules were automatically selected using the bootstrapping approach detailed 
in Extended Data Fig. 5a. Modules that are shared between two clades are 

denoted by triangles. Module identification was based on the KEGG database. 
Each ring of cells around the tree represents a KEGG metabolic module, with fill 
color indicating the completeness or the presence or absence of that module in 
each genome.
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described as an example for Archaea–Archaea interactions62. Symcla-
tron’s capability in predicting prokaryote–prokaryote associations 
is potentially supported further by the high prevalence of predicted 
symbionts in deep subsurface samples. This biome is known to harbor 
eukaryotic organisms such as fungi and protists but typically in very low 
abundance63,64. The proportion of predicted symbionts becomes more 
plausible when considering the likelihood of prokaryote–prokary-
ote associations in this environment. Similarly, within the phylum 
Patescibacteriota19, our classifier predicted most (99% of genomes) as 
symbionts. Members of this lineage have previously been described as 
associated with other bacteria and archaea65,66. Additionally, similarly 
to DPANN archaea, they have been detected less frequently in samples 
from animal microbiomes22. However a small fraction of Patescibacte-
riota was predicted as free-living by our model, which suggests that, 
despite their limited metabolic capacities and likely dependence, some 
members of this phylum might not require other organisms to thrive, 
which would support recent findings67,68.

We detected multiple other host-associated clades, such as in the 
case of the MAG-exclusive Bipolaricaulota (Fig. 3). Although MAGs 
from this phylum have been recently sequenced from coral hosts52, it is 
important to note that they are phylogenetically distant from the clades 
used for feature extraction in our classifier. In agreement with recent 
results53, our classifier also predicted both host-associated and obligate 
intracellular clades within the Omnitrophota. A detailed comparison 
of the ecological genomics of animal-associated and aquatic-enriched 
predicted symbiont lineages remains an important next step made 
possible by the SymGs catalog and the symclatron framework.

Because of the capability of microbial symbionts to be a key driver 
of complex life evolution by influencing the adaptive radiation of host 
lineages to a variety of environments, understanding symbiont diver-
sity and pervasiveness is essential69. Some symbioses, especially the 
transition from free-living to obligate intracellular lifestyles, lead to an 
irreversible genome reduction and metabolic streamlining of the sym-
biont genome31,70–73. However, although it is clear symbiont genomes 
are reduced during coevolution with their host, there is evidence that 
gene gain may enable the initial symbiotic interaction that leads to 
prolonged association. For example, a recent discovery indicated gene 
gain74 as an evolutionary mechanism in the transition to symbiosis 
for Chlamydiota. Our study also reveals a streamlining of certain bio-
chemical networks in symbiont genomes, such as central metabolic 
pathways and biosynthesis of nucleotides and amino acids, presum-
ably sustained by hosts. Yet, we also report here differential function 
presence in symbiont-exclusive clades compared to their free-living 
relatives across several pathways and from multiple clades (Fig. 6). One 
clear example is the increased completeness found in the metabolic 
module M00417, cytochrome o ubiquinol oxidase (part of the bacterial 
electron transport chain complex IV), in the symbiont-exclusive order 
UBA1113 within Gammaproteobacteria, linking our results to recent 
findings of gain of function by Chlamydiota in their transition to endo-
symbiotic lifestyle74. These findings were further extended through the 
detection of presence or more complete metabolic modules, in several 
symbiont-exclusive clades, involved in pathways related to cofactor, 
vitamin and ATP metabolism.

The reported differential presence of metabolic capacity 
challenges the traditional paradigm of genome streamlining in 
host-associated and intracellular bacteria; hence, we provide exten-
sive evidence of evolution toward selective retention of metabolic 
capabilities in symbionts. These findings extend our understanding 
of the adaptive outcomes that genomes of symbionts underwent 
(or are currently undergoing) to sustain ecological complexity75 and 
thrive in their specific hosts and their niches. Different mechanisms 
of gene transfer have been recently described in bacterial symbi-
onts, such as gene transfer agents in endosymbionts within the 
Alphaproteobacteria76, ancestral vertical inheritance accompanied 
by gene innovations in Rickettsiales44 and gene gain in Chlamydiota74. 

The evolutionary mechanisms of metabolic retention and potential 
gain of functions found in symbiont lineages in our collection remain 
to be investigated.

We collectively demonstrate that microbial symbionts have 
evolved streamlined genomes that sacrifice broad metabolic inde-
pendence in favor of a pared-down set of functions tailored to the host 
environment. Key biosynthetic pathways have been lost in multiple 
symbiont lineages, indicating a convergent evolutionary response to 
the host-provided niche. Conversely, symbionts preferentially retain 
or enhance pathways that fulfill host needs or exploit host habitat 
resources, underscoring a fine-tuned metabolic complementarity 
between host and symbiont (Fig. 6 and Extended Data Fig. 5). These 
findings highlight how intimate symbiotic associations drive metabolic 
specialization and codependence, ultimately enabling hosts to occupy 
ecological niches that would otherwise be unattainable.

Our work also contributes to the rapidly advancing field of engi-
neered endosymbiosis, a paradigm with transformative potential 
for biotechnology. Applications range from regenerative medicine, 
where endosymbionts can act as ‘biological remote controls’ for cel-
lular function77, and immunotherapy using nonreplicating ‘cyborg 
pathogens’ (ref. 78) to sustainable bioproduction, where photosyn-
thetic endosymbiotic systems convert CO2 into valuable chemicals79,80. 
The success of a host–symbiont pairing is governed by complex and 
often unpredictable molecular interactions, as evidenced by the com-
plex phenotypic outcomes of engineered auxotrophies for minimal 
genome construction of synthetic symbiosis81. The reliance on experi-
mental screening creates an important bottleneck that limits the 
translation of promising concepts into functional technologies. The 
computational framework presented here, comprising the symcla-
tron software and the SymGs genomic catalog, addresses this infor-
mation bottleneck. By cataloging the global diversity of symbionts 
and their key genomic features derived from the molecular hallmarks 
of symbiosis, such as symbiont-specific and symbiont-exclusive clade 
metabolic capability, our work could aid in directing the engineer-
ing for scoped symbiont selection and bioenergetic exchange with 
hosts82. Our approach will potentially enable the future rational, 
hypothesis-driven design of novel host–symbiont pairs for biotech-
nological applications. This capacity to computationally screen and 
prioritize candidates could accelerate the design–build–test–learn 
cycle and lead the way for the efficient and scalable development of 
next-generation symbiotic systems tailored for specific and diverse 
biotech industries.

Our findings address a gap in cataloging and better understanding 
of the bacterial and archaeal symbionts and offer a global perspective 
on the ecological, evolutionary and biochemical implications of micro-
bial symbiosis, which may assist future studies aimed at engineering 
artificially induced symbioses and discovering the novel functional 
roles and mechanisms of symbionts in understudied hosts from vari-
ous difficult-to-access ecosystems.
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Methods
Definition of symbionts, host-associated and obligate intra-
cellular
In this study, we adopted the definitions recently delineated by Husnik 
et al.16 to characterize symbiotic relationships. We define a symbiont as 
an organism that maintains a spatially close and temporally prolonged 
association with a host organism of a different species. Symbionts 
can be broadly categorized as host-associated or, more specifically, 
as obligate intracellular. Host-associated symbionts encompass both 
facultative endosymbionts, which can replicate inside a host cell but 
also independently of a host, and ectosymbionts (or epibionts), which 
inhabit the exterior of their host, often attached to the host’s surface. 
In contrast, obligate intracellular symbionts represent a subset of 
host-associated symbionts that thrive and replicate exclusively inside a 
host cell. To better reflect the continuum of symbiosis and the blurred 
boundaries of these definitions, we use the term obligate intracellular 
as a more specific and exclusive categorization of symbionts that 
replicate exclusively within host cells. A prediction of host-associated 
could also indicate that a microorganism can facultatively thrive intra-
cellularly but can also thrive outside of host cells. According to our 
definition, obligate intracellular symbionts can include both mutualists 
and pathogens, provided that replication is restricted to host cells and 
no established host-independent replication is known.

Our labeling strategy is designed to represent a continuum of 
host dependence, which is reflected in the genomic features our 
model uses for prediction. The three main categories are free-living, 
host-associated symbiont and obligate intracellular symbiont. We 
define free-living organisms as those capable of replicating indepen-
dently of a host. The term symbiont is used here in its broad biological 
sense, referring to any organism engaged in a specific and persistent 
association with another, regardless of whether the relationship is 
neutral, beneficial or detrimental to the host. Our labeling approach 
allows our ML model to focus on the convergent genomic signatures 
of host dependence, such as genome reduction and metabolic spe-
cialization. The distinction between host-associated and obligate 
intracellular symbiont labels reflects the evolutionary trajectory of 
the host-dependence continuum. The symbiont categories are hier-
archical, not necessarily mutually exclusive. Host-associated symbi-
ont is a broad classification that includes any organism predicted to 
have a host-dependent lifestyle. The obligate intracellular symbiont 
label is a more specific subset of host-associated symbionts, reserved 
for organisms showing strong genomic evidence of being unable to 
survive outside of a host cell. Consequently, all organisms classified 
as obligate intracellular symbiont are also, by evolutionary trajec-
tory, already associated with a host and are, therefore, part of the 
host-associated symbiont category. This nested approach allows us 
to conservatively classify organisms with facultative intracellular 
stages as host-associated symbionts, as their genomes must retain the 
functions for both extracellular and facultative intracellular survival. 
This ensures that the obligate intracellular symbiont category remains 
specific to organisms with the highest degree of host dependence. In 
consequence, in our training data, we assigned higher scores to known 
obligate intracellular symbionts (label = 2, obligate intracellular) and 
lower scores to known facultative endosymbionts and ectosymbionts 
(label = 1, host-associated). Because the training set for label 2 includes 
only well-characterized obligate intracellular symbionts, predicted 
obligate intracellular calls should be interpreted conservatively; we 
cannot rule out that some obligate ectosymbionts or epibionts with 
similar extreme host-dependence signatures may also be assigned to 
this category.

Syntrophic relationships, in which two organisms cooperate to 
metabolize a compound that neither could break down alone, may fall 
outside of the current definition of symbiosis if the partners interact 
only through environmental metabolite exchange, without a spe-
cific physical association or long-term coadaptation83. High-impact 

theoretical frameworks emphasize that true symbiosis involves specific 
host–microorganism associations maintained across generations and 
shaped by selection84,85. In contrast, broader ecological interactions 
such as syntrophy, while conferring functional advantages, may be 
better conceptualized as community-level cooperation within a shared 
environment rather than symbiosis, when the partners are linked only 
by metabolic exchange86,87.

In the current scope of the symclatron project, host refers to the 
partner organism in a sustained, spatially close symbiotic association 
and may be either eukaryotic or prokaryotic; in contrast, we do not 
classify generic syntrophic or diffusible cross-feeding interactions in 
microbial communities as symbiosis unless a stable host-associated 
relationship is known.

Expert workflow for manual lifestyle curation
Lifestyle labels for the 6,751 training genomes were assigned by man-
ual expert curation rather than by automated database annotations. 
IMG/M was used only as a source of genome sequences and assembly 
metadata; lifestyle labels were not transferred from IMG/M, GTDB, 
National Center for Biotechnology Information or any other auto-
mated metadata field to avoid circularity and to prevent propagation 
of inconsistent or erroneous annotations. The curation workflow used 
a divide-and-conquer strategy in which genomes were partitioned 
across experts according to their taxonomic and biological familiarity 
and then proceeded through a fixed sequence of decisions. In step 1, 
one or two genomes per genus were selected from IMG/M to reduce 
redundancy while maintaining broad phylogenetic coverage of both 
bacteria and archaea. In step 2, each genome was assigned to a cura-
tor with relevant expertise in microbial symbiosis, who first relied on 
their own archives of organism-specific publications, experiments and 
long-term familiarity with the focal symbiotic systems and consulted 
the primary literature when needed to resolve cases that were not 
already clear from that expertise. In step 3, because organism names, 
strain names and higher-rank assignments are often inconsistent across 
the literature and genome repositories, curators reconciled taxonomic 
synonyms and nomenclatural changes to ensure that published bio-
logical evidence corresponded to the correct genome lineage under 
current taxonomy. In step 4, labels were assigned according to explicit 
biological rules; free-living was used for organisms known to replicate 
independently of a host, host-associated was used for organisms with 
persistent association with a host, including ectosymbionts, epibionts, 
gut-associated symbionts and facultative intracellular organisms, when 
evidence for exclusive intracellular replication was lacking and obligate 
intracellular was reserved for taxa for which replication only occurs 
within host cells and no established host-independent replication. In 
step 5, ambiguous cases were handled conservatively; when the avail-
able evidence did not justify a confident obligate intracellular label, the 
genome was assigned to the broader host-associated category rather 
than overcalled and generic syntrophy, diffusible cross-feeding or 
community-level metabolic cooperation without documented stable 
host association was not considered sufficient to assign a symbiont 
label. In step 6, when a label could not be resolved confidently by the 
initial curator, the case was reassigned to a more senior expert or 
discussed with a senior subject-matter expert with deeper taxonomic 
or biological familiarity with the lineage. In step 7, labels were frozen 
before feature extraction, model training and benchmarking, such 
that no genome-derived prediction, functional annotation summary 
or model output was used to decide the training labels. This workflow 
was designed for genome-level biological adjudication rather than for 
formal systematic-review screening and it is better suited to a literature 
in which taxonomy, nomenclature and lifestyle terminology are often 
unstable and in which the evidence relevant to a genome’s lifestyle may 
be distributed across organism descriptions, ecological reports, host 
biology studies and experimental literature rather than captured in a 
single standardized annotation resource.
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AI/ML-based classification of microbial lifestyles
To construct the reference datasets, we first assembled a manually 
curated set of 792 symbiont proteomes spanning the major clades 
shown in Fig. 1a. These proteomes were selected by expert review and 
were used only for orthogroup inference and HMM construction. The 
orthogroup and HMM feature space was constructed from curated sym-
biont proteomes to enrich for symbiosis-associated signal while main-
taining computational tractability and software portability; extending 
orthogroup inference to the full diversity of free-living genomes would 
greatly expand feature-space size and HMM-scanning cost, with limited 
expected benefit for the already well-resolved free-living class.

Independently, to build the labeled training set, we downloaded 
one or two genomes per genus from IMG/M (6,751 genomes total) and 
then assigned each genome de novo to one of three lifestyle catego-
ries by manual expert curation rather than by automated database 
annotations. This curation was performed by a group of scientists 
with extensive expertise in microbial symbiosis and was based on 
established biological knowledge from the primary literature. Obligate 
intracellular was reserved for taxa for which the literature supports 
replication only within host cells, whereas host-associated was used for 
persistent host-dependent taxa, including ectosymbionts, epibionts, 
gut-associated symbionts and facultative intracellular organisms, for 
which exclusive intracellular replication was not established. Free-living 
was reserved for organisms known to replicate independently of a host. 
When evidence for strict intracellular dependence was incomplete 
or ambiguous, we used the more conservative host-associated label.

We next developed an ML classifier to systematically classify 
microbial genomes on the basis of their lifestyles. First, all the proteins 
(n = 1,642,823) found in known genomes of symbionts within the clades 
detailed in Fig. 1a were subjected to OrthoFinder (version 2.5.4)88 to 
detect orthogroups of proteins across the different microbial clades of 
symbionts (Fig. 1a). Only protein sequences from orthogroups with at 
least five sequences were retained. Sequence alignment and trimming 
were performed using MAFFT (version 7.481) and trimAl (version 1.4), 
respectively, to prepare for the construction of HMMs. A total of 20,063 
HMMs were generated to represent the protein orthogroups (Fig. 1a).

To construct a database of labeled genomes according to life-
styles (Fig. 1b), we downloaded one (or two when available) genomes 
from each bacterial genus in the IMG/M (accessed in October 2022). 
Because currently available reference genomes are biased toward 
better-characterized symbiotic systems, especially bacterial symbi-
onts of eukaryotes, we reduced redundancy by sampling at one or 
two genomes per genus and evaluated generalization explicitly by 
leave-one-clade-out benchmarking across multiple taxonomic ranks. 
The genomes (n = 6,751; Supplementary Table 1) were then labeled 
(free-living, n = 5,959; host-associated, n = 409, intracellular, n = 383) 
by scrutinizing for lifestyle categories using manual literature searches.

Next, every labeled genome was artificially fragmented to emulate 
various levels of genome completeness (50%, 60%, 70%, 80% and 90%) 
and fragmentation lengths (10 kb, 30 kb and 50 kb) with shred.sh from 
BBMap (version 39.01)89. Estimated completeness below 50% was treated 
as a conservative warning flag for reduced confidence rather than as an 
automatic exclusion or relabeling criterion; this lower bound is aligned 
with the minimum completeness floor commonly associated with the 
minimum information about an MAG32 medium-quality MAG practice, 
whereas the UNI56 marker score used by symclatron serves only as a 
rapid internal completeness proxy and not as a substitute for full genome 
quality control, which remains the responsibility of the user. Gene pre-
diction on these fragmented genomes was conducted using gene calling 
with Prodigal (version 2.6.3) to identify proteins after the fragmenta-
tion iterations. The predicted proteins from labeled genomes were 
then searched against the 20,063 HMMs generated from the symbiont 
orthogroups using hmmsearch to obtain bitscores. To keep consistent 
and reproducible results, all hmmsearch runs were with the parameters 
‘-E 1000, --incE 1000, and -Z 61295632’ to guarantee that the entire 

set of results were output independently of potential E-value biases 
generated by database size. This parameter was chosen intentionally 
with the goal of maximizing sensitivity. We aimed to capture all potential 
homologs, including those with only remote similarity, ensuring that 
potentially relevant but divergent features were not missed. While a 
high E-value threshold allows many hits, the statistical significance and 
strength of each hit are still captured by the HMMER bitscore. These 
E-value parameters were chosen to maximize sensitivity and capture even 
more remote homologs, allowing the ML step to interpret these features 
in context and produce reliable predictions. Finally, the 20,063 HMMs 
deriving from the symbiont genomes were used to search against the 
proteins of labeled genomes (Fig. 1b) with hmmsearch (version 3.3.2)90.

For the AI/ML component (Fig. 1d), we constructed a training 
matrix with 20,063 features (from the HMMs), encapsulating the 
bitscores of every genome and its simulated genomes from the labeled 
dataset. These features were fed into two gradient-boosted decision 
tree models. A classifier (named symcla for symbiont classifier) and 
a regressor (named symreg for symbiont regressor), using the GPU 
version of XGBoost (version 1.7.4)91 for Python. For computational 
efficiency, we used computing nodes with NVIDIA A100 (40 GB) GPUs 
on the Perlmutter supercomputer of the National Energy Research 
Scientific Computing Center (NERSC; https://www.nersc.gov, US 
Department of Energy (DOE), Office of Science). We did not perform 
an exhaustive hyperparameter search; instead, we used fixed XGBoost 
settings selected from preliminary training behavior with learning 
rate = 0.1 and 1,000 estimators across final training and clade-held-out 
benchmarking, while the neural network was trained on a small fixed 
architecture, with class weighting and early stopping.

The two models predict where a genome falls along the symbiosis 
continuum (Fig. 1c), from free-living to host-associated and obligate 
intracellular lifestyles, encoded as 0, 1 and 2, respectively. Symcla pre-
dicts the lifestyle according to the probability assigned to each class, 
whereas symreg assigns a continuous regression score in the range 
from 0.0 to 2.0 along the same continuum. The neural network received 
the full three-class softmax output of symcla as input; although one 
probability is formally determined by the other two, retaining the 
complete vector avoids arbitrarily omitting one class and is inconse-
quential in this small seven-feature model.

The neural-network-based classifier was then built by first extract-
ing a set of numeric features from each genome and its classifications 
by the classifier and the regressor (for example, predicted scores from 
regression and classification models, completeness and distance to 
training data measures). These features were then combined into a 
feature matrix and the corresponding labels were one-hot-encoded. 
The dataset was split into training and validation subsets at an 80:20 
ratio and a StandardScaler was fitted on the training data to normalize 
each feature’s distribution. This step helped to stabilize the subsequent 
model training process. Next, a feedforward neural network architec-
ture was defined. It consisted of an input layer feeding into three dense 
layers with ReLU activation functions, each followed by BatchNormali-
zation (to stabilize gradients) and Dropout (to reduce overfitting). The 
output layer was a three-neuron softmax layer, producing probability 
estimates for the three lifestyle classes. To address potential class 
imbalance, class weights were calculated and applied during training. 
The model was optimized using Adam (learning rate = 0.001) with 
categorical cross-entropy loss and training was monitored with early 
stopping based on validation loss.

The final softmax probability from the neural network serves as 
an initial confidence score for each prediction. For deployment, this 
value was conservatively downweighted when predictions were made 
for genomes that were clearly more distant from the labeled training 
set or were incomplete. Specifically, we applied a 0.8 penalty factor 
when the weighted minimum Euclidean distance exceeded 80 and an 
additional 0.8 penalty factor when estimated completeness was below 
50. These heuristic adjustments were used only to temper the reported 
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confidence score and did not alter the predicted lifestyle class. The final 
confidence score was calculated by multiplying the base confidence 
by the penalty factor when applicable, resulting in a metric ranging 
from 0 to 1 that integrated both statistical certainty and biological 
context. The final AI/ML framework composed of the classifier, the 
regressor, the extraction of genome features and the neural network 
was named symclatron.

To avoid information leakage between model stages, we sepa-
rated deployment training from benchmark data generation. All 
phylogenomic benchmark outputs used for performance evaluation 
and for neural network training were generated independently by 
leave-one-clade-out retraining. Specifically, at each taxonomic rank 
from phylum to species, one clade was removed in its entirety, a new 
symreg or symcla model was initialized and fitted from scratch on the 
remaining clades; predictions were recorded only for the held-out 
genomes. Across 11,025 unique clades, this produced individual 
out-of-fold predictions for symreg and symcla. The neural network did 
not receive the 20,063 ortholog features or any fitted tree parameters; 
instead, it used only seven scalar inputs derived from these out-of-fold 
results (the symreg score, the three symcla class probabilities, genome 
completeness and the two distance-to-training-set features). The dis-
tance features were computed after removing the held-out clade from 
the reference set. For neural network model selection, the integrated 
out-of-fold table was split 80:20 in a stratified manner.

The culmination of the AI/ML framework efforts was the devel-
opment of a novel software tool, symclatron (https://github.com/
NeLLi-team/symclatron). In the symclatron software, we developed 
and included one module for rapid estimation of genome completeness 
through the detection of UNI56 marker genes as a close but computa-
tionally efficient approximation to CheckM2 completeness estimates 
(Extended Data Fig. 6).

Systematic cross-validation and calibration of final 
predictions
To ensure that our predictive model generalizes well across diverse 
microbial clades, we meticulously cross-validated predictions account-
ing for taxonomic diversity of the labeled genomes using the classifier 
and the regressor. We adopted a stringent strategy where clades were 
entirely omitted from the training dataset to evaluate each model’s 
performance on unseen data. Each of the training and testing matrices 
includes an iterative process of removing entire clades corresponding 
to different taxonomic levels, ranging from phylum to species levels 
(n = 11,025, one per clade found). For example, when benchmarking at 
the phylum level, we removed the entire set of genomes belonging to 
the phylum Pseudomonadota from the training dataset; we trained on 
all other phyla and used all Pseudomonadota only in the testing data-
set. The same was applied for all clades at every taxonomic rank. This 
validation technique ensures that each model’s predictive power is not 
artificially inflated by overrepresented taxonomic groups. Each train-
ing iteration of the classifier used a learning rate of 0.1 and 1,000 esti-
mators. The aggregated outputs of each of the 11,025 cross-validation 
exercises were used as input to the neural network for final classifica-
tion calibration and confidence estimation (Fig. 1e).

For distance-dependent generalization analysis, we restricted 
the integrated leave-one-clade-out benchmark to the unshredded 
genome evaluations to isolate phylogenetic novelty from complete-
ness and fragmentation effects. We defined a conservative combined 
weighted distance to the remaining training set as the maximum of the 
symreg and symcla nearest-neighbor-weighted Euclidean distances. 
Performance was first summarized across genome-weighted quintiles 
(quintiles containing equal numbers of genome evaluations) of this 
combined distance using accuracy, macro-F1 and class-specific recall. 
To control for potential overrepresentation of many closely related 
held-out clades, we then summarized each unique held-out clade 
by its median combined distance and its clade-level accuracy and 

macro-F1 and grouped clades into quintiles of median distance for an 
equal-clade-weight analysis.

Building a nonredundant genome catalog of Earth’s 
microbiomes and reference genomes
Metagenomic bins were obtained through metagenome binning and 
gene calling on assembled contigs from 31,152 public environmental 
sequencing data projects through the IMG/M system up to April 2023. 
Only contigs with length equal to or greater than 5 kbp were processed. 
Metagenome samples without associated depth data were removed. 
Binning was performed on each sample with MetaBAT2 (version 2.15; 
parameters: ‘--minContig 5000 --minClsSize 20000 --cvExt’)92, yield-
ing 5,635,662 bins recovered from metagenomes, cell enrichments 
and SAGs (Fig. 2a), from which 136,784 passed the quality criteria of 
CheckM2 (version 1.0.2)33 estimates for completeness equal or higher 
than 50% and contamination lower than 5%. Gene calling was per-
formed on each bin with Prodigal (version 2.6.3) with the ‘-p meta’  
parameter93.

Adding to our catalog, reference genomes and MAGs available 
through publicly available repositories were downloaded from the IMG 
isolates repository (n = 115,969)29 and from the bacterial and archaeal 
representative datasets of GTDB (n = 85,205)27. All genomes and MAGs 
were subsequently subjected to CheckM (version 1.1.3) with the UNI56 
markers for detection of universal markers required for further phylog-
enomics reconstruction, CheckM2 (version 1.0.2) for quality assessment 
and seqkit (version 2.5.1)94 for assembly characterization. All genomes 
and bins with less than 50% UNI56 markers or CheckM2 complete-
ness lower than 50% or CheckM2 contamination higher than 5% were 
removed from the genome catalog. All MAGs included in NeLLi2023 and 
SymGs passed quality control filtering based on CheckM2 and UNI56 
marker completeness estimates, thereby restricting the catalog to cel-
lular genomes; consequently, phage-associated domains detected in 
feature analyses likely reflect genes encoded within cellular genomes, 
including integrated prophage functions, rather than free viral bins.

Cluster representatives were determined on the basis of the highest 
assembly quality and dereplication through skani (version 0.1.4, param-
eters: ANI ≥ 95% align_fraction_ref ≥ 50% and align_fraction_
query ≥ 50%)95. A single metric for assembly quality Q was computed 
as Q = (0.5 × completeness_checkm2) + [0.2 × (100 − contamina-
tion_checkm2)] + (0.3 × completeness_UNI56) to quantitatively 
represent the quality criteria applied. Then, the cluster representatives 
were selected as those with the highest Q and, if ties were found, the 
assemblies with the highest number of genes predicted and the high-
est N50 were selected. The dereplicated high-quality genome catalog 
was finally composed of 107,067 genomes and bins; these were further 
taxonomically characterized with GTDB-Tk (version 2.4.0)96 from the 
GTDB Release 220.

To assess the taxonomic representativeness of the labeled train-
ing set, we parsed GTDB-Tk lineages for the 6,751 manually labeled 
training genomes, the full 107,067-genome NeLLi2023 catalog and 
the 14,070 high-confidence SymGs subset. We then compared unique 
clade counts across domain-to-species ranks and summarized relative 
phylum composition across the three datasets. Similarity in phylum 
composition was quantified using Spearman rank correlation and 
Jensen–Shannon distance.

Feature contribution to microbial lifestyle prediction
The feature contributions to the model’s predictions were analyzed 
using the SHAP methodology, implemented within the shap Python 
library. SHAP values, which provide a breakdown of the impact of 
each feature on the model’s output, were computed for the symcla 
and symreg predictions. This approach unveils the impact of indi-
vidual genomic features on the predictive model’s output, providing 
an interpretable mechanistic basis for the classification of microbial 
lifestyles by decomposing the symcla and symreg predictions into the 
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sum of effects from each feature, allowing us to quantify the impact of 
individual genomic attributes. We computed the SHAP values for all 
the features of each model on each one of the predicted symbionts. 
Next, all proteins in the 1,000 most relevant features were functionally 
annotated using EggNOG-mapper (version 2.1.10)97, effectively assign-
ing each feature to Kyoto Encyclopedia of Genes and Genomes (KEGG) 
ortholog groups (KOs)98, clusters of orthologous groups99 and Pfam 
(protein families)100, allowing for the biological interpretation of the 
features and aligning the ML insights with known biological functions. 
GO terms were mapped from Pfam using pfam2go (https://current.
geneontology.org/ontology/external2go/pfam2go).

For symcla, which predicts three class probabilities, we gener-
ated a model-wide feature-attribution matrix by retaining, for each 
genome–feature pair, the SHAP value of the class probability with the 
largest absolute contribution after orienting its sign toward symbiotic 
classification; contributions selected from the free-living class were 
sign-inverted, whereas contributions selected from the host-associated 
or obligate intracellular classes retained their sign. Functional summa-
ries were obtained by mapping dominant Pfam annotations to GO terms 
and aggregating quadrant-specific mean SHAP values across features.

Our framework uses a quadrant-based approach to interpret 
the contributions of genomic features toward the classification of 
microbial symbiotic lifestyles. As shown in Extended Data Fig. 3a and 
Extended Data Fig. 4a, this framework delineates features into four 
quadrants, each representing a unique combination of low or high 
feature detection and negative or positive SHAP contribution. Posi-
tive SHAP values increase support for a symbiotic lifestyle, whereas 
negative values decrease it and are therefore more indicative of a 
free-living lifestyle.

Quadrant 1 (Q1): features with positive SHAP values when fea-
ture detection is low (hmmsearch bitscore < 20), more indicative of 
symbiotic lifestyles.

Quadrant 2 (Q2): features with positive SHAP values when fea-
ture detection is high (hmmsearch bitscore ≥ 20), more indicative of 
symbiotic lifestyles.

Quadrant 3 (Q3): features with negative SHAP values when fea-
ture detection is low (hmmsearch bitscore < 20), more indicative of 
free-living lifestyles.

Quadrant 4 (Q4): features with negative SHAP values when fea-
ture detection is high (hmmsearch bitscore ≥ 20), more indicative of 
free-living lifestyles.

The bitscore threshold of ≥20, used to determine the potential 
presence of a given domain within a protein sequence, was established 
on the basis of the distribution of the gathering threshold for sequence 
and domain used by the InterPro Pfam HMM profiles (for example, 
https://www.ebi.ac.uk/interpro/entry/pfam/PF00010/logo/).

To quantify the relative contribution of the seven neural network 
inputs, we performed a contribution analysis on the held-out 20% 
evaluation split of the integrated benchmark dataset used for neural 
network validation. We first compared the performance of symcla 
alone with that of the full saved symclatron neural network, treating 
the symcla prediction as the argmax of the three class probabilities. 
We then assessed feature group importance by grouped permutation 
analysis of the saved neural network, measuring the mean decrease 
in macro-F1, host-associated recall and intracellular recall after per-
muting each feature group across genomes. Feature groups were 
defined as the symcla probability triplet, the symreg score, the two 
distance-to-training-set features and genome completeness.

Phylogenomics of the bacterial and archaeal symbionts
We inferred phylogenomic trees using NSGTree from concatenated 
protein sequences from at least half of the UNI56 universal marker 
genes. In NSGTree, UNI56 markers are identified with hmmsearch (ver-
sion 3.3.2; parameter: ‘--cut_ga’). Next, we removed genomes if more 
than 50% of the markers were absent, if at least one marker was present 

in more than four copies or if more than 30% of the markers were pre-
sent in multiple copies. Sequences were aligned using MAFFT (version 
7.310) and trimmed with trimAL (version 1.4.1) using a mild trimming 
to minimize the loss of potentially informative sites (parameter: ‘-gt 
0.1’). Concatenated protein sequences were then used to reconstruct 
a species tree using IQ-TREE (version 2.0.3) with the LG+C60+R8+F 
model. Trees were visualized with the ggtree R package101.

Definition of symbiont-exclusive clades
We designated a clade as symbiont-exclusive if at least 90% of its mem-
bers were finally classified as symbionts, the clade included a minimum 
of three genomes and the mean confidence of the clade was at least 
0.725 with s.d. of the confidence below 0.2. This designation was made 
using the symclatron final classification. We considered clades at all 
taxonomic levels, as determined by GTDB-Tk96.

When symbiont-exclusive clades were compared against their 
free-living relatives (‘sister clades’), as in the case of the metabolic 
module completeness analyses, free-living clades were only consid-
ered if they included at least five genomes and if clade members, at 
the same or higher taxonomic levels, had predominantly free-living 
lifestyle predictions.

Comparative analysis of metabolic module completeness
We assessed the completeness of metabolic modules of 
symbiont-exclusive clades and their free-living relatives on the 
basis of the metabolic module definitions of KEGG98. The KO func-
tional annotations of every genome were extracted from the results 
of EggNOG-mapper (version 2.1.10)97; when more than one KO was 
assigned to a protein, all the KOs were unnested and considered indi-
vidual KOs for downstream analyses. The list of KOs per genome was 
then passed to the script ko_mapper.py from MicrobeAnnotator 
(version 2.0.5)102 to map KOs to their respective modules and compute 
metabolic module completeness per genome.

We compared the completeness of KEGG metabolic modules 
between predicted symbiont-exclusive clades (that is, clades with 
≥90% symbionts and ≥3 members) and their predicted free-living 
sister lineages by firstly collecting all available free-living relatives at 
the same phylogenetic rank (the sister clade). If there were at least five 
free-living members, 100 bootstrap samples of the same metabolic 
module were drawn for the symbiont and the free-living groups. Then, 
for each metabolic module, the average completeness of the bootstrap 
samples from symbionts was then compared against the average com-
pleteness of the bootstrap samples from free-living relatives, yielding 
a distribution of completeness differences. From this distribution, the 
mean Δ completeness and 95% confidence intervals were computed 
for each module.

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

Data availability
All FASTA files of genomes included in the SymGs catalog are hosted 
in its NERSC repository for easy bulk download (https://portal.nersc.
gov/cfs/nelli/symgs/) and archived on Zenodo (https://doi.org/10.5281/
zenodo.20399071)103. All files are publicly available and immediately 
accessible for download. The symclatron database is hosted on 
GitHub (https://github.com/NeLLi-team/symclatron/releases/tag/
db-latest).
We did not generate new sequencing data for this study. All environ-
mental DNA sequencing samples analyzed were obtained from the 
IMG/M database. Direct download links to the Joint Genome Institute 
( JGI) Data Portal for each assembly project are provided through a dedi-
cated Zenodo archive (https://doi.org/10.5281/zenodo.20600438)104. 
All the assemblies of microbiome samples, from which we predicted 
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symbionts, are individually cited in Supplementary Table 4. The JGI 
is a DOE Office of Science User Facility located at Lawrence Berkeley 
National Laboratory (Berkeley Lab). To accommodate the massive 
scale of these datasets, the JGI Data Portal offers highly flexible and 
scalable retrieval methods. Users can download data manually through 
a web browser, transfer large-scale datasets efficiently using Globus 
endpoints or command line tools or access the data programmatically 
through the JGI API. Data providers were individually contacted in 
accordance with the JGI Data Policy at least 1 month before manuscript 
submission. The complete set of symclatron predictions and associated 
metadata is available in Supplementary Table 5.

Code availability
The code repository for NSGTree is publicly available on GitHub 
(https://github.com/NeLLi-team/nsgtree). The symclatron software, 
along with all accompanying models, databases and comprehensive 
documentation, is publicly available as an open-source project on 
GitHub (https://github.com/NeLLi-team/symclatron). To ensure 
robust reproducibility and ease of use for the community, the tool 
supports multiple streamlined installation options through modern 
package managers, including pixi, mamba and conda. The software 
is cross-platform, natively supporting both Linux and macOS (includ-
ing Apple Silicon) environments. Strict semantic versioning has been 
implemented through GitHub Releases (https://github.com/NeLLi-
team/symclatron/releases) and system tags (the current being version 
0.10.10). The exact code, neural network models and databases used 
to generate the findings in this study remain permanently archived 
and readily accessible to users and the broader scientific community.
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Extended Data Fig. 1 | See next page for caption.
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Extended Data Fig. 1 | Performance metrics of the lifestyle prediction model. 
(a) Histogram of the model’s confidence scores for all predictions, colored by 
whether each prediction was correct (orange) or incorrect (blue). The vertical 
dashed line marks the chosen confidence threshold of 0.725, which corresponds 
to a false positive rate (FPR) of 0.015. (b) Classification accuracy (blue) and 
coverage (green) as functions of the confidence threshold. The vertical dashed 
line at 0.725 indicates the operating point where accuracy is 0.98 and coverage 
is still around 0.95 (exactly 0.9459). (c) Confusion matrices for the three 
lifestyle classes (0 = free-living, 1 = host-associated, 2 = obligate intracellular) 
at progressively stricter minimum confidence cutoffs (in 0.025 increments). 
The data shown corresponds to the calibration across all taxonomic ranks. 
(d) Comparison of symcla alone versus the full seven-feature symclatron 
neural network on the held-out 20% split of the integrated benchmark dataset. 

Shown are overall accuracy, macro-F1, and the recall and F1 values for the 
host-associated and intracellular classes. (e) Grouped permutation importance 
analysis of the symclatron neural network on the same held-out split. Bars 
indicate the mean performance loss after permuting each feature group, 
measured as the decrease in macro-F1, host-associated recall, or intracellular 
recall. (f) Distribution of the combined weighted distance to the training set 
for the leave-one-clade-out evaluations, using the maximum of the symreg and 
symcla nearest-neighbor distances. (g) Genome-count-weighted symclatron 
performance across quintiles of combined distance. Accuracy, macro-F1, host-
associated recall, and intracellular recall are shown for each quintile. (h) The 
same analysis shown in panel G after weighting each held-out clade equally rather 
than weighting by genome count.
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Extended Data Fig. 2 | Overview of the complete genome catalog and its 
global distribution. (a) Taxonomic breakdown of the clades identified in the 
entire genome catalog. (b) Quality assessment metrics of the entire genome 
catalog. (c) Global distribution of genomes in the entire genome catalog across 
different biomes. Geographical locations and environment data is only shown 
for metagenomes with available metadata in the IMG/M. (d) Unique clade counts 
across taxonomic ranks for the 6,751 manually labeled training genomes, the 
full 107,067-genome NeLLi2023 catalog, and the 14,070 high-confidence SymGs 
subset. (e) Relative phylum composition of the labeled training set, the full 

NeLLi2023 catalog, and SymGs. Bars show the proportion of genomes assigned 
to the most abundant phyla across the combined datasets, with remaining 
phyla grouped as Other. (f) Comparison of ecological composition between 
the NeLLi2023 catalog and SymGs. Each point represents one IMG ecosystem 
category (Ecosystem; Ecosystem Category; Ecosystem Type). The x-axis shows 
the percentage of NeLLi2023 genomes assigned to that ecosystem, and the y-axis 
shows the corresponding percentage of high-confidence SymGs. The diagonal 
marks equal relative representation.
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Extended Data Fig. 3 | Different symcla functional traits that enable accurate 
microbial lifestyle predictions by symclatron. (a) Method for functional 
characterization of features and their contribution to lifestyle prediction. 
(b) GO-term summary for the NeLLi2023 catalog for the symcla quadrant 
analysis. Bars in green at the top show the top ten Q2 GO terms (positive SHAP 
with high feature detection), for which high detection contributes positively 
to host-associated or obligate intracellular classification. Bars in brown at 
the bottom show the top ten Q3 GO terms (negative SHAP with low feature 
detection), for which low detection contributes negatively to these symbiotic 
classifications and is therefore more indicative of a free-living lifestyle. GO terms 
were summarized directly from aggregated SHAP values after PFAM-to-GO 
mapping. (c) Top 35 symcla Q2 features in the NeLLi2023 catalog. Solid bars 
show mean SHAP values and translucent bars show maximum SHAP values; 

PFAM annotations are shown at right where available. (d) Ranked distribution 
of mean absolute SHAP values across all symcla Q2 features in the NeLLi2023 
catalog. Because symcla is multiclass, the underlying SHAP matrix was reduced 
by retaining, for each genome-feature pair, the class-specific SHAP value with 
the largest absolute contribution and orienting its sign toward symbiotic 
classification, as described in the Methods. Q2 therefore reflects positive feature 
contributions under this symbiont-oriented symcla representation. (e) Same as 
panel B but derived from the labeled training genomes. (f) Same as panel C but 
derived from the labeled training genomes. (g) Same as panel D but derived from 
the labeled training genomes. (h) Comparison of mean absolute SHAP values for 
the shared symcla Q2 features between the NeLLi2023 catalog and the labeled 
training genomes.
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Extended Data Fig. 4 | Different symreg functional traits that enable accurate 
microbial lifestyle predictions by symclatron. (a) Method for functional 
characterization of features and their contribution to lifestyle prediction. (b) 
GO-term summary for the NeLLi2023 catalog for the symreg quadrant analysis. 
Bars in red at the top show the top ten Q2 GO terms (positive SHAP with high 
feature detection). Bars in brown at the bottom show the top ten Q3 GO terms 
(negative SHAP with low feature detection). GO terms were summarized directly 
from aggregated SHAP values after PFAM-to-GO mapping. (c) Top 35 symreg 
Q2 features in the NeLLi2023 catalog. Solid bars show mean SHAP values and 

translucent bars show maximum SHAP values; PFAM annotations are shown at 
right where available. (d) Ranked distribution of mean absolute SHAP values 
across all symreg Q2 features in the NeLLi2023 catalog. (e) Same as panel B but 
derived from the labeled training genomes. (f) Same as panel C but derived from 
the labeled training genomes. (g) Same as panel D but derived from the labeled 
training genomes. (h) Comparison of mean absolute SHAP values for the shared 
symreg Q2 features between the NeLLi2023 catalog and the labeled training 
genomes.
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Extended Data Fig. 5 | Method developed for automatic detection of 
differential metabolic module completeness in symbiont-exclusive clades 
versus their free-living sister lineages. (a) Schematic of the bootstrapping 
method for detection of differential metabolic module completeness 
between symbionts and free-living sister clades. For each high-confidence 
symbiont-exclusive clade containing at least five members, a “sister” set of 
free-living genomes is identified. If at least three free-living genomes exist in the 
sister clade, the completeness of each module is compared between symbionts 

and free-living relatives. One hundred bootstrap samples of free-living  
genomes are used to estimate the mean difference in module completeness  
(Δ completeness) with 95% confidence intervals. (b) Differential metabolic 
module completeness across major metabolic pathways. Each data point 
corresponds to a symbiont-exclusive clade’s difference from its free-living sister 
lineage per module, with the horizontal dashed line at 0 indicating no difference. 
Positive values (above 0) suggest higher module completeness in the free-living 
set, whereas negative values indicate higher completeness in the symbionts.
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Extended Data Fig. 6 | Comparison of genome completeness estimates from CheckM2 and UNI56 markers across different predicted lifestyles. The dashed 
diagonal line indicates a 1:1 relationship. Fitted trend lines for each lifestyle show the correspondence between the two completeness metrics.
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