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Abstract 21 

Most microbial taxa on Earth remain uncultivated, limiting our ability to study their physiology, 22 

ecology, and roles in environmental processes. Although metagenome-assembled genomes 23 

(MAGs) have expanded access to uncultured phylogenetic diversity, the functional basis for 24 

culturability remains poorly understood. Here, we analyze the 52,515 MAGs from the Genomes 25 

from Earth’s Microbiomes (GEM) catalog to test two hypotheses: 1) genomes from uncultured 26 

microbes encode more functionally novel genes than those from cultured taxa, and 2) specific 27 

genomic features are systematically associated with culturability across phyla. To assess 28 

functional novelty, we aligned predicted proteins to SwissProt and measured sequence 29 

dissimilarity to the nearest curated homolog. We find that uncultured MAGs, particularly among 30 

Archaea, harbor substantially more divergent proteins. To identify genomic traits predictive of 31 

culturability, we combined pathway-level enrichment with LASSO regression and permutation-32 

based feature importance. Cultured MAGs were consistently enriched in Clusters of Orthologous 33 

Groups (COG) pathways related to vitamin and cofactor biosynthesis (e.g., thiamine, folate, 34 

B12), energy metabolism (e.g., TCA cycle), and CRISPR-Cas systems—functions often depleted 35 

in uncultured counterparts. LASSO models identified a subset of these pathways as strong 36 

predictors of cultured status even in poorly sampled phyla, suggesting conserved genomic 37 

signatures of culturability. In contrast, pathways such as purine biosynthesis and NADH 38 

dehydrogenase were associated with uncultured lineages, highlighting potential barriers to 39 

cultivation. These results 1) demonstrate the great functional novelty of uncultured microbes, 40 

potentially offering unprecedented opportunities for discoveries of novel function, and 2) 41 

identify metabolic traits associated with culturability to inform future cultivation strategies.  42 
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Importance 43 

The vast majority of microbes are uncultured, which means they have never been characterized 44 

under laboratory conditions. We showed that genomic sequences of uncultured microbes have 45 

less similarity to characterized proteins compared to cultured microbes, revealing that there may 46 

be fundamental biological reasons why they are not cultured. We also showed that certain 47 

metabolic pathways, such as those related to vitamin and cofactor biosynthesis, can predict the 48 

ability of microbes to grow under laboratory conditions, and these pathways are abundant in 49 

highly cultured phyla, indicating how metabolic pathways can influence cultivation strategies. 50 

 51 
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Introduction 64 

 Most microbial cells on Earth belong to taxa that have never been grown in pure culture, 65 

despite decades of cultivation efforts (1–3), for reasons that are only partially understood (4–6). 66 

This cultivation gap limits our experimental access to microbial diversity and constrains efforts 67 

to characterize microbial physiology, ecological roles, and biotechnological potential. 68 

     One contributing factor may be uneven culturing efforts: some lineages may be 69 

underrepresented simply due to limited attempts to grow them from certain environments (1). A 70 

second explanation is that many microbes have complex or context-dependent growth 71 

requirements, including dependence on specific environmental cues or close associations with 72 

other taxa, which may not be easily replicated under standard lab conditions (7–11). Third, 73 

inherently slow-growing taxa may be outcompeted in enrichment cultures or may fail to reach 74 

detectable levels within typical incubation times (5, 12).  75 

 Although cultivation-independent techniques, particularly metagenome-assembled 76 

genomes (MAGs), have transformed our view of microbial diversity and expanded access to 77 

uncultured lineages (13, 14), the genomic basis of microbial culturability remains poorly 78 

understood. We reasoned that comparing cultured and uncultured genomes could identify 79 

functional trends associated with culturability and highlight protein-coding novelty in lineages 80 

that resist cultivation. Using over 50,000 MAGs from the Genomes from Earth’s Microbiomes 81 

catalog (15), we tested the following two hypotheses.  82 

First, we hypothesized that uncultured microbes encode more functionally novel genes 83 

than cultured taxa. To assess novelty, we aligned predicted protein sequences from GEM to 84 

protein sequences in SwissProt, a manually curated database of experimentally characterized 85 

proteins and measured amino acid sequence dissimilarity to the closest known homolog. Given 86 
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that sequence divergence often reflects functional divergence (16, 17), we used this metric to 87 

infer protein-coding novelty relative to previously-characterized proteins. Second, we 88 

hypothesized that microbial culturability can be predicted from genomic content. Specifically, 89 

we examined the distribution of Clusters of Orthologous Groups (COG) pathways across 90 

genomes and used LASSO regression (18), a regularized modeling approach that selects a sparse 91 

set of predictive features, coupled with permutation-based feature importance (19), to identify 92 

genomic pathways most strongly associated with cultured status for each phylum.  93 

Previous studies have shown that uncultured microbes are phylogenetically distinct from 94 

cultured lineages (1, 20). Our analysis extends these findings by showing that uncultured 95 

lineages —especially among Archaea— harbor extensive functional novelty, while cultured 96 

MAGs are consistently enriched in core metabolic pathways, particularly those involved in 97 

vitamins biosynthesis and energy metabolism. These patterns suggest that conserved genomic 98 

features may underlie culturability and may provide targets for improved cultivation strategies 99 

across phylogenetically diverse microbes. 100 

Results 101 

Cultured MAGs resemble cultured isolates  102 

We analyzed 52,550 metagenome-assembled genomes (MAGs) from the GEM catalog. 103 

Of these, 14,620 were classified as “cultured” based on being classified at the species level with 104 

cultured isolates and sequence similarity to cultured isolates (>95% ANI, see Methods); the 105 

remaining genomes were classified as “uncultured.”  106 

Cultured MAGs and cultured isolates exhibited similar levels of predicted functional 107 

novelty, defined as amino acid sequence dissimilarity to SwissProt proteins. Prior work suggests 108 
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that protein sequences with ≥70% identity often retain similar biological functions (21). The 109 

comparable sequence similarity levels between cultured MAGs and isolates indicate that the 110 

process of sequencing DNA from the environment, assembly, and binning do not artificially 111 

inflate the apparent novelty (Fig. 1A-D).  112 

Uncultured MAGs harbor substantially greater functional novelty 113 

In contrast to the cultured MAGs, uncultured MAGs contained significantly more novel 114 

protein-coding genes than either cultured MAGs or isolates, based on both sequence identity and 115 

bitscore normalized to alignment length (Fig. 1A-D). To assess whether this increased novelty 116 

could result from spurious alignments, we compared all results to a control set of randomly 117 

generated sequences. All biological sequences—cultured and uncultured—awere substantially 118 

less divergent from SwissProt sequences than the random set (Fig. 1A-D), supporting the 119 

conclusion that the observed novelty reflects genuine biological differences rather than 120 

alignment noise. 121 
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  Only 7% (2,725 out of 37,847) of predicted proteins in uncultured MAGs have exhibited 122 

more than 70% average amino acid identity with SwissProt homologs, compared to 42% (6,100 123 

out of 14,620) in cultured MAGs and 51% (3,596 out of 7,035) in cultured isolates. These 124 

findings indicate that uncultured microbes encode extensive, unexplored protein diversity. 125 

Uncultured archaeal MAGs were especially novel, exhibiting greater divergence from SwissProt 126 

proteins than uncultured bacterial MAGs relative to their respective cultured counterparts (Fig 1 127 

Fig 1: Similarity of predicted protein sequences in MAGs and isolates to SwissProt entries. Panels A 

and C show normalized bitscores and percent identities, respectively, for archaeal genomes; panels B 

and D show the same metrics for bacterial genomes. The distributions represent the average similarity 

of all predicted protein-coding genes to their closest match in the SwissProt. Random sequences 

(gray) represent simulated protein sequences with no known homology and serve as a negative 

control. 
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A-D). This highlights uncultured archaeal lineages as particularly rich sources of uncharacterized 128 

functional diversity, although uncultured bacteria also have substantial functional novelty. 129 

Alignment metrics reflect genome source and quality 130 

To evaluate whether genome quality contributes to these patterns, we examined 131 

alignment length distributions. Cultured MAGs had shorter alignment lengths than isolates (Fig 132 

S1a), likely reflecting lower sequencing depth or more fragmented assemblies (Fig S1a). As 133 

expected, uncultured MAGs had the shortest alignments, consistent with lower estimated 134 

completeness.  135 

Across all genomes, alignment length was positively correlated with sequence identity—136 

supporting the idea that more complete proteins yield more confident homology matches.  By      137 

contrast, alignment length and identity were negatively correlated in random sequences (Fig 138 

S1b). Correlation strength was highest in isolates (R = 0.42), intermediate in cultured MAGs (R 139 

= 0.18) and lowest in uncultured MAGs (R = 0.14) (Fig. S1b). These findings further support the 140 

biological validity of our results.  141 

Roughly 9% of predicted proteins across all MAGs (combining Bacteria and Archaea) 142 

had no detectable match to SwissProt proteins, even with a permissive e-value threshold (e 143 

<100). These unmatched genes may represent pseudogenes, misannotated open reading frames 144 

(ORFs), or real proteins that have no homologues in any database. 145 

Phylogenetic resolution predicts functional similarity 146 

Bacterial MAGs were more frequently assigned to specific taxonomic ranks than archaeal 147 

MAGs, consistent with a higher proportion of cultured representatives among bacterial lineages 148 

(Fig. S2). In both domains, genomes assigned to more specific ranks (e.g., species) encoded 149 
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proteins that were more similar to SwissProt entries (Fig. 2). This trend suggests that functional 150 

annotation is tightly linked to phylogenetic proximity to cultured taxa. A complementary 151 

analysis using the Agnostos HMM database yielded consistent results: the proportion of 152 

unclassified genes increased with taxonomic distance from cultured lineages (Fig S3). Genomes 153 

Fig 2: Similarity of predicted proteins in Archaea (left) and Bacteria (right) to their closest SwissProt 

homolog, stratified by taxonomic proximity to cultured isolates. For each metagenome-assembled 

genome (MAG) in the GEM catalog, the lowest shared taxonomic rank with a cultured isolate was 

determined. Protein similarity—measured as percent identity to the nearest SwissProt match—is shown 

as a function of this taxonomic proximity. Taxonomic rank assignments for GEM MAGs are based on 

the Genome Taxonomy Database (GTDB), as implemented by Nayfach et al. Cultured lineages were 

identified based on RefSeq annotations in the same GTDB release, excluding genomes derived from 

single-cell amplification or other metagenome-assembled genomes (MAGs or SAGs).  
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classified only at high taxonomic ranks (e.g., phylum) had the highest fraction of unannotated 154 

genes, whereas those resolved to the species level had the lowest. 155 

Cultured microbes are enriched in certain metabolic pathways 156 

To identify potential genomic features associated with culturability, we compared COG 157 

pathway enrichment in cultured versus uncultured MAGs, initially focusing on comparisons 158 

within individual phyla. We restricted this analysis to 28 phyla with sufficient numbers of both 159 

cultured and uncultured representatives, each containing at least one COG pathway significantly 160 

enriched in cultured or uncultured MAGs as determined by Fisher's exact test. 161 

Every COG pathway was significantly enriched in cultured MAGs in at least one phylum, 162 

and 46 out of 60 COG pathways were also enriched in uncultured MAGs in at least one phylum 163 

(Fig 3A). In most phyla, cultured MAGs were enriched for pathways involved in cofactor and 164 

vitamin biosynthesis, energy metabolism, and the CRISPR-Cas adaptive immunity. By 165 

comparison, uncultured MAGs were enriched for pathways such as NADH dehydrogenase, iron-166 

sulfur biosynthesis, and asparagine biosynthesis (Fig 3A). These differences suggest that 167 

uncultured microbes may rely on alternative metabolic strategies, reduced biosynthetic 168 

capabilities, or niche-specific adaptations that hinder growth under laboratory conditions. 169 

We further identified 15 pathways that were enriched exclusively in cultured MAGs and in no 170 

uncultured MAGs across all phyla (Fig. 3B). These pathways may serve as genomic markers of 171 

culturability. Many were involved in cofactor biosynthesis—for example, thiamine biosynthesis 172 

was enriched in cultured members of 7–8 phyla including Bacteroidota, Actinobacteriota, and 173 

Proteobacteria. Cobalamin (B12) biosynthesis was enriched in Firmicutes, Verrucomicrobiota, 174 

.CC-BY 4.0 International licenseavailable under a 
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made 

The copyright holder for this preprintthis version posted August 18, 2025. ; https://doi.org/10.1101/2025.08.18.670795doi: bioRxiv preprint 

https://doi.org/10.1101/2025.08.18.670795
http://creativecommons.org/licenses/by/4.0/


11 
 

Cyanobacteriota, and Proteobacteria. The TCA cycle was enriched in cultured members of the 175 

Proteobacteria, Desulfobacterota, Fusobacteriota, and Firmicutes groups. These findings  176 

Fig 3a: COG pathways that are enriched in cultured and uncultured MAGs (P < 0.005, fisher’s exact 

test). Pathways related to co-factors, vitamins, energy production, and CRISPR Cas are over-

represented in cultured MAGs. 
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 177 

suggest that a genome's ability to support core metabolic processes and cofactor biosynthesis 178 

may promote microbial growth and survival under axenic laboratory conditions. 179 

Fig 3b:  Clusters of Orthologous Groups (COG) pathways that are significantly enriched in cultured 

MAGs in at least one phylum and not enriched in uncultured MAGs in any phylum. Each column in 

the plot represents a COG pathway, and each row represents a phylum. Solid circles indicate phyla 

where the corresponding pathway is significantly enriched in cultured MAGs (Fisher’s exact test, 

FDR-adjusted P < 0.05).  
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180 

LASSO regression identified metabolic predictors of culturability across phyla 181 

Fig 4a:  Machine learning (LASSO) predicts important COG pathways that are predictive of 

microbial cultured or uncultured status. Pathways are filtered based on the permutation importance. 

Only pathways with permutation importance (predictive power > 0.1) are included in the plot. 
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To identify genomic features predictive of culturability, we applied LASSO regression to 182 

model culturability using the full set of COG pathway annotations. Unlike enrichment analysis, 183 

Fig.4b: Machine learning (LASSO) predicts COG pathways that are strongly predictive of cultured 

status by phylum. Only COG pathways that predict cultured status with high permutation importance 

(>0.1) are included in the plot. Solid circles indicate the phyla for which this COG pathway is 

significantly predicts cultured status. COG pathways that are both enriched in cultured MAGs and 

predict microbial cultured status are starred and are predominantly vitamin biosynthetic pathways. 
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which tests each pathway independently, LASSO jointly considers all features while penalizing 184 

model complexity, producing sparse models that retain only the most informative predictors. We 185 

focused on pathways with nonzero LASSO coefficients and at least moderate permutation 186 

importance scores (>0.1), which reflect each pathway’s contribution to model performance. 187 

These pathways were identified in both well-sampled and poorly cultured phyla–including 188 

Acidobacteriota, Planctomycetota, Spirochaetota, and Chloroflexota (Fig. S4), suggesting that 189 

LASSO captures generalizable predictors of culturability across microbial diversity. 190 

Consistent with the previous enrichment results, the strongest predictors of cultivability 191 

were dominated by cofactor and vitamin biosynthesis pathways. Thiamine, folate and 192 

pantothenate/CoA biosynthesis were frequently retained across phyla. For example, 193 

pantothenate/CoA biosynthesis predicted culturability in well-represented groups such as 194 

Deinococcota, Proteobacteria, Spirochaetota, Desulfobacterota, and Firmicutes_C. Thiamine 195 

and folate biosynthesis also predicted cultured status in multiple groups including Spirochaetota, 196 

Desulfobacterota, and Synergistota. In contrast, purine biosynthesis and NADH dehydrogenase 197 

were predictive of uncultured status and showed high permutation importance in multiple phyla, 198 

possibly reflecting metabolic dependencies or adaptations incompatible with growth in isolation.  199 

Culturability correlates with growth strategy and phylogeny 200 

A heatmap of LASSO-derived feature importance across phyla (Fig. 5) revealed distinct 201 

clustering patterns that partially align with known microbial growth strategies. Fast-growing, 202 

frequently cultured phyla—such as Bacteroidota, Firmicutes_C, Proteobacteria, and 203 

Actinobacteriota—cluster together (Fig. 5, clade 2) and shared similar sets of culturability-204 

associated pathways, suggesting conserved genomic predictors of laboratory growth.  205 

.CC-BY 4.0 International licenseavailable under a 
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made 

The copyright holder for this preprintthis version posted August 18, 2025. ; https://doi.org/10.1101/2025.08.18.670795doi: bioRxiv preprint 

https://doi.org/10.1101/2025.08.18.670795
http://creativecommons.org/licenses/by/4.0/


16 
 

 In comparison, slow-growing or poorly cultured phyla such as Spirocaetota, 206 

Desulfobacteriota, Acidobacteriota, Dictyoglomota, and Crenaracheaota form a separate clade 207 

(clade 1) characterized by more variable or phylum-specific predictors. Strains from these phyla 208 

may require co-culture, longer incubations, oligotrophic media, or extremely long growth periods 209 

that are not routinely used in cultivation experiments. 210 

Extremophilic phyla such as Halobacteriota, Thermotogota, and Bipolaricaulota form 211 

their own distinct cluster (Fig. 5, clade 3), suggesting that the genomic features associated with 212 

laboratory culturability in these lineages differ from those in mesophiles. This could reflect both 213 

biological traits and biases in culturing methods. 214 

.CC-BY 4.0 International licenseavailable under a 
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made 

The copyright holder for this preprintthis version posted August 18, 2025. ; https://doi.org/10.1101/2025.08.18.670795doi: bioRxiv preprint 

https://doi.org/10.1101/2025.08.18.670795
http://creativecommons.org/licenses/by/4.0/


17 
 

Finally, several phyla, including Campylobacteriota, Nitrospirota, Chloroflexota, exhibited mixed 215 

Fig 5: Heat map showing COG pathways predicting cultured (blue) and uncultured (red) species within 

each phylum. The intensity of the color represents the strength of the prediction (see methods). Various 

clusters are numbered and phyla in which fast growers are known to be abundant are highlighted in 

green. Microbes that are known to be fast growers and have higher cultured representatives cluster 

together while slow growers show greater variability in clustering. 
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clustering patterns, containing both fast- and slow-growing lineages. This likely reflects a broader 216 

range of ecological niches and growth strategies within these phyla, resulting in more 217 

heterogeneous culturability-associated genomic features.  218 

     Discussion 219 

All microbes, including the best-studied model organisms, contain a substantial fraction 220 

of genes with unknown or poorly characterized functions. For example, even E. coli K-12 has 221 

~35% of genes lacking experimental annotation (22). In our analysis of over 52,000 222 

metagenome-assembled genomes (MAGs) from the GEM catalog, we find that this “functional 223 

dark matter” (2, 23) is substantially more prevalent among uncultured microbes. After comparing 224 

uncultured MAGs to both cultured MAGs and isolate genomes, we find that uncultured taxa 225 

exhibit markedly greater predicted functional novelty (Fig. 1), as reflected in lower amino acid 226 

identity to SwissProt proteins and lower bitscores normalized by alignment length.   227 

This novelty increases with genetic distance from cultured representatives: genes from 228 

MAGs that belong to cultured species show the highest similarity to characterized proteins, 229 

followed by those within the same genus, and so on (Fig. 2). This trend likely stems from the 230 

historical reliance on model organisms, selected in part for their ability to grow in pure culture, 231 

for protein function characterization (4, 13, 24). 232 

     Prior work has reported widespread genomic novelty among uncultured microbes from 233 

diverse environments (2, 15, 23, 25–27). Our results reinforce and extend this view, showing that 234 

uncharacterized genes are not random or artifactual, but are concentrated in lineages 235 

phylogenetically distant from cultured taxa and disproportionately prevalent in archaeal MAGs. 236 
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The high proportion of genes with unknown function—especially in uncultured archaea—237 

suggests extensive, unexplored functional diversity with likely biological significance (28–31). 238 

To explore how genomic content relates to culturability, we examined COG pathway 239 

enrichment across 28 microbial phyla. Cultured MAGs were consistently enriched in pathways 240 

involved in cofactor and vitamin biosynthesis, energy metabolism (e.g., TCA cycle), and 241 

CRISPR-Cas defense (Fig. 3A). These cofactor and vitamin biosynthesis likely support 242 

autonomous growth in axenic lab conditions. TCA cycle and CRISPR Cas system are 243 

fundamental for rapid energy production, growth, and viral defense, potentially explaining their 244 

prevalence in highly cultured microbes. The TCA cycle can provide the energy efficiency to 245 

support the higher metabolic demands of fast-growing microbes (32, 33) while the CRISPR-Cas 246 

system can help microbes fend off viral infections, especially in environments where exposure to 247 

phages could limit their survival (34, 35). In contrast, uncultured MAGs were enriched for 248 

pathways such as NADH dehydrogenase activity, iron-sulfur cluster biosynthesis, and asparagine 249 

metabolism—features potentially associated with ecological dependencies or niche-specific 250 

adaptations (36–39). 251 

Notably, we identified 15 pathways that were exclusively enriched in cultured MAGs and 252 

absent from uncultured ones (Fig. 3B). These include biosynthetic pathways for thiamine, folate, 253 

pantothenate/CoA, and cobalamin, which are well-documented microbial growth factors (11, 40, 254 

41). Our findings support the hypothesis that biosynthetic self-sufficiency is a strong predictor of 255 

culturability.  For instance, Zheng et al identified uncultured Burkholderiales genomes from 256 

sludge samples as dependent on vitamin B12 (cobalamin) and their experimental findings 257 

revealed that the addition of vitamin B12 stimulated the growth of these taxa (42).  258 

.CC-BY 4.0 International licenseavailable under a 
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made 

The copyright holder for this preprintthis version posted August 18, 2025. ; https://doi.org/10.1101/2025.08.18.670795doi: bioRxiv preprint 

https://doi.org/10.1101/2025.08.18.670795
http://creativecommons.org/licenses/by/4.0/


20 
 

Vitamins are among the most frequently exchanged metabolites in microbial 259 

communities (43), and microbes often rely on co-produced vitamins for growth (44, 45). For 260 

example, Variovorax species support thiamine auxotrophs in bioreactor microbial communities 261 

while depending on pantothenate supplied by other species (46). Such interdependencies—often 262 

mediated by unidentified small molecules—are difficult to replicate in vitro (47, 48). Facilitating 263 

small-molecule exchange via co-culture systems or in situ cultivation platforms (e.g., iChip) has 264 

significantly improved culturability (7, 10, 49). These findings suggest that many uncultured 265 

microbes rely on metabolite sharing, limiting their growth in isolation.  266 

To identify genomic features that generalize across phyla, we applied LASSO regression 267 

to model culturability. LASSO consistently identified cofactor biosynthesis—particularly 268 

thiamine, folate, and pantothenate—as predictive of culturability, even in poorly sampled or 269 

rarely cultured phyla such as Acidobacteriota, Planctomycetota, and Spirochaetota (Fig. S4). In 270 

contrast, NADH dehydrogenase and purine biosynthesis were retained as predictors of 271 

uncultured status across multiple phyla (Fig.4a). Conversely, purine biosynthesis emerged in our 272 

analyses as a strong genomic predictor of uncultured status across multiple phyla (Fig. 3). 273 

Because purine biosynthesis is metabolically expensive (50, 51), microbes that invest in it may 274 

be outcompeted in nutrient-rich laboratory media where purines are abundant. This suggests that 275 

uncultured microbes may favor strategies incompatible with current cultivation protocols. 276 

Together, these analyses highlight overlapping but distinct predictors of culturability.  277 

Clustering of phyla based on LASSO-derived predictors further revealed meaningful 278 

culturability patterns (Fig. 5). Fast-growing phyla that have many cultured members, such as 279 

Bacteroidetes and Firmicutes, clustered tightly and shared a relatively uniform set of 280 

culturability-associated pathways. By contrast, slow-growing phyla, including Spirochaetota, 281 
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Desulfobacterota, and Acidobacteriota, clustered separately and displayed greater pathway 282 

heterogeneity. These patterns likely reflect a broader range of growth strategies, ecological 283 

adaptations, and unrecognized metabolic dependencies. This also suggests that culturability-284 

linked features are more conserved among fast-growing taxa. 285 

Taken together, our results indicate that culturability is a complex, multifactorial trait 286 

shaped by biosynthetic independence, energy metabolism, and ecological interdependence. 287 

Cofactor biosynthesis emerges as a consistent feature of culturability, while pathways associated 288 

with ecological dependency or high energetic cost (e.g., purine biosynthesis) are more common 289 

among uncultured lineages. 290 

These insights challenge the notion that uncultured microbes remain so due mainly to 291 

oversight or insufficient effort. Instead, they highlight fundamental differences in metabolic and 292 

ecological requirements from the microbes themselves. Targeted, genome-informed cultivation, 293 

especially approaches that supplement key vitamins or simulate inter-species interactions, offers 294 

a promising roadmap for accessing the hidden functional potential of uncultured microbes.  295 

In conclusion, our study provides robust evidence that uncultured microbes encode 296 

greater predicted functional novelty and contain distinctive genomic predictors of culturability. 297 

Biotechnological discovery may be enhanced by concentrating on uncultured clades, especially 298 

among the archaea. By identifying generalizable pathways associated with cultured status, we 299 

offer a framework for prioritizing taxa and traits for experimental cultivation. Unlocking these 300 

microbes will not only expand the known tree of life, but also reveal the vast and largely 301 

unexplored landscape of microbial functional diversity. 302 
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Methods 303 

Description of data sets 304 

GEM 305 

The GEM (Genomes from Earth's Microbiomes) data comes from the GEM catalog, which 306 

consists of 52, 505 metagenome-assembled genomes (MAGs) assembled from a diverse set of 307 

environments sampled from around the world including continental soils, oceans, agricultural 308 

soils, animal and human hosts. Of these, about 17.4% of the total MAGs were classified as high-309 

quality (≤5% contamination ≥90% completeness, ≥18/20 rRNA and tRNA genes), and the 310 

remaining MAGs were medium quality according to the minimum information about a 311 

Metagenome Assembled Genome (MIMAG) standard. Hence, each MAG has a completeness 312 

level greater than 50% and a contamination level less than 5% as estimated with CheckM 313 

(v1.0.11). The GEM data have been classified taxonomically at higher ranks using GTDB and 314 

clustered on 95% ANI to derive the species-level Operational Taxonomic Unit (OTU). The 315 

species-level OTUs assignment of these MAGs was cross-validated with that of the GTDB 316 

taxonomy (15). GEM MAGs were annotated for Cluster of Orthologous Genes (COGs) 317 

pathways and genes in the anvio environment using the “anvi-run-ncbi-cogs” commands 318 

Isolates 319 

      The isolates dataset comprises 7,035 genomes sourced from the IMG/JGI database, 320 

downloaded prior to 2020, and filtered to include only cultured isolates. 321 

Cultured Status 322 

To infer the cultured status of each GEM MAG, we first compared taxonomic 323 

annotations of each MAG to those RefSeq category (excluding any uncultured genomes such as 324 

single amplified genomes or metagenome-assembled genomes) of the same GTDB release (vs 325 
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89). MAGs were classified to the lowest taxonomic level at which they have a cultured 326 

representative, for instance if a MAG matched a RefSeq genome taxonomically ranked to an 327 

order level then the MAG has the corresponding cultured level.  b) We next aligned the 328 

sequences of each MAG in the GEM dataset to NCBI isolate RefSeq genomes via Reference 329 

Seeker (52) to find if there are any closely related reference genomes. Reference Seeker first 330 

conducted a Kmer-based genome distance between the GEM MAGs and RefSeq with Mash (53) 331 

and then calculated the Average Nucleotide Identity (ANI) to determine the MAGs with ANI > 332 

95% and conserved DNA > 69%, a commonly used threshold for delineating the prokaryotic 333 

species level. MAGs with species cultured representative or matched an isolate RefSeq with ANI 334 

> 95% are termed as “cultured MAGs” while MAGs that do not meet this criterion are referred 335 

to as “uncultured MAGs” 336 

Comparing The Genes in Cultured Genomes to Uncultured Genomes 337 

 338 
To determine the similarity of sequences from cultured and uncultured genomes to 339 

SwissProt, a database whose gene products have been rigorously characterized. We conducted 340 

alignments between each gene in the GEM dataset, translated into amino acid sequences, and to 341 

the genes in the SwissProt dataset using diamond's "blastp" command (54). 342 

 Diamond’s “blastp” command was also conducted on the cultured isolates group. We set 343 

the e-value cutoff to 100 instead of the default e-value because we are interested in any slightest 344 

similarity of the GEM sequences to Swissprot. This cutoff ensures many false positive 345 

alignments and that even minor similarities between GEM genes and SwissProt genes are 346 

identified. We deal with false positives separately by comparing the sequence similarity of 347 

random sequences simulated from the GEM database to the SwissProt. The BlastP reports were 348 

excluded to only the top hits of the query search. We found that 112,784,914 out of 122,978,191 349 
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protein sequences in the GEM MAGs aligned to genes in the SwissProt database, and 27,952,866 350 

out of 30,840,483 protein sequences of the isolates aligned to the SwissProt database sequences. 351 

The bit scores were normalized by dividing them by the alignment length. We also generated a 352 

random seq from the GEM MAGs dataset using the same e-value. We further compared the 353 

sequences in the GEM MAGs at each taxonomic cultured level to the Agnostos HMM profile 354 

database to quantify the genes with known and unknown functions (Supplemental Figure 2.3). 355 

Fisher’s enrichment test analysis 356 

 357 
To identify the functional pathways and genes that could provide insights into potential factors 358 

contributing to cultivability, we analyzed the COGs enriched in cultured or uncultured MAGs. 359 

For each phylum, we did comparative statistical analysis of COGs presence or absence using 360 

Fisher’s exact test and enriched COGs in either cultured MAGs or uncultured MAGs based on 361 

relative proportions. We specifically focused on COG pathways that are significantly over-362 

represented or under-represented in each group (P < 0.05). 363 

Description of the LASSO regression model pipeline for analyzing cultured status 364 

 365 
To assess the distinction between cultured and uncultured GEM microbes, we employed 366 

LASSO regression to predict if an annotated pathway can be associated with cultured status. We 367 

designed a machine learning-based pipeline specifically intended to predict metabolic pathways 368 

associated with cultured status while mitigating the effects of phylogeny. To create the custom 369 

dataset, we assigned a label of “cultured” to the cultured MAGs or “uncultured” if it belonged to 370 

any other taxonomic cultured level. The dataset contained pathway features, which represent 371 

coarse-grained COG assignments (aggregated into higher biochemical pathways). The value of 372 

each feature is the approximate number of pathways in a given genome/species with a specific 373 
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COG assignment. We normalized these pathways by abundance counts to accurately represent 374 

the phylum. To partially control for phylogeny, we remove all metadata features from the feature 375 

set used in the model, as we have previously shown metadata to be overly predictive of 376 

culturability regarding this particular dataset (55). These metadata include the cultured levels, 377 

taxonomy classes and taxonomic distances, completeness, contamination, and genome size. To 378 

finish controlling for phylogeny, we subset the data by phylum and run the machine learning part 379 

of our pipeline separately on each phylum (Fig. S5), effectively controlling for taxonomy. The 380 

machine learning section of our pipeline consists of the following steps: (i) preprocess the data, 381 

(ii) train a LASSO-based bagging regressor to predict cultured or uncultured status, and (iii) 382 

compute LASSO coefficient confidence intervals and feature importances. The details of these 383 

steps can be found in the supplementary materials. 384 

Data availability 385 

The GEM MAGs and metadata are  publicly available at https://portal.nersc.gov/GEM or 386 

https://genome.jgi.doe.gov/GEMs and the isolates are publicly available at 387 

https://img.jgi.doe.gov/ 388 

Code availability 389 

  The code describing each of these steps can be found on GitHub 390 

(https://github.com/ababjac/GEM-feature-selection) 391 
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 544 

 545 

 546 

 547 

 548 

SUPPLEMENTAL METHODOLOGY 549 

Classifying GEM data set into taxonomic cultured levels  550 

Although in theory any species can be assigned a taxonomy to the species level, in practice, 551 

microbes with no close relation in the Genome Taxonomy Database (GTDB) will not be 552 
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assigned to lower specific taxonomic ranks (species, genus…). Thus, the level of assigned 553 

taxonomic rank is a proxy for the frequency of an organism’s close relatives in GTDB. A larger 554 

fraction of bacterial GEM MAGs was assigned to lower taxonomic ranks and more frequently to 555 

taxa with cultured representatives than Archaea, which suggests that bacteria tend to be more 556 

cultured (Fig S2). For instance, 52.4% of bacteria GEM MAGs were assigned to a species vs. 557 

43.3% for archaeal MAGs. 22.2% of bacterial MAGs were classified as a species with a cultured 558 

representative, whereas only 10.5% of archaeal MAGs were classified as the same species-559 

cultured group (Fig. S2b). At the other end of the taxonomic rank spectrum, 47.6% of bacterial 560 

GEM MAGs were taxonomically ranked only to the genus level while for the archaeal MAGs, 561 

56.7% were taxonomically ranked only to the genus level. (Fig S2a). For the taxonomic cultured 562 

groups, 73.7% of Bacterial MAGs were taxonomically classified up to the same genus level as a 563 

cultured organism, whereas 78.7% of archaeal MAGs were classified as being cultured (Fig. 564 

S2b.). 4.1% of the bacterial MAGs were not taxonomically classified to any cultured organism, 565 

which is a lesser percentage than the 10.8% proportion of the archaeal MAGs. Since GTDB 566 

includes sequences from both cultured and uncultured organisms for taxonomic assignment, this 567 

indicates that a reasonable percentage of the microbial taxonomic information was derived from 568 

uncultured groups. 569 

 570 

 571 
 572 
Details of necessary machine learning preprocessing 573 
 574 

The preprocessing consists of standard machine learning practices: (i) stratify the data 575 

into training/testing sets, (ii) scale the data to meet model requirements, and (iii) rebalance by 576 

phylum to create a balanced training set. We split the data using the train_test_split function 577 
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from scikit-learn, with 20% reserved for validation, and 80% utilized for training and 578 

stratification performed based on the cultured labels. We scale the data using the MinMax 579 

normalization technique with standard parameters. We then rebalance using SMOTE (1) which 580 

is an oversampling technique that creates new samples in a feature space by selecting along the 581 

path of two closely related real data points. We additionally note that any phyla that does not 582 

have a minimum of ten samples total and/or has less than three samples of either label been 583 

removed from the analysis (Table S2); this is due to statistical constraints on the number of 584 

samples that are required to use the methodologies presented here. 585 

Details of LASSO-based regression model for predicting cultured and uncultured status 586 
 587 

We employed LASSO (Least Absolute Shrinkage and Selection Operator) as the 588 

regression component of our analysis pipeline as it has been previously shown to be a robust 589 

feature selection tool (2)and to be a comparable dimensionality reduction method to neural 590 

network-based architectures on these data (3). LASSO is a modified form of regression that uses 591 

a cost function to tune the model based on an 𝛼 hyperparameter (4). The lower the 𝛼 parameter, 592 

the more LASSO begins to approximate standard regression, whereas higher 𝛼 values tend to 593 

cause coefficients to more rapidly trend toward zero. When using LASSO, features are selected 594 

based on the coefficient, i.e., if the coefficient is non-zero despite the stringent 𝛼 penalty, then 595 

we say it contributes to the model. 596 

 We incorporated LASSO as the underlying model in a bagged regressor -- an ensemble 597 

model that is the composite of fitting a base model (LASSO) on many random subsets of the 598 

data. We build our bagging regressor using scikit-learn’s Bagging Regressor with estimators set 599 

to fifty and bootstrapping set to True. Each estimator in the bagged regressor is an instance of a 600 

logistic regression (scikit-learn’s Logistic Regression) model where the penalty is set to “l1” 601 
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representing a LASSO penalty. We train a separately bagged regressor for each phylum using 5-602 

fold cross-validation within the 80% training partition (Fig.S5).  603 

Details regarding calculating and interpreting coefficients, confidence intervals and 604 
permutation importance 605 
 606 

A bagged regressor is advantageous because it mitigates the effect of randomness as 607 

LASSO (like many other machine learning methods) will return slightly different features based 608 

on the random seeding. This not only makes our predictions more verbose but also allows for 609 

calculating t-confidence intervals for each coefficient. For each feature, we calculate the mean 610 

and standard deviation of its associated coefficients from the underlying LASSO models in the 611 

trained bagged regressor. We then compute standard confidence intervals and p-values using the 612 

t-distribution. Confidence intervals and p-values are directly linked in that smaller p-values will 613 

have larger confidence intervals because we are more confident, that we contain the true value. 614 

Since we are looking for non-zero coefficients based on LASSO, we can select a feature if its 615 

confidence interval does not contain zero. We tested two cutoffs for selecting significant 616 

coefficients based on the p-values (p < 0.05 and p < 0.1) and found that p < 0.05 had a stronger 617 

signal. If a coefficient is significant, we then interpret it as follows: “For each (normalized) 1 unit 618 

increase of a sample’s feature_X, we would expect an average coefficient_X increase/decrease in 619 

the probability that sample is cultured”, where increase/decrease comes from the value of the 620 

coefficient. 621 

A common misconception when interpreting coefficients of regression models is that 622 

larger coefficients are more “important” to model understanding. To determine the most 623 

important coefficients we additionally perform permutation importance testing (5) using the 20% 624 

validation data which was held out from the original modeling. The permutation importance 625 

algorithm is an explainable AI method that calculates how much each feature contributes to a 626 
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trained model by permuting over the fitted estimator (our LASSO bagged regressor in this case) 627 

and randomly shuffling one feature each time. When this feature is removed, we can get a 628 

measure of what the model is “missing” by randomizing it. Higher permutation importance 629 

scores indicate an increasingly positive influence on the model, while scores below zero suggest 630 

the feature may have negatively affected model performance.  We then put this feature back into 631 

the model and remove the next, iterating through all features to get a full set of importances. By 632 

doing this on the validation data, we get a measure of each feature's generalizability to new data. 633 

We used Scikit-Learn’s permutation importance algorithm for these calculations (6). This 634 

algorithm was chosen because it should be more robust to feature inflation than impurity-based 635 

feature selection methods (e.g. Gini).  636 

Shuffling data to create a random baseline 637 
 638 

As an additional sanity check, we aim to ensure the performance and coefficients from 639 

our analysis cannot occur by random chance. A standard technique for validating experimental 640 

results is to perform shuffling of the input data before repeating the analysis and comparing the 641 

results to those of the true data. We create a shuffled dataset using Scikit Learn’s shuffle 642 

algorithm with default parameters. We omit both the cultured labels and metadata columns from 643 

being shuffled to preserve the integrity of the phyla and predictions when modeling. We permute 644 

five different partitions of shuffled data and average the results to produce our random baseline 645 

set. We replicate all steps of the analysis using the shuffled data as described previously. 646 

Evaluating model performance 647 
 648 
In order to evaluate our models, we use standard classification metrics: AUROC, 649 

accuracy, precision and recall. AUROC represents the area under the receiver operator curve 650 

which is a number between 0 and 1 showing a true vs false positive rate across all classification 651 
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thresholds (7). For balanced data, we would expect a minimum AUROC of 0.5 if we predicted 652 

everything as true for a baseline comparison. Accuracy measures the proportion of correct 653 

predictions with respect to the total number of predictions (i.e., Accuracy = TP + TN / Total). 654 

Precision accounts for the proportion of correct positive identifications (i.e., Precision = TP / TP 655 

+ FP). Finally, Recall identifies the proportion of correctly classified positive labels (i.e., Recall 656 

= TP / TP + FN). We compute each metric using the 20% validation set per phylum. We 657 

determine a minimum threshold for “good” performance based on the shuffled data, i.e., if the 658 

real performance is statistically greater than the shuffled performance, we say that the model is 659 

performing better than we would expect by random chance. We also note that this dataset (GEM) 660 

was previously baselined against several other methods (3) but not by individual phylum. 661 

To confirm our LASSO performance is better than what would occur by random chance, 662 

we repeated our analysis (see Fig. S5) on shuffled data, i.e., data for which the null hypothesis of 663 

no genes or gene clusters being associated with culturability was known to be true (see 664 

Methods). Figure S6 shows the performance comparison for evaluating the real data (orange) and 665 

shuffled data (blue), where the real data outperforms the shuffled data on average across all the 666 

performance metrics considered. Accuracy and AUROC are both greater than 0.8 for most phyla, 667 

whereas shuffled performance sits around 0.4-0.7 and 0.4-0.6 respectively (Fig. S6). The Recall 668 

is similarly greater than 0.8, and the Precision is greater than 0.7 for nearly all phyla. The 669 

difference is more striking with Precision and Recall as most shuffled phyla are well below a 670 

score of 0.5 for these metrics which suggests a high level of misprediction in our random 671 

baseline that does not occur in our real models. There are only a few phyla where the shuffled 672 

performance was within a margin of error of the real performance based on Accuracy 673 

(Acidobacteriodata, Coprothermobacterota, and Planctomycetata) (Fig.S6). After further 674 
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inspection, these phyla are highly unbalanced with few cultured/uncultured representatives 675 

(Table S2) which explains the similar Accuracy for both real and shuffled data. When looking at 676 

other metrics for these phyla that better handle imbalance (AUROC, precision, recall), we see 677 

that these phyla do outperform random chance in terms of false positives/negatives. We conclude 678 

based on these results that the performance of all phyla could not occur by random chance. This 679 

confirms that our LASSO models are capturing biologically important signals from both the 680 

pathway and annotation features that can be interpreted in the next sections. 681 

  682 
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SUPPLEMENTAL FIGURES 683 

Table S1: Counts of cultured and uncultured MAGs with average gene identity < 70% to SwissProt 684 

 685 

 Fraction with average gene identity < 

70% identity  

Cultured MAGs (14620) 8520 

Uncultured MAGs (37847) 35112 

Cultured Isolates (7035) 3439 

 686 

Table S2: Counts of cultured and uncultured samples per phylum based on the taxonomy of 687 

cultured species used in LASSO regression analysis. Phyla are excluded from analysis (and 688 

therefore also from this table) if either category contains less than 5 samples (see Methods). 689 

Phylum Cultured Counts Uncultured Counts 

Fusobacteriota 81 134 

Planctomycetota 8 894 

Deinococcota 145 55 

Firmicutes_A 1962 6853 

Cyanobacteriota 10 478 

Firmicutes 658 1301 

Firmicutes_C 599 654 
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Coprothermobacterota 10 6 

Chloroflexota 40 1112 

Verrucomicrobiota 208 1202 

Thermotogota 25 176 

Acidobacteriota 5 739 

Proteobacteria 2190 8460 

Cloacimonadota 11 107 

Campylobacterota 85 279 

Bacteroidota 2776 6266 

Actinobacteriota 841 3210 

Desulfobacterota 72 910 

Aquificota 9 44 

Synergistota 18 135 

Nitrospirota 16 153 
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 690 

 691 

 692 

 693 

Figure S1:  Distribution of mean of alignment length of MAGs, isolates, and random sequences 694 

to SwissProt in A) Archaea and in B) Bacteria. C and D represent the relationship between 695 

alignment length and identity to SwissProt of genes (1000 samples)  from cultured isolates, 696 

uncultured MAGs, cultured MAGs Archaea and Bacteria respectively 697 

 698 

 699 

 700 

 701 
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 702 

Figure S2: Cumulative fractions of taxonomic cultured representatives in GEM data sets.  The 703 

GEM MAG lowest taxonomic rank was assigned by Nayfach et al. (2021) using all Genome 704 

Taxonomy Database (GTDB) reference genomes (Chaumeil et al., 2020) while the taxonomic 705 

cultured levels were assigned based on the RefSeq category of the same GTDB release excluding 706 

single-cell amplified genomes and the assembled metagenomes. 707 

 708 

 709 
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 710 

Figure S3: Proportion of genes assigned by the Agnostos DB clusters profile search database at 711 

different GEM taxonomic cultured levels. 712 

 713 

 714 
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 715 

Figure S4: Permutation importance by GEM phyla.  Pathways from less cultured phyla tend to 716 

have COG pathways with higher permutation importance. 717 

 718 
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 719 

 720 

Figure S5: A flowchart showing our full methodology from start to finish. We begin by gathering 721 

metagenome information from the Genomes from Earth’s Microbiomes (GEM) project. We then 722 

create a custom dataset containing metadata, pathway features, annotation features, and cultured 723 

labels (See Methods). Each of these data are then split into subsets representing their ndividual 724 

phyla and the metadata are removed from the subsets. We remove any subsets that do not meet the 725 

minimum data requirements (see Methods). We lastly run our LASSO pipeline 5 times on each 726 

dataset and agglomerate the counts of significant phyla (as determined by confidence intervals 727 

(see Fig. S5d)) into a final output file to be analyzed.  728 
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 729 

 730 

Figure S6: Performance metrics for GEM annotations and pathways: A) accuracy, B) AUC, C) 731 

Precision, and D) Recall (see Methods). For Accuracy, Precision and Recall a value of 0.0 is the 732 

worst and 1.0 is the best, whereas for AUC the worst value is actually 0.5. The orange represents 733 

real data (i.e. shuffled=”No”) and the blue represents our random baseline (i.e. shuffled=”Yes”).  734 

Phyla are omitted from interpretation if the margin of error of shuffled performance is within our 735 

actual predictions across all metrics.  736 

 737 

 738 
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