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Abstract
Accurate estimation of microbial growth rates is essential for un-
derstanding microbial life strategies, their ecological roles, and
cultivation potential. Existing computational methods that infer
growth rates—particularly minimum doubling times—using codon
usage bias (CUB) often struggle with low accuracy for slow-growing
microbes. Here, we present a novel transformer-based deep learning
model called 𝐿𝑜𝑜𝑘𝑖𝑛𝑔𝐺𝑙𝑎𝑠𝑠2 tailored for microbial genomes to pre-
dict doubling times directly from genomic features. Fine-tuned on ri-
bosomal protein-coding genes, our model consistently outperforms
the widely used CUB-based estimator gRodon, achieving higher
predictive accuracy and stronger correlations with experimentally
measured growth rates. We further compare 𝐿𝑜𝑜𝑘𝑖𝑛𝑔𝐺𝑙𝑎𝑠𝑠2 to 𝐸𝑣𝑜 ,
a general-purpose DNA languagemodel with greater context length,
and show that microbial-specific pretraining yields superior perfor-
mance. Analysis of 25,000+ microbial genomes from the “Genomes
from Earth’s Microbiomes” (GEM) catalog reveals persistent culti-
vation biases toward fast-growing taxa across environments and
lineages. Our model highlights the potential of transformer archi-
tectures for genome-based growth rate prediction and provides
a powerful new tool for identifying microbes with high or low
cultivation potential in metagenomic datasets.
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1 Introduction
Microbial growth rate is a key physiological trait that shapes micro-
bial evolutionary dynamics and ecology [17]. Minimum doubling
times vary dramatically—from under 10 minutes in lab-cultured
species [9] to several days in oligotrophic marine microbes [2, 13, 14,
16, 37]—even under optimal conditions. This variation reflects un-
derlying genomic differences in DNA replication and biosynthetic
capacity.

In large part because of this genetic diversity, an estimated 81%
of Earth’s microbes remain uncultured [22], limiting our ability
to directly measure their traits. Cultivation-based methods are of-
ten biased against slow-growing species due to methodological
constraints [1, 48], even though these organisms play essential eco-
logical roles. As a result, predicting microbial growth potential from
genome sequences has become a central goal in microbial ecology
and genomics [41].

Current computational approaches for estimatingmicrobial growth
rely primarily on codon usage bias (CUB), particularly in ribosomal
and other highly expressed genes [49, 51]. Since CUB correlates
with translational efficiency, it serves as a proxy for growth rate
[10, 24, 46]. Tools like gRodon use these relationships to estimate
minimum doubling times. However, these approaches often under-
perform for slow-growingmicrobes, which may lack canonical CUB
signatures [51]. Moreover, non-genomic factors like temperature
can affect growth rates independently, complicating predictions for
extremophiles and other niche-adapted microbes [35].

These limitations have motivated the exploration of deep learn-
ing methods that can infer growth potential from broader genomic
signals. Transformer-based biological languagemodels (BLMs) have
shown remarkable ability to capture complex, long-range patterns
in nucleotide and protein sequences [3, 26, 31, 39, 42], which makes
them well-suited to uncover potential biological signals beyond lo-
cal codon usage [8]. One such model, LookingGlass, was pretrained
on diverse prokaryotic genomes and has demonstrated strong per-
formance in downstream tasks such as enzyme function prediction
and growth temperature estimation [12, 15]. In parallel, general-
purpose DNA language models like 𝐸𝑣𝑜 have emerged, offering
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large context windows but without specific adaptation to microbial
genomic features.

To our knowledge, this is the first application of a transformer-
based biological language model to estimate microbial growth
potential from genome sequences. We fine-tune a completely re-
workedmodel focused onmicrobial genomes—𝐿𝑜𝑜𝑘𝑖𝑛𝑔𝐺𝑙𝑎𝑠𝑠2—using
ribosomal protein-coding genes, other marker features, and the
same phenotype dataset as 𝑔𝑅𝑜𝑑𝑜𝑛 [27], enabling direct perfor-
mance comparison. We then apply our model to predict mini-
mum doubling times for 25,103 metagenome-assembled genomes
(MAGs) from the Genomes from Earth’s Microbiomes (GEM) cata-
log [29]. Our results show that microbial-specific pretraining yields
stronger predictive performance while providing new insights into
the growth potential of uncultured microbes. Combined this is an
substantially improved genome-based framework to study micro-
bial ecology and cultivation strategies.

2 Methods
2.1 Isolates trait dataset preparation
We used the dataset compiled by Madin et al. [27], which includes
581 microbial isolates with empirically measured minimum dou-
bling times under optimal growth conditions. Previous studies have
shown that microbial growth rates exhibit low phylogenetic conser-
vation; for example, phylogeny accounts for only 38% of growth rate
variation [50]. Similarly, Xu et al. [52] found a weak phylogenetic
signal in the data we use.

To further minimize phylogenetic redundancy and improve gen-
eralizability, we retained only one representative genome per species
to avoid overrepresentation of well-studied species and to ensure
each species contributes equally to model training, yielding a cu-
rated dataset of 475 genomes. To reduce taxonomic overlap across
data splits, we employed stratified sampling by taxonomic class, fol-
lowing the approach of Hoarfrost et al. [12], to maintain taxonomic
diversity across splits and prevent model overfitting to particular
clades. We split the dataset into 70% for training, 15% for validation,
and 15% for testing.

2.2 COGs and Ribosomal sequences annotation
We annotated the isolate genomes using Prokka [44], which per-
forms BLASTp and HMMER searches against the NCBI COG (Clus-
ters of Orthologous Groups) database [11] to assign functional cate-
gories to protein-coding genes. To ensure consistency, annotations
were cross-validated against the original NCBI COG assignments,
and any gene with inconsistent or ambiguous COG annotations
was excluded from downstream analyses. Genes annotated with
COG functions such as replication, recombination and repair (L),
translation ribosomal structure and biogenesis (J) and transcription
(K) were concatenated as "Information Storage and Processing."
COG functions related to cell cycle and cell division (D), signal
transduction mechanism (T), defense mechanism (V), cell motility
(N), post translational modification (O), intracellular trafficking and
secretion (U), cell wall membrane biogenesis (M) were concatenated
as "Cellular Processing and Signaling." COG functions related to
energy production and conversion (C), amino acid (E), carbohydrate
(G), lipids (I), co-enzymes (H), secondary metabolites metabolisms

and transports (Q) were concatenated as "Metabolism." These anno-
tations were used to fine tune LGM2, testing whether gene subsets
from specific functional subsystems are more informative for pre-
dicting minimum doubling times.

Ribosomal protein-coding geneswere annotated separately using
Barrnap (https://github.com/tseemann/barrnap).

2.3 GEM dataset preparation
The GEM data set contains 52,515 medium- and high-quality meta-
genome-assembled genomes (MAGs) derived from 10,450 samples
across a wide range of environments [29]. The accompanying meta-
data includes taxonomic and environmental annotations.

The NCBI RefSeq database is dominated by microbes that have
been cultured. Using this observation, we performed two comple-
mentary analyses to distinguish between cultured and uncultured
MAGs. First, we compared each MAG’s taxonomic lineage to the
NCBI RefSeq database entries using the Genome Taxonomy Data-
base (GTDB) release v89 [32]. Second, we used RefSeeker [43] to
align each MAG to RefSeq isolate genomes. A MAG was classified
as cultured if it met either of the following criteria: (i) matched a
taxonomic lineage corresponding to a cultured RefSeq genome, or
(ii) aligned to a RefSeq isolate with at least 95% average nucleotide
identity (ANI), which is the default RefSeeker cutoff of for a species-
level match. MAGs not meeting either criterion were classified as
uncultured.

Ribosomal protein-coding sequences were extracted from each
MAG using Barrnap. To ensure high-quality input for downstream
modeling, we excludedMAGs that contained few ribosomal protein-
coding genes (<300 nucleotides after all genes are concatenated as
input, which is higher than the 240bp or more default of gRodon).
This length filter helped retain MAGs with more complete ribo-
somal gene sets, while excluding less complete assemblies. Of the
52,515 MAGs, 17,761 MAGs had no detectable ribosomal genes,
9,651 MAGs were excluded based on the <300 nucleotide total filter,
resulting in a final dataset of 25,103 MAGs used for analysis.

2.4 gRodon estimation
We estimated the minimum doubling time for genomes in the test
set using the gRodon R package [51]. gRodon predicts doubling
time based on codon usage bias. We calibrated gRodon using the
same ribosomal protein-coding training dataset used by Madin et
al. [27], allowing for direct performance comparisons. We also ran
the temperature-corrected version of gRodon by incorporating the
optimal growth temperature of each organism, when present in the
Madin dataset.

2.5 Transformer-based prediction of growth
rate

2.5.1 Transformer model architecture. We used the 𝐿𝑜𝑜𝑘𝑖𝑛𝑔𝐺𝑙𝑎𝑠𝑠
v2 model (𝐿𝐺𝑀2, [15]) to fine-tune our doubling time prediction
models. LGM2 is an updated version of the original LookingGlass
model [12], built upon a larger and more diverse training corpus. It
is a transformer-based language model adapted from RoBERTa [21],
designed to learn biological representations from DNA sequences.
The model architecture includes 24 layers with 16 attention heads,
a hidden size of 1024, and an intermediate feedforward size of 4096,
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with a custom DNA nucleotide tokenizer resulting in a model with
approximately 86 million parameters.

2.5.2 Training procedure. LGM2 was pretrained on >11M sim-
ulated short-read-like DNA sequences, each averaging 128 nu-
cleotides in length (total training set ca. 1B tokens), derived from
genomes sampled uniformly from each taxonomic order in the
GTDB database [33]. The pretraining objective was masked lan-
guagemodeling (MLM) [21], where 15% of nucleotides in a sequence
are masked at random and predicted using surrounding context.

2.5.3 Transformer fine-tuning for growth rate prediction. We fine-
tuned the pretrained LGM2model to predict the minimum doubling
time using a supervised regression approach. For the 𝐿𝐺𝑀2𝑟𝑖𝑏
model variant, the input consisted of nucleotide sequences from
all annotated ribosomal genes. These sequences were tokenized
using the custom DNA tokenizer provided by 𝐿𝑜𝑜𝑘𝑖𝑛𝑔𝐺𝑙𝑎𝑠𝑠 and
segmented into chunks of up to 128 nucleotides in length to match
the model’s maximum input size.

The training data comprised of all protein-coding genes in each
subset concatenated, such that all appropriately annotated sequences
from an input genome were a single sequence, and then paired with
its empirically measuredminimum doubling time. For the ribosomal
protein-coding gene subset, all of these sequences combined totaled
over 2 million nucleotides; therefore, each genome-based input was
on average roughly 4,200 nucleotides. Fine-tuning was performed
using the Hugging Face Trainer API with the Adam optimizer and
default settings. Training was conducted for 8 epochs using a batch
size of 8. The selected hyperparameters included a weight decay of
0.01, a base learning rate of 2e-5, and 500 warmup steps.

Sequence embeddings were extracted from the final transformer
layer and used as input for the downstream regression task. To
incorporate growth temperatures in the prediction, the final-layer
embeddings were concatenated with the corresponding optimal
growth temperature value for each organism (where available in
the Madin dataset). Model performance on the validation set was
monitored at each epoch using Root Mean Squared Error (RMSE) to
prevent overfitting. The best-performing model was selected based
on the lowest validation RMSE.

2.6 Assessing minimum doubling time
prediction performance

All regression frameworks, including gRodon, were evaluated using
standard metrics including RMSE, Mean Absolute Error (MAE), R2
and Pearson correlation coefficient.

Microbial isolates were classified into fast and slow growers
based on multiple doubling time thresholds: 2.6-hour, 5-hour and
8-hour. Embeddings of the final transformer layers were visualized
using tSNE plots.

Classification performance as either fast or slow-growing based
on the specific thresholds above was evaluated using AUC-ROC,
which measures consistency of the empirical and predicted mini-
mum doubling times with respect to either fast and slow growth,
as well as precision, and recall.

2.7 𝐸𝑣𝑜 minimum doubling time alternative
model

To estimate microbial minimum doubling time, we trained a su-
pervised ridge regression model on pooled embeddings from the
final layer of the pretrained 𝐸𝑣𝑜 foundation model. After passing
through the 𝐸𝑣𝑜 model, each nucleotide was encoded into a 4096-
dimensional representation. To obtain a fixed-size representation
for each sequence, we applied mean pooling across the sequence
dimension, resulting in a single 4096-dimensional vector per se-
quence, which served as input to the ridge regression model. We
selected the optimal L2 regularization parameter from the set {0.01,
0.1, 1, 10, 100} by minimizing the root mean squared error (RMSE)
on the validation set.

3 Results
3.1 Ribosomal protein-coding genes encode the

strongest signals for growth prediction
To identify which functionally annotated gene categories are most
informative for predicting microbial growth rates, we fine-tuned
𝐿𝑜𝑜𝑘𝑖𝑛𝑔𝐺𝑙𝑎𝑠𝑠 v2 (𝐿𝐺𝑀2) on distinct subsets of coding sequences
grouped by COG (Clusters of Orthologous Groups) functional an-
notations (Table 1).

Among all tested subsets, the model trained exclusively on ri-
bosomal protein sequences performed best. It achieved the lowest
root mean square error (RMSE = 1.013) and mean absolute error
(MAE = 0.764), along with the highest coefficient of determination
(R2 = 0.560) on the held-out test set.

Models trained on coding sequences associated with information
storage and processing functions also performed relatively well
(RMSE = 1.269; MAE = 0.994), though they were less accurate than
the ribosomal subset. By contrast, the model trained on the full
set of coding sequences performed the worst across all metrics,
with the highest RMSE (1.336), highest MAE (1.082), and a negative
R2 value (–0.027). This suggests that including non-informative
or weakly correlated genes may dilute signal and hinder model
learning. This aligns with prior studies linking ribosomal gene
composition and codon usage to translation efficiency andmicrobial
growth potential.

3.2 𝐿𝑜𝑜𝑘𝑖𝑛𝑔𝐺𝑙𝑎𝑠𝑠 improves doubling time
prediction relative to CUB-based methods

We compared the predictive performance of the fine-tuned𝐿𝑜𝑜𝑘𝑖𝑛𝑔𝐺𝑙𝑎𝑠𝑠
model trained on ribosomal genes (𝐿𝐺𝑀2𝑟𝑖𝑏 ) against two versions
of the gRodon model using a held-out test dataset (Fig 1).

𝐿𝐺𝑀2𝑟𝑖𝑏 achieved the strongest Pearson correlation between
the predicted and observed minimum doubling times (R = 0.75,
p < 0.005), significantly outperforming both the original 𝑔𝑅𝑜𝑑𝑜𝑛
(R = 0.40) and the temperature-corrected 𝑔𝑅𝑜𝑑𝑜𝑛 (𝑔𝑅𝑜𝑑𝑜𝑛𝑡𝑚𝑝 , R =
0.60; Fig. 1). This high correlation indicates that 𝐿𝐺𝑀2𝑟𝑖𝑏 captures
growth-related signals more effectively than existing tools.

In terms of absolute prediction accuracy, 𝐿𝐺𝑀2𝑟𝑖𝑏 also achieved
the lowest root mean squared error (RMSE = 1.013), confirming
superior performance over 𝑔𝑅𝑜𝑑𝑜𝑛 (RMSE = 1.336) and 𝑔𝑅𝑜𝑑𝑜𝑛𝑡𝑚𝑝
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Table 1: Performance of 𝐿𝑜𝑜𝑘𝑖𝑛𝑔𝐺𝑙𝑎𝑠𝑠-derived models finetuned on different annotated gene subsets.

Trained Category Test Loss Test RMSE Test R2 Test MAE Pearson’s R

Coding (ORFs) sequences 1.786 1.336 -0.027 1.082 0.002
Metabolism-related 1.901 1.379 0.071 1.007 0.431
Cellular processing and signaling 1.721 1.312 0.160 0.986 0.457
Information storage and processing 1.610 1.269 0.214 0.994 0.533
Ribosomal sequences 0.993 1.013 0.560 0.764 0.748

Figure 1: Comparison of predicted versus empirical minimum doubling times using three models: the fine-tuned 𝐿𝑜𝑜𝑘𝑖𝑛𝑔𝐺𝑙𝑎𝑠𝑠

model on ribosomal protein sequences (𝐿𝐺𝑀2𝑟𝑖𝑏 ), the original gRodon, and gRodon with temperature correction (gRodontmp).
𝐿𝐺𝑀2𝑟𝑖𝑏 achieved the lowest root mean square error (RMSE) and the highest correlation with observed doubling times. The
black dashed line represents the identity line, indicating perfect agreement between predicted and actual values. All models
tend to underestimate doubling times for slow-growing microbes, as shown by the clustering of points below the identity line
at higher doubling times. The red dashed line marks the 5-hour threshold for distinguishing fast- and slow-growing organisms.

(RMSE = 1.162). This suggests that ribosomal sequence embed-
dings derived from a transformer architecture encode more rele-
vant features for predicting microbial doubling time than codon
usage-based models.

To assess performance across microbial growth categories, we
further divided test organisms into fast growers and slow grow-
ers, using 𝑔𝑅𝑜𝑑𝑜𝑛’s default threshold (5-hour minimum doubling).
For fast-growing taxa, 𝑔𝑅𝑜𝑑𝑜𝑛𝑡𝑚𝑝 slightly outperformed 𝐿𝐺𝑀2𝑟𝑖𝑏
(RMSE = 0.906 vs. 0.974), suggesting that codon usage bias may still

offer some advantages for high-growth organisms. However, for
slow-growing microbes, 𝐿𝐺𝑀2𝑟𝑖𝑏 significantly outperformed both
𝑔𝑅𝑜𝑑𝑜𝑛 models (RMSE = 1.082 vs. 𝑔𝑅𝑜𝑑𝑜𝑛𝑡𝑚𝑝 = 1.637 and 𝑔𝑅𝑜𝑑𝑜𝑛
= 1.751).

Our current framework utilizes embeddings from the final layer
of the transformer model. An anonymous reviewer informed us that
that intermediate layers—particularly the penultimate layer—can
sometimes yield better performance. Unfortunately, embeddings
from the penultimate layer had comparable to, and slightly worse
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performance, relative to the final layer (data not shown), and thus
no improvement was observed for this specific application.

3.3 𝐿𝑜𝑜𝑘𝑖𝑛𝑔𝐺𝑙𝑎𝑠𝑠 works just as well on unseen
genomes

One limitation of cross fold validation of this application is the
taxonomic diversity in the original set can be highly variable and
biased. To address this, we used the training approach of the origi-
nal LookingGlass model [12]. gRodon, on the other hand, uses 10x
fold cross validation using more traditional mathematical modeling
performed 100 times. With a deep learning model, this would re-
quire 1000 fine tuning runs. "Traditional" 4-fold validation similar
to our splits does not do as well, very likely due to taxonomic bias.

Our goal was to develop a powerful new tool for identifying
microbes with high or low cultivation potential in metagenomic
datasets. To address potential differences in training with respect to
this specific goal, we collected 100 microbes from multiple datasets
published after 2022 and therefore not in Madin et al. We further
double checked to ensure no overlap. Our RMSE (1.35) is still lower
than gRodon (1.46) on these genomes unseen by either model, with
a similar R (0.35 vs 0.37). This is roughly a 8% improvement.

3.4 Generic DNA embeddings from 𝐸𝑣𝑜

underperform relative to 𝐿𝑜𝑜𝑘𝑖𝑛𝑔𝐺𝑙𝑎𝑠𝑠

To assesswhether𝐿𝑜𝑜𝑘𝑖𝑛𝑔𝐺𝑙𝑎𝑠𝑠’s performance stems from itsmicrobial-
specific pretraining or simply reflects the general power of transformer-
based DNA models, we evaluated a second deep learning model,
𝐸𝑣𝑜 , which was pretrained on over 300 billion nucleotides from di-
verse prokaryotic and phage genomes. In contrast to 𝐿𝐺𝑀2, which
was trained on shorter Illumina-sized sequences (roughly 100 nu-
cleotides), 𝐸𝑣𝑜’s architecture is optimized for capturing long-range
genomic dependencies. Specifically, it uses a StripedHyena architec-
ture [34] with 29 Hyena layers interleaved with three multi-head
attention layers, enabling substantially longer context windows.

𝐸𝑣𝑜 employs a simple 4-token vocabulary (one per nucleotide
base) and has been successfully applied to both generative and
predictive genomic tasks [30]. We used the original 𝐸𝑣𝑜 model for
this comparison, rather than the recently released 𝐸𝑣𝑜−2, to ensure
consistency with 𝐿𝐺𝑀2 in training regime and model complexity.

We fine-tuned 𝐸𝑣𝑜 embeddings on the same downstream task—
predicting minimum doubling time from ribosomal protein-coding
genes (Table 2)—and compared its performance to both 𝐿𝐺𝑀2𝑟𝑖𝑏
and gRodon. Evo outperformed both the original and temperature-
corrected versions of gRodon (RMSE = 1.276, 𝑅2 = 0.427; and RMSE
= 1.203, 𝑅2 = 0.510 with and without temperature correction, re-
spectively), but still lagged behind 𝐿𝐺𝑀2𝑟𝑖𝑏 (RMSE = 1.013, 𝑅2 =
0.560).

These results suggest that microbial domain-specific pretraining
confers advantages beyond what is achievable through increased
model capacity or context length alone. While general-purpose
DNA models like 𝐸𝑣𝑜 provide strong baselines, fine-tuning a trans-
former already attuned to microbial sequence patterns results in
more accurate predictions of microbial doubling time.

Evo embed Evo embed+tmp
RMSE All microbes 1.276 1.203

Fast growers 1.177 1.092
Slow growers 1.543 1.499

𝑅2 0.427(1.466e-04) 0.511(3.292e-06)
Table 2: Root mean square error (RMSE) and coefficient of
determination (𝑅2) for models predictingminimum doubling
time from ribosomal protein-coding sequences for the 𝐸𝑣𝑜
alternative deep learningmodel. Like 𝐿𝐺𝑀𝑟𝑖𝑏 and𝑔𝑅𝑜𝑑𝑜𝑛, 𝐸𝑣𝑜
also performs better for fast growing microbes.

3.5 𝐿𝑜𝑜𝑘𝑖𝑛𝑔𝐺𝑙𝑎𝑠𝑠 model embeddings
differentiate fast growers from slow growers

We also assessed how different minimum doubling time thresholds
affected the classification of these microbes as either fast or slow
growers using 𝐿𝐺𝑀2-derived sequence embeddings. Specifically,
we compared three thresholds: 5-hour (see above), 2.6-hour (the
empirical median of the training set), and 8-hour (the 75th percentile
of the doubling time distribution), among others.

Of all thresholds tested, the 5-hour cutoff yielded the best overall
classification performance, yielding the highest area under the re-
ceiver operating characteristic curve (AUC-ROC = 0.87), compared
to 2.6-hour (AUC-ROC = 0.78) and 8-hour (AUC-ROC = 0.81). Per-
formance plateaued for thresholds near 5 hours, suggesting this
cutoff robustly separates fast- and slow-growing microbes.

Consistent with prior observations, our model more accurately
identified fast growers than slow growers (Fig. 2a), further suggest-
ing class imbalance or weaker genomic signals in slow-growing
taxa. Embeddings generated using the 5-hour threshold exhibited
clearer clustering by growth category in t-SNE plots (Fig. 2b–d),
demonstrating that this threshold may reflect a meaningful biolog-
ical division, e.g., between organisms adapted for rapid resource
exploitation versus those with slower life histories.

3.6 Cultured microbes are biased toward faster
predicted growth across ecosystems

We applied the fine-tuned 𝐿𝐺𝑀2𝑟𝑖𝑏 model to predict minimum
doubling times for 25,103 metagenome-assembled genomes (MAGs)
from the GEM (Genomes from Earth’s Microbiomes) dataset. Only
MAGs with at least 300 ribosomal coding nucleotides were included
to ensure input quality.

Across most ecosystems, cultured MAGs skewed toward faster
growth (<5 hours; Fig. 3). Environments such as city subways, ru-
minant hosts, plant-associated habitats, lab enrichments, and algae-
associated systems were particularly enriched in cultured microbes
predicted to have short doubling times (Fig. 3a), reinforcing known
methological cultivation biases toward fast growers.

An exception was observed in human-associated environments,
where cultured microbes spanned a broader range of predicted dou-
bling times (Fig. 3a), indicating more inclusive cultivation success
across growth rates in anthropogenic environments.

These environment-specific trends are mirrored at the phylum
level, where growth potential appears to influence culturability.
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Figure 2: A 5-hour doubling time threshold improves microbial growth classification and cluster separation in 𝐿𝑜𝑜𝑘𝑖𝑛𝑔𝐺𝑙𝑎𝑠𝑠-
derived embeddings. (a-c) Classification performance using three doubling time thresholds (2.6, 5, and 8-hour). The fine-tuned
LookingGlass model, when combined with predicted minimum doubling times, achieves the highest AUC-ROC at the 5-hour
threshold. (d–f) t-SNE projections of LookingGlass-derived sequence embeddings show clustering of fast (blue) and slow
(orange) growers under different classification thresholds: (e) 5 hours, (d) 2.6 hours (empirical median), and (f) 8 hours (75th
percentile). The 5-hour threshold results in the clearest separation between fast and slow growers, with more distinct clustering
of fast-growing microbes. Points from training and test datasets are marked separately.

Proteobacteria, Firmicutes, and Deinococcota—phyla with gener-
ally short doubling times—are largely cultured. In contrast, within
Cyanobacteria, only fast-growing representatives appear to be cul-
tured, while slow-growing members remain uncultured. Other
phyla, such as Bacteroidota, Fusobacteriota, Actinobacteriota, and
Campylobacteriota, include both fast- and slow-growing cultured
strains (Fig. 4b). These findings demonstrate that genomic growth
potential, as captured by 𝐿𝐺𝑀2, helps explain persistent cultivation
biases across ecosystems and microbial phyla.

4 Discussion
To our knowledge, this is the first successful application of a transformer-
based biological language model to predict microbial growth rates
directly from genomic sequences – marking a significant step for-
ward in linking genotype to phenotype in uncultured microbes.
The fine-tuned 𝐿𝐺𝑀2 model performed best when trained on ri-
bosomal protein-coding sequences (Fig. 1), consistent with prior
work showing that codon usage bias (CUB) in ribosomal and other
constitutively expressed genes (e.g., translation factors) is strongly
associatedwith translational efficiency and rapid growth [10, 45, 49].
Moreover, the conservation and ubiquity of ribosomal genes across

microbial taxa [20, 40] make them well-suited for sequence-based
prediction across isolates and metagenomes.

Compared to gRodon [51], a widely used tool based on codon us-
age features derived from highly expressed genes that predicts min-
imum doubling time, 𝐿𝐺𝑀2𝑟𝑖𝑏 demonstrated substantially higher
prediction accuracy and required no auxiliary metadata such as op-
timal growth temperature. This streamlines prediction workflows
and enables broader application in contexts where environmental
metadata are missing or uncertain.

While Evo, a general-purpose DNA language model, offers a
promising deep learning baseline, it consistently underperformed
compared to 𝐿𝐺𝑀2𝑟𝑖𝑏 across all metrics. This suggests that microbe-
specific pretraining—especially on short-read Illumina-scale se-
quences—captures growth-related signals more effectively than
general-purpose, long-context DNA models. This result reinforces
the importance of domain-adaptive language modeling in biological
prediction tasks.

Like other sequence-based models, 𝐿𝐺𝑀2𝑟𝑖𝑏 showed reduced ac-
curacy for extremely slow-growing microbes (Fig. 2). This is likely
due to their under-representation in the training data. Evolution-
ary dynamics—such as weak purifying selection, small effective
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Figure 3: LGM predicts minimum doubling time of microbes inferred to be cultured (green) and uncultured (gray) in GEM
dataset across a) ecosystem and b) GEM phyla. The vertical dashed blue line represents a doubling time of 5 hrs, distinguishing
fast growers from slow growers. Only phyla with over 50 representatives and ecosystems with at least 75 representatives are
shown.

population sizes, and increased genetic drift—may further reduce
the strength of codon optimization signals [6, 25]. Nonetheless,
𝐿𝐺𝑀2𝑟𝑖𝑏 demonstrated a clear improvement over prior approaches
in predicting doubling times for these organisms, offering a new
avenue for identifying ecologically important taxa often overlooked
due to cultivation bias. This improvement is particularly relevant
for efforts to cultivate slow-growing microbe or to model microbial
contributions to ecosystem function.

Our findings are consistent with prior observations that codon
optimization signals plateau around minimum doubling times of

5–6 hours, likely reflecting biological constraints on translational ef-
ficiency [51]. Classification based on a 5-hour threshold yielded the
best performance (Fig. 3), outperforming other thresholds consid-
ered. This likely reflects biologically meaningful sequence patterns
that differentiate slower-growing taxa [49].

When applied to over 25,000 metagenome-assembled genomes
(MAGs) from theGenomes fromEarth’sMicrobiomes catalog,𝐿𝐺𝑀2𝑟𝑖𝑏
revealed striking differences in predicted doubling times between
cultured and uncultured microbes across diverse environments
(Fig. 3). Cultured microbes were typically predicted to grow faster,
particularly in nutrient-rich or anthropogenic environments such
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as subways. These trends mirror longstanding cultivation biases
that favor copiotrophic microbes—those adapted to nutrient-rich
environments—while often excluding oligotrophic taxa that grow
slowly under nutrient-limited conditions [19, 47]. Human-associated
microbes were an exception with successful cultivation spanning a
broad range of growth rates. This likely reflects decades of targeted
cultivation, sequencing, and functional profiling of pathogenic and
commensal taxa in efforts such as the Human Microbiome Project
[23].

At the phylum level, we observed that culturability was often
associated with predicted growth rate. Proteobacteria, Firmicutes,
and Deinococcota were dominated by fast-growing, cultured repre-
sentatives. In Cyanobacteria, only fast-growing lineages had cul-
tured representatives, likely due to the complexity of phototrophic
growth and the longer division cycles of slower-growing strains
[38]. In contrast, phyla such as Bacteroidota, Fusobacteriota, Firmi-
cutes, Actinobacteriota, and Campylobacteriota included both fast-
and slow-growing cultured strains, reflecting their ecological and
clinical significance [4, 7].

A key limitation of our approach is the scarcity of microbial
genomes with experimentally verified minimum doubling times,
especially among slow growers. This restricts both the diversity of
training data and the generalizability of the model, particularly for
underrepresented slow growers. Continued expansion of cultiva-
tion efforts [5, 18, 28, 36] and phenotypic databases [27], coupled
with standardized trait curation, will be essential for developing
more generalizable and ecologically informed prediction models—
especially for poorly characterized and slow-growing microbes.

5 Conclusion
Our results demonstrate that domain-informed transformer models
like 𝐿𝐺𝑀2 can bridge gaps in microbial trait prediction, enabling
better ecological inference from genomic data—even in the ab-
sence of cultivation or metadata. By demonstrating the utility of a
domain-adapted transformer model for a key microbial life history
trait, this work provides a foundation for more accurate pheno-
type prediction in environmental and clinical contexts. This and
future improvements will play a central role in linking microbial
genotypes to ecological phenotypes, aiding both cultivation efforts
and ecosystem modeling. Future work could incorporate attention-
based interpretability methods to identify specific genomic features
contributing to predicted growth rates.
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