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o The microbial (maximal) growth rate is a fundamental parameter

4
b el that varies among different microbes.
b | sy [yl j o Traditionally, microbial (maximal) growth rates can be measured
- N ks
S through laboratory culture experiments if the microbes are
E = :_ e
i ' I culturable.

e

~ o However, these methods are time-consuming, labor-intensive,
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and often limited to a small fraction of the microbial diversity.
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Weissman et al., 2022
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' » o Specific Growth Rate () is the rate at which a

2 microbial population increases per unit of

biomass. It's often expressed as the change in

stationary | |
ph ase biomass concentration (dX) over time (dt),
divided by the biomass concentration (X) itself:
u=(dX/dt) / X.

o The Maximum Specific Growth Rate (1 ,,.,) 1S

the highest specific growth rate that a

vit) = In cell.no

microorganism can  achieve under optimal

conditions, such as an ideal temperature, pH,

Vo In . —_
Yo e nutrient availability, and the absence of
} > inhibitors.
A. I g [ time O Wmax Of @ microorganism is a key parameter in

Gaspar et al., 2021 Chem Engineering microbial kinetics.
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(CUB):

microbes tend to use the set

Codon Usage Bias fast-growing
of synonymous
codons corresponding to the most abundant
tRNAs

proteins. Codon usage bias is thought

(the bias) to synthesize ribosomal
to result
from selection for accurate and fast  translation
by maximizing the = recruitment of the most
abundant tRNAs into ribosomes.

the number of

(B) the relative

Correlation between d and (A)
rRNA operons in the genome,
distance from the origin of replication to rRNA
genes (excluding species  with no retrievable
origin), 0.5 corresponds to half the replicon,
(C,D) codon usage bias indices AENC' and S.
Codon usage biases are better correlates of
growth rates than any other trait, including

rRNA copy number.
Vieira-Silva et al., 2010 PLoS Genetic
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o (a) Maximum growth rate for bacteria as a function of AENC’, an index of codon usage bias.

o (b) The predicted maximum growth rate versus the observed maximum rate for select bacteria.

o The growth rate was predicted by a multiregression analysis using two indices of codon usage bias (AENC’

rRNA operons, and the distance of the rRNA operons to the origin of replication.

Taxon

« Vibrrro

& Roseobocter

* Synechecooous

* Proghlarococius

¥ Pelagibacter
Otk

and S), the number of

Kirchman et al., 2016 Ann Rev Mar Sci
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A Growing bacterial population
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| o Peak to Trough Ratio (PTR) refers to the ratio

of metagenomic read coverage near the origin

(the peak) of genome replication to the terminus

(the trough).
The pattern of metagenomic sequencing read

different microbial

for genomes

the

coverage
contains a single trough and a single peak,
latter coinciding with the  bacterial origin of
replication.

Each bacterial cell in a growing population will
be at a different stage of DNA replication,
generating a coverage pattern that  peaks near
the known replication origin.  This produces a
prototypical sequencing coverage pattern with a
single peak and a single trough. Bacteria from a
non-dividing population have a flat sequencing

coverage pattern across the genome.
Korem et al., 2015 Science
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o The ratio between the coverage at the origin (“peak”) and terminus (“trough”) of replication (PTR) relates to the replication rate of the

population. The origin and terminus can be determined based on cumulative GC skew.

o Ifno complete genome sequence is available, it is possible to calculate the replication rate based on the distribution of coverage values

across a draft-quality genome. Brown et al., 2016 Nat Biotech
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Emiola et al., 2018 Nat Comm; Gao et al., 2018 Nat Met
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SMEG then re-generates a sample-specific,

Building the species database of
member strains available for a
species. Core genes are extracted,
and multiple sequence alignment
to

is  conducted generate  a

phylogenetic tree. Strains are

grouped into clusters to generates
SNPs

shared within cluster members

cluster-specific  unique
but absent in strains from other

clusters. Clusters having
insufficient number of unique
SNPs are iteratively subclustered
to re-generate a unique SNPs

profile, or “SNP coordinate set.”

unique SNP

profile using only the detected clusters, increasing the number of discriminatory SNPs usable to calculate the growth rate.

o Then, nucleotide coverage is determined at

trough ratio (PTR).

each cluster’s unique SNP site across a variable sliding window to calculate the peak-to-

Emiola et al., 2020 Sci Adv
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o Sequencing reads from multiple metagenomic

samples are mapped to a reference database

containing representative  strains from complete

reference genomes and high-quality assemblies.
IMET L PR BNy Rl

Multimapped reads are reassigned to a single

genome using a probabilistic model.

o Regions of each genome with ultra-high or ultra-

low coverage are filtered using filters designed for

complete reference genomes or draft assemblies.

o For species with complete reference genomes,

_ PTRs are estimated by maximizing the likelihood
{ K il v ot 3 ¢ ey eaing Fomens (A L )
1% e Tt of amodel describing the density of reads along
o e i the genome (CoPTR-Ref). For species with high-
}' I 1k - 7 ] | - . : .
3 31 L T ol quality assemblies, reads are binned across the
E 1 . | I assembly, bins are reordered based on sequencing
n i i N : coverage across multiple samples using Poisson
o (FTR) B Phsiited 1 e % P PCA, and the slope along this order is estimated
e by maximum likelihood (CoPTR-Contig).
g i,l gl - o CoPTR outputs a table of the log2(PTR) per
. genome in each sample.
1a g3 Joseph et al., 2022 Genome Re:
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has been proposed, where population dynamics occur

A dimlilmied grikih sl ateehnible x 3]
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Stafionary
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which is equivalent to ‘regression-to-the-mean’ as an organism fluctuates around a fixed

internally and the bacterial

population sizes measured in a bolus of stool represent a steady-state endpoint of these dynamics.

This model provides a path toward estimating the growth phases of gut bacterial populations in situ.

Lim et al., 2023 Nat Comm
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Growtn Rates of Microbes in the Oceans

o Community growth rates  are measured
Annual Bevern of Marne Gowypnes
o el e o T T SRR S T HETY baphif | by a) baCtel‘lal pI‘OdllCthl’l/blOInaSS or b)
P e e |l Wi b e i) S T DT

ST N b O [ HC S  1 0 W - Kirchman et al. , 201 seawater incubation experiments, usually
coupled with FISH or CARD-FISH

Dawisl L Bfrehiman
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o TrRNA:rDNA used as an index, doesn’t

| Fuplshed: 22 Sepglembser 2016 work for Ohgotrophs

Growth rates and rRNA content of four
marine bacteria in pure cultures and in
the Delaware estuary

o Computational tools are not
benchmarked using natural microbial
communities

Thomas 5 Lanklewice, Matthew T Cottrel| & David L Klirchman B2

The [SME Journal 10, 823-B32(2016) . Ciie this arficlke

Lankiewicz et al. , 2016
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1. CUB correlated with microbial growth rates, better than any other trait

rRNA copy numbers.

2. PTR-based may be used to predict microbial genome replicatioim rsiles,
growth rates.

3. None of these methods has been seriously tested in oligotrophic natu

like the marine environments.
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Four incubation experiments performed
in May (PTR1), Sept. (PTR2), and Dec.
(PTR3A & PTR3V).

Different nutrient conditions: aged and
fresh seawater incubations (PTR3A &

PTR3V)

Grazers were removed from the Initial
community, and 1:10 diluted to reduce

virus infection

48 hours under diurnal
cycles (PTR3A & 3V), sampled every 12

hours

Incubated for

Long & Hou, 2020; Hou, unpublished
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Long & Hou, 2020 w &

o 101 draft MAGs, avg. 70% completion, 3% contamination, covering diverse marine taxa, including MGII, SAR406, SARS86, etc

o The fastest growing organisms were Oceanospirillales Saccharospirillaceae (3.17 — 5.99/day)
Long & Hou, 2020; Hou, unpublished
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o CUB works reasonably well
in  predicting  maximum
growth rates

o PTRrarely correlates with

observed growth rates except

for several more clonal fast-
growing copiotrophs, such as

Oceanospirillales and Sacchar

ospirillaceae

Long & Hou, 2020
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1. The CUB-based method can reliably predict maximal growth rates.

2. Current PTR-based growth rate predictors are biased towards fast-gro

copiotrophic microbes.
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o We extend the work of Vieira-Silva

Eﬂﬂd—ﬂl‘l and Rocha (9) by assessing

additional dimensions of codon

1 tery-heamr F psonage coruidering muktiple amsects ol cofon wiage

|
L
i
L]
|
i
|
1
L]
n
L]

usage: the CUB of highly expressed
genes, the “consistency” of bias

gp— across highly expressed genes, and
" the codon pair bias.

—— ! o The gRodon model fit the available

i { maximal growth rate data well
(adjusted R ° =0.63), providing a
! : better fit to the data than growthpred

e
1

i

]

N

at both high and low growth rates.
o gRodon underestimates doubling
times when growth is very slow due

to a floor on CUB reached in slow-

growth regimes.

“F’:udﬁp Mtﬂ“MI OURIng mezhpde Weissman & Hou,, 2021 PNAS
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prE o The distribution of growth rates across
= A RefSeq was roughly bimodal,  with the split
[l i .
g I Hes 1 between peaks corresponding to the 5-h
L Clustar 2
0 5% - doubling-time cutoff we proposed above for
p classifying oligotrophs.
LG : S—— ; ; . . o Phyla tended to broadly group together in
(1 10 ko st ..
Pradicted Minimal Doubling Time {Hours) terms of growthrate, andthe 5-h divide
B |B 2 separated fast- and slow-growing phyla.
o Using a Gaussian mixture model, we obtained
g e L= two large clusters  of microbes, with mean
a1
E . % 1 doubling times of 2.7 and 7.9 h, respectively,
roughly corresponding to our proposed
.= _ a- copiotroph/oligotroph divide.
e x 10.0 1000 0 10 0.0 1000
Pradicted Minimal Doubling Time (Howrs) Predicled Minimal Doubling Time (Houra)
& Actnunaciors 5 Bocorooo 3 Srvcues Fmteosscions [l Criorntan [} Crarcoemns [l Ranctnmyse:es

Weissman & Hou,, 2021 PNAS
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B peimontetal. MaGs [ll] GORG-trupics SaGs [l MarRef Genomes [l Tully etal MAGS
Isolate collections showing much shorter predicted doubling times than MAGs and SAGs from the same environments, suggesting that

existing culture collections are not only incomplete but also biased.
SAGs showed a lower overall growth rate than MAGs, with very few doubling times predicted to be under 5 h, likely due in part to how
SAGs were sampled (only at the ocean surface rather than at multiple depths).

MAGs generated by distinct research groups showed surprisingly consistent maximal growth rate distributions.
Weissman & Hou,, 2021 PNAS
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Gene families involved in transcription and carbohydrate
transport and metabolism were strongly overrepresented on
copiotroph genomes relative to oligotrophs, corresponding
to an overall strategy of rapid acquisition of nutrients and
protein production.

Gene families involved in energy production and
conversion and replication, recombination, and repair were
overrepresented on oligotroph genomes,  corresponding to
an overall strategy of energy production and cell
maintenance.

Gene families involved in the transport and metabolism of
carbohydrates and amino acids were frequently more
prevalent among copiotrophs. Meanwhile, gene families
involved in energy production and conversion were more
prevalent among oligotrophs.

Copiotrophs were greatly enriched for gene families

involved in breaking down carbohydrates.
Weissman & Hou,, 2021 PNAS
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o Phydon, a framework for genome-based maximum growth rate prediction that combines codon statistics and phylogenetic information.
o Phylogenetically conserved patterns in the maximum growth rates of bacteria (a) and archaea (b). Among bacteria, certain groups within
Proteobacteria and Firmicutes A exhibit higher growth rates, while in archaea,  the genera Thermococcus and Methanocaldococcus are

notable for their rapid growth. Xu et al., 2025 Nat Comm
O e
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D Phydon, with phylogenetic information
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Phylogenetic prediction methods
show increased accuracy as the
minimum phylogenetic distance

between the training and test  sets

decreases.
For fast-growing species,
phylogenetic relationships  capture

selective signals more effectively

than codon usage  bias, which is
inherently limited as a genomic
statistic for explaining maximum

growth rates.

However, both CUB- and
phylogenetic distance-based
methods  face  challenges in

predicting traits for slow-growing

Species. Xu et al., 2025 Nat Comm
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1. Culture collections are strongly biased toward organisms capable of rz
2. Microorganisms can be naturally grouped into two growth classes, cor
to oligotrophs and copiotrophs, based on the selective regime an orga

occupies.

3. The growth rates of slow-growing microbes are challenging to predict

combining CUB and phylogenetic distance-based methods.
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o To reliably predict microbial growth rates, we have turned to omic approaches to estimate microbial (maximal) growth rates
and optimal growth temperatures (OGT).
o As for optimal growth temperature predictions, several methods based on Machine Learning have achieved great

performance E.g. Tome, CnnPOGTP. Enzyme catalytic temperature is the most reasonable feature correlating with OGT.

Topls mame Mathady Paramais Chyrrpii FPerfarmance Avnibab iy Pobilishmient
Enzyme catalytic
)
tﬁm“mmm w1t EAAGS e I penatein e ke I vinigjar Hr=aIn A s oo mgplestumilacy kel iry
| Lk i ferepics Ll . e < - ¥ TR mi2
E | st frigele Bepreing RO UL (R P g S|y il
E - G | et jrimacess h:';rtli_:mh fanrl proniefincyroed f?'l.'lT T H.“E:'E_ !l.i.7 gt cnm B BEmmer s T i|||]|‘|||."1'i|||r I':'r'énﬁ.g..l;"ul'}
= §rsfjchisea
- L
a
dﬁ ‘ it vestie TTOTRERe 2 Li gtil
e Hpppe ¥ iy o el UG T wmlioe e L aathrts commEmgvantLaby T .
1 fegrealiion . N9
i ||||!|_:|l,|--|||||1rl
Predicted
https://doi.org/10.1021 i - 2 .
. sidinnilutiogil [E2=i1 B, ) i Wit =l il
/acssynbio. 9000099 LRGTTIE i ARNE S — dirje CHIT silig AARSE=T 34 swsnrgen e ik Ol PUETT i :F

https://doi.org/10.1093/bioinformatics/btac289
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Temperature Data: Two published

articles!2], BacDive, etc. { EpranationJ -

R ! t

Growth rate: EGGO3!, Madin [Data CIeaningJ -» Exploratolry. ‘ <
et al.[4] < Data Analysis | rinal
| o ’ 1 —

A

Genome: NCBI, RefSeq I I

‘ [Quality ChECk] ‘[ Annotation} ‘ [ Feature Extraction]

1. https://doi.org/10.1021/acssynbio. 900099
2. https://doi.org/10.1186/s12866-018-1320-7
3. https://doi.org/10.1073/pnas.2016810118

4. https://doi.org/10.1038/s41597-020-0497-4

Xia et al., unpublished
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MLP construction
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. - -1-_.. - S -.:I ’
-
-
e
=

.-"P -"*.
Il.u"l' m
14 —
F I

| Higdsn

Oatpit:

XGBoost

. DMLE °F o
%GBOoSf

N_estimators = 100
Max_depth =6
Subsample =1
Lr=0.1
Reg_lambda =0.5

Xia et al., unpublished
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Distribution of maximal growth rate and optimal growth temperature (OGT) within each phylum

d Proportional Gortrbution of Growth Fate Classes within B Frrtian b Proporticnal Cantribution ol OGT Clesses within Esch Phylum

—— & 2 ""U-'ﬂ'-"'m—-li; These 4 dominant phyla
_ B eI . .
[ — b Ncivaiopovcte are mainly mesophiles
| ——— " 1| N Bpaoomon and copiotrophiles.
——— p_Epryammanie
S ———
—— | p_ Spchani
T o Mycoglsinatots
= 0 Thedtsbohisaul ottt
oS Thermopoteota and
_ [ i VTR ] Thermotogota are
= 5. Do : ;
e | (B Themeogea ) mainly thermophiles
Do —— | ,_Flsabieheriily and oligotrophiles.
_ p Gl et
Growth Hate Class = B 0D OET Ciass
P Cripmntiona Ps s .
8 Groirommiies _— o by Wecagior Psychrophic samples
LA attghi
= G AGsE SR it are underrepresented.
[ Flirrp ity
[ b Spiegintiiia
_ L WlyrocedEiia
2] 1 3

L:q!l;l‘l'-uld le;]ljrlrllr,ll. Ly 11 Tt F'nmilrs:yl
Others: the phyla contain < 10 samples.
Maximal growth rate (doubling time, hour): 0-5 (Copiotrophiles), >5 (Oligotrophiles).

OGT (°Q: 0-15 (Psychrophiles), 15-60 (Mesophiles), >60 (Thermophiles). Xia et al., unpublished
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a .
Copumopniiey & Mespries 7% = {010 p= 4@ Two gr.OU.p.S of MESOphll.eS
We Combined the Capiimphies & Pypohinpsles 5= = (0U5T p= 0,29 have Slgnlﬁcant Correlatlon
. h ' Copraphann A Thrmmphies 5= 0030 p = | between max growth rate vs.
maximal growth rate [ Lo00ii i OGT.But both o them have
classes (2) and OGT . RO & Theesmiinee 2= 0.027 p = 0342 extremely small effect size.
classes (3) to get 6 (Mainly because the sample
combinations size of mesophiles is very huge)
Then, we tested the Oligotrophiles & Psychrophiles
linear relationship : group has a medium effect
between maximal 5 size but the correlation is not
E . ege
growth rate vs. OGT. § s!gnlﬁcant. (Too small sample
£ size)
&
The significance : B |
(adjusted p-value) and - == T o ——— - Theref(;fre, no S|gn|ﬁcfant z:jnd
. 5 e reat effect size was found in
effect size (R2) of each °
. ] all groups.
combination are
shown inset.
U;r'-mm Drouleing Tima [noar] Xia et al., unpublished
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d
T wisslin ahict Hax Blats for Thesmnphiles
: [itasn povalug 4,68 3a 10
We combined the |
maximal growth rate -~
classes (2) and OGT En o0
classes (3) to get 6 = e

combinations.

(e il

Then, we tested a0
whether the max
growth rates and OGTs
are different in each
group.

Caprnminip)jus Wlgpnpee
[iiperngiphilia

i

e = | The means of OGT in two
— . N groups of thermophiles are
— L2 | significantly different.

L'lgr

ST MOohma Erowdn Temparddes |

The mean of OGT is higher in
oligotrophiles.

Wl Dosbéng Time [noer] Xia et al., unpublished
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We combined the : -
maximal growth rate 3

classes (2) and OGT . :
classes (3) to get 6 ' ] .
combinations. )

Then, we tested
whether the max
growth rates and OGTs
are different in each
group.

b= LI TIES] TewT el

The mean of max growth rate in
= Copiotrophiles & Thermophiles is
— ' significantly lower than the other

ST MOohma Erowdn Temparddes |

— 0% , two groups.

T While the means of max growth

i e rate between psychrophiles and
- mesophiles are not significantly

different.

Wl Dosbéng Time [noer] Xia et al., unpublished
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d
— Wil el ey, P b ]| etrapmie=s
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We combined the

maximal growth rate 3

classes (2) and OGT = . 5

classes (3) to get 6 - — =

combinations. 1

Then, we tested
whether the max
growth rates and OGTs
are different in each
group.

Ml =10 | b i hdis
TR

The median of max growth rate in
Oligotrophiles & Thermophiles is
o — : significantly lower than

" — | mesophiles.

ST MOohma Erowdn Temparddes |

—r L | Therefore, in both copiotrophic
and oligotrophic groups,
thermophiles have significant
lower growth rate.

Wl Dosbéng Time [noer] Xia et al., unpublished
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1  Dimensional reduction ef

We employed dimensional reduction algorithm (PCA, tSNE and UMAP) on our dataset.
They had similar results, which successfully clustered by different taxonomies. Many
features of our data are protein annotation. Practically, they are used in classification.
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Xia et al., unpublished
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However, it’s difficult to cluster max growth rate groups or OGT groups.

Max growth rate class
AN Presmrten Calarsd by E2magalis

OGT class
Kt Sren o by G

.'lh.gln-n- il
b n A
s ller

|

- =3 -

Certain archaeal samples were
clustered in Thermophiles group.

e
B tsT T
el

i e

Xia et al., unpublished
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Several machine learning models were trained, and evaluated with the
gRodon model. Our XGBoost models performed pretty well.

gRodon (2021), R> = 0.63 Our best MLP model, R2=0.76  Our best XGBoost model, F=0.99
101} i)« : -
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Empirical Minimal Doubling Time (Howrs)
https://doi.org/10.1073/pnas.2016810118

Xia et al., unpublished
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Several machine learning models were trained, and evaluated with the
gRodon model. Our XGBoost models performed pretty well.

gRodon (2021), R>=0.63 Our best MLP model, R2=0.76  Our best XGBoost model, = 0.99
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https://doi.org/10.1073/pnas.2016810118 Our beSt mOdel performs better, espeCia"y in

the oligotrophiles (minimal doubling time > 5 hr).
Xia et al., unpublished
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SHAP values illustrate the importances of features on models’ performances.

We compared the important features in copiotrophiles and oligotrophiles

based on the best XGBoost model’s performance.

Copoprophuies SHAP Featurs Imporance

: ._ Consistency of highly expressed gene (e.g.
sozsdy | ribosomal protein); Condon usage bias of
| highly expressed gene; Genome-wide

ke | codon pair bias are the three most
x16724 | important features in predicting max
g growth rate of both group, which is

|

consistent with gRodon’s findings.

1 I 3 i 3 o ]
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Gligotrophies SHAF Feature Importance
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oY 0% L0 1o 73 Eq 35
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Xia et al., unpublished
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Then we selected important protein annotation features (KO) for biological
pathway enrichment analysis.

Froammmss Detrmutiomy sf SHAR Imprrsarer for ¥23 Poadimms

mmm Copiotrophiles
10! mm Cligotrophiles
Majority (~82%) of KO features are

not important (SHAP == 0) for

model’s performance.

i' | We selected the rest of KO features
. for pathway enrichment analysis.

=l o N 2
dhiak i

Xia et al., unpublished
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Many pathways were enriched in both copiotrophiles and oligotrophiles,
although their gene counts in each enriched pathway were different.

Diffarence 1n Gone Counl (copio - 0lgo)
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More enriched in oligotrophiles, this pathway is in archaea.

Xia et al., unpublished
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While some pathways were only enriched in copiotrophiles or oligotrophiles,
which were important for max growth rate prediction.
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1. Machine learning (XGBoost) and deep learning (MLP) models solved the
accuracy of CUB-based predictors for slow-growing microorganisms.

2. Different functional genes and metabolic pathways are enriched in olic
copiotrophs, which contribute to the reliable prediction of slow-growing

microorganisms.

3. Forin sitgrowth rates and OGT prediction, to be continued ...
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