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Abstract (150/150)

Trait-based theory, coupled with mechanistic trait-based models, can be used to explore how
changes in environmental conditions affect microbial community assembly and the impact on
soil biogeochemistry. We used 27214 metagenome-assembled genomes (MAGs) and 5301 soil
isolate genomes to investigate tradeoffs between life history strategies encoded in the genome.
We used microTrait, a genome-based characterization toolset, to derive trait composition
according to the YAS framework, which classifies microorganisms into high-yield (Y), resource-
acquisition (A), and stress-tolerance (S) strategists. In contrast to the hypothesized three-way
tradeoff, we observed a positive correlation between genome size and functional S and A traits
and a negative correlation between genome size and the Y strategy measured as carbon use
efficiency (CUE). Microbes with larger genomes favor investment in A and S at the cost of Y.
Therefore, genome size, as a master trait, can enhance trait-based models by improving

predictions of environmental impacts on soil microorganisms.
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Introduction (3,555/3,500)

Life history strategies of microorganisms are encoded in their genomes and provide crucial
insights into their ecological roles and interactions within ecosystems. This information can be
leveraged to constrain trait representation in models to explore their interactions across
biological scales’. The YAS framework ' classifies microorganisms and communities into high-
yield (), resource-acquisition (A), and stress-tolerance (S) strategists, borrowing concepts from
Grime’s CSR (competitor, stress tolerator, ruderal) framework for plants 2. Traits associated with
the resource-acquisition strategy include the investment in exoenzymes, targeting different
nutrient sources, as well as the investment in membrane transporters for the uptake of nutrients
3, Stress-tolerance traits include physiological and evolutionary mechanisms to respond to a
variety of environmental stressors, such as chaperones and proteases against cold, heat, and
pH shock stress or osmolyte production against drought 2. Finally, the high-yield strategy is
defined as carbon use efficiency (CUE), as the amount of biomass produced per unit of
resource consumed '. The main premise is that microorganisms invest in these strategies based
on their contemporary environment and evolutionary history with higher investment in any one

strategy resulting in tradeoffs with the others.

Microbial trait tradeoffs that align with life history strategies defined by the YAS framework have
been previously observed in different contexts. Piton et al. 4, using shotgun metagenomic DNA
sequencing, observed trait tradeoffs between responsiveness to changes and the capacity to
cycle nutrients. Malik et al. > demonstrated that some bacterial metagenome-assembled
genomes (MAGs) exhibit trait tradeoffs between specific genes representing the A and S
strategies. However, Treseder © suggested that a framework like YAS might not be sufficient to
integrate all possible microbial ecological strategies. Guseva et al.” partially verified this idea by
identifying tradeoffs within individual resource-acquisition traits, which are not accounted for in

the YAS framework. Broderick et al.  did not find tradeoffs between S and A strategies in
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metagenomes from across a savannah grassland precipitation gradient. These arguments
highlight the critical need to reassess and validate microbial life history strategies to ensure trait
theory provides a more accurate and predictive framework for understanding microbial

processes *1°,

The increasing availability of soil MAGs across different environments opens the opportunity to
reanalyze microbial life history strategies in soils. Additionally, because microbial genomes (i.e.,
MAGs and soil isolates) are shaped by evolutionary forces ', they should display tradeoffs in
gene frequencies reflecting different ecological strategies, which could be useful in defining
microbial life history strategies. Advances in bioinformatics tools, such as microTrait 3, now
facilitate gene annotation and the estimation of functional traits within MAGs, improving our
understanding of microbial life history strategies. Estimating microbial traits from MAGs provides
a more scalable approach for the functional characterization of microbes because it includes the
unculturable portion of the soil microbial community. Moreover, the recent integration of
microTrait with the physiological model DEBmicroTrait'? allows the estimation of kinetic
parameters, like CUE, that cannot be derived from genomic information only.

In this work, we used comparative genomics on soil genomes across different soil environments
to assess microbial life history strategies. Because trait tradeoffs and their strengths, as well as
the implications for life history strategies, will likely be dependent on the set of analyzed
genomes, our dataset included 27214 publicly available MAGs and 5301 soil isolates from a
diverse range of environments (Tables S1 and S13) to reduce bias. We analyzed MAGs and
used the soil isolate data to ground truth our predictions, acknowledging that MAGs vary in
quality and their results might not apply to actual microorganisms 3. Using microTrait and
DEBmicroTrait, we functionally classified MAGs and isolates and tested genome-scale tradeoffs
predicted by the YAS framework, relating genome size and functional traits. Before testing those
relationships, we aggregated MAGs and isolates into functional groups (FGs) based on their
traits, as FGs are typically represented in trait-based mechanistic models. The derived FGs are
clusters of genomes that are similar in the high-dimensional trait space and will hypothetically
represent a guild. Because estimations of certain traits like minimum generation time (mgt) for

slow-growing microbes (mgt > 5 hours) via gRodon is less precise due to lower cellular signal of
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growth optimization (via high codon usage bias - CUB) 4, we separated FGs into putative slow
(mgt > 5 hr) and fast (mgt < 5 hr) growers.

Following the YAS framework, we expected a three-way tradeoff among functional traits
characterized by negative relationships between gene-derived A and S traits and between Y
and both A and S traits. Additionally, because genomic traits, such as genome size (DNA
content of the entire genome) and genomic DNA base composition of guanine-cytosine (GC)
content, are often associated with adaptation strategies in the environment '>'¢, we analyzed
the role of genome-wide traits in relation to the YAS framework. Here, we focused on genome
size, as it is related to metabolic capabilities '-2°, energetic capabilities 2?2, including CUE, as
well as cellular and ecological microbial strategies 23. Finally, we discuss the potential
implications of the correlations between genome size and other functional traits for trait-based
modeling.

Results

Using an iterative pipeline from genes to FGs (see Methods), we derived 1364 FGs (Tables
S18, S19) from 27214 MAGs and 5301 soil isolates annotated using microTrait . We chose
genes representing A strategy traits, such as genes encoding enzymes for substrate
degradation and transporters, and genes encoding S traits, such as for osmolyte production,
biofilm formation, and heat and pH tolerance (Table S2-S8). Due to the higher quality and
completion of soil isolate genomes, we were able to derive CUE using the DEBmicrotrait model
12 for the Y traits. We also derived quantitative traits like minimum generation time (mgt) and
optimal growth temperature (ogt) for both MAGs and isolates from microTrait. Although MAGs
varied in quality (see Figure S5), we did not assess the role of quality on the patterns but
instead used isolate genomes to validate MAG findings.

Lack of genome-level tradeoffs under the YAS framework
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We did not find evidence for YAS tradeoffs (negative correlations) within bacterial MAGs (Figure
1A and Figure S2). Rather, we found positive trait correlations and did not observe trait tradeoffs
between or within traits representing the A and S strategies. Stress-tolerance genes like
osmolyte production (Table S5) and biofilm formation (Table S6) were positively and strongly
correlated. However, consistent tradeoffs were observed between A and S traits and mgt.
Stronger negative correlations were observed between mgt and A traits, specifically transporter
counts (r = -0.5, p < 0.001), transporter of amino acids (r = -0.6, p < 0.001), and genes encoding
protein degradation enzymes (r = -0.5, p < 0.001). Carbohydrate-active enzymes (CAZymes)
showed, in general, weaker positive correlations with other A and S traits, and negative
correlations with ogt and mgt, similar to the genes encoding biofilm formation. Stronger
correlations were found in fast-growing bacterial MAGs (Figure 1A and Table S9) compared to
slow-growing bacteria (Figure S2 and Table S10), despite maintaining the same patterns across
all traits.

To validate the patterns found with MAGs, we estimated microbial CUE in soil isolates using the
DEBmicrotrait model '2. Similar patterns, although weaker, were found for soil isolates between
A-S traits and genome-derived CUE for both fast- (Figure 1B and Table S11) and slow-growing
bacteria (Figure S3 and Table S12). It is possible that the patterns found in soil isolates appear
weaker because isolates might be less representative of the soil microbiome as they come from
the culturable minority. Consistent tradeoffs (negative correlations) were found between A and S
traits and CUE, suggesting a potential new framework where SA strategies trade off against Y
traits.
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Figure 1. Trait tradeoffs among traits representative of the YAS framework using soil A) MAGs grouped
by FGs and B) soil isolates grouped by FGs. We used the minimum generation time (mgt) (considering
mgt above 5 hours as slow-growing bacteria), optimal growth temperature (ogt), and estimated yield
(CUE) to represent the Y traits. Because of this distinction by mgt and some missing values (NAs) due to
the quality of the MAGs and soil isolates, we only plot 148 FGs from MAGs (panel A), and 124 FGs from
soil isolates (panel B). Abbreviations: A-T: amino transporters; GH-T: GH transporters; T-T: Total
transporters; P-E: Protein enzymes; pH-Tol: pH tolerance; B-Tol: Biofilm; T-Tol: Temperature tolerance;
O: Osmolyte.
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Relationships between genome size and functional traits

We aimed to derive empirical relationships between genome size and YAS functional traits for
potential use with biogeochemical soil models. We only tested linear relationships because the
YAS conceptual framework assumes linear tradeoffs between traits. However, in some cases,

other empirical relationships might exist (see Discussion).

S-A traits

We observed a significant positive linear relationship between the mean genome size per FG
and functional traits related to substrate degradation (genes for CAZymes and protein
degradation enzymes; Tables S2 and S3) (Figure 2; p < 0.001) across both MAGs and soil
isolates. FGs derived from MAGs exhibited stronger linear relationships for fast-growing
bacteria, especially for protein degradation genes (R? = 0.60). These results were opposite
(stronger linear relationships for slow-growing bacteria) for the FG of soil isolates, which could
be related to a low sample size compared to MAGs or the bias in bacterial species that can be
cultured and isolated from soils.
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Figure 2. Linear Relationships between mean genome size of functional groups in megabase pairs
(Mbp) and total number of unique genes for substrate degradation. Panels A and B correspond to MAG
results, and C and D correspond to soil isolates. Red regressions correspond to fast-growing bacteria,
and blue regressions correspond to slow-growing bacteria.

Similar to substrate degradation traits, we observed strong positive linear relationships between
genome size and total genes encoding transporters (Figure 3), especially for total transporters
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and carbohydrate transporters within fast-growing bacteria. Similar trends were found for soil
isolates, although the relationships were weaker.

__200] A y=594+16.9 %, R% =055, P<0.001 ’3‘20 B y=0.'i'£l'“L.@Sxf’fi‘fﬁ.ﬁﬁ‘ P<0.001 C  y=-2124450x R% =047, P<0.001
§ y=16.6+8x,R2, =040, P<0.001 é y=1,5—D,TZM,R§I:=D,26,P<0001 y=0.781+1.84 x, RZ, =021, P<0,001
2 j
< N o
& 150 515 4
5 5
2
S 7}
S 100 @ qp
o] o
E (=3 20
= 50 s
£ 3
< =
0 £ 0 0
0 4 8 7 < 3 4 8 12 0 4 8 12
200 D ¥=508+544x RE =009, P<0.001 0] B V=351+0554% Ry =0.04, P=0.006 F y=635+181x R% =0.08, P<0.001
5 i

2 =011, P=0.002

y=4.42+1.47 xRy

y=526+343 x, R2;=007, P=0.014
o

L L]

o

=]
&~
o

L]
L]
; ﬁ,%‘ﬁu@.{: Ll *_p

__-_.._-'—' e

Total Transporter (genes)
g 2
b3

o
[=]

Aminoacid Transporter (genes)
=

Carbohydrate Transporter (genes) Carbohydrate Transporter (genes)

Mbp Mbp Mbp

Figure 3. Linear relationships between mean genome size of functional groups in megabase pairs (Mbp)
and potential for monomer transport (unique gene counts). Panels A to C correspond to MAG results, and
D to F correspond to soil isolates. Panels A and D show genes encoding transporters for amino acids,
carbohydrates, vitamins, siderophores, P-compounds, osmolytes, N-compounds, lipids, and ions. Red
regressions correspond to fast-growing bacteria, and blue regressions correspond to slow-growing
bacteria.

Positive linear relationships were not particularly strong between genome size and S traits
(Figure 4), especially for biofilm formation genes. Additionally, MAGs consistently showed
stronger positive linear relationships compared to soil isolates, which could indicate that MAGs
better capture the gradual adaptation of bacteria to environmental stressors. These findings
suggest that genome size might not be a good predictor for some of the stress tolerance traits,

such as biofilm formation.
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Figure 4. Linear relationships between mean genome size of functional groups in megabase pairs (Mbp)
and potential for stress tolerance (unique gene counts). Panels A to D correspond to MAG results, and E
to H correspond to soil isolates. Red regressions correspond to fast-growing bacteria, and blue
regressions correspond to slow-growing bacteria.

Y traits

We observed a significant but weak negative linear relationship between genome size and yield
(Figure 5C) only for fast-growing FGs derived from soil isolates (p = 0.041 and R? = 0.02).
Similar patterns were also observed when soil isolates were grouped by different taxonomic
groups (Figure S4), especially at the phylum, family, and genus levels.

We observed inconclusive results between genome size and mgt. mgt is not a yield trait but can
correlate with CUE '2. For both MAGs and soil isolates, our results suggest a weak negative
linear relationship between genome size and mgt for fast-growing bacteria (Figure 5A), where
genomic predictors (codon usage bias) are better indicators of growth rate 4. In contrast,
although not statistically significant, slow-growing bacteria tend to grow slower with increased
genome size for both MAGs and isolates (Figure 5A and 5B).
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Life history traits

Optimal growth temperature is an essential trait that modulates microbial growth and other
physiological processes 24. We observed that optimal growth temperature was negatively
correlated with genome size independently of whether the FGs were from MAGs or isolates or
whether they are from fast or slow-growing bacteria (Figure 6 A and B). Our results suggest that
smaller genomes can cope better with higher temperatures up to 60°C 2527,

10
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Figure 6. Linear relationships between mean genome size of functional groups in megabase pairs (Mbp)
and optimal growth temperature. Panel A corresponds to MAG results and B to soil isolates. Red
regressions correspond to fast-growing bacteria, and blue regressions correspond to slow-growing
bacteria.

Discussion

Redefining the YAS framework at the genome scale

Microbial life history strategies are crucial to understanding microbial mechanisms behind
important biogeochemical processes in soils. In this regard, the YAS framework has provided an
alternative to characterize soil microorganisms, encompassing key evolutionary and
physiological traits'. However, in our study, we do not find evidence of tradeoffs between the
proposed dominant microbial life history strategies within the YAS framework, using a broad
dataset of 27214 soil MAGs and validated with 5377 soil isolates and a comprehensive set of
genes. We observe positive correlations between the A (resource acquisition) and S (stress
tolerance) strategies, indicating no tradeoff between them. There are tradeoffs between A and Y
strategies and between S and Y. These results are consistent among FGs of both MAGs and
isolates, with slight differences in the strength of the relationships, especially for stress-related
traits. We decided to do a separate analysis for both MAGs and isolates, as MAGs vary in
quality and completeness; therefore, an interpretation based on MAGs might not be transferable
to the whole microbial community'3. However, MAGs represent a bigger portion of the

microbiome as they include non-culturable microorganisms. Through a broader representation
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of the soil microbial community and aggregating them into functional groups, we might be able
to reduce the bias and potential error compared to when using MAGs only for taxonomic

characterization of microbial taxa.

Our results call for a new interpretation of the widely used YAS framework and suggest a new
Y-A+S framework, where A and S strategies do not trade off but correlate positively, especially
in bacteria with bigger genomes. Larger genomes have a higher metabolic potential to perform
and adapt to many environmental conditions but at higher metabolic costs due to the
maintenance of larger genomes 2. This tradeoff is observed via a negative correlation between
AS traits and yield. The fact that genome size is negatively related to yield supports the
argument that larger genomes (with more traits) have higher metabolic costs. Thus, the more
genes a genome accumulates, the higher the metabolic cost to maintain them, ultimately
reducing yield *. The Y-A+S framework would imply that large genome microbes (generalists)
could be more prevalent in environments that are more variable, stressful, and/or rich in
complex resources 2%, In contrast, smaller genome microbes (specialists) might be favored in
more stable, low-resource environments with primarily simple resources available '°3°3! through

genomic streamlining 2.

Prokaryotic species with large genome sizes are more versatile, have higher metabolic
capabilities 3334 and adaptive plasticity**>3¢, potentially have a large habitat breadth %7, and have
high ecological diversification potential 3. In support of this framework, Lauro et al. *° predicted
marine microbes with small genomes are predominant in oligotrophic environments, whereas
species with larger genomes are more abundant in copiotrophic environments. Similar results
were observed in deep ocean environments where high hydrostatic pressure and cold
temperatures in combination with high nutrients select for large genome sizes in prokaryotic
species “°. In fertilized grasslands, copiotrophic bacterial taxa tend to have smaller genomes
due to specialization on the high abundance of simple forms of P and N #'. Finally, bacterial
pathogens and symbionts often have small genomes, potentially due to genome streamlining as
simple C and N sources can be accessed from the hosts 3342, In the gut microbiome, where
bacteria are in a competitive environment rich in nutrients, genome sizes tend to be twice as

high as genome sizes in the microbiomes of other body parts .

Our work relies on comparative genomics as it can help reveal tradeoffs in overall metabolic

capacity based on evolutionary shifts in gene potential. However, we acknowledge that trait
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tradeoffs might be more apparent at the proteomic level (gene expression) or might manifest in
other ways that are not fully captured at the genome level (i.e., physiological constraints).
Nevertheless, some proteomic studies have found trait tradeoffs that might support the results
found in this study. Proteomic data have helped reveal tradeoffs between microbial growth and
traits related to microbial adaptability, survival, and stress tolerance 4. Adaptability to nutrient
fluctuations can be reflected by an increase in synthesis of guanosine tetra- and penta-
phosphate under high nutrient concentrations, allowing adaptation to low nutrients at the cost of
cell growth due to inhibition of ribosome synthesis 454, Likewise, growth capacities, defined as
rate and yield, trade off against survival traits and stress responses in Bacillus subtilis due to
proteomic constraints . Proteomic studies so far have focused mainly on binary tradeoffs
between growth capabilities vs. A and S-related traits. Further studies are needed to investigate
whether A and S tradeoffs exist at the proteomic level.

Relevance of genome size for traits and tradeoffs

We observed that genome size explains the variance in many functional traits relevant to
modeling microbial-driven carbon and nutrient cycling, like protein degradation capacity, pH
tolerance, yield, and optimal growth temperature. Thus, genome size can be used to derive
empirical relationships with functional traits in biogeochemical soil models.

It is not surprising that large genomes are likely to have more functional traits and more genes
per trait 8, and several studies have supported using genome size to predict functional traits.
For example, Kelly ° found that larger genomes have a high protein degradation capacity.
Smaller genomes are typically selected in acidic environments, whereas larger genomes are
found in alkaline environments °%%'. In resource-rich soils with relatively neutral pH, small
genomes are selected '°. Sabath et al. 52 showed that high temperatures select for smaller
genomes in microbes to reduce maintenance costs. Specifically for soils, Serensen et al. %’
showed a negative linear relationship between genome size and soil temperature across a
gradient of temperate-to-thermal soils. Genome size can also predict microbial activity, i.e.,
growth rate, discriminating between slow-growing bacteria with bigger genomes and fast-

growing bacteria with small genomes 20,
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With other functional traits, genome size does not always show strong, linear relationships. For
example, we observed a weak linear relationship with biofilm formation capacity, possibly due to
different successional processes that form biofilms, which would imply time-dependent tradeoffs
4. Moreover, the strength of the relationship between genome size and other traits depends on
the number of genes needed for a particular stress response. If a relatively small gene set is
required, we might expect a weaker relationship. This may be the case for biofilm formation,
where we found fewer stress-related genes. However, for other traits like pH resistance traits,
the linear relationship with genome size is strong despite a lower number of related genes. mgt
and genome size are almost independent across many bacteria species “, possibly because
minimum generation time is influenced by factors besides genomic characteristics, particularly
environmental conditions '. We only observed a weak negative linear relationship between
genome size and mgt in fast-growing bacteria, where the genomic predictions of mgt tend to be
more robust . Similarly, we did not observe strong linear relationships between genome size
and yield, but these relationships may be hard to detect due to measurement limitations. Our
estimate of CUE was based only on a generic metabolism and carbon source (glucose) using
the DEBmicrotrait model 2. Finally, the weak linear relationships seen among genome size and
other functional traits could be explained by the greater gene multifunctionality that can be
observed in small genome size FGs, where the loss of functional genes is partly compensated
by other genes °.

We observed that the capacity to degrade proteins (i.e., genes encoding protein degradation
enzymes) correlated clearly with other functional traits and could thus serve as a potential
master trait for defining microbial strategies. However, the definition of a functional trait from
genetic information depends on gene annotation tools, which are biased toward known genes
and functions 6. Genome size, on the other hand, is a genomic trait that does not depend on
gene annotation and can provide more reliable predictions. Additionally, genome size can be
and has been estimated based on more available information like taxonomy 57 or environmental
variables such as land cover and precipitation seasonality *8. Bioinformatics tools that predict
function independently of protein annotation %° could help verify the relationships observed in
this work. Finally, GC content and gene richness also correlate with other functional traits 7.
From these three genomic traits, genome size remains the simplest to measure and, thus, has
the highest potential to serve as a master trait underlying microbial strategies represented in
biogeochemical models.
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Finally, although it is unclear if non-linear functions relating genome size and functional traits
might explain more of the observed variance, many studies also follow a parsimonious
approach and use linear functions to predict traits using genome size 5330196029 Qn the other
hand, Sela et al. *® proposed using power laws with linear-like scaling exponents to model the
evolution of different functional traits from genome size. These models incorporate the fitness
costs of gene deletion/acquisition and genomic plasticity (likelihood of acquiring a new gene).
Such approaches are suggested to be tested against the simpler linear model estimates in this
study when integrated into a mechanistic biogeochemical model to test their performance. For
modeling purposes, focusing on parsimonious functions could be beneficial for further
calibration and validation purposes.

Implications for biogeochemical modeling

Our findings take us a step closer to understanding the metabolic potential of soil microbes and
combined with omics data can be applicable to model validation 3. Typical soil biogeochemical
trait-based models characterize microbial taxa through functional traits (capacity to degrade
substrates, monomer transport, and stress resistance) derived from uniform distributions 6 but
do not explicitly represent genome size. From such models, we can expect hypothetical taxa
with more enzymes, transporters, stress tolerance, etc., to be analogous to large-genome taxa.
Moreover, cheaters with low stress tolerance would be analogous to small-genome microbes.
For model validation, these models could run under different conditions to see what tradeoffs
emerge when genome size is considered implicitly. For example, simulations with stable
moisture and lower polymer diversity should favor cheaters with low stress tolerance, whereas

many diverse polymers and variable moisture should favor the large-genome taxa.

Our work highlights that there is still a mismatch between the current soil model structure (inputs
and outputs) and genomic data but presents an avenue to obtain at least some of the
parameters through empirical relationships between genome size and functional traits.
Nevertheless, alternative model formulations might need to be explored to better exploit omics
data. Given that the mgt can be partially derived from rRNA gene copies 2°, models can
incorporate Monod kinetics, which relies on the mgt instead of Michaelis-Menten kinetics.

Additionally, surrogate models ¢ can help produce reduced and more manageable model
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versions of current models to allow inverse modeling calibration efforts against biogeochemical
data. Finally, other omics data, like metatranscriptomics, have the potential to indicate microbial
activity in soils 2°. However, we still need to analyze how well these other data types can be
integrated into existing models.

Methods

Data description

Our dataset includes bacterial MAGs from two field sites. The first site is a 1-year post-fire
coniferous forest in Colorado and Wyoming, USA, with a gradient of burn severity (low,
moderate, and high severity), from which 635 MAGs were assembled from soil metagenomes
8 The second is the Loma Ridge Global Change Experiment in southern California, USA. From
this site, 533 MAGs were assembled from litter samples of grassland and shrubland litter bags
collected between 2017 and 2019 at four different time points °.

Given the increasing number of publicly available MAGs across different environments, we
selected publicly available MAGs on the Integrated Microbial Genomes and Microbiomes
(IMG/MER) database that were categorized as ‘soil’ and ‘host associated: rhizosphere’ MAGs

according to their GOLD ecosystem classification ¢657. We only targeted unrestricted MAGs with
medium (250% completion, <10% contamination) and high (>90% completion, <5%

contamination) quality ©, resulting in 26046 MAGs, representing 3124 metagenomes. Individual
MAGs and their annotations with associated metadata were downloaded to the University of
Massachusetts high-performance computing cluster, Unity, using Globus. The combined
dataset of 27214 MAGs allowed us to conduct a more comprehensive comparative genomic
analysis across different environmental conditions (Table S13).

The MAGs used here vary in completeness and contamination. Incomplete MAGs may have
fewer genes and smaller genome sizes, leading to potential bias and spurious correlations.
Therefore, we downloaded 5301 publicly available whole-genome sequences from soil isolates
from the JGI - IMG (Joint Genome Institute Integrated Microbial Genomes System) portal
(https://img.jgi.doe.gov/m) to compare our results (Table S1). The data was accessed on May
15, 2024.
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All data used in this study were publicly available.

MAGs to emergent functional groups pipeline

As we aimed for functional trait-based analysis, we developed an iterative pipeline to group our
MAGs and whole-genomes into different functional groups (FGs) based on their functional
capacity (Figure 7).

Step 1. microTrait annotation:

For a pipeline iteration, we started with a metagenome sample, binned and assembled using
typical de novo assembly methods to yield MAGs 5. These MAGs were annotated using the
computational R tool microTrait 3. We used microTrait only for gene annotation and later
grouped the genes into traits following the YAS framework (Tables S13, S14, S15, S16). The
pipeline is meant to be iterative, so as more metagenomes become available, the pipeline can
be rerun to update the number of FGs.

Step 2. Gene selection:

microTrait looks for a total of 2298 different genes within the genomes. We fit a linear regression
between MAG abundance and gene counts for each sample/metagenome to select genes that

were strongly associated with site and treatment (eq. 1). We checked for perfect correlation and
multicollinearity among genes using the “cor_select” and “collinear” functions from the “collinear”
package (v1.1.1)7%. Finally, we used the stepwise forward regression for the final selection of the

genes, using the function “ols_step forward_p” from the “olsrr” package (v0.6.0)"".

MAGabundance = f(genesmetagenome) eq 1

Among the 26046 MAGs from IMG, some came from projects where few MAGs were
assembled, making the gene selection based on MAG abundance step meaningless. Therefore,
we only applied this step to projects for which at least 20 MAGs were assembled, accounting for
about 50% of the IMG MAGs. We did not apply this step for isolates because relative

abundance data was unavailable.
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Finally, we combined all the genes selected from each metagenome sample (963 genes were
selected) to perform the functional grouping (Table S17).

Step 3: Functional grouping:

Based on our reduced MAG-to-genes matrix, we derived the number of FGs. We first used the
function “parDist” from the R package “parallelDist” (v0.2.6) " to obtain the distance matrix
using the Jaccard method for binary data. We used the “hclust® function from the R package
“Stats” (v4.3.1) 73 and the "ward.D2" method to generate a dissimilarity matrix. To select the
maximum number of different FGs, we performed a pairwise multilevel comparison using the
“pairwise.adonis” function from the R package “pairwiseAdonis” (v0.4.1) 74, setting an a = 0.05
and 999 permutations. This step was done iteratively until at least one pairwise interaction
resulted in a p-value bigger than 0.05 °.

Our method was computationally too expensive to be applied to our full MAG-to-genes matrix of
27214 MAGs. Therefore, we derived a curve to extrapolate the potential number of FGs for the
entire matrix (Figure S1). We randomly selected 100, 200, 500, 750, 1000, 1500, 2000, 3500,
and 5000 MAGs to obtain the maximum number of FGs for each sample size. We repeated the
process with 12 different samples per sample size and used the mean value of their FGs to fit a
linear model.

repeat for each dataset - )

Metagenome

microTrait MAGs

Gene frequency matrix MAG abundances

Functional grouping

Trait assignment

Figure 7. Pipeline from metagenomes to functional groups.
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YAS aggregated traits and tradeoffs

Model Traits

Based on the YAS framework ', we chose functional traits representing resource acquisition (A),
such as genes encoding carbohydrate and protein degrading enzymes and monomer
transporters, and genes encoding stress tolerance traits (S), such as osmolyte production,
biofilm formation, and heat and pH tolerance (Table S2-S8). The selected traits represented the
A and S strategies of the framework.

Yield cannot be directly extracted from microbial genomes. For example, microTrait 2 infers
resource use (RU) traits related to energy-generating traits that could be used as a proxy for
YAS's yield strategy. The nature of these RU traits in microTrait is binary, so their interpretation
as a quantitative parameter is limited. Therefore, we estimated CUE (Table S23) using the
DEBmicrotrait model '2. Due to higher quality and completion, we ran DEBmicrotrait only on the
5301 soil isolates, assuming glucose as substrate and an initial concentration of 0.025 mgC/g
soil. We only parameterized the DEBmicrotrait model with total transporters and carbohydrate
degradation gene copies.

We also derived quantitative traits like the minimum generation time (mgt) and optimal growth
temperature (ogt) from microTrait, which are related to microbial growth and adaptation to
different environmental niches 3. We estimated mgt for all our MAGs using microTrait. microTrait
bases this estimation on ribosomal RNA aided by the gRodon R package. However, estimations
of mgt for slow-growing microbes (mgt > 5 hours) via gRodon is less precise due to lower
cellular signal of growth optimization (via high codon usage bias - CUB) '4, so we separated
MAGs into putative slow (mgt > 5 hr) and fast (mgt < 5 hr) growers to plot against genome size.

Trait aggregation process

Because microTrait generally produces gene count numbers per trait (Tables S20, S21), we
expressed traits as total genes per YAS trait category and functional group (eq. 2).

MT =3%1T; eq.2

where iis the related gene per trait T category j, and nis the total genes per trait category.
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A similar analysis was performed with complete genomes from soil isolates (Table S22) to
compare the robustness of the MAG results with complete genomes.

Trait tradeoffs

We tested for correlations among all YAS traits to test for potential trait tradeoffs. We used the

function “ggpairs” from the package “GGally” (v2.2.1) 6 with FGs from both MAGs and soil
isolates.

Genome size and YAS trait empirical relationships

We tested for linear relationships between the mean genome size of functional groups and

aggregated traits calculated using eq 2 with FGs from both MAGs and soil isolates, assuming

that genome size is the driving variable of YAS functional traits. We tested only for linear
relationships, following the parsimony principle.

MT = f(genome size) eq.3
where MT are the aggregated traits calculated by eq.2.

Finally, and only for yield, we tested mean genome size and aggregated yield at different

taxonomic levels.

Supplementary information.

Supporting Tables and Figures can be found in the following document: "Y-A+S is the new
YAS Sl.doc”
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