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Microbes drive the biogeochemical cycles of earth systems, yet the long-
standing goal of linking emerging genomic information, microbial traits,
mechanistic ecosystem models, and projections under climate change has
remained elusive despite a wealth of emerging genomic information. Here we
developed a general genome-to-ecosystem (G2E) framework for integrating
genome-inferred microbial kinetic traits into mechanistic models of terrestrial
ecosystems and applied it at a well-studied Arctic wetland by benchmarking
predictions against observed greenhouse gas emissions. We found variation in
genome-inferred microbial kinetic traits resulted in large differences in
simulated annual methane emissions, quantitatively demonstrating that the
genomically observable variations in microbial capacity are consequential for
ecosystem functioning. Applying microbial community-aggregated traits via
genome relative-abundance-weighting gave better methane emissions pre-
dictions (i.e., up to 54% decrease in bias) compared to ignoring the observed
abundances, highlighting the value of combined trait inferences and abun-
dances. This work provides an example of integrating microbial functional
trait-based genomics, mechanistic and pragmatic trait parameterizations of
diverse microbial metabolisms, and mechanistic ecosystem modeling. The
generalizable G2E framework will enable the use of abundant microbial
metagenomics data to improve predictions of microbial interactions in many
complex systems, including oceanic microbiomes.

Microbiomes are known to impact ecosystem functioning across the
earth system, but accurately predicting ecosystem functioning by
leveraging increasingly available genomic data' remains a grand
challenge’. For example, traditional process-based ecosystem-scale
biogeochemical models have often applied simple parameterizations
of biological and biochemical reactions'®™", ignoring the microbial

controls on these processes. Further, those models that do explicitly
represent microbial controls typically adopt parameter values
obtained from lab-cultivated microorganisms that may differ from
those at a particular site®. As a result, these models do not leverage
the increasing wealth of microbial information from the uncultivated
majority" that may help provide appropriate parameter space and
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reduce uncertainties of model projections of carbon-climate feed-
backs under global change®™*.

Constructing ecosystem models that explicitly resolve soil
microbial community dynamics is challenging due to the complexity
of microbial mechanisms and uncertainty in parameterization. To
tractably reduce data dimensionality and complexity, trait-based
microbial models are valuable in testing hypotheses of structure-
function relationships of microbial communities across temporal
and spatial scales”'®. However, most trait-based models are limited
to a single process (e.g., nitrification', litter decomposition*’) or
represent only a few microbial functional groups in an ecosystem?,
vastly under-representing the metabolic diversity residing in com-
plex systems like soils. In addition, critical microbial traits (e.g.,
growth rate, substrate uptake kinetics) are parameterized from dis-
crete laboratory ecophysiology experiments, using cultivated
microbial species that are not reflective of native functional
biodiversity*. These issues result in a biased landscape of microbial
traits® > and represent an important limitation to the expansion of
microbially explicit models, adding significant uncertainty to pre-
dictions of ecosystem function®.

Microbial trait information inferred from meta-omics data,
including metagenomics, can better represent the metabolic potential
contained in complex systems*, potentially reducing the uncertainty
of ecosystem predictions. For example, genome-based codon usage
bias can be used to estimate minimum generation times (i.e., max-
imum achievable growth rates) of bacteria and archaea? ?°. Addition-
ally, workflows (e.g., the one we apply here, microTrait*) are emerging
to extract a range of genome-inferred microbial fitness traits (e.g.,
energetic, resource acquisition, stress tolerance). Leveraging such
genome-inferred traits could expand trait parameterization beyond
cultivated organisms, to include the uncultivated microbial majority,
particularly as genome-resolved microbiome data from uncultivated
organisms now exceed data available from cultivated organisms. It is
reasonable to assume that genomes from microorganisms derived
directly from a given environment will better represent the microbial
ecophysiological traits that underpin biogeochemical processes in
those environments, potentially improving model prediction through
better constraints.

Here we established a general genome-to-ecosystem (G2E)
framework that integrates genome-inferred traits into an eco-
system model (ecosys), and then applied this framework to pro-
ject ecosystem functioning at a well-studied permafrost site.
Stordalen mire, like many permafrost sites”, is undergoing rapid
changes associated with recent warming-induced permafrost
thaw, thaw pond expansion, changing biology (vegetation,
microbiota, viruses), and increasing greenhouse gas (GHG)
emissions***™, Ecosys is a mechanistic ecosystem model tested in
many high-latitude sites and regions, including the Stordalen
mire in northern Sweden®%, Extensive research at this site pro-
vides thousands of phenotypically-linked metagenome-assembled
genomes (MAGs) across the permafrost thaw gradient®>. From
these resources, we derived microbial kinetic traits and their
distributions and evaluated their impacts on resolving uncer-
tainties in ecosystem-scale predictions of methane (CH;) emis-
sions. Although our work involves comparing CH, emissions
between simulations and field observations, our goal is not to
perfectly fit the available CH4 observations at the site, as is often
pursued through extensive parameter calibration. Instead, our
goal is to explicitly link genomic data with ecosystem-scale pro-
cess rates by integrating genome-inferred microbial traits into an
ecosystem model. This goal, if achieved, would pave the way for
the broad integration of increasingly available genomic data and
genome-inferred microbial physiology and functioning data to
inform ecosystem-scale functional predictions.

Results and discussion

A multi-scale genome-to-ecosystem framework

To integrate genome-inferred microbial traits into ecosys, we devel-
oped our G2E framework as follows (Fig. 1; “Methods”). First, we pre-
dicted traits from a collection of metagenome-assembled genomes
(1529 MAGs and 647 representative genomes®) from Stordalen mire
peat soil samples that spanned three sub-habitats (well-drained palsas
underlain by continuous permafrost, intermediate-thaw bogs, and
fully thawed fens). Traits were predicted using the microTrait
workflow®®, which extracts fitness traits from microbial genome
sequences using literature-contextualized and selected profile-hidden
Markov Models. MicroTrait defines microbial functional groups based
on shared metabolic traits (e.g., hydrogenotrophic methanogenesis)
across the genomes. Second, genomic traits were translated into
relevant ecosys model parameters using DEBmicroTrait (where DEB =
dynamic energy budget), a model built from allometric scaling laws
and biophysical constraints based on the DEB theory*. From the
Stordalen Mire MAGs, this resulted in eleven (Supplementary Table 1)
microbial functional group-specific maximum (or potential) specific
respiration rates and half-saturation constants (Ryax, Km, Supplemen-
tary Table 2), which are key parameters in the Michaelis-Menten rate
law kinetics used in ecosys*’. Of the eleven microbial functional groups,
we focus on the five dominant groups that are known to directly
control CH, emissions and are well represented in our data: obligately
aerobic heterotrophic bacteria, obligately anaerobic fermenters,
acetoclastic methanogens, hydrogenotrophic methanogens, and
(aerobic) methanotrophs. Third, we used ecosys to compute microbial
respiration rates considering vertically-resolved and dynamic gra-
dients in oxygen, water, carbon, nutrients, and temperature (“Meth-
ods”). Baseline ecosys simulations were run from 1901 to 2003 for spin-
up as initial conditions (“Methods”)*”. Finally, an ensemble of 1300
simulations of the years 2004-2009 was performed by sampling from
the genome-inferred trait distributions for all microbial functional
groups (Supplementary Table 2; Morris method, “Methods”). Sensi-
tivity analyses were performed on the ensemble simulations. Together,
this G2E framework allows genome-inferred traits to be integrated into
mechanistically modeled microbial processes, which then determine
simulated ecosystem predictions.

Stordalen mire as a case study for G2E

Genome-inferred microbial traits. We first assessed whether pre-
dicted trait magnitudes were consistent with experimental data from
the literature for the five dominant functional groups across the
Stordalen mire permafrost thaw gradient. Though genome-inferred
Rmax and K., values spanned a wide range within each microbial
functional group, the values partially overlapped with published
experimental data and had smaller variability (“Methods”) (Fig. 2A, B
and Supplementary Fig. 1). For some parameters (e.g., Rmax Of fer-
menters, R and K, of hydrogenotrophic methanogens), the differ-
ences were statistically indistinguishable (p>0.05) (Supplementary
Table 3). For others (e.g., K, of fermenters, R.x and K, of aerobic
heterotrophs, acetoclastic methanogens, and methanotrophs), statis-
tically significant deviations were found (p<0.05) (Supplementary
Table 3), which either represent estimation errors or more likely reflect
the fact that the organisms used to derive the literature estimates are
not representative of those found at Stordalen mire?”*'. Since literature
values are inferred from different organisms, environments, and
experimental protocols, it is challenging to interpret and apply them to
other environments*’. For example, phylogenetic analysis of the gen-
omes shows that methanotrophs at Stordalen mire belong to the
families of Methylococcaceae, Methylocystaceae, Beijerinckiaceae, and
Hyphomicrobiaceae, whereas the measured kinetic traits from prior
literature are primarily derived from the Methylococcaceae*. In addi-
tion, our genome-inferred half-saturation constants of aerobic
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Fig. 1| Genome-to-ecosystem (G2E) conceptual framework integrating geno-
mic information, site characterization, and ecosys. Genome sequencing data
from field soil samples is annotated and traits are derived using a two-step workflow
(i.e., microTrait and DEBmicroTrait). The products are inferred microbial traits
including maximum specific respiration rates and half-saturation constants (Rmax,
Km), which are used to parameterize a mechanistic-based ecosystem model (ecosys)
that represents a functionally diverse microbial community. The diverse microbial
community structure has been established in previous studies®’ with literature-

derived microbial kinetic traits. A complete list of functional groups and reactions
is shown in Supplementary Table 1. ecosys then simulates depth-resolved hydro-
logical, thermal, and plant processes and produces ecosystem-scale outputs that
are compared against field observations. Detailed descriptions of these compo-
nents can be found in “Methods”. HMM profile-hidden Markov Models, SOM soil
organic matter, DOM dissolved organic matter, T temperature, N nitrogen, P
phosphorous, R, net radiation, LE latent heat flux, H sensible heat flux, G ground
heat flux.

heterotrophs were deliberately constrained to growth on glucose and
acetate to be consistent with ecosys reaction stoichiometry.

The kinetic traits of microbes are influenced by their biophysical
properties, substrate preferences, and associated stoichiometric and
thermodynamic consequences. Substrate properties and thermo-
dynamics vary across metabolic pathways due to differences in vege-
tation, organic matter, and water saturation across the permafrost
thaw gradient sub-habitats*’. We explored these genome-inferred
traits across microbial functional groups with differing substrate pre-
ferences and across sub-habitats. While we found that, as expected,
genome-inferred traits were significantly different (p <0.05) between
the five dominant functional groups (Supplementary Table 4), no dif-
ferences (p > 0.05) of inferred traits from dominant genomes (defined
as the minimal set of genomes whose total relative abundance is
>80%) were observed between the three sub-habitat types (fen, palsa,
bog) for functional groups whose sample size were sufficient to make
statistical inferences (i.e., obligately aerobic heterotrophs and fer-
menters) (Fig. 2C, D and Supplementary Table 5). Note that although
the genome relative abundance of these functional groups does vary
across these three sub-habitats®, the lack of significant differences in
trait distributions implies a similar trait space for each functional
group within this permafrost site.

To scale trait distributions from individual organisms within each
functional group to the sub-habitat level, we used a community-
aggregated trait approach***. This approach provides a means to
simplify ecosystem model parameterization by selecting a single trait

parameter for a particular functional group within the same sub-
habitat rather than using the full trait distribution. This community-
aggregated trait value is the aggregation of the traits of all genomes in
the community weighted by the relative abundance of the genomes
that carry that trait (i.e., Rmax O Km)*® (“Methods”). We tested the
approach by analyzing whether simulated GHG emissions differed
between simulations employing the dominant and community-
aggregated trait values (see below).

Microbial traits affect CH, emissions. Given reasonable yet diverse
genome-inferred trait distributions, we next asked whether (i) trait
values obtained directly from genomes within this study would result
in satisfactory estimates of ecosystem GHG emissions, and (ii) micro-
bial trait distributions would impact modeled ecosystem GHG emis-
sions. To address these questions, we used genome-inferred microbial
traits as input parameters for ecosys, and projected simulations of CH,
emissions (Fig. 3A, B) and net ecosystem carbon exchange (NEE,
Supplementary Fig. 4) in Stordalen mire for the two sub-habitats, fen,
and bog, where CH,4 emissions are highest"’. Importantly, simulated
CH, emissions closely match the observed field emissions which
indicates the validity of the trait values (Fig. 3A, B). Due to the variance
in predicted traits distributions, parameterizing the model with
genome-inferred microbial traits drives substantial variability in
simulated CH4 emissions annually (144% and 152% in the bog and fen,
respectively; Supplementary Fig. 6), seasonally (up to 281 mgC m2d™),
daily (up to 658 mgC m2d™), and across both sub-habitats (Fig. 3A-D).
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Fig. 2 | Genome-inferred and literature-derived microbial traits for the five
dominant microbial functional groups. Genome-inferred and published
literature-derived data of A maximum specific respiration rate (Rp.x) and B half-
saturation constant (Ky,). Numbers (n) of genomes and published experimental
data from the literature (Rmax, Km) are shown beside each box. The gray number
indicates the count of genomes-inferred traits and the black number denotes the
number of traits obtained from the literature (left value corresponds to Ry« and
right value corresponds to K,,). Genome-inferred C R,,,x and D K;;, of dominant
genomes in each sub-habitat. Dominant genomes are defined as the minimal set of
genomes whose total relative abundance is >80%. Community-aggregated traits
represent the trait properties weighted by the relative genome abundance
(“Methods”). Numbers (n) of dominant genomes in each sub-habitat are shown on
the right. Units of the literature-derived kinetic parameters are converted to

107 10° 10
Half-saturation constant, gC m-3

compare with the genome-inferred values. Microbial traits of the other functional
groups related to nitrogen cycling are shown in Supplementary Fig. 2. For aerobic
heterotrophs, R« from pure culture studies is not reported, so we estimated the
values by using maximum growth rate (h™") information from pure culture studies
divided by a general growth yield of 90 [gcell (mol substrate)™]”>”*. In each box in
A-D, the boundaries represent the 25th and 75th percentile (interquartile range),
the middle line represents the median value, and the whiskers represent the
minimum and maximum values within 1.5 times the interquartile range. Data points
outside of this range are considered outliers and are shown individually. For each
functional group, genome-inferred Ky, and Rnax values are plotted against each
other (Supplementary Fig. 3). Note that the default parameters in ecosys are from
literature and included in the “Literature” group of this analysis.

Effects of trait variation on microbial respiration rates persist despite
other dynamic environmental controls (e.g., soil temperature, oxy-
gen, water).

We used a Morris sensitivity analysis to identify the most significant
microbial traits regulating annual CH, emissions and found that the
mean elementary effects (change of annual CH, emissions due solely to
a change in one microbial parameter relative to the annual CH, emis-
sions) range from O to ~60% (Fig. 3E). In both fen and bog, R« of
hydrogenotrophic methanogens” has the largest mean elementary
effects, followed by R...x of fermenters (Fig. 3E). In the fen, the ele-
mentary effect of acetoclastic methanogens is comparable to that of
fermenters, but in the bog, where acetoclastic methanogens are less
prevalent**8, the acetoclastic methanogen elementary effect is rela-
tively small. These results demonstrate that the range of inferred

microbial traits can lead to large variations in ecosystem responses, with
the most important traits being Rn.x of hydrogenotrophic methano-
gens and fermenters, i.e., the organisms catalyzing substrate production
for methanogenesis and those performing the process of methano-
genesis itself. Since our comparisons between genome-inferred and
literature-based trait values and the impacts of trait values on modeled
CH, emissions were focused on two sub-habitats at one site, it would be
valuable to apply our approach at other sites to characterize when
genome-inferred traits provide added value to modeled ecosystem
carbon cycling. Importantly, our results also show a large variation of
predicted NEE after ten years of simulation (Supplementary Fig. 4) due
to microbial trait distributions, especially in the bog site. These mod-
eling results indicate that interactions between microbial activity and
belowground nutrient transformations may impact vegetation
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Fig. 3 | Simulations with the full range of microbial traits led to CH, emission
predictions consistent with observations. Modeled and observed daily CH,
emissions in the A fen and B bog sites. For the palsa site, the model accurately
captured the observed NEE and CH, emissions (Supplementary Fig. 7). Blue-shaded
areas show modeled daily mean emissions (2004-2009) due to the full range of
microbial traits and solid lines show the best fit of the modeled emissions. Orange
circles represent daily averaged CH4 emissions observed for each day of the year
(DOY) across the simulation period when at least two years of data are available®.
Given the absence of Autumn data in 2005, 2006, and 2008, DOY average Autumn
CH,4 emissions may not be representative of true inter-annual variability. Full-time
series of results are provided in Supplementary Fig. 5. Simulated daily CH, emis-
sions over the simulation period are evaluated by calculating Pearson correlation
coefficient (R) and root mean square error (RMSE) when quality control measure-
ments are available (Fen: R=0.51, RMSE=80 mgCm2d™, n=359; bog: R=0.44,
RMSE=22mgCm™2d™, n=392). Modeled daily CH, emissions averaged over each
season in C fen and D bog sites. The boxes represent the median and the first and

third quartiles of daily emissions for each season (n =1300) during 2004-2009.
The whiskers represent the minimum and maximum values within 1.5 times the
interquartile range. E Sensitivity analysis of annual CH, emissions attributed to each
microbial trait measured by Mean Elementary Effect (“Methods”) for dominant
microbial functional groups. Results for all microbial traits including traits related
to nitrogen cycling are provided in Supplementary Fig. 8, which shows a much
lower sensitivity of CH, emissions to these traits compared with the five dominant
microbial functional groups. Each solid square bar depicts the interannual mean of
2004-2009 (n = 6), and the error bars represent the standard deviation around the
mean. Ry, maximum specific respiration rate, HM hydrogenotrophic methano-
gen, AM acetoclastic methanogen, Aero_Heter aerobic heterotroph, DOC dissolved
organic carbon. The substrate is shown as a superscript for some functional groups.
Note that a positive Mean Elementary Effect of a microbial trait for CH, emissions
implies more CH, is emitted when increasing that microbial trait. K, also con-
tributes to the variation of CH, emissions through its relationship with R«
(Supplementary Fig. 3).

dynamics over multi-decadal time scales, and represent a model-
inspired hypothesis to be tested at long-term study sites®.

Evaluation of trait-inferring strategies. Though the observed CH,4
emissions were captured by simulations, the simulated CH, emissions
have large uncertainties (Fig. 3). To reduce these uncertainties, we
evaluated three trait-inferring strategies (Fig. 4): (1) using all present
genomes in a sub-habitat; (2) using the dominant genomes based on
abundance; (3) using a community-aggregated approach where traits
are weighted by relative genome abundance. We found that
community-aggregated traits performed best for improving CH,
emission predictions, relative to traits derived from all present gen-
omes or dominant genomes (Fig. 4). Specifically, with respect to the
all-present-genomes approach, using community-aggregated traits
increased correlation accuracy (R) by 19% with decreased bias (RMSE)
by 12% in the fen, and increased R by 24% and decreased RMSE by 54%
in the bog. Since only the community-aggregated traits included
relative-abundance-weighting, this result suggests that using trait-
relative abundance may be appropriate for simulating the observed
fluxes. Since ecosystem output is impacted by the expression of traits
rather than their genomic abundances, this finding is consistent with
past work at this site that demonstrated the close link between the
relative abundance of a key microbial lineage and CH4 production
pathways'. The community-aggregated traits, without additional
parameter tuning, provide comparable CH, emission predictions
compared to the default microbial trait parameters (non-genomic)

(Supplementary Table 6). The good performance of community-
aggregated traits indicates it is a promising approach to simplify
microbiome kinetic trait parameters and provides a more credible
mechanistic basis for ecosystem modeling®. Future work to incorpo-
rate absolute abundance and microbial activity indices into the trait-
inference approach might lead to more accurate trait parameterization
and further reduction in CH, emission uncertainty.

For the past two decades, scientists have been sampling and
sequencing the microbes of earth systems. Nevertheless, the resulting
understanding has not led to quantitative estimation of microbial
impacts on ecosystem-scale biogeochemistry, nor to improvements in
ecosystem model predictive capability. Here, we describe a genome-
to-ecosystem (G2E) framework that integrates genome-inferred
microbial traits into an ecosystem-scale model to explicitly link
genomic data and ecosystem-level process rates. This G2E framework
enabled us to perform a genome-to-ecosystem analysis in a rapidly
thawing permafrost system. We quantitatively demonstrated the large
impact of genomically observable variations in microbial capacity on
ecosystem CH, emissions. Our findings highlight the sensitivity of CH,
emissions to microbial trait parameterization, emphasizing the
importance of accurate parameterization of microbial traits for eco-
system predictions.

This G2E framework provides three important advances for eco-
system science: (i) it leverages information contained in microbial
genomes, which are records of organismal life-history strategies, to
infer microbial trait values relevant to ecosystem models™; (ii) it
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Fig. 4 | Simulations with trait-inference approaches show better constraint and
prediction of annual CH4 emissions after incorporating relative abundance of
genomes in the fen and bog. A fen; B bog. The different trait-inference approa-
ches are (1) trait ranges of present genomes in a sub-habitat, (2) trait ranges of
dominant genomes (ranges shown in Fig. 2 as Dominant), and (3) community-
aggregated trait values (shown in Fig. 2). Simulations for all three approaches are
averaged across the simulation period for better visualization. Each box boundary
represents the 25" and 75" percentile (interquartile range), the middle line repre-
sents the median value, and the whiskers represent the minimum and maximum
values within 1.5 times the interquartile range. Data points outside of this range are
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considered outliers and are shown individually. For approaches (1) and (2), the
variation of CH, emissions mainly comes from trait variation as shown in Fig. 2.
Comparison of individual years, where variation comes solely from trait variability,
is shown in Supplementary Fig. 6. The number of simulations (n), which depends on
the number of trait combinations, is shown for each approach. To evaluate these
three strategies, Pearson correlation coefficient (R) and root mean square error
(RMSE) were calculated based on the observed daily CH4 emissions. For strategies
that involved multiple simulations, the mean R (R) and mean RMSE (RMSE)

are used.

bridges discoveries in microbial physiology and functioning to enable
model evaluation of their impacts on ecosystem scale processes under
a changing climate; and (iii) it integrates theory, observations, and
numerical models across multi-disciplinary teams, providing a pow-
erful framework to understand and predict ecosystem responses to
change™. Although this study focuses on CH, emission processes in a
terrestrial permafrost ecosystem, the G2E framework, including the
microbial trait inferences from genomes and its integration into
complex ecosystem models, is generalizable. In particular, the models
involved in the G2E framework represent many microbial traits and
biogeochemical processes. With the increasing availability of meta-
omics data and interest in mechanistic models, the G2E framework can
be applied to other terrestrial and oceanic ecosystems. Further appli-
cation of the G2E framework to diverse sites and ecosystems could
help unlock the full potential of genomics data across larger landscape
scales for improvements in understanding and prediction of microbial-
climate feedback. The G2E framework developed here provides a
tractable path to use process-rich models to synthesize and generalize
how microbial traits influence ecosystem functioning and to improve
ecosystem model predictability.

Methods

Study and sampling sites

Stordalen mire is a peatland situated in northern Sweden (68.35° N,
19.05° E), 10 km southeast of Abisko Scientific Research Station (ANS).
The climate in this area is subarctic with annual mean temperature of
0.07°C and mean precipitation of 308 mmy™ (1986-2006)>. The
three sub-habitats of the study site include well-drained palsa under-
lain by permafrost, intermediate-thaw bog with variable water table
depth, and fully thawed and inundated fen. Significant changes in cli-
mate and landscapes have been recorded®>**. The mire has been clo-
sely monitored since the 1970s and a comprehensive dataset™ has
been generated including terrestrial gas fluxes®, microbial
sequencing®", subsurface geochemistry*, and plant data*’.

The ecosys model
Ecosys is a mechanistic land model that fully couples carbon, energy,
water, and nutrient cycles solved at an hourly step®™. The carbon,

nitrogen, and phosphorus transformations are dominated by the
plant-microbe-soil carbon interactions that are driven by the ener-
getics and kinetics of aerobic and anaerobic oxidation-reduction
reactions. Ecosys represents a functionally diverse microbial commu-
nity that represents microbial activities including respiration, growth,
nutrient uptake, and mortality. The CH, transformation is represented
by methanogenesis and methanotroph processes based on the activ-
ities of anaerobic fermenters, acetolactic methanogens, hydro-
genotrophic methanogens, and autotrophic methanotrophs. The rate
of microbial respiration is a function of microbial biomass, soil
moisture, temperature, O, concentration, organic matter concentra-
tion, and nutrient availability. ecosys represents many essential meta-
bolic handoffs, although not all are known to exist in real systems. For
example, ecosys considers soil organic matter to be a substrate for
hydrolysis by all active heterotrophic microbial communities. The
resulting hydrolysis products are transferred to dissolved organic
carbon, nitrogen, and phosphorus pools. Fermenters uptake dissolved
organic carbon to produce acetate, CO,, and H,. Acetate is the sub-
strate for respiration by acetoclastic methanogens, producing CH, and
CO,. The fermenter products CO, and H, serve as substrates for CO,
reduction by hydrogenotrophic methanogens, generating CH, and
H,O0. Functional groups and reactions represented in ecosys are listed
in Supplementary Table 1. A link to the detailed description of ecosys
and code is given in “Code availability”.

Modules in ecosys that represent microbial processes (e.g.,
methanogenesis, methane oxidation) have been rigorously tested
against lab incubation studies®*“°. Ecosys has been broadly tested in
several high-latitude ecosystems by comparing model estimates of
energy and carbon fluxes with field observations®****! as well as other
ecosystems (publication list in ref. 62). Specifically, ecosys has been
tested against the active layer depth, water table depth, and net eco-
system exchange in a thawing gradient in Stordalen mire, which is the
test site in this work®**’. Hence, ecosys is an appropriate model to test
the sensitivity of ecosystem responses to microbial processes.

Database assembly and processing
A database of metagenome-assembled genomes (MAGs) (n =1529) and
representative genomes (n = 647) from the permafrost thaw gradient
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was used in this study’. Those MAGs are based on 214 samples across
habitats, depths, and sampling times, and are estimated to be >70%
complete and <10% contaminated according to CheckM®, The relative
abundance of each recovered representative genome within each
sample is listed in Supplementary Data 1. Specifically, the relative
abundance of a representative MAG as defined here was calculated as
the trimmed mean coverage of the MAG divided by the total of trim-
med mean coverages of all representative MAGs, ignoring reads that
were not mapped to any representative. For more details about MAGs
and sampling processing, please refer to ref. 3.

We acknowledge that employing RNA sequencing data would
provide a higher resolution of the active microbial lineages and their
expressed genes. Nevertheless, such data is unavailable for most
samples analyzed in this manuscript. Furthermore, integrating RNA
sequencing data with biogeochemical models presents challenges
because of the complex and poorly characterized relationships
between transcripts and biogeochemical reaction rates’***, There-
fore, integration of transcript data and ecosys is not possible in this
study, despite its potential significance.

Assignment of genomes to functional groups using microTrait
pipeline

Microbial traits (i.e., maximum growth rate) for each genome were
inferred with microTrait*, a pipeline that infers ecological traits from
genomic sequences. The traits represented in the microTrait hierarchy
were mapped to functional groups represented in ecosys using a cus-
tom script (Supplementary Data 2). The minimum generation time for
each genome was estimated based on codon usage bias, as shown in
Supplementary Data 3.

DEBmicrotrait model
Trait predictions (i.e., maximum specific respiration rate, R,ax, and half
saturation constant, K,) were based on a genome-informed, trait-
based dynamic energy budget model (DEBmicroTrait)*’. DEBmicroTrait
partitions microbial biomass into generalized chemical compounds
(reserve and structural biomass) with fixed macromolecular compo-
sition and chemical potential. This partitioning allows for a coarse-
grained description of the energy fluxes during microbial growth, that
is the catabolic and anabolic reactions through which microbes obtain
and then utilize energy, respectively®. The coupling between catabo-
lism and anabolism exists both in the sequential assimilation, parti-
tioning, and dissipation of substrate and reserve compounds, with
maintenance taking priority over growth and constitutive extracellular
enzyme production. R, derived from carbon and energy allocation
under unlimited substrate concentration, is given as the sum of dis-
sipative losses during microbial growth. To constrain carbon and
energy fluxes, DEBmicroTrait integrates microTrait information into a
workflow combining genome inference and biophysical modeling.
For instance, basal maintenance respiration is directly pro-
portional to cell volume®. DEBmicroTrait further assumes that
cells have evolved optimal protein densities in cellular compart-
ments that maximize reaction rates®®. The elemental composition
of reserve and structural biomass influences substrate demand
and follows allometric trends in cellular biomolecule composition
with volume, but organisms can differ in their protein synthesis
efficiency. Codon-usage bias sets an upper bound on protein
translation power, while the number of ribosomal RNA operons
predicts translation efficiency. In order to estimate K, we
assumed that the respiration rate follows an empirical Michaelis-
Menten-like description with a half-saturation constant that
reflects the cellular nutrient demand in terms of cell size and
transporter protein density on the cell surface®. As a result, the
modeled half saturation constant is a function of the specific
respiration rate as shown in Supplementary Fig. 3. This relation-
ship is then written in the ecosys model to make sure the sampling

procedure in the sensitivity analysis follows the trade-off rule
between half-saturation constant and respiration rate. The infer-
red traits including Rm.x and K, were shown in Supplementary
Data 4. A detailed description of the DEBmicroTrait model is
available®.

Weighted traits based on relative abundance

Representative genomes were grouped into functional groups based
on their shared functions. The relative abundance of each functional
group within each sample was calculated as the sum of the relative
abundance of all the representative genomes that belong to the same
functional group. The relative abundance of functional groups varied
between samples, and the largest variation was due to sub-habitat (i.e.,
fen, bog, and palsa), followed by depth and time. Thus, we defined
genomes within the same functional group within the same sub-
habitats as one community and normalized the relative abundance so
that the relative abundance of the community equaled one. We
assumed that the relative abundance was a measure of biomass within
the community and the “biomass ratio” hypothesis is valid (i.e., eco-
system functioning is controlled by the trait values of the dominant
contributors to the community biomass)*. Then the most abundant
genomes within one community were identified, where the most
abundant genomes (i.e., dominant genomes) were defined as the
minimal set of genomes whose total relative abundance was >80%.
The community-aggregated trait was calculated as the aggregation of
trait values of all the genomes in the community, weighted by the
relative abundance of the genomes carrying each value, to quantify
the community-level properties’’. The community-aggregated traits
of the three sub-habitats are shown in Supplementary Data 5. We also
identified the presence or absence of genomes by whether the rela-
tive abundances were above 0. The trait range of the present and
dominant genomes in one sub-habitat was shown in Supplemen-
tary Data 6.

Traits synthesized from literature

We compiled the kinetic trait values including R, and K, from pure
culture studies where microbes were cultivated under optimal condi-
tions (i.e., abundant substrate concentrations, optimal pH, and tem-
perature). The units of R.x and K, from the literature experiments
were converted to compare with the genome-inferred trait values.
Supplementary Data 7 presents the synthesized range of traits of dif-
ferent microbial functional groups, along with the corresponding
references.

Morris method and sensitivity analysis

The method of Morris was used to estimate the sensitivity of CH,
emissions to the genome-inferred microbial traits. This method”
derives the global sensitivity by sampling a set of local partial deriva-
tives, known as elementary effects (EE), across the parameter spaces.
Each parameter space is scaled to [0,1] and partitioned into (m-1)
equally-sized intervals. Unlike a local sensitivity analysis, which calcu-
lates the partial derivative of the target function with respect to the
reference value of the parameter, the Morris method randomly selects
multiple reference values that span the entire parameter range. So the
calculation of EE (Eq. 1) is repeated a number of times for each para-
meter, and the mean value (mean EE) is used as sensitivity indices

g = Xt ) =0 "

where f (x) is the target function, and in this case, is the simulated CH,
emissions by ecosys, 4 is a multiple of 1/(m-1). In this study, each
parameter space was partitioned to 100 intervals and a total of
1300 simulations were performed to calculate the mean elementary
effects (EE).
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In this study, the mean EE of daily CH, emission was first calcu-
lated, and then summed up for each year to get the mean EE of annual
CH, emission. To assess the magnitude of effects, the mean EE of
annual CH4 emission is divided by the average annual emission of a
total of 1300 runs. The mean and standard deviation of mean EE of CH,
emission for fen and bog were calculated and shown in Fig. 3E.

Statistical analysis

To evaluate the performance of the ecosys, we computed the correla-
tion coefficient (R) and root mean square error (RMSE) by comparing
them with observed daily CH, emissions. The correlation coefficient
(R) is defined as

pe X=X 0i—Y)
VI (6 — %) 0, 0 — )

2

where x; is the simulated daily CH4 emission and x is the overall mean,

y; is the observed daily CH4 emissions and y is the overall mean. n is the

total number of daily CH, emission data that is quality controlled.
Root mean square error (RMSE) is defined as

1n 2
RMSE = EZH(":‘ -¥) 3)

We used non-parametric Kruskal-Wallis one-way analysis to test
the significance of the difference in trait values between the genome-
inferred and literature data (Supplementary Table 3), the genome-
inferred trait among different functional groups (Supplementary
Table 4), and the genome-inferred trait among different sub-habitats
(Supplementary Table 5) for the same functional group. The statistical
results were considered significant if p < 0.05. All statistical testing was
carried out in a Python environment.

Model experiment

The baseline (spin-up) simulation begins in 1901, when we initialize soil
properties (e.g., soil texture, bulk density, carbon and nitrogen stocks),
seed the vegetation, and run the model forward from 1901 to 2003%.
Simulations with different trait parameters, sampled based on Morris
methods, were then performed over 2004-2009 when field observa-
tions of CH4 and CO, emissions were available. A total of 1300 simu-
lations over 2004-2009 were performed and used for analysis, each
with its own microbial trait parameter set. The simulation results and
observations are shown in Supplementary Data 8. Although not shown,
we conducted two other simulation experiments in which we initi-
alized the microbial trait parameters on Jan. 1, 2000, and 2003, and
analyzed the same period (2004-2009) as the original design. We
found consistent results as shown in Fig. 3 indicating the dis-
equilibrium caused by the parameter changes was small. We also
performed two simulations (with the best-fit and community-
aggregated traits) each in the fen and bog starting in 1901 to assess
the potential impacts of initial condition differences on emissions over
the observational record (Supplementary Fig. 9). Both simulations
generally capture the observed seasonal dynamics for CH4 emissions
and NEE. Noticeable differences between these two simulations were
found in the fen CH, emissions, with the observed daily CH, emissions
falling between them.

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

Data availability
Data generated in this study are provided in the Supplementary Data
and have been deposited at https://doi.org/10.5281/zenod0.14219121.

The metagenome-assembled genome (MAG) dataset is available at
NCBI under BioProject PRJNA386568, with information about these
MAGs provided in Supplementary Data 3 of a previous publication in
ref. 3.

Code availability

The microTrait model*® is available for download at https://github.
com/ukaraoz/microtrait. The DEBmicroTrait model® is available for
download at https://github.com/giannamars/DEBmicroTraitjl. The
ecosys model, documentation®*? and simulation runs are available for
download at https://github.com/jinyunltang/ECOSYS and https://doi.
org/10.5281/zenodo.14219121. Figure 1 was generated by Adobe Illus-
trator. All the other figures were generated by the programming lan-
guage Python (3.11).
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