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Abstract (150 words) 36 

A major challenge of quantifying feedback between microbial communities and climate is the vast 37 

diversity of microbial communities and the intricacy of soil biogeochemical processes they mediate. We 38 

overcome this challenge by simplifying the representation of diverse enzyme functions from metagenomics 39 

data. We developed a dynamic allocation scheme for enzyme functional classes (EFCs) based on the 40 

premise that microbial communities act to maximize acquisition of limiting resources while minimizing 41 

energy expenditure for acquiring unlimited resources. We incorporated this scheme into a biogeochemical 42 

model to explicitly represent microbial functional diversity and simulate responses of microbially-mediated 43 

soil biogeochemical processes to varying environmental and nutrient conditions. Representing microbial 44 

functional diversity and environmental acclimation improved predictions of the stoichiometry of microbial 45 

biomass and mitigated the sensitivity of soil organic carbon to warming in nutrient-deficient regions. Our 46 

results indicate the importance of microbial functional diversity and environmental acclimation for 47 

projecting climate feedbacks of nutrient-limited soils.  48 

 49 
Main Text 50 
 51 

Microbial communities mediate soil biogeochemical processes that control critical ecosystem 52 

functions such as carbon storage and nutrient supply, affecting ecosystem responses and feedbacks to 53 

climate change1. Understanding and predicting microbial regulatory processes requires a deep knowledge 54 

of the composition, function, and adaptability of microbial communities2. Community metagenomics 55 

provides information about microbial activities, but we still lack an executable strategy to transform this 56 

data into insights about microbially-mediated biogeochemical processes3. To a large extent, the challenge is 57 

due to the tremendous taxonomic diversity of microorganisms and the complexity of the many physical, 58 

chemical and biological processes they regulate. As a result, soil biogeochemical models and Earth system 59 

models still lack representation of microbial functions. This deficiency has contributed substantially to 60 

large uncertainties in predicted soil carbon dynamics4,5. Advances in this area depend on the development 61 

of practical solutions for identifying and extracting essential information from complex metagenomic 62 

datasets, as well as model structures and parameterization schemes capable of assimilating the extracted 63 

information. 64 

mailto:chopinsong@arizona.edu
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Meta-omics analyses provide data on the relative abundances of genes, transcripts or proteins in a soil 65 

community. Such data inform the taxonomic distribution, structure, and functions of microbial 66 

communities3 and can be used to infer the specific microbes or functional groups that mediate particular 67 

biogeochemical processes (e.g., plant litter decomposition, nitrification)6,7. However, difficulties arise when 68 

an individual or group of microorganisms are responsible for multiple biogeochemical processes8,9, when 69 

several organisms or groups are involved in the same process7, or when uncertainties exist in assigning 70 

gene functions to organisms10. These difficulties can be ameliorated by directly incorporating the functions 71 

of genes into models and thereby avoiding the use of taxonomy for assuming the functions of individual 72 

microbial organisms. This functional gene-based approach has been used to model ocean nitrogen (N) 73 

dynamics, cryptic sulfur cycling11 and denitrification in river sediments12. These studies demonstrate the 74 

potential of directly linking specific genes controlling enzymatic functions with substrate-specific 75 

processes. Further advances are needed to relate microbial functions to complex processes involving an 76 

array of substrates and enzymes. However, the realization of these advances will depend on an effective 77 

strategy to map an intractable number of genes into a manageable set of representative functional traits. 78 

Multi-omics data can inform responses of microbial communities to environmental perturbation at 79 

different time scales. Metatranscriptomics and metaproteomic data inform the instantaneous response of 80 

microbial enzymes to environmental perturbation. However, instantaneous environmental response may not 81 

reflect sustained ecosystem-level changes 13. In contrast, metagenomics data, which characterize potential 82 

gene functions, can indicate the response of microbial communities to long-term environmental change. For 83 

example, our previous study found more genes for phosphorous (P) scavenging in control plots compared 84 

to P fertilization plots after 18 years of fertilization, suggesting that the microbial community in the 85 

fertilization plots acclimated to P excess by decreasing the relative abundance of genes for producing P-86 

scavenging enzymes 14. A 10-year warming experiment in a Midwest grassland15 revealed that warming 87 

increased litter input and genes for cellulose degradation and nitrogen cycling. These studies suggest that 88 

insights into the acclimation of microbial communities to long-term environmental change can be obtained 89 

by quantifying the change in gene abundance for production of specific enzymes in response to changing 90 

conditions. Strategies are still needed to upscale variation in the abundance of an enormous number of 91 

genes to represent microbial community acclimation to long-term environmental change and the associated 92 

impact on ecosystem functioning16,17.  93 

We tackled these challenges by developing (i) a concept of enzyme functional classes (EFCs) for 94 

resolving microbially-mediated biogeochemical processes using metagenomics data, (ii) a solution for 95 

upscaling gene abundance to represent the acclimation of microbial communities to changing conditions 96 

over the long term; and (iii) an EFC allocation and parameterization scheme that responds to limitations in 97 

C, N, P and temperature change through biogeochemical cycling of soil organic matter (SOM). We 98 

integrated into a biogeochemical model the EFC concept, the upscaling solution, and the dynamic EFC 99 
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allocation and parameterization scheme to represent microbial functional diversity and environmental 100 

acclimation. We tested the effects of this novel microbial representation on modeling seasonal soil 101 

biogeochemical cycling using data from a long-term P fertilization experiment18. We further examined the 102 

sensitivity of the projected soil carbon dynamics to this novel microbial representation under future climate 103 

scenarios. We found that representing microbial functional diversity and environmental acclimation 104 

improves modeling the stoichiometry of microbial communities and reduces projected soil carbon loss in 105 

response to warming in tropical forest soils. 106 

Results and Discussion 107 
 108 
Applying metagenomics to represent functional diversity and environmental acclimation  109 

We used the abundance of genes encoding for enzyme production as a measure of the potential 110 

functional diversity of soil microbial communities. Based on metagenomic measurements, each gene 111 

representing the production of an enzyme in the soil was identified with an Enzyme Commission (EC) 112 

number. EC numbers hierarchically classify enzymes based on the characteristics of enzyme-catalyzed 113 

chemical reactions, such as reaction types, bonds cleaved or formed, reaction centers, cofactors used for 114 

catalysis, and substrate specificities19. We grouped all EC numbers into EFCs (Fig. 1a) where enzymes 115 

within each EFC shared similar functional characteristics. The EFC grouping was based on the chemical 116 

composition of the soil substrate that each enzyme acts on, as well as the location of the cleaved chemical 117 

bond in the organic substrate (Table S1 and Fig. 1a). No inferences were needed with regards to the identity 118 

of the microbial source of the enzyme. Each EFC catalyzes the decomposition of a specific group of 119 

chemically-similar organic compounds within SOMs. The decomposition pathway begins with litter 120 

residues and proceeds to large polymers and then to oligopolymers, with different EFCs acting along the 121 

pathway. Ultimately, the decomposition pathways end with monomers that microbes are capable of 122 

assimilating. The decomposition kinetics of each EFC depend on the enzyme composition within each EFC 123 

and kinetic parameters of each enzyme. The latter further depends on bacteria : fungi : archaea ratio 124 

estimated from metagenomics-informed microbial community composition and the mean kinetic 125 

parameters of each enzyme collected for the corresponding microbial class from the biochemical 126 

database20. The concept of EFC and the corresponding parameterization approach make the representation 127 

of complex microbial functions from different community compositions tractable for biogeochemical 128 

modeling. 129 

We used the abundance change of gene-encoded enzymes under changing environments as a measure 130 

of resource investment of microbial communities. The optimal resource-ratio theory21-23 indicates that the 131 

microbial community can be reconstructed through species competition to maximize the acquisition of 132 

limiting nutrients and avoid excessive acquisition of non-limiting nutrients, thereby maintaining overall 133 

elemental stoichiometry. This resource optimization strategy for efficient acquisition of limiting resources 134 
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is reflected in changing gene abundances of different functional enzymes in response to environmental 135 

shifts14,24,25. To account for this, we used metagenomic data to estimate the changes in gene abundance for 136 

enzymes as measured by the effect size26,27 in response to soil nutrient availability. We then built a 137 

hierarchical model to scale the effect sizes of individual enzymes within an EFC to the effect size of the 138 

whole EFC (Fig. 1b). Finally, we integrated the environmental responses of multiple EFCs to quantify the 139 

functional allocation among different EFCs at the community level in response to environmental change 140 

(Fig. 1c). We define this functional allocation among different EFCs as the environmental acclimation of 141 

the soil microbial community. 142 

To implement these new ideas for modeling biogeochemical cycles, we designed a novel framework 143 

to accommodate explicit representations of metagenomics-based microbial functioning and their feedbacks 144 

to nutrient availability (Fig. 2). This design formed the main architecture of the Continuum Microbial 145 

Enzyme Decomposition (CoMEND) model, modified from the original MEND model28-30. CoMEND is 146 

composed of a single microbial pool, multiple microbially-synthesized EFC pools, SOM pools, and 147 

inorganic nutrient pools (Fig. 2). The effects of vegetation on SOM pools and inorganic nutrient pools were 148 

considered by inputting observed litterfall to SOM pools and removing estimated plant-nutrient uptake 149 

from the inorganic nutrient pools. Plant nutrient uptake is estimated as a function of net primary 150 

productivity and observed plant nutrient uptake rate per unit of plant dry biomass. The effects of litter 151 

chemistry and structure on soil decomposition processes were parameterized along major decomposition 152 

pathways, e.g., lignocellulose inputs were classified as lignin and cellulose litter, and then large 153 

biopolymers, oligopolymers, and bioavailable monomers produced from progressive decomposition of the 154 

lignin and cellulose. Each SOM pool was classified as either microbially-activated (ASOM), mineral-155 

protected (MSOM), or the adsorbed portion of the ASOM pool (QSOM) (Fig. 2). ASOM is the particulate 156 

organic matter associated with sand-sized particles (e.g., particle size > 53 m) and acted upon by 157 

microbes. MSOM is mineral-associated organic matter with particle size < 53 m. QSOM is differentiated 158 

from MSOM and defined as the adsorbed phase of the corresponding ASOM interacting with MSOM 159 

through adsorption and desorption28 (See details in Method section).  160 

In the model, our approach of parameterizing SOM decomposition is directly integrated with omics-161 

informed EFCs and therefore can characterize the decomposition rates of diverse soil components. The 162 

decomposition of each microbially-activated pool is catalyzed by one specific EFC, which Michaelis-163 

Menten kinetics are determined by collecting corresponding kinetic parameters of each enzyme within an 164 

EFC from the BRENDA biochemical database20 and integrating them based on the relative abundance of 165 

each enzyme within an EFC. The decomposition rates of each SOM pool therefore depend on SOM 166 

concentration and EFC kinetics which vary with soil temperature. The decomposition rates also depended 167 

upon EFC abundance which varied in response to nutrient limitation according to optimal resource-ratio 168 

theory. We refer to this as “dynamic EFC allocation” which can potentially alter the stoichiometry of 169 
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bioavailable monomers and mitigate nutrient limitations on microbial growth. Thus, the dynamic EFC 170 

allocation can simulate environmental acclimation of soil microbial community by altering the functional 171 

allocation among different EFCs in responses to environmental change. Overall, the CoMEND framework 172 

contains a feedback loop that couples EFC allocation, SOM decomposition, and resource availability for 173 

microbial growth. This feedback loop directly links microbial diversity and environmental acclimation with 174 

ecosystem functioning31.  175 

We evaluated this new concept with metagenomics data from control and P-fertilized plots in a 17-176 

year ongoing fertilization experiment in Panama. Due to long-term weathering and high precipitation, 177 

Panamanian soils experience chronic P limitation18. The annual mean temperature is 26℃ and will increase 178 

to 2.6 C by the year 2100 according to CESM RCP8.5 projection. Microbial P accounts for 70% of 179 

biomass P in this tropical forest ecosystem18, indicating that soil microbial communities may have 180 

developed acclimation strategies to immobilize large amounts of P from nutrient-deficient soils and thereby 181 

control P cycling through the ecosystem. Our previous studies found higher gene abundances of enzymes 182 

for P acquisition, but lower gene abundance of ligninases, in the control soils compared to the P-fertilized 183 

soils14. Seventeen years of fertilization has significantly increased microbial biomass and litterfall but has 184 

not significantly affected the microbial C/P ratio, plant stem growth, or soil carbon stocks18,32,33. To test the 185 

effect of microbial functional diversity and environmental acclimation on soil biogeochemical cycles, we 186 

constructed the model into four versions to represent low, moderate, and high microbial functional diversity 187 

as well as environmental acclimation of highly diverse microbial communities, respectively. These four 188 

versions were used to test whether the representation of high functional diversity and environmental 189 

acclimation of tropical soil microbial community can better predict the microbial stoichiometry, microbial 190 

biomass, soil carbon fluxes, soil carbon over the short term and the long term.  191 

 192 

Enzyme functional classes (EFCs) in Panamanian soils 193 

We identified 2135 gene-encoded EC numbers (Supplementary Data 1) in the Panamanian soil 194 

samples14. Among these numbers, 118 participate in SOM decomposition and nutrient mineralization (Figs. 195 

S1-S3 and Supplementary Data 2). The application of our EFC grouping strategy (Fig. 1a) resulted in these 196 

118 enzymes being grouped into 22 EFCs relevant to soil C, N, and P cycling (Table S1and Fig. 3c).  197 

Among the 22 EFCs identified, four catalyzed the decomposition of lignocellulose-containing SOM 198 

along a continuum beginning with raw litter and ending with bioavailable monomers. The enzymes 199 

represented by Cendo1, Cexo, and Coligo acted on a specific bond location of carbohydrate, collaboratively 200 

catalyzing its decomposition from large polymers to bioavailable polymers34. Cendo1 cleaved the internal C-201 

O bonds in carbohydrate residues to produce large carbohydrate polymers. Cexo cleaved the terminal C-O 202 

bonds in these polymers to produce oligosaccharides. Coligo cleaved the C-O bonds in oligosaccharides to 203 
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produce bioavailable monomers (Fig. 3c and Table S1). Cendo2 was a general EFC for decomposing lignin. It 204 

acted on the internal C-C or C-O bonds of different polymerization degree of lignin to produce bioavailable 205 

aromatic compounds. Here decomposing C-C bonds within lignin required more energy than decomposing 206 

C-O bonds within carbohydrates.  207 

 Six EFCs were involved in two decomposition routes of the N-containing SOM. In the first route, 208 

three EFCs (Nendo, Nexo1 and Noligo1) cleaved the internal and terminal C-N bonds of proteins and C-N bonds 209 

in oligopeptides, respectively, to produce amino acids for microbial assimilation (Fig. 3c and Table S1). In 210 

the second route, two EFCs (Nexo2 and Noligo2) cleaved the terminal C-N bonds of cell walls N components 211 

(e.g., chitin, peptidoglycan) and C-N bonds in the products of microbial cell wall decomposition, 212 

respectively, to produce bioavailable N-containing monomers (Fig. 3c and Table S1). The C-N bonds in the 213 

microbially-assimilated monomers were catalyzed by Nmono to release inorganic N into soil. Inorganic N 214 

transformation (e.g., nitrification, denitrification, N assimilation, biological N fixation) were catalyzed by 215 

four EFCs (NinN1, NinN2, NinN3, and NinN4). 216 

We identified seven EFCs (Pexo1, Poligo1, Pexo2, Poligo2, Pmono1, Pmono2, Pmono3) for P mineralization and 217 

one EFC (PinP) for P immobilization in Panamanian soils. Both biological and biochemical mineralization 218 

were indicated by the presence of these EFCs. Pmono3 catalyzed the biological P mineralization by breaking 219 

the phosphoester bonds in microbially-assimilated monomers to satisfy microbial energy needs35. Pmono1, 220 

Pmono2, Pexo1, Poligo1, Pexo2 and Poligo2 biochemically decomposed and mineralized different forms of organic P 221 

compounds (Fig. 3c and Table 1). Pmono2 required the least energy investment to biochemically release 222 

inorganic P from general monophosphates. Pexo1 and Poligo1 were responsible for decomposing nucleic acids 223 

while Pexo2 and Poligo2 decomposed phospholipids. These EFCs acted on the phosphoester bonds in 224 

corresponding compounds with different degrees of polymerization to release monophosphates for Pmono2 225 

utilization. Pmono1 specialized in releasing inorganic P from inositol P, which is the most stable organic P in 226 

the soils36. The existence of many diverse EFCs for biochemical P mineralization indicates the importance 227 

of P deficiency in these soils35. 228 

Effects of long-term P fertilization on the functional diversity of soil microbial communities 229 

To determine how the functional diversity of soil microbial communities responds to different levels 230 

of nutrient availability, we quantified the combined effect size of all gene-encoded enzymes within each 231 

EFC in response to 17 years of P fertilization. The combined effect size of an EFC was calculated as the 232 

fold change in gene-encoded enzymes abundance within an EFC between control and treatment (e.g., the 233 

control and P-fertilized soils) using base 2 logarithms. Here positive effect size indicated P fertilization 234 

decreased EFC abundance compared with the control soil. The confidence interval of this effect size for an 235 

EFC is estimated as the sum of the sample variation of gene-encoded enzymes within an EFC and the 236 

variance among gene-encoded enzymes within an EFC (See details in Method).  The gene abundances of 237 
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EFCs for oligonucleotide decomposition (Poligo1) and extracellular monophosphate mineralization (Pmono2) 238 

were 0.50−fold (± 0.09) and 0.43−fold (± 0.09) higher (q-values < 10-3) in the control than P-fertilized 239 

plots, respectively (Fig. 4a). This likely reflects P limitation in the control soils, where investment in 240 

enzyme production to acquire P is maximized in the absence of P fertilization.  241 

P fertilization decreased the gene abundance of EFCs for decomposing large polymers of 242 

carbohydrates and increased the gene abundance of EFC for decomposing lignin. The gene abundances of 243 

EFCs for cleaving the internal (Cendo1) and terminal C-O bonds (Cexo) in large carbohydrate polymers were 244 

0.33-fold ± 0.05 (q-value=0.004) and 0.26-fold± 0.03 (q-value < 10-5) significantly higher in the control 245 

than P-fertilized plots, respectively (Fig. 4a). However, the gene abundance of Cendo2 (for lignin 246 

decomposition) was 0.16 ± 0.06-fold lower in the control than P-fertilized plots (Fig. 4a). These results 247 

indicate that microbial communities invest enzyme production for acquiring C primarily from large 248 

polymers of carbohydrates under P limitations.  249 

P fertilization also decreased the gene abundance of EFCs for decomposing large polymers of N-250 

containing SOM but increased the gene abundance of EFC for inorganic N transformation. The control 251 

soils had 0.49± 0.11-fold (q-value < 10-5) and 0.17± 0.04-fold (q-value = 0.02) higher gene abundances of 252 

EFCs for cleaving internal (Nendo1) and terminal (Nexo1) C-N bonds in large protein polymers. For the EFC 253 

cleaving the terminal C-O bonds in N components from microbial cell walls (Nexo2), the abundance was 254 

0.17± 0.04-fold higher (q-value = 0.04) in the control than P-fertilized plots (Fig. 4a). However, the control 255 

plot had a significantly lower (-0.29±0.10-fold with q-value = 0.04) gene abundance of NinN1 (responsible 256 

for nitrification), than the P-fertilized plots. These findings suggest that microbial communities in the P-257 

limited control plots acquired N primarily from decomposition of protein and N components from 258 

microbial cell walls37.  259 

In summary, we found that long-term P fertilization systematically altered gene abundances of EFCs 260 

for acquiring C, N and P to maintain ecosystem-level stoichiometry. Compared with the P-fertilized soils, 261 

increased gene-coded enzyme abundances of EFCs for P-containing SOM mineralization in the control 262 

plots (Fig. 4b) indicated that soil microbial communities increased enzyme investment to acquire limiting 263 

resources. In the meanwhile, significantly decreased Clignin for decomposing lignin (q-value = 0.04) but 264 

increased Ccarbohydrates for decomposing carbohydrates (q-value = 0.002) in the control soils (Fig. 4b) implied 265 

that the community favored the simple C substrate (e.g., carbohydrates) to minimize energy expenditure for 266 

C acquisition when C is not limited. This efficient resource acquisition strategy is achieved in the model by 267 

adjusting gene abundances of EFCs among different functions 14.  268 

Hierarchical modeling of microbial functional diversity and environmental acclimation 269 

A critical question is whether and to which degree it is necessary to represent the functional diversity 270 

of soil microbial communities and associated environmental acclimation for accurately simulating soil 271 
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biogeochemical cycling. To answer this question, we constructed four versions of CoMEND with different 272 

representations of microbial functions. The first three versions represented high (H), moderate (M), and low 273 

(L) functional diversity of microbial communities, denoted by CoMENDH, CoMENDM, and CoMENDL, 274 

respectively. CoMENDH included all metagenomics-informed 22 EFCs for SOM decomposition and thus 275 

represented the high enzyme functional diversity, with each EFC catalyzing the decomposition of specific 276 

chemical compounds along the continuum decomposition pathway from litter residues to bioavailable 277 

monomers (Fig. 3c). CoMENDM ignored the differences in the degree of polymerization and assumed that 278 

the EFC with the minimum potential activity, which is the product of its concentration and potential 279 

specific kinetic activity, limited the decomposition rates of specific chemical compounds along its 280 

decomposition pathway. This assumption reduced the number of EFCs to 15 for SOM decomposition in 281 

CoMENDM, representing the moderate functional diversity of microbial communities (Fig. 3b). CoMENDL 282 

didn’t distinguish the specific chemical compounds and coarsely classified SOM into lignocellulose-283 

containing SOM, N-containing SOM, and P-containing SOM, with the decomposition of each SOM pools 284 

being catalyzed by a cluster of EFCs (Fig. 3a). In total, CoMENDL contained 11 clusters of EFCs, 285 

representing low functional diversity of microbial communities. The structure of CoMENDL is closer to 286 

existing microbial enzyme mediated models (e.g, MEND) with minimal distinction of enzyme functional 287 

diversity (two enzymes) and different chemistry of SOM (lignin-like and carbohydrate-like). For all three 288 

versions of CoMEND, a fixed allocation fraction of synthesized enzymes was used for each EFC over time, 289 

i.e., a static EFC allocation strategy was applied (details in the Methods section). This static EFC allocation 290 

strategy assumes no acclimation of soil enzyme functional compositions in response to nutrient availability. 291 

As a result, microbial C/P ratios can fluctuate with possible change in microbial community structure in 292 

response to nutrient availability. According to previous studies of C/P ratios of microbial communities38-40, 293 

we assume microbial C/P ratio can vary between 9 and 40. 294 

The fourth version (CoMENDHD) was CoMENDH plus the scheme of dynamic enzyme allocation in 295 

response to resource availability, and thus capable of simulating the functional allocation among different 296 

EFCs in responses to environmental change, i.e., environmental acclimation of the microbial communities. 297 

The dynamic enzyme allocation strategy in CoMENDHD optimized the enzyme investment strategy of the 298 

microbial community for mitigating resource limitation and was calibrated by comparing the 299 

metagenomics-informed and simulated effect sizes of EFCs in response to P fertilization (details in the 300 

Methods section). The model captured the metagenomics-informed effect sizes of EFCs to P fertilization 301 

(Fig. S4), indicating that CoMENDHD can simulate change in enzyme investment for acquiring limited 302 

resources. The Willmott Index (WI) of agreement41 was 0.49 for all EFCs and 0.67 for the EFCs with 303 

statistically significant effect sizes in response to P fertilization (Fig. S4). Higher WI implies better 304 

performance41.   305 
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We first ran each of the four versions of CoMEND over the period of 1998-2014 in the control and P-306 

fertilized soils. Since the Panamanian soils are not limited by N availability18, our historical comparisons 307 

focused on the effects of microbial functional diversity on soil C and P dynamics. To test how 308 

representation of functional diversity of enzyme composition impacts soil carbon dynamics at longer time 309 

scales, we compared the future soil carbon dynamics projected over the year 2015-2100 by CoMENDL, 310 

CoMENDM, CoMENDH. To test the effect of environmental acclimation on long-term soil carbon 311 

dynamics, we compared the same projection by CoMENDH with CoMENDHD. Each model was first driven 312 

by the Community Earth System Model (CESM) large assemble projection of  litter input, plan P uptake, 313 

10 cm depth of soil temperature and the detrended soil moisture under the RCP8.5 scenario (Simulation 314 

I)42, and then by the detrended soil temperature and moisture (Simulation II, see supplementary information 315 

(SI) Method S1), respectively. No nutrient fertilization was applied for the two simulations. Simulation I 316 

represented the projected SOM under changing soil temperature, whereas Simulation II served as the 317 

control simulation without considering trends in either temperature or soil moisture. The difference in the 318 

modeled SOM between the two simulations isolated the projected responses of soil carbon dynamics to 319 

climate change. 320 

Results of the hierarchical modeling 321 

We compared the effect of high, moderate, and low microbial functional diversity and environmental 322 

acclimation on (a) microbial stoichiometry, (b) microbial carbon, (c) microbial respiration, and (d) short- 323 

and long-term soil carbon dynamics. In summary (Fig. 5), low functional diversity of the modeled 324 

microbial community (CoMENDL) is sufficient to capture microbial carbon, microbial CO2 fluxes, and 325 

short-term soil organic carbon (SOC) in both the P-fertilized and the control soils, and microbial 326 

stoichiometry in the P-fertilized soils. However, representation of high functional diversity and 327 

environmental acclimation (CoMENDHD) is required to capture microbial stoichiometry and to mitigate 328 

projected soil carbon loss to climate warming in the P-limited control soils.  329 

 The effect of microbial functional diversity and environmental acclimation on microbial stoichiometry. 330 

This effect is assessed by comparing observed microbial C/P ratios with the corresponding simulations by 331 

CoMENDH, CoMENDM, CoMENDL, and CoMENDHD over the year 2006-200718 in the P-fertilized soils 332 

and the control soils with P deficiency (Fig. 6a). To further interpret the outcomes of this comparison, we 333 

also compared modeled C/P ratios of decomposition-released bio-available organic matter (Fig. 6b), and 334 

monophosphate mineralization rates (Fig. 6c) by CoMENDH, CoMENDM, CoMENDL, and CoMENDHD. 335 

To explain how enzyme functional diversity results in a difference in modeled decomposition rates among 336 

CoMENDH, CoMENDM, CoMENDL, we compared the catalyzation capacity of the corresponding EFC 337 

within each version of the model (Fig. 6e-f). Here the catalyzation capacity of an EFC refers to the 338 

Michaelis-Menten equation calculated turnover rates of each EFC-catalyzed SOM pool and how they vary 339 
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with the availability of corresponding SOM pool. The shaded area under each curve indicates the range of 340 

turnover rates of each EFC-catalyzed SOM over the year 2006-2007 according to the availability of 341 

corresponding SOM pool (Fig. 6e-f).  342 

The effect of microbial functional diversity and environmental acclimation on microbial stoichiometry 343 

depends on the soil nutrient status. Comparing modeled C/P ratios in the P-fertilized and the control soils 344 

by four versions of the model (Fig 6a), there is no significant difference in the modeled C/P ratios of 345 

microbial communities in the P-fertilized soils, but significant differences in the modeled C/P ratios in the 346 

control soils over the year 2006-2007 among CoMENDH, CoMENDM, CoMENDL, and CoMENDHD, with 347 

closer agreement with observed values for complex representations of microbial communities in 348 

CoMENDHD. This result indicates that representation of microbial functional diversity and environmental 349 

acclimation is particularly important for capturing microbial stoichiometry in the nutrient-deficient soils.  350 

Representation of high functional diversity mitigates overestimated microbial C/P ratios in the control 351 

soils. CoMENDL significantly overestimated the C/P ratio in the microbial community with the WI of -0.73 352 

(Fig. 6a). This model bias was gradually improved with increased representation of microbial functional 353 

diversity in CoMENDM (WI = -0.55) and CoMENDH (WI=-0.40) (Fig. 6a). This improvement is due to the 354 

fact that increased enzyme functional diversities in CoMENDH and CoMENDM decrease the C/P ratios of 355 

decomposition-released bioavailable organic matter (RSOC/RSOP) (Fig. 6b) and also increase the 356 

mineralization of monomer P (Fig. 6c). Modeled higher P availability for microbial assimilation by 357 

CoMENDH and CoMENDM is because both versions of CoMEND are able to partition different 358 

catalyzation capacity of different EFCs for decomposing organic carbon and phosphorus (Fig. 6d-f). For 359 

example, comparing modeled turnover rates (TRs) over 2006 – 2007 year for represented lignocellulose 360 

pools (Fig. 6d), diester P pools (Fig. 6e) and monomer P pools (Fig. 6f) in CoMENDH, CoMENDM, and 361 

CoMENDL, respectively, we find that the carbohydrates (Ccarbohydrates) pool in CoMENDM and the 362 

oligopolymer carbon (Coligo)  pool in CoMENDH usually have lower TRs than the lignocellulose 363 

(CLignocellulose) pool in CoMENDL (Fig. 6d). However, the nucleotides pool (Pnucleicacids) in CoMENDM and the 364 

oligonucleotides (Poligo1) pool in CoMENDH have higher TRs than the total diester P pool in CoMENDL 365 

(Fig. 6e). These differences lead to the release of more bioavailable organic P, but less bioavailable organic 366 

C, and thus explain smaller C/P ratios of bioavailable organic matter in CoMENDH and CoMENDM than in 367 

CoMENDL (Fig. 6b). Moreover, both CoMENDH and CoMENDM differentiate the inositol P pool 368 

(Pmono1EFC15 and Pmono1EFC22) and the non-inositol monophosphate pool (Pmono2EFC15 and Pmono2EFC22). The 369 

latter has higher concentration and TRs (Fig. 6f) due to more release of nucleotides from Pnucleicacids  pool in 370 

CoMENDH and the Poligo1 in CoMENDM (Fig. 6e), compared with CoMENDL. Consequently, CoMENDH 371 

and CoMENDM simulate higher mineralization rates of total monomer P than CoMENDL (Fig. 6c).   372 
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Compared with CoMENDH, the dynamic enzyme allocation in CoMENDHD further improved the 373 

simulations of microbial stoichiometry during the year 2006-2007 in the control Panamanian soils 374 

(WI=0.12). The modeled microbial C/P ratios by CoMENDHD are consistent with observations from the P-375 

deficient control soils (Fig. 6a). This improvement is due to the capability of the dynamic enzyme 376 

allocation scheme to simulate increased enzyme allocation for organic P decomposition and mineralization 377 

under P-limited condition, as indicated by modeled lower C/P ratios of decomposition-released bio-378 

available organic matter (RSOC/RSOP) (Fig. 6b) and higher monophosphate mineralization rates (Fig. 6c) in 379 

CoMENDHD than in CoMENDH. This improved simulation of microbial C/P ratios in the P-deficient soils 380 

makes it possible for CoMENDHD to model the relative homeostatic C/P ratios of soil microbial 381 

communities under changing nutrient availability (Fig. 6a). Consistent with observations 14,18,32, both 382 

CoMENDH and CoMENDHD parameterized a marginally significant increase in plant litter input but 383 

unchanged bacteria-dominated microbial communities in the P-fertilized simulation, compared with the 384 

control simulation. Thus, the capture of homeostatic C/P ratios of soil microbial communities in the P-385 

fertilized and the control soils by CoMENDHD indicate that enzyme dynamics in response to nutrient 386 

availability is critical for maintaining homeostatic stoichiometry of a microbial community without 387 

structural change.  Also, CoMENDHD can use the same parameters to simulate control and P-fertilized 388 

soils, simplifying the parameterization needs when the model is applied to different sites with diverse 389 

nutrient availability.  390 

 391 

The effect of microbial functional diversity and environmental acclimation on short-term and long-term 392 

soil carbon dynamics. All four versions of the model are able to capture microbial carbon stocks during 393 

2006-2007 and microbial CO2 fluxes in an incubation experiment in both control and P-fertilized soils 394 

(Fig.7a-b and d-e). The WI of agreement between measured microbial carbon and the simulated microbial 395 

carbon by four versions of the model is around 0.52-0.55 in the P-fertilized soils and 0.43-0.46 in the 396 

control soils. All four versions of the model simulated around 18% higher microbial carbon stock in the P 397 

fertilized soils than in the control soils, which is close to observed 20% higher microbial carbon stock. This 398 

result indicates that higher microbial carbon stock with P fertilization mainly results from significant 399 

increase in plant litter input32, but not enzyme dynamics of microbial communities. Modeled microbial CO2 400 

fluxes fall within the measurement error of observed values, and CoMENDH and CoMENDHD can better 401 

capture the CO2 fluxes at the beginning of the incubation experiment than CoMENDM and CoMENDL, as 402 

indicated by increased WI values (Fig. 7b, e). The total soil organic carbon stocks (SOC) from field 403 

measurements from 2006 to 2014 was modeled by CoMENDL, CoMENDH, and CoMENDHD and fall 404 

within the measurement error of observed SOC stocks, whereas the WI agreement between observed and 405 

simulated SOC stocks by CoMENDH and CoMENDHD are higher than the corresponding simulation by 406 

CoMENDL (Fig. 7c, f). CoMENDM underestimated SOC stocks in the P-fertilized soils (Fig. 7c) because 407 
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CoMENDM doesn’t differentiate the carbohydrates with different degrees of polymerization, and thus 408 

CoMENDM may overestimate available organic carbon for Ccarbohydrates.                                                                                                                              409 

Although CoMENDL, CoMENDH, and CoMENDHD have the ability to capture short-term microbial 410 

dynamics and field SOC dynamics, their differences in simulating SOC dynamics are distinct over 411 

timeframes of interest for climate projections. Representation of high functional diversity of microbial 412 

communities in CoMENDH reduces the projected SOC loss in response to climate warming in the 413 

Panamanian soils. Climate change under the RCP8.5 scenario will increase soil temperature to 2.6 C by 414 

the year 2100 (Fig. 7g). Driven by this warming trend, all versions of the model simulate a loss of SOC due 415 

to decreased microbial carbon use efficiency, increased microbial maintenance activity, increased enzyme 416 

kinetic activity as well as the acceleration of desorption/adsorption of soil substrates. In the P-fertilized 417 

soils, CoMENDL, CoMENDM and CoMENDH projected SOC loss of 4.0%, 3.8% and 2.8%, respectively, 418 

by the year 2100 (Fig. 7h). The corresponding loss of SOC in control soils is 4.0%, 3.5% and 2.2%, 419 

respectively (Fig. 7i). CoMENDH projects reduced SOC loss because observed EFCs have different 420 

temperature sensitivities (Fig. S5a-b). Increased representation of enzyme functional diversity enables 421 

CoMENDH to model diverse temperature responses of soil microbial communities to climate change, 422 

leading to mitigated SOC loss in response to soil warming.  423 

Representation of environmental acclimation of soil enzyme composition in CoMENDHD reduces the 424 

projected SOC loss in response to soil warming in the control soils; however, this acclimation effect 425 

gradually weakens over the time. CoMENDHD predicts SOC loss of 0.5% from 2025 to 2060, almost half of 426 

the SOC loss projected by CoMENDH over the same period (Fig.7i). The reduced projected loss by 427 

CoMENDHD is because P-deficiency in the control soils increases the microbial production of P-acquisition 428 

enzymes, which usually have lower temperature sensitivity than C-acquisition enzymes (Fig. S5a-b), 429 

leading to decreased SOC loss in response to warming. It is noticeable that this mitigation of SOC loss 430 

tends to decrease after the year 2060 when dynamic enzyme allocation is not enough to mitigate P 431 

limitation on microbial growth. 432 

In summary, our scenario analysis suggests that the projected responses of SOC stocks to climate 433 

warming are highly sensitive to model structures in representing functional diversity and environmental 434 

acclimation of microbial communities. Such representation is important for mitigating uncertainty in the 435 

projected SOC dynamics in soils with resource limitation in a warming climate. 436 

Conclusion and future directions 437 

The increasing availability of environmental metagenomic analyses offers new opportunities to 438 

elucidate microbial processes and their mediation of ecosystem functioning in models of biogeochemical 439 

cycles. Such critical quantitative insights so far have remained elusive because of the complexities of 440 
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metagenomic data and the large gaps between gene and ecosystem scales. Our study demonstrates a 441 

solution to bridge this gap.  442 

Our strategy to represent enzymatic activities is similar to the biochemical model of photosynthesis43 443 

which has been successfully applied in ESMs. However, unlike the process of photosynthesis where only 444 

one enzyme (Rubisco) plays a dominant role in CO2 assimilation, a vast number of enzymes play equally 445 

important roles in decomposing complex SOM to release vital nutrients, making the explicit representation 446 

of individual enzymatic activities unrealistic within a modeling framework. We overcome this challenge by 447 

applying an EFC approach which groups enzymes into functionally similar classes along continuum 448 

depolymerization pathways34 beginning with litter residues and ending with bioavailable monomers. The 449 

joint use of metagenomic datasets with growing biochemical databases (e.g., BRENDA) enables such 450 

grouping. A clear advantage of the approach is that taxonomic specification of the microbial community, 451 

which can change radically over spatial scales, becomes unnecessary.  452 

Our study found that EFCs are dynamic with consequences regarding the decomposition of SOM. The 453 

dynamics of EFCs reflect the adaptation of microbial communities to changing environmental conditions. 454 

EFC dynamics can be predicted based on the strategy that investment in enzymes for acquisition of the 455 

limiting nutrients is maximized while enzyme production for non-limiting nutrients is minimized. This 456 

strategy allows an explicit representation of microbial functional acclimation to environmental perturbation 457 

for modeling carbon and nutrient cycles. The integration of the EFC concept with this optimization strategy 458 

for acquiring limiting resources provides a logical avenue for harnessing the power of metagenomics data 459 

to improve soil biogeochemical models.  460 

Instead of representing diverse microbial community composition, CoMEND is the first 461 

metagenomics-informed soil biogeochemical model that represents enzyme functional diversity of 462 

microbial communities and dynamically predicts the acclimation of enzyme functional composition of 463 

microbial communities to environmental perturbation (e.g., fertilization). CoMEND explicitly considers 464 

efficient resource acquisition of the microbial community and the feedbacks between enzyme functional 465 

allocation of microbial communities, SOM decomposition, and resource availability. Testing and applying 466 

this novel model in Panamanian soils demonstrated that CoMEND with low functional diversity 467 

representation can be used to model short-term microbial and SOC dynamics in nutrient-abundant soils, 468 

whereas representing high functional diversity and environmental acclimation of microbial communities is 469 

important for SOC projection under nutrient-limited conditions under a changing climate over the long 470 

term. 471 

Our study identifies potential advances along several promising directions for future endeavors. First, 472 

developed CoMEND with hierarchal level of representation of microbial functional diversity provides 473 

flexibility to choose models for different study needs. For the studies projecting long term carbon dynamics 474 



 

 

15 

 

in nutrient-limited soils, CoMENDHD can integrate omics data to represent functional diversity and 475 

environmental acclimation of microbial communities and their impacts on SOC dynamics. Second, the 476 

concept and analytical framework developed here are sufficiently general to be applicable to other -omics 477 

measurements (e.g., metatranscriptome, metaproteome). These techniques can be used to measure instant or 478 

short-term response of microbial-mediated biogeochemical processes to environmental change, which has 479 

not been considered in the current metagenomics-informed CoMEND model. Prediction of actual microbial 480 

community functions would require an integration of multiple types of -omics measurements into a single 481 

modeling framework. This model represents the first step to incorporating multiple -omics measurements 482 

into models. Finally, applying the approach developed here in the Panama soils simulation give us 483 

confidence to apply our model to simulate other highly weathered and P-limited tropical soils. To test the 484 

performance of the presented model in other region, more experiment-CoMEND integration studies are 485 

needed. Future studies could establish the biogeography of microbial enzyme functional composition and 486 

environmental adaptation strategy from large-scale -omics databases (e.g., Earth Microbiome Project)44. 487 

Especially, soil omics data from experiments with both soil temperature, soil moisture, and nutrient 488 

treatments are needed to parameterize environmental adaptation strategy in response to combined nutrient 489 

and moisture change. Also, long-term and high sampling frequency of omics data are needed to 490 

parameterize how environmental acclimation strategies of microbial communities vary with time. As most 491 

of identified 118 enzymes in Panamanian sites involve the decomposition of common soil C, N, and P 492 

substrates, we hypothesize that most of these enzymes can be found in other regions also, but their relative 493 

abundance may vary with environmental condition. This hypothesis could be tested in future large-scale -494 

omics database analysis. These efforts will pave the way for explicit representation of microbial processes 495 

in ESMs to better predict interactions between the soil microbial community and vegetation.  496 

 497 
Methods 498 
 499 
Metagenomic data source 500 

The metagenomic data were measured on soil samples collected from P-deficient control plots and P-501 

fertilized plots in December 2014 on the Gigante Peninsula, Republic of Panama14. This site (9.1oN, 502 

79.84oW), managed by the Smithsonian Tropical Research Institute, is underlain by Oxisol soils and has 503 

alternating wet (May-November) and dry seasons (December - April)18. Since 1998, two control plots had 504 

not received any fertilization while two P-fertilized plots received 50 kg P ha-1 year-1 as triple 505 

superphosphate applied in four equal doses each year18,32.  Metagenomic data were attained through deep 506 

sequencing of extracted genomic DNA from four soil samples collected from two control plots and two P-507 

fertilized plots. The gene abundance of an EC number was quantified in the metagenomes based on 508 

normalized base-pair counts of reads mapped onto proteins annotated with this EC number. The difference 509 

in the gene abundance of an EC number between the control and P-fertilized plots was expressed as the 510 
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fold change of the former relative to the latter. The statistical significance of this specific gene abundance 511 

difference between the control and P-fertilized plots was examined through differential analysis, performed 512 

using likelihood ratio tests with Benjamini-Hochberg multi-comparison corrections in the edge R 513 

package14. Statistically significant differences in gene abundances between control and P-fertilized plots 514 

were identified using optimized false discovery rates (i.e., q values) <0.05 and fold changes of gene 515 

abundance ≥ 1.2. More details about metagenomic analyses were described in our previous study14.   516 

Grouping of enzyme functional classes (EFCs)  517 

We applied both bottom-up and top-down considerations to classify enzymes into EFCs in the tropical 518 

soils. We narrowed the full set of metagenomics data, which consisted of 2135 different enzymes encoded by 519 

genes, down to a list of 118 EC numbers that were related to SOM decomposition, mineralization, and inorganic 520 

N and P transformation. This list was created by querying properties of each EC number from biochemical 521 

databases, such as BRENDA20 and MetaCyc45, and querying enzyme available SOM compounds by collecting 522 

reported SOM and inorganic N and P components at Panama site46-48 and performing SOM analysis with 523 

Electrospray Ionization Fourier Transformed Ion Cyclotron Resonance Mass Spectrometry (ESI-FTICR MS), 524 

which can inform specific soil chemical components, such as lignin-like, carbohydrate-like, and protein-like 525 

SOM49,50 (See details of ESI-FTICR MS analysis in SI Method S2). Properties considered in this bottom-up 526 

process included the functions, reactions, involved pathways, and substrates that the enzymes catalyze. As the 527 

number of different enzymes identified in the bottom-up process was too great to warrant individual 528 

representation in ecosystem-scale applications, a top-down process was then applied to classify the identified 529 

enzymes into groups based on functional similarities, i.e., EFCs. Functional similarities considered included: 530 

- The chemical compound acted on by the enzyme, i.e., EC number  531 

- The location of the cleaved bond in this compound (e.g., the internal or terminal bonds of large 532 

polymers, or the bonds within oligopolymers) 533 

- The degree of polymerization of products along the continuum decomposition pathway from litter 534 

residues to bioavailable polymers 535 

- Specific transformation pathways for inorganic nutrients. 536 

The application of these top-down considerations logically resulted in the identification of 22 EFCs. 537 

These 22 EFCs fell into four broad clusters: 538 

- Cluster for the decomposition of lignocellulose-containing SOM (e.g., carbohydrates, lignin) 539 

- Cluster for the decomposition of N-containing SOM (e.g., proteins, N components from microbial 540 

cell walls) 541 

- Cluster for the decomposition of P-containing SOM decomposition pathway (e.g. nucleic acids, 542 

phospholipids, and inositol P decomposition) 543 
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- Cluster for nitrification, denitrification, N assimilation, N fixation, P immobilization, N 544 

mineralization, and biological P mineralization and biochemical P mineralization for phytate and 545 

general monophosphate.   546 

 547 

Integrative analysis of EFC-specific effect size 548 

We estimated the response of an EFC j to P availability by calculating the combined effect size for all 549 

Ij gene-encoded enzymes within the EFC j26,27. Effect size measures differential gene-encoded enzyme 550 

abundance between control and treatment (e.g., the control and P-fertilized soils) and is defined as the log2 551 

fold change (𝐸𝐹𝑖𝑗)14,27. 552 

𝐸𝐹𝑖𝑗 = log2 (𝐸𝑐𝑖𝑗 𝐸𝑡𝑖𝑗⁄ ),      (1) 553 

where 𝐸𝑐𝑖𝑗  and 𝐸𝑓𝑖𝑗 are the means of abundance of gene-encoded enzyme i (i=1, 2… Ij ) within EFC j (j=1, 554 

2,……, 22) in the control and P-fertilized samples, respectively. 555 

We built a hierarchical effect size model to calculate the combined effect size for all EC numbers in 556 

an EFC j (𝐸𝐹̅̅ ̅̅ 𝑗)26,27. 557 

{𝐸𝐹𝑖𝑗 = 𝐸𝐹𝑗 + 𝜀𝑖𝑗 ,   𝜀𝑖𝑗~𝑁(0, 𝑠𝑖𝑗2  )𝐸𝐹𝑗 = 𝐸𝐹̅̅̅̅ 𝑗 + 𝛿𝑗 ,   𝛿𝑗~𝑁(0, 𝜏𝑗2) ,     (2)  558 

where  𝜀𝑖𝑗~𝑁(0, 𝑠𝑖𝑗2  ) is the sample variance of gene-encoded enzyme 𝑖 within an EFC  j and 559  𝛿𝑗~𝑁(0, 𝜏𝑗2)  is the variance among gene-encoded enzymes within an EFC j. 𝑠𝑖𝑗2  is the sample variation of 560 

the log fold-change 𝐸𝐹𝑖𝑗 given by27:  561 

𝑠𝑖𝑗2 = 1𝑛𝑡 𝑠𝑡𝑖𝑗2𝐸𝑡𝑖𝑗2 + 1𝑛𝑐 𝑠𝑐𝑖𝑗2𝐸𝑐𝑖𝑗2  ,     (3) 562 

where 𝑛𝑡 and 𝑛𝑐 are sample sizes in the P-fertilized and control soils, respectively (𝑛𝑡 = 𝑛𝑐 =2). 𝑠𝑡𝑖𝑗2  and 563 𝑠𝑐𝑖𝑗2  are the variance of abundance of enzyme 𝑖 within an EFC j in the P-fertilized and control soils, 564 

respectively. 565 

The effect size model interprets that the difference in the effect size of all gene-encoded enzymes in 566 

an EFC j is either from sampling error alone (𝜏𝑗2 = 0, the fixed-effects model) or from both sampling error 567 

and the variance among gene-encoded enzymes within the EFC j (𝜏𝑗2 ≠ 0, the random-effects model).  568 

 We used the Cochran’s homogeneity test51,52 to examine the null hypothesis that the variance among 569 

gene-encoded enzymes within the EFC j is equal to zero.  570 
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𝑄𝑗 = ∑ 𝑤𝑖𝑗𝐼𝑗𝑖 (𝐸𝐹𝑖𝑗 − 𝐸𝐹̅̅ ̅̂̅ 𝑗)2,         (4) 571 

where 𝑤𝑖𝑗 = 𝑠𝑖𝑗−2, and  𝐸𝐹̅̅ ̅̂̅ 𝑗 = ∑ 𝑤𝑖𝑗𝐸𝐹𝑖𝑗𝐼𝑗𝑖=1∑ 𝑤𝑖𝑗𝐼𝑗𝑖=1   is the weighted least square estimator of the combined effect size 572 

when a zero 𝜏𝑗2 is assumed. The null hypothesis is accepted when 𝑄𝑗 follows a Chi-square 573 

(𝜒𝐼−1) distribution and yields a p-value larger than 5% (within 95-percentile). Otherwise, 𝜏𝑗2 and 𝐸𝐹̅̅ ̅̂̅ 𝑗 are 574 

estimated for a random-effects model as follows26. 575 

𝜏𝑗2 = 𝑚𝑎𝑥 {0, (𝑄𝑗−(𝐼−1))(∑ 𝑤𝑖𝑗−(∑ 𝑤𝑖𝑗2∑ 𝑤𝑖𝑗 ))},      (5) 576 

𝐸𝐹̅̅ ̅̂̅ 𝑗 = ∑ 𝑤𝑖𝑗𝑅𝐸𝐹𝑖𝑗𝐼𝑗𝑖=1∑ 𝑤𝑖𝑗𝑅𝐼𝑗𝑖=1 ,        (6) 577 

where 𝑤𝑖𝑗𝑅 = (𝑠𝑖𝑗2 + 𝜏𝑗2)−1. The variances for both the fixed-effects model and random-effects model are 578 

defined as 𝑉𝑎𝑟(𝐸𝐹̅̅ ̅̂̅ 𝑗) = ∑ 𝑤𝑖𝑗𝑅𝐼𝑗𝑖=1(∑ 𝑤𝑖𝑗𝑅)𝐼𝑗𝑖=1 2  , where for the fixed-effects model, 𝜏𝑗2 in 𝑤𝑖𝑗𝑅 is zero. 579 

Finally, we evaluated the statistical significance of the effect size of an EFC j by calculating the p-580 
value of the adjusted Z statistics26.  581 𝑍𝑎𝑑𝑗𝑗 = 𝐸𝐹̅̅ ̅̂̅ 𝑗(𝑠0+√𝑉𝑎𝑟(𝐸𝐹̅̅ ̅̂̅ 𝑗)) ,         (7)   582 

here 𝑠0 is the quantile of the EFC-wise standard errors. We further calculated the adjusted p-value (q-value) 583 
by estimating the false discovery rates (FDR)53. The effect size of an EFC j is considered statistically 584 
significant with the q-value <0.05. 585 

 586 

The CoMEND model 587 

To enable representation of metagenomics-informed enzyme functional dynamics and the continuum 588 

SOM decomposition cascade34, we developed the Continuum Microbial Enzyme Decomposition 589 

(CoMEND) model based upon the MEND model28-30. The original MEND model uses Michaelis-Menten 590 

kinetics with three generic enzyme pools to simulate enzyme-mediated decomposition processes of three 591 

physically-defined SOM pools28. In contrast, the CoMEND model contains 22 metagenomics-informed 592 

EFCs and uses chemical compositions and degrees of polymerization to hierarchically reclassify 593 

physically-defined SOM and inorganic nutrient pools. The first hierarchical level separates the chemistry of 594 

the raw organic inputs into two lignocellulose-containing (carbohydrate and lignin), two N-containing 595 

(protein and cell wall components), and three P-containing (nucleic acids, phospholipids and inositol P) 596 

pools. The second hierarchical level considers the degrees of polymerization, resulting in the SOM pools 597 

being further classified into residue pool (ROM), large polymer pool (LOM), oligopolymer pool (OOM), 598 

and monomer pool (MOM). Together these two hierarchies lead to four lignocellulose-containing, five N-599 
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containing, five P-containing SOM pools and one bioavailable monomer pool (Fig. 2 and Supplementary 600 

Data S3). The third hierarchical level considers physical factors and classifies each SOM pool into 601 

microbial-activated (ASOM), mineral-protected (MSOM), and adsorbed phase (QSOM). Only the ASOM 602 

pools are catalyzed by the corresponding EFCs. The microbial-activated monomer pool (AMOM) is similar 603 

to the dissolved organic matter (DOM) pool in the original MEND model, which was defined as being 604 

potentially available for microbial uptake. The details of fluxes and dynamics of each SOM can be found in 605 

the SI Method S3. 606 

Parameterization of the dynamic EFC allocation scheme for resource acquisition 607 

The original MEND model considered the modification of environmental factors on reaction rates 608 

(Table S2), but not microbial acclimation to environmental perturbation. In the CoMEND model, we 609 

develop a metagenomics-informed dynamic EFC allocation scheme to parameterize adaptive microbial 610 

responses to environmental perturbation. This scheme assumes that the allocation of microbially-611 

synthesized enzymes to each EFC varies with the availability of C, nutrients and soil water in order to 612 

maximize the acquisition of limiting resources and minimize energy consumption and osmotic stress. The 613 

fractions of microbially synthesized enzymes allocated to 22 EFC (𝑓𝐶𝑖 , 𝑓𝑁𝑗 , 𝑓𝑃𝑘) are calculated as a 614 

function of the limitation factors of C, N, P, and soil water and the sensitivity of specific EFC allocation to 615 

each limitation factor, which depend on metagenomics-informed enzyme synthesis and allocation among 616 

nutrient acquisition, energy investment, and osmolyte synthesis and can be validated by integrated effect 617 

size of each EFC in response to nutrient and water stresses. The parameterization details of the dynamic 618 

EFC allocation scheme can be found in the SI Method S4. 619 

Model parameterization 620 

The CoMEND model had two types of parameters: the general kinetics parameters and the site-621 

specific parameters. The kinetics parameters for a given EFC (Supplementary Data S4) were the maximum 622 

specific enzyme activity (Vd) and half-saturation constant (Ks) at the reference temperature and optimum 623 

pH, activation energy (Ea), optimal soil pH (pHopt), and sensitivity to soil pH (pHsen). We identified these 624 

parameters by collecting around 4900 kinetics parameters for 118 EFCs-involved enzymes from the 625 

BRENDA biochemical database20. To differentiate kinetics parameters among different microbial 626 

kingdoms, the kinetic parameters of each enzyme and their variability among isoenzymes were quantified 627 

by estimating the mean value and standard deviation of each enzyme’s data collected from bacteria, fungi 628 

or archaea respectively and then calculating their weighted mean based on omics-informed relative ratios of 629 

bacteria, fungi or archaea14. Then, the kinetic parameters of each EFC and their variability were estimated 630 

by calculating weighted mean and weighted standard deviation of the corresponding kinetic parameters of 631 

all enzyme classification (EC) in each EFC (SI Method S5). The weighted factor was the relative gene 632 

abundance of each EC number within the EFC (Supplementary Data S2). The site-specific parameters (e.g., 633 
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the sensitivity parameters of enzyme allocation to resource availability, rate constant of inorganic P 634 

conversion, etc. Supplementary Data S5) were optimized using the SCE (Shuffled Complex Evolution) 635 

algorithm29,54 (Method S6 in SI). To avoid over-fitting and make sure the tested differences among 636 

CoMENDL, CoMENDM, CoMENDH and CoMENDHD result from model structure differences rather than 637 

model parameters optimization, we only calibrated these site-specific parameters for CoMENDHD and 638 

applied them in the other version of CoMEND. Other site-specific parameters were determined based on 639 

literature research (Supplementary Data S6).  640 

 641 

Model initialization and case simulation  642 

To determine how metagenomics-informed functional diversity and environmental acclimation of 643 

microbial communities affect the simulation of microbial activities and the soil decomposition processes 644 

mediated by them, we constructed four versions of the CoMEND model, labeled CoMENDL, CoMENDM, 645 

CoMENDH and CoMENDHD, respectively. CoMENDL, CoMENDM, and CoMENDH represented low (11 646 

EFCs), moderate (15 EFCs), and high (22 EFCs) functional diversity of microbial communities, with fixed 647 

enzyme allocation and thus no environmental acclimation. CoMENDHD was the complete version of 648 

CoMEND with high functional diversity and dynamic enzyme allocation strategy. These four versions were 649 

used to simulate the soil organic matter and microbial biomass in one P-fertilized plot and one control plots 650 

at the long-term (17 years) fertilization site in Panama. For each simulation, the pool sizes of SOM, 651 

inorganic N and P, and microbial biomass were initialized with soil measurements from 1998 representing 652 

the initial soil physical and chemical properties before fertilization18,47,48,55 (Supplementary Data S7). Then 653 

two simulations were conducted for each version of the model with and without P fertilization from the 654 

year 1998 to 2014, respectively and driven by observed hourly soil temperature, hourly soil moisture, and 655 

monthly litter input and plant P uptake rate. Built upon these simulations, we further use CESM-projected 656 

climate forcing, litter input, and plant P uptake rate to drive simulations over the period of 2015-2100. 657 

Details about the input data can be found in the Method S7-S8 of the SI.  658 

Soil incubation experiment 659 

To evaluate interactive effects of microbial communities and environments on the soil CO2 emission, 660 

we performed lab soil incubation experiments at 26oC and sampled soil water content of the control and P-661 

fertilization plots, respectively. One hundred grams equivalent dry weight of each soil sample was used and 662 

the incubation had three replicates. Each of the control and P-fertilized plots were incubated with no 663 

treatment to represent dry conditions, and 20 ml of Milli-Q water was added to represent the normal 664 

moisture level in Panama soils. Each incubation lasted for 120 hours, and the CO2 emission was measured 665 

with a MicroOxymax respirometer (Columbus Instruments International, Columbus, OH, USA). 666 

Model evaluation 667 



 

 

21 

 

We used the refined Willmott’s index (WI)41 to quantify the degree to which the model simulations 668 

agreed with the observed enzyme allocation and microbial CO2 emission from laboratory incubations of the 669 

2014 soil samples, and microbial biomass, C/P ratio, and soil carbon stock18. The WI index was calculated 670 

in Eq. 8. 671 

𝑊𝐼 = {1 − ∑ |𝑀𝑖−𝑂𝑖|𝑁𝑖=12 ∑ |𝑂𝑖−�̅�|𝑁𝑖=1 𝑖𝑓 ∑ |𝑀𝑖 − 𝑂𝑖| ≤ 2 ∑ |𝑂𝑖 − �̅�|𝑁𝑖=1𝑁𝑖=12 ∑ |𝑂𝑖−�̅�|𝑁𝑖=1∑ |𝑀𝑖−𝑂𝑖|𝑁𝑖=1 − 1 𝑖𝑓 ∑ |𝑀𝑖 − 𝑂𝑖| > 2 ∑ |𝑂𝑖 − �̅�|𝑁𝑖=1𝑁𝑖=1 ,                (8) 672 

where 𝑀𝑖 and 𝑂𝑖  represent the modeled and observed data, respectively. �̅� is the mean of observed data. N 673 

is the number of the paired observed and modeled data. WI index varies from -1 to 1. The value of 1 674 

indicates perfect agreement between the modeled and observed values, while -1 indicates either a lack of 675 

agreement between the model and observation or insufficient variation in observations to adequately test 676 

the model.   677 

In addition, we performed a one-way analysis of variance (ANOVA) test to assess whether there were 678 

significant differences among observations and simulations by CoMENDL, CoMENDM, CoMENDH, and 679 

CoMENHD. Analyzed variables includes the C/P ratios of microbial communities, the C/P ratios of 680 

decomposition-released bio-available organic matter (RSOC/SOP), and monophosphate mineralization rates 681 

(RmonomerP), The significant differences in data among observations and different versions of the model were 682 

defined when the p-value of the ANOVA test was less than the 0.05 significance level. The Dunn and 683 

Sidak significant difference post hoc was performed to identify which two categories (e.g., observation vs 684 

simulation, or two simulation by different version of the model) for the tested variables were significantly 685 

different from each other, respectively. All statistical analyses were performed with Matlab 2019b. 686 
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Figures and Tables 876 
 877 

 878 
Figure 1. Strategies for modeling functional diversity and environmental acclimation of soil microbial 879 

communities. (a) Classification of enzyme functional classes (EFCs); (b) upscaling environmental 880 

acclimation of microbial communities from the gene to community level; (c) Optimal EFCs allocation for 881 

acquiring limiting resources. Here CEFC, NEFC, and PEFC represent EFCs for decomposing lignocellulose, N-882 

containing soil organic matter (SOM), and P-containing SOM, respectively. NEndo, NExo, NOligo indicate the 883 

EFC that acts on the internal chemical bond of N-containing SOM residues, terminal bonds of large 884 

polymer N-containing SOM, and chemical bonds in the oligopolymers of N-containing SOM. The angle 885 

size of the triangle indicates the tradeoff of enzyme production between CEFC, NEFC, and PEFC.  The C, N, 886 

and P limitation increases along the direction of each axis. 887 
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 889 

Figure 2. Conceptual diagram of the Continuum Microbial Enzyme Decomposition (CoMEND) model. 890 

The soil organic matter (SOM) is partitioned following the continuum decomposition from the microbially-891 

activated residue pool (AROM) to large polymer pool (ALOM), to oligopolymer pool (AOOM) and finally 892 

to bioavailable dissolved monomer pool (DOM). Each microbially-activated SOM pool has its 893 

corresponding adsorbed phase pool (e.g. QROM, QLOM, QOOM, QMOM) and mineral-protected pool 894 

(e.g. MROM, MLOM, MOOM, MMOM). Each SOM pool is classified as lignocellulose-containing, N-895 

containing and P-containing SOM according to the central pathways involved in releasing bioavailable C, 896 

N, and P. The value in the parentheses indicates the number of sub-pools in each lignocellulose-containing, 897 

N-containing, and P-containing SOM pool. LC, LN, LP, and LW represent the limitation factors for C, N, P, 898 

and soil water. The closer their values are to 1, the stronger their limitations of C, N, P and soil water. 899 
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 902 
Figure 3. Metagenomics-informed enzyme functional classes (EFCs) and the cascade of soil organic matter 903 

(SOM) decomposition catalyzed by the EFCs in three versions of CoMEND: (a) CoMENDL; (b) 904 

CoMENDM, and (c) CoMENDH. CoMENDH included all 22 metagenomics-informed EFCs for 905 

decomposing diverse SOM with different degrees of polymerization (e.g., polysaccharides vs. 906 

oligosaccharides) and energy expenditures for decomposition (e.g., complex lignin vs. simple 907 

carbohydrates), and thus represented high enzyme functional diversity. CoMENDM only included 15 EFCs 908 

for diverse SOM with different energy expenditure for decomposition and thus represented moderate 909 

functional diversity of microbial community. CoMENDL did not distinguish SOM complexity, included just 910 

11 EFCs, and thus represented low functional diversity of microbial community. CoMENDHD added 911 

environmental acclimation of microbial communities to CoMENDH. The definition of each EFC can be 912 

found in Table S1. 913 
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 915 

Figure 4. The combined effect sizes of soil enzyme functional classes (EFCs) between the control and the 916 

P-fertilized soils. The green, yellow, and red bars represent EFCs for decomposing lignocellulose-917 

containing, N-containing, and P-containing SOM, respectively. In the P-limited control soils, microbial 918 

communities increased enzyme investment to acquire limiting P resources and favored simple C substrate 919 

(e.g., carbohydrates), instead of complex lignin, to minimize energy expenditure for  C acquisition.: (a) 920 

EFC is classified based on both the chemical compounds and the locations of the cleaved chemical bonds 921 

of the organic substrate that each EC number acts on; (b) EFC is classified based on the chemical 922 

compounds of soil substrate that each EC number acts on.  The error bar represents the standard deviation 923 

of the combined effect size of each EFC. Black stars (*) indicate statistically significant differences in the 924 

EFC between the control and P-fertilized soils (q-value <0.05). Red stars (*) indicate a homogenous effect 925 

size for all EC numbers within an EFC.  926 

  927 



 

 

31 

 

 928 

Figure 5. A summary of the effect of high, moderate, and low microbial functional diversity and 929 

environmental acclimation on microbial C/P ratios (MBC/MBP), microbial carbon (MBC), microbial CO2 930 

fluxes (CO2), and short-term and long-term soil organic matter (SOM) dynamics. Here we indicate this 931 

effect by comparing the performance of four versions of CoMEND and listing the version of the model that 932 

can better capture each tested variable and has the minimum complexity of model parameterization. The 933 

four versions of the model with different complexity of model parameterization include: (1) CoMENDH 934 

included all 22 metagenomics-informed EFCs for decomposing diverse SOM with different degrees of 935 

polymerization (e.g., polysaccharides vs. oligosaccharides) and energy expenditures for decomposition 936 

(e.g., complex lignin vs. simple carbohydrates), and thus represented high enzyme functional diversity. 937 

CoMENDM only included 15 EFCs for diverse SOM with different energy expenditure for decomposition 938 

and thus represented moderate functional diversity of microbial community. CoMENDL did not distinguish 939 

SOM complexity, included just 11 EFCs, and thus represented low functional diversity of microbial 940 

community. CoMENDHD added environmental acclimation of microbial communities to CoMENDH. The 941 

definition of each EFC can be found in Table S1. Here Control and P+ represent the P-limited Control plots 942 

and the P-fertilized plots, respectively 943 
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 945 

Figure 6. The effects of microbial functional diversity and environmental acclimation on modeled (a) 946 

microbial C/P ratios (MBC/MBP) (data number, N=13); (b) C/P ratios of decomposition-released bio-947 

available organic matter (RSOC/RSOP) (N=395); (c) monophosphates mineralization rates (MRmonomerP) 948 

(N=395); and the turnover rates (TR) of each EFC-catalyzed (d) lignocelluloses, (e) phosphodiesters, and (f) 949 

monophosphates in response to the availability of the corresponding soil substrates during the year 2006-950 

2007. Four versions of the CoMEND model are compared here: CoMENDH included all metagenomics-951 

informed 22 EFCs for SOM decomposition and thus represented high enzyme functional diversity. 952 

CoMENDM only included 15 EFCs for SOM decomposition and thus represented moderate functional 953 

diversity of microbial community. CoMENDL included 11 clusters of EFCs and represented low functional 954 

diversity of microbial community. Build upon the version of CoMENDH, CoMENDHD version refers to the 955 

model with high microbial functional diversity and the representation of environmental acclimation of 956 

microbial communities. CoMENDHD assumed that enzyme synthesis and allocation to 22 EFCs is 957 

dynamically adjusted in response to resource availability. Here the letters above each box in subplots a-c 958 

indicate the statistical differences (Dunn and Sidak, p<0.05) among observation, CoMENDL, CoMENDM, 959 

CoMENDH and CoMENDHD. In the subplots d-f, CLignocellulose, PdiesterP, and PmonomerP are EFCs considered in 960 

CoMENDL; Ccarbohydrates, Clignin, Pnucleicacids, Pphospholipids, Pmono1EFC15 and Pmono2EFC15 are EFCs considered in 961 

CoMENDM, and Pmono1EFC22 and Pmono2EFC22 are EFCs considered in CoMENDH and CoMENDHD. The colored 962 

shaded area under each curve in (d-f) indicates the range of turnover rates of each EFC-catalyzed SOM over 963 

the year 2006-2007. 964 
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 966 

Figure 7. The effects of microbial functional diversity and environmental acclimation on (a and d) 967 

microbial carbon over the year 2006-2007 (data number, N=13); (b, e) incubated microbial respiration rate 968 

(N=43); (c, f) soil organic carbon (SOC) stocks over the year 2006-2014 (N=5); and (g) temperature change 969 

trends projected by the Community Earth System Model (CESM) under the high-emission scenario of  970 

representative concentration pathway (RCP8.5) and (h-i) its impact on projected SOC over the year 2015-971 

2100 in the Panamanian soils. Here P+ and Control refers to the P-fertilized soils and the control soils. The 972 

soils are above 10cm of soil depth. The colored numbers in a-f are the Willmott index of agreement (WI) 973 

between measurements and simulation by CoMENDL, CoMENDM, CoMENDH, and CoMENDHD, 974 

respectively.  975 

 976 
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