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Abstract 

Microbial activity mediates the global flow of carbon, oxygen, nitrogen, and other elements, 

including climatically significant gases. However, non-photosynthetic microbial activity is 

typically not resolved dynamically or mechanistically in global models of the marine and 

terrestrial biospheres, inhibiting predictive capability. Understanding the global-scale impact of 

complex microbial community activity requires a consistent framework with which to constrain 

the parameterizations of diverse metabolisms. Here, we describe how the key redox chemistry 

underlying specific metabolisms can be exploited to parameterize diverse metabolic strategies. 

By quantitatively relating metabolic yields to chemical gradients, the growth and respiration of 

microbial biomass is systematically related to stoichiometries of substrate consumption, 

oxidation, and reduction that constitute biogeochemical fluxes. Linked with parameterizations of 

resource acquisition rates, whole organism metabolism can be integrated into trait-based 

modeling frameworks as metabolic functional types. Benefits of this approach include prognostic 

metabolic biogeography and what we term `gene-fluent’ predictions of community metabolism. 

The theoretically grounded, electron-balanced framework progresses the description of microbial 

ecosystems towards conservation of energy as well as mass.  

 

 “Nothing is less real than realism. It is only by selection, by elimination, by emphasis, that we 

get at the real meaning of things.” – Georgia O’Keefe 
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Introduction/Overview 

Diverse, complex microbial activity mediates global biogeochemical cycling1. 

Photoautotrophic microorganisms are responsible for about half of CO2 fixation and O2 

production on earth, and heterotrophic microorganisms are responsible for much of the “return” 

reaction, the oxidation of organic matter back into CO2. The temporal and spatial separation of 

anabolism and catabolism in the global environment mediates the biological sequestration of 

carbon, the reduction of atmospheric CO2, and the maintenance of elevated atmospheric and 

oceanic O22–5. Chemoautotrophic microorganisms also fix CO2 and, together with anaerobic 

heterotrophic metabolisms, carry out diverse chemical transformations including the fluxes of 

nitrogen to and from biologically available states and the formation of the potent greenhouse gas 

nitrous oxide (N2O). Biogeochemical cycles respond to, and feedback on, changes in climate, 

and so describing microbial activity accurately and mechanistically at global scales is important 

for global climate and carbon cycle science. However, understanding and predictions of these 

processes are limited in part due to oversimplified representation of microbes in earth system 

models. 

How can we connect microscale and global-scale processes to understand 

biogeochemical-climate feedbacks? Ecosystem models combined with global circulation and 

climate models become useful tools because they integrate concurrent fluxes from microbial 

growth and respiration, chemical reactivity, and physical transport to give solution states that are 

not always intuitive. In earth system models, much attention has been given to phytoplankton – 

the photoautotrophic microorganisms responsible for primary production in the sunlit surface 

ocean -- and their small zooplankton predators6–8. Trait-based functional type models of these 
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organisms provide tools for probing how these organisms interact with each other and the 

environment to set biogeography, biodiversity, and biogeochemical cycles9–11.  

However, the bacterial and archaeal activities responsible for much of the 

remineralization of organic matter back into inorganic form and other significant transformations 

are typically parameterized crudely and empirically in multi-dimensional biogeochemical 

models12, typically not resolving the active populations of non-photosynthetic bacteria and 

archaea (with exceptions, e.g. ref 9). Such models have limited prognostic capability. For 

example, many current models prescribe the environmental niche of active metabolisms with 

imposed thresholds, such as fixed critical oxygen concentrations for anaerobic metabolisms and 

maximum light levels for nitrification. Additionally, models often assume static, average 

elemental ratios of non-photosynthetic microbial transformations, although flexible 

stoichiometry has been demonstrated to impact biological carbon sequestration and atmospheric 

CO213. In the past, these approaches were largely necessary due to the difficulties of 

characterizing the taxonomy and metabolic capabilities of natural microbial communities. 

However, the rapid expansion of “-omics” sequencing capability has enabled a clearer view of 

microbial biogeography and activity in the environment. In consequence, computational 

biogeochemistry is opening up the `black box' of remineralization and other microbially 

mediated processes in marine and terrestrial environments14–22.  

In the midst of this progress, it has become necessary to think about how to represent 

microbial activity in ways that can be useful for predicting unobserved and future environments. 

Though sequencing methods have provided an enormous amount of information, genes 

themselves can be thought of as intermediates between the forces that drive microbial 

metabolism and their resulting function, and so we seek fundamental constraints. For example, 
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describing phytoplankton nutrient uptake kinetics as a function of cell size has resulted in 

theoretical estimates of uptake parameters that concur with empirical data, and broaden the 

applicability of the parameterizations and reduce the number of free parameters in models23,24. 

By linking cell size to nutrient uptake and affinity as well as to other traits such as maximum 

growth rate, cell size has become an organizing principle – a “master trait” – for understanding 

and predicting activity across diverse environments8,25–29.  

How can we similarly organize descriptions of metabolic diversity as we expand 

biogeochemical models to include the full metabolic potential of microorganisms? Unlike 

phytoplankton that harness light energy, non-photosynthetic organisms oxidize chemical species 

to meet energetic demands of biomass synthesis, and thus their respiration – and associated 

chemical fluxes – becomes biogeochemically significant. Redox chemistry provides an 

additional organizing principle required to resolve assimilatory and respiratory fluxes: microbes 

are the redox-based “engines that drive biogeochemical cycles”1. While not yet exploited in 

global biogeochemical models, this view has been advocated for such applications30,31, and has 

been embraced and employed in the field of environmental biotechnology, such as in the 

interpretation and modeling of wastewater bioreactors32. Just as models of ocean and 

atmospheric circulation are constrained by conservation of energy and potential vorticity, 

complementing mass balance with powerful redox and energetic constraints enables self-

consistent descriptions of the efficiencies and stoichiometry of diverse microbial metabolisms. In 

this way, the activity of microbes within an ecosystem ought to be sufficiently predictable to 

flexibly and prognostically anticipate large-scale biogeochemical dynamics. 

The goals of a redox-based approach are in line with those of trait-based modeling: to 

advance ecological modeling beyond species-specific descriptions to those that matter for 



 5 

biogeochemical function, and ultimately linking ecosystem modeling to the evolution of 

functional communities. Kiørboe et al. 2018 highlight three “life-form transcending” traits: body 

size, resource acquisition, and defense8. To this list, we suggest adding “metabolic potential,” in 

the sense of the ability to carry out a particular set of metabolic pathways to acquire energy.  

When incorporating this approach into ecosystem models, microbial function emerges 

from underlying physics and chemistry as a consequence of interactions between the metabolic 

functional types and the environment. Resulting dynamic, theoretically grounded ecosystem 

models independently predict microbial growth, respiration, and abundances in ways that we can 

compare with observations, including sequencing datasets. Reducing complex behavior to 

chemical and physical constraints results in more universally applicable descriptions of microbial 

activity. 

Here, we outline the conceptual basis of this organizing principle and its translation into 

quantitative descriptions of microbial activity that are simple enough for global earth system 

models. We first review the arguments for predictability of microbial functional diversity at large 

scales. We then discuss the “macro” vs. “micro” perspective, and illustrate the practical 

approach. Finally, we use ecosystem model examples to list and discuss the benefits, 

implications, limitations, and possible future developments of the metabolic functional type 

approach. 

 

“Macro-scale” predictability: Microorganisms as dissipators of chemical energy 

From one perspective, the microbial community is best characterized by interactions at 

the micro-scale: gene expression, enzymatic capabilities, metabolites, species-specific 

interdependencies, etc., as well as the physical and chemical environment surrounding small 
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cells33–39. The information from sequencing in particular has allowed for a huge expansion of 

insight into the in situ activity of uncultivated species40–48. When focusing on global-scale 

impact, how much of this small-scale detail might be neglected? Or must we incrementally build 

a description of microbial ecosystems from “the micro-scale up”?  

An alternative “macro-scale” perspective relates ecosystem function as a whole -- both 

abiotic and biotic components -- to the chemical gradients that organisms appropriate for 

energy30,49,50. All organisms must acquire chemical energy from reduction-oxidation (redox) 

reactions to fuel reproductive and maintenance metabolism. Respiration by living organisms 

increases the entropy of the environment by dissipating concentrated sources of chemical energy 

in accordance with the Second Law of Thermodynamics50–52. For example, it is well known that 

microbial activity organizes in accordance with the `redox tower’— the ranking of half-reactions 

by chemical potential -- in sediments and anoxic zones21,53,54. 

Given the notorious diversity and complexity of microbial systems55, how can we be 

assured that they aggregate predictably? Recent studies have concluded that the microbial 

community as a whole converges to carry out predictable biogeochemical activity18,56. Moreover, 

Frentz et al. 2015 provide direct evidence of deterministic behavior by demonstrating that 

external conditions cause the seemingly random fluctuations observed in microbial growth, 

rather than stochastic variation in gene expression57. Thus, the authors conclude, microbial 

systems can in principle be determined by macroscopic laws.  

How is this determinism manifested? If microbial communities can respond relatively 

quickly and predictably to changes to their local environment, they may predictably optimize the 

exploitation of locally available resources. Dispersal in microbes is thought to be a highly 

efficient process such that microbial communities can in effect draw from an extensive seed 



 7 

bank58,59, as captured in the phrase “everything is everywhere, the environment selects”60. 

However, recent evidence also shows that gene acquisitions and deletions happen quickly 

enough to allow for horizontal gene transfer to dominate bacterial adaptation61–65, implying that 

evolution can occur within few generations and thus on timescales similar to ecological 

interactions. Perhaps consequentially, similar geochemical environments have been 

demonstrated to have high microbial functional redundancy despite different taxonomic 

compositions66. This may be interpreted with the hypothesis that physics and chemistry selects 

for metabolic traits, and that these traits can be housed in different organisms with taxonomic 

composition shaped by micro-scale interactions18,66,67. 

This “macro-scale” approach has a long history in microbiology30,31,68–78, and is 

conceptually similar to redox-reaction-based approaches to understanding microbial activity in 

sediments, soils, subsurfaces, and aquatic systems16,17,21,53,76,79–82. Quantitatively understanding 

microbially mediated rates of conversion of substrates has practical implications for wastewater 

treatment, and thus the field of biotechnology has established methodologies for this approach in 

textbook form32. Flux balance analysis (FBA) models can be considered as much more highly 

detailed analogues that resolve the electron flow among a multitude of chemical reactions within 

a cell83–85, but perhaps with more complexity than necessary for understanding earth system 

dynamics. Illustrating the power of a “macro-scale” perspective, anticipating microbial 

metabolism from chemical potential resulted in a prediction that anaerobic ammonium oxidation 

(anammox) should exist decades before it was observed86,87.  

 

Specific approach: Metabolic functional types  
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We can resolve microbial activity dynamically in ecosystem models using metabolic 

functional types modeled as populations. This allows for systematic quantification of substrate 

consumption, biomass synthesis, and excretion of respiration products. 

In the examples here, a particular set of redox reactions distinguishes each functional 

type, such as aerobic heterotrophy and aerobic ammonia oxidation. This considers all aerobic 

heterotrophs as one type, and so aggregates the diverse, mixed community of many species that 

are subsisting on the same metabolism. Such aggregation has been deemed a useful strategy for 

representing the biogeochemical impacts of the microbial community88,89. However, integration 

with trait-based frameworks can allow for mechanistic resolution of multiple functional types 

among any one of these redox-based metabolisms (such as primary vs. secondary heterotrophic 

consumers and ecotypes of ammonia-oxidizing archaea). 

Each functional type can be represented as a population in a multi-dimensional 

environmental model (e.g. an ocean simulation) with biomass concentration B (mV-1), with a 

differential equation describing its rate of change as a function of its growth rate µ (t-1), its loss 

rate L (mV-1t-1), and physical transport, such as according to velocity u (Lt-1) and diffusion 

coefficient k (L2t-1), as: 

 

!"
!#
= 𝜇𝐵 − 𝐿(𝐵) − ∇ ∙ (u𝐵)-./.0

advection

+ ∇ ∙ (𝛋∇𝐵)-../..0
diffusion

    (1) 

 

The loss rate function represents a combination of processes including predation, viral 

lysis, maintenance, and senescence, which remain largely unconstrained, although efforts are 

made to relate losses to cell size and community dynamics24,90–93. Growth rate is limited or co-

limited by a subset of multiple required substrates, where Vi (t-1) is the specific uptake rate of 
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substrate i, and yield yi is the biomass yield with respect to that substrate (i.e. amount of biomass 

per unit substrate consumed). Yields for the different substrates and elements are interlinked by 

redox chemistry as discussed below. Typically, Liebig’s Law of the Minimum is employed, and 

so the limiting growth rate is described as: 

 

	𝜇 = min(𝑉8𝑦8)       (2) 

 

The yield partitions the amount of substrate taken up by the population into that used for 

growth, 𝑉8𝑦8 , versus that exiting the cell in modified form as a waste product (Fig. 1). For 

heterotrophs, the yield for organic carbon directly relates to respiration and emission as CO2, 

while the uptake of organic nitrogen and excretion of NH4+ can also be represented with the 

balanced reaction (Table 1). Accounting for maintenance energy decreases the ratio of growth to 

respiration, most significantly at low growth rates94. Non-limiting substrates are consumed in 

proportion to the limiting resource according to the stoichiometry of synthesis and may 

accumulate in the form of storage molecules. When neglecting maintenance energy and 

accumulation for clarity, the uptake of each substrate i relates to the limiting growth rate as 𝑉8 =

𝜇𝑦8:;	, with excretion in modified form as 𝑉8(1 − 𝑦8).  
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Consider two contrasting model metabolic types: an aerobic heterotroph and a chemoautotrophic 

ammonia-oxidizer, as listed in Table 1. For each metabolism, an electron-balanced description 

consists of three half-reactions: biomass synthesis, oxidation of an electron donor, and reduction 

of an electron acceptor32,71,74. The aerobic heterotroph uses organic substrate as the source of 

both elements and electrons the synthesis of biomass and energy production, and oxygen serves 

as the electron acceptor. (Note that this simple description may be expanded to incorporate the 

assimilation of other substrates including inorganic nutrients such as ammonium.) For the 

ammonia-oxidizer, ammonium provides both electrons for energy and the elemental N for 

synthesis, while cellular carbon is assimilated through CO2 reduction.  

 

 

 

Figure 1: Schematic of a single cell represented as a metabolic functional type. The electron 

fraction f represents the partitioning of electrons into growth vs. respiration (neglecting 

maintenance costs for simplicity). The yield y represents the partitioning of substrate, which is a 

function of f and the stoichiometry of redox reactions.  
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Table 1: Simplified equations describing two metabolic functional types. For each, half-

reactions combine to form the catabolic and anabolic full reactions32: the oxidation of an electron 

donor (RD; here either organic matter or ammonium), the reduction of an electron acceptor (RE), 

and biomass synthesis (RS). The total reaction (RT) sums each of these three multiplied by a 

factor of f, the fraction of electrons partitioned into the synthesis reaction vs. respiration. 

Denominator d represents the number of electron equivalents that correspond to the oxidation 

states of the inorganic constituents of that synthesis: with a microbial biomass composition of 

C5H7O2N, dB = 4(5) + 1(7) – 2(2) − 3(1) = 20. Organic matter oxidation and synthesis equations 

are written without H2O on the left- and right-hand side, respectively, for conciseness. Example 

whole organism metabolic budgets are calculated using the listed example efficiencies for marine 

organisms, an average marine organic substrate composition of C6.6H10.9O2.6N140, and the above 

biomass composition. 
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Following Rittman and McCarty 200132, the ratio of anabolism and catabolism is 

represented by the fraction f of electrons fueling cell synthesis vs. respiration for energy (Table 

1, Fig. 1). Fraction f reflects the cost of cell synthesis, the free energy supplied by the respiration  

pathway, and an estimate of the energetic inefficiency of each process. The stoichiometry of the 

whole organism metabolism and the projected yield yi of each required substrate are then 

functions of f and the coefficients of the half-reactions.  

This methodology suggests quantitative differences between the heterotroph and the 

chemoautotroph. First, for the same electron fraction f, the electron donor yield for the 

heterotroph is a few factors larger than that of the ammonia oxidizer (Table 1). This reflects that 

the oxidation of one mole of ammonia for energy yields less electrons than the oxidation of one 

mole of the specified organic substrate. Second, f itself will be lower for the chemoautotroph 

when accounting for the energetic demand of reducing CO2 for assimilation.  

Eqn. 2 suggests a correlation between growth rate µ and yield y (though maintenance 

energy will contribute to some decoupling), but there also exists a trade-off between uptake rate 

and yield particularly when considering the length of a metabolic pathway. One example is the 

trade-off between growth rate and yield of ATP production when considering the transition 

between aerobic respiration and fermentation95–97. Full aerobic respiration maintains a higher 

ATP yield, but must allocate enzyme towards the cellular machinery required to use oxygen, 

while fermentation sacrifices the higher yield and allocates enzyme towards the machinery for 

faster substrate uptake96. Thus using Eqn. 2, the state of full aerobic respiration can be described 

with a lower maximum uptake rate and a higher yield as compared to fermentation. Below, we 

discuss tradeoffs among these traits more quantitatively. 
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Benefits and implications 

Resolving microbial activity with underlying chemical potential obviates the need to 

impose critical or threshold concentrations that determine the presence or absence of metabolism 

in global biogeochemical models. Rather than being empirically imposed, metabolic 

biogeography emerges dynamically from ecological interactions. This flexibility expands model 

applicability to diverse and unobserved environments and aids in understanding metabolic 

thresholds more fundamentally. 

We illustrate this and other benefits of the electron-balanced approach using two 

ecosystem models as examples (Figs. 2 and 3). In both models, all chemical transformations are 

explicitly represented by the growth and respiration of metabolic functional types. Fig. 2 

illustrates a vertical water column model of a stratified, oxygenated marine environment in 

which the three successional steps of the remineralization of organic nitrogen to nitrate (Organic 

N à NH4+ à NO2- à NO3-) are carried out by distinct metabolic functional types: aerobic 

heterotrophs, ammonia-oxidizing chemoautotrophs, and nitrite-oxidizing chemoautotrophs, 

respectively19. Fig. 3 illustrates a model simulating a zonal transect through the S. Pacific Ocean, 

which contains an anoxic oxygen minimum zone. The ecosystem model resolves emergent 

metabolic activity along a gradient in oxygen with (for simplicity of illustration) just two 

resolved microbial metabolisms: aerobic and anaerobic (denitrifying: NO3- à N2) heterotrophy. 
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Figure 2: Vertical water column model simulation and observations of the nitrification 

system in the North Pacific. Biogeochemistry is driven by microbial metabolic functional types: 

phytoplankton, heterotrophic bacteria, ammonia-oxidizing organisms (AOO), and nitrite-

oxidizing organisms (NOO), and a zooplankton grazer. Solid lines are model solutions, and 

marked points are observations. Observations are from Santoro et al. 2010 and Santoro et al. 

2013, from cruise stations 67.115 (triangles) and 67.155 (circles) in the Pacific Ocean107,138. A. 

Solar irradiance (“Light”, normalized to the width of the box) and dissolved inorganic nitrogen 

species. B. Cell abundances, converting from modeled biomass concentration with 0.1 fmol N 

cell-1 and one gene copy per cell. Observed abundances are of the 16S rRNA abundances of 

archaeal Marine Group I (MGI) and of Nitrospina-like organisms (NOB). C. Rates of N cycling, 

where primary production is the rate of NH4+ assimilation into phytoplankton biomass. D. 

Modeled rates of C fixation by the three autotrophic functional types.  
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Figure 3: Ecosystem model of the 10°S transect across the South Pacific Ocean. Heterotrophic 

microbial functional types consume and respire organic matter with O2 or DIN (dissolved inorganic 

nitrogen) as an electron acceptor, with no prescribed critical or inhibiting oxygen concentrations. 

A. [O2] from the World Ocean Atlas (2013) with lines depicting isopycnal (density) surfaces139. B. 

Modeled steady state [O2]. C-G. A profile of the solutions through the anoxic zone. Darker lines 

show solutions for a model version with two distinct metabolic functional type populations: 

obligate aerobic and anaerobic (denitrifying) heterotrophs. Lighter lines show solutions for a 

second model version with one facultatively aerobic population that consumes either [O2] or DIN, 

depending on which allows for a higher growth rate at each time step in the model. For the 

respiration rates of the facultative type (F), averages over 100 days at steady state are illustrated.  
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1. Flexible and broadly applicable metabolic thresholds.   

Many biogeochemical models prescribe the oxygen concentrations that inhibit 

metabolisms in accordance with observations of specific organisms or communities in 

experimental conditions. In contrast, in the oxygen minimum zone model of Fig. 3, the transition 

from aerobic to anaerobic metabolism emerges from the interactions. When oxygen supply is 

abundant, the denitrifying type is competitively excluded because growth using NO3- as an 

electron acceptor is lower than with oxygen, as predicted from the free energies of the underlying 

redox reactions. In the `eastern’ half of the domain, the aerobic population depletes oxygen until 

it reaches its subsistence concentration98,99. In this oxygen-limited state, denitrification becomes 

a competitive metabolism, but the aerobic type can coexist, and continues to utilize any small 

amounts of oxygen supplied. This stable coexistence of aerobic and anaerobic metabolism can 

improve predictions of how much organic matter reaching anoxic zones is oxidized aerobically 

vs. anaerobically. This is relevant, for example, for understanding the emissions of N2 and N2O 

from the ocean that result from anaerobic respiration100.  

As a second example, in Fig. 2, nitrification is restricted from the sunlit surface ocean 

without an imposed light inhibition due to competitive exclusion by phytoplankton. Though light 

inhibition has been directly observed in many nitrifying microorganisms, nitrification has also 

been measured in sunlit waters101,102. This dynamic resolution improves our understanding and 

predictive power of where and why nitrification is sometimes feasible in the surface: a global 

simulation predicts active nitrification in surface waters where phytoplankton are not N-limited, 

such as at high latitudes where phytoplankton are limited by light19. The emergent exclusion of 

the nitrifiers from much of the ocean anticipates that many clades of nitrifying microorganisms 
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have adapted to long-term exclusion from the surface and consequentially lost (or did not 

develop) photoprotective cellular machinery.  

 

2. Dynamic biogeochemical cycling.  

The metabolic functional type approach can mechanistically represent microbial activity 

in dynamic steady-state or time-varying environments. This predictive power is of particular 

benefit for resolution of microbial processes in fine-grained ocean circulation models where flow 

can vary on the order of days, similar to the timescales of microbial growth. 

However, solutions become dependent on the partitioning of metabolism among the 

functional types as the timescales of physical change approach the timescales of microbial 

growth. For example, in Fig. 3, the equilibrium state solutions of two versions of the ecosystem 

model – one with two obligate (aerobic and anaerobic) populations and the other with one 

facultatively anaerobic population – are nearly identical at steady state, but differ in the transient. 

Fig. 4 illustrates the differences in the time evolution of the oxygen concentration and the 

denitrification rate following a perturbation in which oxygen concentrations are increased. In the 

model with the two obligate types, anaerobic denitrification does not cease throughout the 

recovery period because a population of anaerobes remains after O2 is supplied and competitive 

exclusion has not come to completion. In contrast, the facultative population switches to 

respiring O2 when it is supplied, and so denitrification rates cease immediately. Real community 

dynamics likely reflect both solutions: current understanding is that heterotrophic 

microorganisms are generally facultatively anaerobic, while chemoautotrophic anaerobic 

ammonium oxidizing (anammox) bacteria, which accounts for roughly a third of the fixed N loss 

in pelagic zones, are understood to be obligate anaerobes86,103–105. 
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Thus, knowledge of how metabolisms are distributed among populations is required for 

interpreting transient states. Other species-specific time-varying phenomena such as the lag 

response of organisms to substrate availability also becomes relevant106. These are limitations on 

one hand, and so require further constraint. On the other hand, these differences may serve as a 

tool for parsing out how metabolisms are distributed by comparing models with observational 

time series. The different solution states in Fig. 4, for example, can serve as testable hypotheses 

against which the response of natural assemblages can be compared. 

 

 

 

 

 

 

Figure 4. The time progression of [O2] in the core of the simulated anoxic zone (Fig. 3) and 

the integrated denitrification rate, with a perturbation at 100 days in which the model [O2] 

minimum was raised to 1 µM. 

 



 19 

3. Relationships between microbial abundances, ambient rates, and nutrient 

concentrations.  

The redox balance approach articulates that low biomass concentrations may be 

associated with high volumetric rates of chemical transformations. Thus, abundance has no 

simple correlation with biogeochemical impact. For example, the nitrification model predicts a 

three-fold difference in the abundances of the organisms responsible for each of the two steps of 

nitrification, although they carry out the same rate of subsurface N-cycling (Fig. 2B,C).  

This is a clear example of the signature of chemical potential in microbial ecology. The 

three-fold difference in relative abundance between the nitrifying types is consistent with 

observed differences (Fig. 2D)107, and reflects that the oxidation of one mole of NH4+ generates 

3x the number electrons as the oxidation of one mole of NO2-, with a potential contribution also 

from differences in cell size19. The equal N-cycling rates instead reflect the rates substrate 

supply, which also is consistent with observations that show indistinguishable rates of ammonia 

and nitrite oxidation below the euphotic zone108. Also, these equal nitrification rates persist in the 

model despite different steady-state DIN concentrations (Fig. 2A)19, matching many 

observations. 

 

4. Relative elemental flows.  

The approach imposes the coupling of elemental cycles by resolving the stoichiometry of 

whole organism metabolism (Table 1). For example, resolving nitrifying biomass quantifies the 

C fixation rates associated with nitrification rates (Fig. 2D). Though the approach itself does not 

explain differences in biomass stoichiometry between populations, it enables the investigation of 

the mass and energetically balanced consequences of such differences, such as of C-rich 
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phytoplankton relative to heterotrophic bacteria109,110. This explicit description of the ratios of 

elemental flow through the ecosystem and their variation from average values is critical for 

understanding climate-biogeochemical feedbacks13,111–113.  

 

5. Integration with trait-based modeling.  

 The approach presented is fully compatible with trait-based models. The yield y and 

uptake V in Eqn. 2 determine the population’s fitness in an environment, and thus we may 

consider them as traits. For example, the chemoautotrophic nitrifiers have a very low biomass 

synthesis yield (y < 0.01 mol biomass N per mol DIN oxidized) and thus lose the competition for 

DIN against phytoplankton in the surface, for which we have assumed a nitrogen-based yield y » 

1 (i.e. all nitrogen consumed is synthesized into biomass; Fig. 3). Furthermore, we can use these 

traits to identify trade-offs among microbial functional types carrying out the same metabolism, 

as has been previously demonstrated for diverse types of phytoplankton114.  

As another example, a tradeoff between a higher maximum growth rate and a lower 

subsistence concentration (R*)98,115–117 correspond to a dichotomy of “opportunists” vs. 

“gleaners,” respectively116, or, “r-selected” vs. “K-selected” species from the logistic equation 

for population dynamics118. When using a Michaelis-Menten form to describe uptake of resource 

R, the maximum growth rate is 𝜇=>? = 𝑦𝑉=>?  and the resource subsistence concentration is: 

	𝑅∗ = BCD
EFCGH:D

       (3) 

where Vmax is the maximum specific uptake rate (t-1) and Km is the half-saturation concentration. 

Fig. 5 illustrates the trade-off with two functional types – an “opportunist” and a “gleaner” – 

competing for substrate in a virtual chemostat. When substrate is supplied intermittently, one or 

the other may be excluded over time, or both may be sustained if the variable conditions prevent 
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competitive exclusion entirely (as in Fig. 5). In reality, we can understand that these tradeoffs 

may represent species characteristics among any one metabolism, and that conditions may select 

temporarily the most optimized from the species pool so that dynamic change can be expected on 

short time scales. 
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Figure 5: A model simulation of the competition between two functional types characterized 

by a tradeoff among traits, with resulting biomasses (A) and substrate concentration (B). The 

“opportunist” has a higher maximum growth rate and a lower substrate affinity than the 

“gleaner,” which has a lower subsistence concentration (R*). The two populations grow in a 

virtual chemostat with dilution rate 0.1 per day, with a continual incoming substrate 

concentration of 1 µM C and an additional 10 µM C pulse of substrate added every 30 days. 

Here, the “opportunist” is parameterized with a maximum uptake rate of Vmax = 2 mol substrate 

C per mol biomass C per day and a half-saturation concentration kS = 1 µM C. For the 

“gleaner,” has Vmax = 1 mol substrate C per mol biomass C per day and kS = 0.1 µM C. For 

both, substrate yield y = 0.3. 
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6. “Gene-fluent,” independent predictions 

How do we relate metabolic functional type models to sequencing datasets measuring 

genetic, transcriptomic, and proteomic diversity? Connecting biogeochemical models with 

sequencing data is critical because this data provides an enormous amount of information. 

However, genes (or transcripts) themselves are not necessarily the most concise or useful 

currency given functional redundancies, unattributed function, and variation in gene dosage from 

horizontal gene transfer as well as growth rate62. Recent “gene-centric” models aim to resolve 

the abundances of key genes as proxies for a predetermined set of metabolic pathways16,18,21, but 

the choice to resolve genes as representatives of metabolic reactions does not itself add a 

constraint to the models. Rather, the parameters used to describe metabolic pathways in these 

models are estimated similarly to the redox-balanced yields and efficiencies described here.  

The redox chemistry-based functional type approach provides a consistent framework 

with which to estimate metabolic parameters while externalizing the conversion between 

predicted activity and sequencing information as a transparent process. In Fig. 2B, the predicted 

functional biomass of ammonia oxidizing population is related to archaeal Marine Group I 

(MGI) and Nitrospina-like 16S rRNA genes with two conversion factors: cell quota (1 fmol N 

cell-1) and the number of cellular gene copies (1 cell-1). Conversion error arises since cell mass 

and size vary with growth rate119,120.  

The innovation of gene-centric models is the sophisticated conversion of estimates of 

biogeochemical activity and biomass to genes. For example, the model of Coles et al. 2017 

resolves biomass and nutrient concentrations prognostically, and then uses a three-part formula – 

representing constitutive, regulated, and steady state transcription -- to diagnostically calculate 

transcription rates from modeled biomass and growth rates18. Thus, the two types of modeling 
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are complimentary, with redox chemistry providing independent estimates of metabolic activity, 

and the careful calibrations between activity and sequencing providing a comparative metric. 

Maintaining transparency of the conversion from predicted microbial activity to genes 

and transcripts allows interdisciplinary audiences to understand and critique the models. 

Furthermore, deprioritizing genes is in line with a perspective that considers genes as an 

intermediate step between forcing and function, with the detailed complexity of biological reality 

following the underlying chemical and physical constraints (analogous to the “form follows 

function” principle of architect Louis Sullivan). By perceiving genes as intermediaries, we 

suggest `gene-fluent’ as a new term to describe this type of modeling. 

 

Limitations and potential extensions 

Using chemical potential as a theoretically grounding organizing principle for the 

resolution of diverse metabolisms can greatly improve the current state of microbial description 

in global biogeochemical models. However, the approach does have its limitations, which 

generally increase in significance with the temporal or spatial resolution of ecosystem dynamics. 

As mentioned above, modeling metabolic diversity with functional type populations 

requires choosing how metabolisms are distributed among the populations. Redox chemistry 

does not alone inform these choices, and so additional knowledge or an additional constraint is 

required. One such constraint is the limited capacity of the cell and thus its allocation of 

proteome towards different function121. Combined with redox chemistry, considering enzymatic 

allocation allowed for the prediction of both the division of nitrification into a two-step process 

in mixed-environments and the combined, complete pathway in one organism (“comammox”) in 

biofilms, which preceded observations of the latter122–124.  
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Uncertainty in distributions of metabolism lies not only in the length of a metabolic 

pathway, but also in the degree of metabolic versatility (metabolic “mixotrophy”). Such 

versatility characterizes key players in large-scale biogeochemistry, such as nitrite-oxidizing 

bacteria and photoheterotrophs125–127. Mixotrophic lifestyles can increase the fitness of 

populations in their environments, impacting overall ecosystem function128. In one sense, the 

approach here provides a prediction of where we might expect such mixotrophy by resolving 

stable co-existences of diverse metabolisms. In Fig. 3, for example, syntrophic co-existence 

occurs at depth among heterotrophs, ammonia-oxidizers, and nitrite-oxidizers, and future work 

could investigate what determines which combinations of these co-existences remain as `passive’ 

interactions, which develop into mutualistic dependencies as `active’ interactions129, and which 

evolve into mixotrophic phenotypes or endosymbionts. Additionally, by considering the potential 

to carry out a metabolism as a trait, we can use the current framework along with an additional 

constraint to investigate implications of metabolic mixotrophy. For example, Coles et al. 2017 

impose a tradeoff between the degree of metabolic diversity of a single functional type and 

growth rate, enabling the exploration the consequences of distribution of metabolism on the 

biogeochemical state18. 

Also, the approach here resolves only active functional biomass, while evidence suggests 

that less than 10% to more than 75% of the microbial community may be inactive130. Some 

seemingly inactive populations may slowly metabolize over long timescales, requiring longer 

model integration times and careful attention to their loss rates for resolution, while some 

populations are periodically active as revealed by high-resolution observations in time59.  

The approach presented here does not predict photoautotrophic metabolisms from 

underlying energetics. However, further work could connect the supply of photons to available 



 26 

energy for biosynthesis within the cell. Most biogeochemical models implicitly assume that 

photoautotrophs have very high efficiency (yields at or near one) for all inorganic substrates by 

assuming that most is assimilated into biomass, but it would be interesting to investigate the 

implications of when this assumption breaks down such as at the base of the euphotic zone, 

where some phytoplankton excrete nitrite due to incomplete reduction of nitrate131,132. 

Fortunately, parameterizations of phytoplankton are currently much more sophisticated than of 

bacteria and archaea in models, reflecting a longer history of comprehensive sets of observations. 

As a more radical extension, can we progress past population modeling and model 

microbial consortia as one aggregate community biomass52,133–137? This may improve resolution 

of time-varying metabolic versatility. However, if both steps of nitrification were a part of such a 

consortia, would the accumulation of nitrite in Fig. 3 be predicted? We leave these questions for 

future research, and conclude that the best choice for the “resolution” of metabolism will depend 

on the specific research question and the available observations. 

We have described a useful approach for understanding and anticipating microbial 

control of biogeochemical cycling that is suitable for global applications. The approach aims to 

represent microbial growth and respiration explicitly and consistently from knowledge of 

chemical gradients and other physical properties of the environment, towards a goal of building 

an independently constructed theoretical ecosystem model that can then be compared to 

observations. Describing microbial community with underlying energetic constraints connects 

metabolisms dynamically with global geochemical distributions, such as carbon dioxide, oxygen, 

and biologically available nitrogen. This deepens our understanding of microbial ecosystems and 

enables the incorporation of the feedbacks of microbial activity to changes in global 

biogeochemistry and the climate system. 



 27 

Acknowledgements 

We thank Alyson Santoro for providing data and Deepa Rao for providing the introductory 

quote. We are grateful for helpful discussions from Amala Mahadevan, Dan Repeta, Penny 

Chisholm, and Terry Hwa. EJZ was supported by the Simons Foundation (Postdoctoral 

Fellowship in Marine Microbial Ecology). MJF was supported by the Simons Foundation: the 

Simons Collaboration on Ocean Processes and Ecology (SCOPE #329108) and the Simons 

Collaboration on Computational Biogeochemical Modeling of Marine Ecosystems (CBIOMES 

#549931). 

 



 28 

References 
 
1. Falkowski, P. G., Fenchel, T. & Delong, E. F. The microbial engines that drive Earth’s 

biogeochemical cycles. Science 320, 1034–9 (2008). 
2. Heimann, M. & Reichstein, M. Terrestrial ecosystem carbon dynamics and climate 

feedbacks. Nature 451, 289–92 (2008). 
3. Matsumoto, K., Hashioka, T. & Yamanaka, Y. Effect of temperature-dependent organic 

carbon decay on atmospheric pCO 2. J. Geophys. Res. 112, (2007). 
4. Volk, T. & Hoffert, M. I. Ocean carbon pumps: analysis of relative strengths and 

efficiencies in ocean-driven atmospheric CO2 changes. in The carbon cycle and 
atmospheric CO2: natural variations Archean to present. Chapman conference papers, 
1984 (eds. Sundquist, E. T. & Broecker, W. S.) 99–110 (American Geophysical Union, 
1985). 

5. Oschlies, A., Brandt, P., Stramma, L. & Schmidtko, S. Drivers and mechanisms of ocean 
deoxygenation. Nat. Geosci. 11, 467–473 (2018). 

6. Hood, R. R., Laws, E. A., Follows, M. J. & Siegel, D. A. Modeling and prediction of 
marine microbial populations in the genomic era. Oceanography 155–165 (2007). 
doi:10.5670/oceanog.2007.61 

7. Follows, M. J. & Dutkiewicz, S. Modeling Diverse Communities of Marine Microbes. 
Ann. Rev. Mar. Sci. 3, 427–451 (2011). 

8. Kiørboe, T., Visser, A. & Andersen, K. H. A trait-based approach to ocean ecology. ICES 
J. Mar. Sci. (2018). doi:10.1093/icesjms/fsy090 

9. Le Quere, C. et al. Ecosystem dynamics based on plankton functional types for global 
ocean biogeochemistry models. Glob. Chang. Biol. 11, 2016–2040 (2005). 

10. Dunne, J. P. et al. GFDL’s ESM2 global coupled climate-carbon Earth System Models 
Part II: Carbon system formulation and baseline simulation characteristics. J. Clim. 26, 
2247–2267 (2012). 

11. Dutkiewicz, S., Follows, M. J. & Bragg, J. G. Modeling the coupling of ocean ecology 
and biogeochemistry. Global Biogeochem. Cycles 23, 1–15 (2009). 

12. Coles, V. J. & Hood, R. R. Approaches and Challenges for Linking Marine 
Biogeochemical Models with the “Omics” Revolution. in Aquatic Microbial Ecology and 
Biogeochemistry: A Dual Perspective (eds. Glibert, P. M. & Kana, T. M.) 171–183 
(Springer, 2016). doi:10.1007/978-3-319-30259-1 

13. Galbraith, E. D. & Martiny, A. C. A simple nutrient-dependence mechanism for predicting 
the stoichiometry of marine ecosystems. Proc. Natl. Acad. Sci. 112, 8199–8204 (2015). 

14. Allison, S. D. A trait-based approach for modelling microbial litter decomposition. Ecol. 
Lett. 15, 1058–1070 (2012). 

15. Bouskill, N. J., Tang, J., Riley, W. J. & Brodie, E. L. Trait-based representation of 
biological nitrification: model development, testing, and predicted community 
composition. Front. Microbiol. 3, 364 (2012). 

16. Reed, D. C., Algar, C. K., Huber, J. A. & Dick, G. J. Gene-centric approach to integrating 



 29 

environmental genomics and biogeochemical models. Proc. Natl. Acad. Sci. 111, 1879–
1884 (2014). 

17. Preheim, S. P. et al. Surveys, simulation and single-cell assays relate function and 
phylogeny in a lake ecosystem. Nat. Microbiol. 1, (2016). 

18. Coles, V. J. et al. Ocean biogeochemistry modeled with emergent trait-based genomics. 
Science (80-. ). 1154, 1–26 (2017). 

19. Zakem, E. J. et al. Ecological control of nitrite in the upper ocean. Nat. Commun. 9, 1206 
(2018). 

20. Penn, J., Weber, T. & Deutsch, C. Microbial functional diversity alters the structure and 
sensitivity of oxygen deficient zones. Geophys. Res. Lett. 43, 9773–9780 (2016). 

21. Louca, S. et al. Integrating biogeochemistry with multiomic sequence information in a 
model oxygen minimum zone. Proc. Natl. Acad. Sci. 113, 201602897 (2016). 

22. Letscher, R. T., Moore, J. K., Teng, Y. C. & Primeau, F. Variable C : N : P stoichiometry 
of dissolved organic matter cycling in the Community Earth System Model. 
Biogeosciences 12, 209–221 (2015). 

23. Litchman, E., Klausmeier, C. A., Schofield, O. M. & Falkowski, P. G. The role of 
functional traits and trade-offs in structuring phytoplankton communities: scaling from 
cellular to ecosystem level. Ecol. Lett. 10, 1170–81 (2007). 

24. Ward, B. a., Dutkiewicz, S., Jahn, O. & Follows, M. J. A size-structured food-web model 
for the global ocean. Limnol. Oceanogr. 57, 1877–1891 (2012). 

25. Litchman, E. & Klausmeier, C. a. Trait-Based Community Ecology of Phytoplankton. 
Annu. Rev. Ecol. Evol. Syst. 39, 615–639 (2008). 

26. DeLong, J. P., Okie, J. G., Moses, M. E., Sibly, R. M. & Brown, J. H. Shifts in metabolic 
scaling, production, and efficiency across major evolutionary transitions of life. Proc. 
Natl. Acad. Sci. U. S. A. 107, 12941–12945 (2010). 

27. Marañón, E. et al. Unimodal size scaling of phytoplankton growth and the size 
dependence of nutrient uptake and use. Ecol. Lett. 16, 371–379 (2013). 

28. Ward, B. A., Marañón, E., Sauterey, B., Rault, J. & Claessen, D. The Size Dependence of 
Phytoplankton Growth Rates: A Trade-Off between Nutrient Uptake and Metabolism. Am. 
Nat. 189, 170–177 (2017). 

29. Kempes, C. P., Dutkiewicz, S. & Follows, M. J. Growth, metabolic partitioning, and the 
size of microorganisms. Proc. Natl. Acad. Sci. U. S. A. 109, 495–500 (2012). 

30. Vallino, J. J., Hopkinson, C. S. & Hobbie, J. E. Modeling bacterial utilization of dissolved 
organic matter: Optimization replaces Monod growth kinetics. Limnol. Oceanogr. 41, 
1591–1609 (1996). 

31. Algar, C. & Vallino, J. Predicting microbial nitrate reduction pathways in coastal 
sediments. Aquat. Microb. Ecol. 71, 223–238 (2014). 

32. Rittman, B. E. & McCarty, P. L. Environmental Biotechnology: Principles and 
Applications. (McGraw-Hill, 2001). 

33. Azam, F. & Malfatti, F. Microbial structuring of marine ecosystems. Nat. Rev. Microbiol. 



 30 

5, 782–91 (2007). 
34. Stocker, R. Marine Microbes See a Sea of Gradients. Science (80-. ). 338, 628–633 

(2012). 
35. Enke, T. N., Leventhal, G. E., Metzger, M., Saavedra, J. T. & Cordero, O. X. Microscale 

ecology regulates particulate organic matter turnover in model marine microbial 
communities. Nat. Commun. 9, (2018). 

36. Christie-Oleza, J. A., Scanlan, D. J. & Armengaud, J. ‘You produce while I clean up’, a 
strategy revealed by exoproteomics during Synechococcus-Roseobacter interactions. 
Proteomics 15, 3454–3462 (2015). 

37. Morris, J. J., Kirkegaard, R., Szul, M. J., Johnson, Z. I. & Zinser, E. R. Facilitation of 
robust growth of Prochlorococcus colonies and dilute liquid cultures by ‘helper’ 
heterotrophic bacteria. Appl. Environ. Microbiol. 74, 4530–4534 (2008). 

38. Sher, D., Thompson, J. W., Kashtan, N., Croal, L. & Chisholm, S. W. Response of 
Prochlorococcus ecotypes to co-culture with diverse marine bacteria. ISME J. 5, 1125–
1132 (2011). 

39. Biller, S. J., Coe, A. & Chisholm, S. W. Torn apart and reunited: impact of a heterotroph 
on the transcriptome of Prochlorococcus. ISME J. 10, 2831–2843 (2016). 

40. Martiny, J. B. H. et al. Microbial biogeography: putting microorganisms on the map. Nat. 
Rev. Microbiol. 4, 102–112 (2006). 

41. Green, J. L., Bohannan, B. J. M. & Whitaker, R. J. Microbial biogeography: from 
taxonomy to traits. Science 320, 1039–1043 (2008). 

42. Zinger, L., Gobet, A. & Pommier, T. Two decades of describing the unseen majority of 
aquatic microbial diversity. Mol. Ecol. 21, 1878–1896 (2012). 

43. Barberán, A., Casamayor, E. O. & Fierer, N. The microbial contribution to macroecology. 
Front. Microbiol. 5, 1–8 (2014). 

44. Sunagawa, S. et al. Structure and function of the global ocean microbiome. Science 348, 
1261359 (2015). 

45. Widder, S. et al. Challenges in microbial ecology: building predictive understanding of 
community function and dynamics. ISME J. 10, 2557–2568 (2016). 

46. Ward, B. B. How many species of prokaryotes are there? Proc. Natl. Acad. Sci. U. S. A. 
99, 10234–10236 (2002). 

47. DeLong, E. F. & Karl, D. M. Genomic perspectives in microbial oceanography. Nature 
437, 336–42 (2005). 

48. Armbrust, E. V. & Palumbi, S. R. Uncovering hidden worlds of ocean biodiversity. 
Science 348, 865–867 (2015). 

49. Lindeman, R. L. The trophic dynamics aspect of ecology. Ecology 23, 399–417 (1942). 
50. Vallino, J. J. & Algar, C. K. The Thermodynamics of Marine Biogeochemical Cycles: 

Lotka Revisited. Ann. Rev. Mar. Sci. 8, 1–24 (2016). 
51. Meysman, F. J. R. & Bruers, S. A thermodynamic perspective on food webs: Quantifying 

entropy production within detrital-based ecosystems. J. Theor. Biol. 249, 124–139 (2007). 



 31 

52. Vallino, J. J. Ecosystem biogeochemistry considered as a distributed metabolic network 
ordered by maximum entropy production. Philos. Trans. R. Soc. Lond. B. Biol. Sci. 365, 
1417–1427 (2010). 

53. Brewer, P. G. & Murray, J. W. Carbon, nitrogen and phosphorus in the Black Sea. Deep 
Sea Res. 20, 803–818 (1973). 

54. Froelich, P. N. et al. Early oxidation of organic matter in pelagic sediments of the eastern 
equatorial Atlantic: suboxic diagenesis. Geochim. Cosmochim. Acta 43, 1075–1090 
(1979). 

55. DeLong, E. F. & Pace, N. R. Environmental Diversity of Bacteria and Archaea. Syst. Biol. 
50, 470–478 (2001). 

56. Louca, S., Parfrey, L. W. & Doebeli, M. Decoupling function and taxonomy in the global 
ocean microbiome. Science (80-. ). 353, 1272–1277 (2016). 

57. Frentz, Z., Kuehn, S. & Leibler, S. Strongly deterministic population dynamics in closed 
microbial communities. Phys. Rev. X 5, (2015). 

58. Gibbons, S. M. et al. Evidence for a persistent microbial seed bank throughout the global 
ocean. Proc. Natl. Acad. Sci. U. S. A. 110, 4651–5 (2013). 

59. Martin-Platero, A. M. et al. High resolution time series reveals cohesive but short-lived 
communities in coastal plankton. Nat. Commun. 9, 1–11 (2018). 

60. Baas-Becking, L. G. M. Geobiologie of inleiding tot de milieukunde. (van Stockum and 
Zoon, 1934). 

61. Croucher, N. J. et al. Horizontal DNA Transfer Mechanisms of Bacteria as Weapons of 
Intragenomic Conflict. PLoS Biol. 14, (2016). 

62. Hehemann, J. H. et al. Adaptive radiation by waves of gene transfer leads to fine-scale 
resource partitioning in marine microbes. Nat. Commun. 7, (2016). 

63. Smith, M. B. et al. Natural Bacterial Communities Serve as Quantitative Geochemical. 
MBio 6, 1–13 (2015). 

64. Boucher, Y., Cordero, O. X. & Takemura, A. Endemicity within Global Vibrio cholerae 
Populations. MBio 2, 1–8 (2011). 

65. Arevalo, P., VanInsberghe, D., Elsherbini, J., Gore, J. & Polz, M. F. A Reverse Ecology 
Approach Based on a Biological Definition of Microbial Populations. Cell 178, 820-
834.e14 (2019). 

66. Louca, S. et al. Function and functional redundancy in microbial systems. Nat. Ecol. Evol. 
(2018). doi:10.1038/s41559-018-0519-1 

67. Rivett, D. W. & Bell, T. Abundance determines the functional role of bacterial phylotypes 
in complex communities. Nat. Microbiol. 3, 767–772 (2018). 

68. Amend, J. P., Larowe, D. E., Mccollom, T. M., Shock, E. L. & B, P. T. R. S. The 
energetics of organic synthesis inside and outside the cell The energetics of organic 
synthesis inside and outside the cell. (2013). 

69. LaRowe, D. E. & Amend, J. P. Power limits for microbial life. Front. Microbiol. 6, 1–11 
(2015). 



 32 

70. Dale, A., Regnier, P. & Van Cappellen, P.  Bioenergetic controls of anaerobic oxidation of 
methane in organic-rich marine sediments: A sensitivity analysis. Am. J. Sci. 306, 246–
294 (2006). 

71. McCarty, P. L. Energetics and bacterial growth. in Organic compounds in aquatic 
environments (eds. Faust, S. D. & Hunter, J. V.) (Marcel Dekker, 1971). 

72. Roels, J. A. the Application of Macroscopic Principles To Microbial Metabolism. Ann. N. 
Y. Acad. Sci. 369, 113–134 (1981). 

73. Heijnen, J. J. & Roels, J. A. A Macroscopic Model Describing Yield and Maintenance 
Relationships in Aerobic Fermentation Processes. Biotechnol. Bioeng. XXIII, 739–763 
(1981). 

74. Vanbriesen, J. M. & Rittmann, B. E. Mathematical Description of Microbiological 
Reactions Involving Intermediates. (2000). 

75. Jol, S. J., Kümmel, A., Hatzimanikatis, V., Beard, D. A. & Heinemann, M. 
Thermodynamic calculations for biochemical transport and reaction processes in 
metabolic networks. Biophys. J. 99, 3139–44 (2010). 

76. Dick, J. M. & Shock, E. L. Calculation of the relative chemical stabilities of proteins as a 
function of temperature and redox chemistry in a hot spring. PLoS One 6, e22782 (2011). 

77. Roden, E. E. & Jin, Q. Thermodynamics of microbial growth coupled to metabolism of 
glucose, ethanol, short-chain organic acids, and hydrogen. Appl. Environ. Microbiol. 77, 
1907–9 (2011). 

78. van de Leemput, I. A. et al. Predicting microbial nitrogen pathways from basic principles. 
Environ. Microbiol. 13, 1477–87 (2011). 

79. Thullner, M., Van Cappellen, P. & Regnier, P. Modeling the impact of microbial activity 
on redox dynamics in porous media. Geochim. Cosmochim. Acta 69, 5005–5019 (2005). 

80. Hunter, K. S., Wang, Y. & Van Cappellen, P. Kinetic modeling of microbially-driven 
redox chemistry of subsurface environments: coupling transport, microbial metabolism 
and geochemistry. J. Hydrol. 209, 53–80 (1998). 

81. Lovley, D. R. & Phillips, E. J. Novel mode of microbial energy metabolism: organic 
carbon oxidation coupled to dissimilatory reduction of iron or manganese. Appl. Environ. 
Microbiol. 54, 1472–80 (1988). 

82. Zhuang, K. et al. Genome-scale dynamic modeling of the competition between 
Rhodoferax and Geobacter in anoxic subsurface environments. ISME J. 5, 305–316 
(2011). 

83. Segrè, D., Vitkup, D. & Church, G. M. Analysis of optimality in natural and perturbed 
metabolic networks. Proc. Natl. Acad. Sci. 99, 15112–15117 (2002). 

84. Zomorrodi, A. R. & Segrè, D. Synthetic Ecology of Microbes: Mathematical Models and 
Applications. J. Mol. Biol. 428, 837–861 (2016). 

85. Palsson, B. O. Systems biology: properties of reconstructed networks. (Cambridge 
University Press, 2006). 

86. Kartal, B., Keltjens, J. T. & Jetten, M. S. M. The Metabolism of Anammox. in 
Encyclopedia of Life Sciences (ELS) (John Wiley and Sons, 2008). 



 33 

doi:10.1002/9780470015902.a0021315 
87. Broda, E. Two kinds of lithotrophs missing in nature. Z. Allg. Mikrobiol. 17, 491–493 

(1977). 
88. Shapiro, B. J. & Polz, M. F. Ordering microbial diversity into ecologically and genetically 

cohesive units. Trends Microbiol. 22, 235–247 (2014). 
89. Mutshinda, C. M., Finkel, Z. V., Widdicombe, C. E., Irwin, A. J. & Norden, N. Ecological 

equivalence of species within phytoplankton functional groups. Funct. Ecol. 30, 1714–
1722 (2016). 

90. Thingstad, T. F., Vage, S., Storesund, J. E., Sandaa, R.-A. & Giske, J. A theoretical 
analysis of how strain-specific viruses can control microbial species diversity. Proc. Natl. 
Acad. Sci. 111, 7813–7818 (2014). 

91. Vage, S., Bratbak, G., Others & Thingstad, T. F. Simple models combining competition, 
defence and resource availability have broad implications in pelagic microbial food webs. 
Ecol. Lett. (2018). doi:10.1111/ele.13122 

92. Thingstad, T. F. Elements of a theory for the mechanisms controlling abundance, 
diversity, and biogeochemical role of lytic bacterial viruses in aquatic systems. Limnol. 
Oceanogr. 45, 1320–1328 (2000). 

93. Taniguchi, D. A. A., Franks, P. J. S. & Poulin, F. J. Planktonic biomass size spectra: An 
emergent property of size-dependent physiological rates, food web dynamics, and nutrient 
regimes. Mar. Ecol. Prog. Ser. 514, 13–33 (2014). 

94. Pirt, S. J. The Maintenance Energy of Bacteria in Growing Cultures. Proc. R. Soc. 
London. Ser. B, Biol. Sci. 163, 224–231 (1965). 

95. Pfeiffer, T., Schuster, S. & Bonhoeffer, S. Cooperation and competition in the evolution of 
ATP-producing pathways. Science 292, 504–7 (2001). 

96. Basan, M. et al. Overflow metabolism in Escherichia coli results from efficient proteome 
allocation. Nature 528, 99–104 (2015). 

97. Roller, B. R. K., Stoddard, S. F. & Schmidt, T. M. Exploiting rRNA operon copy number 
to investigate bacterial reproductive strategies. Nat. Microbiol. 1, 1–7 (2016). 

98. Tilman, D. Resource Competition and Community Structure. (Princeton University Press, 
1982). 

99. Zakem, E. J. & Follows, M. J. A theoretical basis for a nanomolar critical oxygen 
concentration. Limnol. Oceanogr. 62, 795–805 (2016). 

100. Kalvelage, T. et al. Aerobic microbial respiration in oceanic oxygen minimum zones. 
PLoS One 10, e0133526 (2015). 

101. Ward, B. B. Nitrogen transformations in the Southern California Bight. Deep Sea Res. 
Part A. Oceanogr. Res. Pap. 34, 785–805 (1987). 

102. Christman, G. D., Cottrell, M. T., Popp, B. N., Gier, E. & Kirchman, D. L. Abundance , 
Diversity , and Activity of Ammonia-Oxidizing Prokaryotes in the Coastal Arctic Ocean 
in Summer and Winter � †. 77, 2026–2034 (2011). 

103. Ward, B. B. Oceans. How nitrogen is lost. Science 341, 352–3 (2013). 



 34 

104. Zumft, W. G. Cell biology and molecular basis of denitrification. Microbiol. Mol. Biol. 
Rev. 61, 533–616 (1997). 

105. Koeve, W. & Kähler, P. Heterotrophic denitrification vs. autotrophic anammox - 
quantifying collateral effects on the oceanic carbon cycle. Biogeosciences 7, 2327–2337 
(2010). 

106. Klappenbach, J. A., Dunbar, J. M. & Schmidt, T. M. rRNA Operon Copy Number 
Reflects Ecological Strategies of Bacteria. 66, 1328–1333 (2000). 

107. Santoro, A. E., Casciotti, K. L. & Francis, C. A. Activity, abundance and diversity of 
nitrifying archaea and bacteria in the central California Current. Environ. Microbiol. 12, 
1989–2006 (2010). 

108. Ward, B. B. Nitrification in marine systems. in Nitrogen in the Marine Environment (eds. 
Capone, D. G., Bronk, D. A., Mulholland, M. R. & Carpenter, E. J.) 199–262 (Academic 
Press, 2008). 

109. Zimmerman, A. E., Allison, S. D. & Martiny, A. C. Phylogenetic constraints on elemental 
stoichiometry and resource allocation in heterotrophic marine bacteria. Environ. 
Microbiol. 16, 1398–1410 (2014). 

110. Martiny, A. C. et al. Strong latitudinal patterns in the elemental ratios of marine plankton 
and organic matter. Nat. Geosci. 6, 279–283 (2013). 

111. Teng, Y. C., Primeau, F. W., Moore, J. K., Lomas, M. W. & Martiny, A. C. Global-scale 
variations of the ratios of carbon to phosphorus in exported marine organic matter. Nat. 
Geosci. 7, 895–898 (2014). 

112. DeVries, T. & Deutsch, C. Large-scale variations in the stoichiometry of marine organic 
matter respiration. Nat. Geosci. 7, 890–894 (2014). 

113. Letscher, R. T. & Moore, J. K. Preferential remineralization of dissolved organic 
phosphorus and non-Redfield DOM dynamics in the global ocean: Impacts on marine 
productivity, nitrogen fixation, and carbon export. Global Biogeochem. Cycles 29, 325–
340 (2015). 

114. Monteiro, F. M., Follows, M. J. & Dutkiewicz, S. Distribution of diverse nitrogen fixers in 
the global ocean. Global Biogeochem. Cycles 24, 1–16 (2010). 

115. Stewart, F. M. & Levin, B. R. Partitioning of resources and the outcome of interspecific 
competition: A model and some general considerations. Am. Nat. 107, 171–198 (1973). 

116. Grover, J. P. RESOURCE COMPETITION IN A VARIABLE ENVIRONMENT: 
PHYTOPLANKTON GROWING ACCORDING TO MONOD’S MODEL. Am. Nat. 136, 
771–789 (1990). 

117. Grover, J. P. Resource Competition in a Variable Environment: Phytoplankton Growing 
According to the Variable-Internal-Stores Model. Am. Nat. 138, 811–835 (1991). 

118. MacArthur, R. H. & Wilson, E. O. The theory of island biogeography. (Princeton 
University Press, 1967). 

119. Cermak, N. et al. Direct single-cell biomass estimates for marine bacteria via Archimedes’ 
principle. ISME J. 11, 825–828 (2017). 

120. Bremer, H. & Dennis, P. P. Modulation of Chemical Composition and Other Parameters 



 35 

of the Cell at Different Exponential Growth Rates. EcoSal Plus 3, (2008). 
121. Scott, M., Gunderson, C. W., Mateescu, E. M., Zhang, Z. & Hwa, T. Interdependence of 

cell growth and gene expression: Origins and consequences. Science (80-. ). 330, 1099–
1102 (2010). 

122. Costa, E., Pérez, J. & Kreft, J.-U. Why is metabolic labour divided in nitrification? Trends 
Microbiol. 14, 213–219 (2006). 

123. Daims, H. et al. Complete nitrification by Nitrospira bacteria. Nature 528, 504–509 
(2015). 

124. van Kessel, M. A. H. J. et al. Complete nitrification by a single microorganism. Nature 
528, 555–559 (2015). 

125. Daims, H., Lücker, S. & Wagner, M. A new perspective on microbes formerly known as 
nitrite-oxidizing bacteria. Trends Microbiol. 24, 699–712 (2016). 

126. Füssel, J. et al. Adaptability as the key to success for the ubiquitous marine nitrite oxidizer 
Nitrococcus. Sci. Adv. 3, e1700807 (2017). 

127. Muñoz-Marín, M. D. C. et al. Prochlorococcus can use the Pro1404 transporter to take up 
glucose at nanomolar concentrations in the Atlantic Ocean. Proc. Natl. Acad. Sci. U. S. A. 
110, 8597–602 (2013). 

128. Ward, B. A. & Follows, M. J. Marine mixotrophy increases trophic transfer efficiency, 
mean organism size, and vertical carbon flux. Proc. Natl. Acad. Sci. U. S. A. 113, 2958–
2963 (2016). 

129. Kazamia, E., Helliwell, K. E., Purton, S., Smith, A. G. & Fussmann, G. How mutualisms 
arise in phytoplankton communities: building eco-evolutionary principles for aquatic 
microbes. Ecol. Lett. 19, 810–822 (2016). 

130. Ducklow, H. Bacterial Production and Biomass in the Oceans. in Microbial Ecology of the 
Ocean (ed. Kirchman, D. L.) 85–120 (Wiley-Liss, Inc, 2000). 

131. Kiefer, D. A., Olson, R. J. & Holm-Hansen, O. Another look at the nitrite and chlorophyll 
maxima in the central North Pacific. Deep. Res. Oceanogr. Abstr. 23, 1199–1208 (1976). 

132. Berube, P. M., Coe, A., Roggensack, S. E. & Chisholm, S. W. Temporal dynamics of 
Prochlorococcus cells with the potential for nitrate assimilation in the subtropical Atlantic 
and Pacific oceans. Limnol. Oceanogr. 61, 482–495 (2016). 

133. Strom, S. L. Microbial Ecology of Ocean Biogeochemistry: A Community Perspective. 
Science 320, 1043–1045 (2008). 

134. Tikhonov, M. Theoretical ecology without species. arXiv (2015). 
135. Tikhonov, M. Multi-cellularity without cooperation. arXiv (2015). 
136. Rillig, M. C. et al. Interchange of entire communities: microbial community coalescence. 

Trends Ecol. Evol. 30, 470–476 (2015). 
137. Vallino, J. J. Differences and implications in biogeochemistry from maximizing entropy 

production locally versus globally. Earth Syst. Dyn. 2, 69–85 (2011). 
138. Santoro, A. E. et al. Measurements of nitrite production in and around the primary nitrite 

maximum in the central California Current. Biogeosciences 10, 7395–7410 (2013). 



 36 

139. Garcia, H. E. et al. World Ocean Atlas 2013. Vol. 3: Dissolved oxygen, apparent oxygen 
utilization, and oxygen saturation. Tech. Ed. NOAA Atlas NESDIS 75 3, 27 pp. (2013). 

140. Anderson, L. A. On the hydrogen and oxygen content of marine phytoplankton. Deep Sea 
Res. Part I Oceanogr. Res. Pap. 42, 1675–1680 (1995). 

  


