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Summary

Microbial communities can display large variation in

taxonomic composition, yet this variation can coin-

cide with stable metabolic functional structure and

performance. The mechanisms driving the taxonomic

variation within functional groups remain largely

unknown. Biotic interactions, such as predation by

phages, have been suggested as potential cause of

taxonomic turnover, but the conditions for this sce-

nario have not been rigorously examined. Further, it

is unknown how predation by phages affects commu-

nity function, and how these effects are modulated

by functional redundancy in the communities. Here,

we address these questions using a model for a

methanogenic microbial community that includes

several interacting metabolic functional groups. Each

functional group comprises multiple competing

clades, and each clade is attacked by a specialist lytic

phage. Our model predicts that phages induce

intense taxonomic turnover, resembling the variabili-

ty observed in previous experiments. The functional

structure and performance of the community are also

disturbed by phage predation, but they become more

stable as the functional redundancy in the communi-

ty increases. The extent of this stabilization depends

on the particular functions considered. Our model

suggests mechanisms by which functional redundan-

cy stabilizes community function and supports the

interpretation that biotic interactions promote taxo-

nomic turnover within microbial functional groups.

Introduction

Microbial communities can exhibit strong variation in taxo-

nomic composition, both across time and space. However,

this taxonomic variation may often coincide with remark-

ably stable functional community structure (Dumont et al.,

2009; Ofiţeru et al., 2010; Rodriguez-Brito et al., 2010;

Louca et al., 2016a). For example, the proportions of sev-

eral metabolic functional groups, such as nitrifiers,

phototrophs and sulfate reducers, were found to be similar

across replicate natural aquatic ecosystems despite strong

taxonomic turnover within individual functional groups

(Louca et al., 2016a). Similarly, methanogenic, methano-

trophic and nitrifying bioreactors operated under constant

conditions were found to exhibit intense turnover of bacteri-

al operational taxonomic units (OTUs) despite constant

overall biochemical performance (Fern!andez et al., 1999;

Fernandez et al., 2000; Wittebolle et al., 2008; Wang et al.,

2011; Fernandez-Gonzalez et al., 2016). These observa-

tions point towards an elegant paradigm in microbial

ecology, in which energetic and stoichiometric constraints

determine functional community structure and perfor-

mance, but a high degree of functional redundancy in the

regional OTU pool enables taxonomic variability within indi-

vidual functional groups. The mechanisms driving this

taxonomic variability remain poorly understood. Neutral

population drift between equivalent competitors is some-

times suggested as a possible cause (Ofiţeru et al., 2010),

however non-random phylogenetic structure and co-

occurrence patterns within functional groups point towards

deterministic mechanisms, notably biotic interactions

(Louca et al., 2016a). In some cases, complex community

trajectories have been reproduced across replicate isolat-

ed systems under constant conditions (Vanwonterghem

et al., 2014), further suggesting that the taxonomic turn-

over within functional groups need not be stochastic.

Host-specific predation by lytic phages has been sug-

gested as a potential mechanism promoting host

succession through ‘killing the winner’ (KTW) dynamics, in

which abundant host populations eventually collapse due

to increased predation, giving way to opportunistic compet-

itors (Middelboe et al., 2001; Rodriguez-Valera et al.,

2009; Vos et al., 2009; Rodriguez-Brito et al., 2010;

Shapiro and Kushmaro, 2011). Previous experiments
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revealed strong OTU turnover in a bioreactor, in which the

temporary emergence of specific OTUs was followed by

the temporary increase in their specific phages, consistent

with KTW dynamics (Shapiro et al., 2010). Predation by

lytic phages is increasingly recognized as an important

contributor to microbial mortality in natural and engineered

ecosystems (Middelboe et al., 2001; Thomas et al., 2011).

Cell lysis has been shown to reduce the flux of assimilated

organic carbon to higher trophic levels such as protist graz-

ers (Fuhrman, 1999; Weitz et al., 2015) and is believed to

enhance nutrient recycling and storage in the ocean sur-

face (Jover et al., 2014; Weitz et al., 2015), although

aggregate formation by viral lysis may increase carbon

sinking in the water column (Guidi et al., 2016). The effects

of phages on non-assimilatory carbon fluxes (e.g. fluxes

for energy gain) are much less understood (Shapiro and

Kushmaro, 2011), despite the fact that in many (e.g. meth-

anogenic) environments most organic carbon is

metabolized to byproducts for energy gain rather than

assimilated into cell mass (McDuffie, 1991). Further, it is

unclear whether – and under what conditions – phage-

driven KTW dynamics can fully explain the discrepancy

between taxonomic variability and functional stability

observed in microbial communities (Dumont et al., 2009;

Ofiţeru et al., 2010; Rodriguez-Brito et al., 2010; Louca

et al., 2016a). While this role of KTW dynamics is often

hypothesized, in practice time lags involved in the recovery

or replacement of collapsed populations, as well as poten-

tially destabilizing interdependencies between pathways in

complex metabolic networks, could prevent the functional

stability of communities.

To elucidate the effects of phage predation and microbial

functional redundancy on community structure and meta-

bolic functioning, we constructed a mechanistic model for

a methanogenic microbial community subject to predation

by lytic phages, hosted within a flow-through bioreactor.

Bioreactors constitute powerful model ecosystems for

microbial ecology, because physicochemical conditions

can be closely monitored and controlled, enabling replicate

time series experiments. It is thus not surprising that

bioreactor experiments have greatly contributed to our

mechanistic understanding of microbial communities and

of phage-host dynamics in particular (McDuffie, 1991;

Fern!andez et al., 1999; Ofiţeru et al., 2010; Shapiro and

Kushmaro, 2011). We chose methanogenic systems as an

example because these are relatively well understood and

of great environmental as well as industrial relevance

(Conrad, 1999; Hashsham et al., 2000), and because this

allows for comparisons with previous experiments (Fern!an-

dez et al., 1999; Fernandez et al., 2000; Vanwonterghem

et al., 2014; 2016).

Our model considers the dynamics of multiple microbial

populations driving the anaerobic catabolism of glucose

(the input substrate) to methane (CH4). Following Conrad

(1999), this catabolic process can be roughly separated

into three stages: In the first stage glucose is fermented to

short-chain fatty acids, lactate and alcohols. In the second

stage, these fermentation products are further catabolized

to hydrogen (H2) and acetate by syntrophs, i.e. bacteria

that rely on a rapid consumption of H2 and acetate in a

third stage, which in turn is performed by hydrogenotrophic

(H2=CO2) and acetoclastic methanogenic archaea. In our

model, each of these three stages (fermentation, syntro-

phy, methanogenesis) comprises multiple alternative

metabolic reactions (12 reactions in total, overview in Fig.

1 and Supporting Information Table S1). We identify each

of these reactions as a distinct function, and each function

is performed by a distinct microbial ‘functional group’ that

may comprise one or more distinct cell lineages – hence-

forth referred to as operational taxonomic units (OTU).

OTUs within the same functional group catalyze the same

reaction but differ randomly in several of their physiological

parameters, such as their substrate half-saturation con-

stants or maximum growth rates (overview in Supporting

Information Table S2). We use ‘OTU’ as an abstract taxo-

nomic group (such as a strain or species) that is

sufficiently narrow so that reaction kinetics are similar

across members, and sufficiently broad so that different

OTUs are infected by different specialist phages

(Paez-Espino et al., 2016). The number of OTUs initially

present in each functional group (termed ‘functional redun-

dancy’) is a key parameter in our analysis and accounts for

the presence of multiple functionally similar clades in many

ecosystems (Wohl et al., 2004; Ofiţeru et al., 2010; Louca

et al., 2016a,b). Note that here functional redundancy

refers to the number of OTUs at the beginning of our simu-

lations (i.e. in the inoculum, the available ‘seed bank’),

Fig. 1. Modelling methanogenic communities.
Simplified metabolic network of anaerobic methanogenic communities
(Conrad, 1999), as modelled in this study. Each circle represents a
functional group that is specialized on a particular metabolic reaction,
and each functional group can comprise multiple competing OTUs
(‘functional redundancy’). The network is structured into three sequential
catabolic stages based on the type of substrate used (fermentation,
syntrophy and methanogenesis). Detailed reaction stoichiometry in
reference to the inscribed letters is provided in Supporting Information
Table S1. [Colour figure can be viewed at wileyonlinelibrary.com]
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while we make no assumptions regarding the long-term

persistence of any OTU. Each OTU is associated with a

distinct phage population that infects cells and causes

increased mortality through cell lysis. Cell infection rates

are proportional to phage concentrations and phage popu-

lation growth is, in turn, driven by the release of phage

particles during cell lysis. Cell lysis also leads to the

release of organic carbon (glucose) and nitrogen (ammoni-

um, an additional resource in our model), which become

again available for catabolism and assimilation (Azam,

1998). Physiological parameters were chosen randomly for

each OTU and each phage within realistic ranges (Sup-

porting Information Table S2), to account for the variation

typically seen between strains or species (Ohtsubo et al.,

1992; Mladenovska and Ahring, 2000). As we describe

below, our model successfully reproduces previous experi-

mental observations and yields novel insight into the

effects of phage predation and functional redundancy on

microbial community composition and function.

Results and discussion

Bioreactor dynamics in the absence of phages

Following ‘startup’ of the bioreactor, and in the absence of

phages, the successive growth of fermenters, syntrophs

and methanogens quickly leads to the stabilization of met-

abolic activity within a few weeks (Fig. 2A). At this stage,

microbial metabolism balances glucose supply and residu-

al substrate loss from the bioreactor, although the exact

steady state metabolite concentrations and community

composition depend on the random parameters chosen. In

most simulations glucose consumption was nearly com-

plete, and overall community function (in terms of methane

production) was constrained by glucose supply (‘bottom-

up’ control). Competitive exclusion between reactions that

are limited by the same substrates eventually leads to the

persistence of only a subset of possible pathways driving

glucose catabolism to CH4 and CO2. Each reaction is

eventually performed by at most one remaining OTU in the

corresponding functional group (Figs 2B and C), and this

OTU is characterized by its ability to persist at the lowest

substrate concentration (Tilman, 1982). Some functional

groups may go completely extinct. The bulk of biomass is

attributable to fermenters and, to a lesser extent, syn-

trophs. Methanogens only account for a small fraction

(!1210 %) of the community, consistent with experimental

observations (Vanwonterghem et al., 2016), because most

of the energy available from glucose catabolism is har-

vested in the preceding steps (Conrad, 1999).

Effects of phages on community dynamics

When phages are included in the model, communities

exhibit intense succession of distinct host populations that

bloom temporarily and eventually collapse due to

increased predation by phages (Fig. 2E). The duration of

each infection period (i.e. from the initial detection to the

eventual collapse of a phage population) varies greatly

between phage-host pairs and between simulations, but is

typically on the order of a few days, consistent with time

scales of phage population dynamics observed in bioreac-

tors (Weinbauer, 2004; Barr et al., 2010). For many

Fig. 2. Phage predation drives OTU turnover.
(A) OTU abundances (one colour per OTU) during a single simulation without phage predation, at 20-fold functional redundancy in the
inoculum. Competitive exclusion eventually leads to the extinction of almost all OTUs, with the exception of a single fermenter and two
methanogens. (B, C) Proportions of (B) acetoclastic methanogens and (C) of H2=CO2 methanogens (one color per OTU). (D) Methane
concentration in the effluent. All plots A–D were generated by the same simulation. (E–H): Analogous to (A–D), but for a simulation including
phage predation. Phage-host interactions drive variation in overall cell abundances (E) as well as in the OTU composition within functional
groups (F,G). [Colour figure can be viewed at wileyonlinelibrary.com]
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phage-host pairs these fluctuations resemble classical

predator-prey cycles, although most cycles are irregular in

their phase and amplitude and reflect complex – potentially

chaotic – dynamics (Supporting Information Fig. S1). In

our model these complex fluctuations result from the cou-

pling of phage-host cycles with the dynamics of the

metabolic network, which mediates the interaction

between distinct OTU populations. Complex – often chaot-

ic – dynamics are common in systems composed of

interacting oscillating components with distinct random fre-

quencies (Grebogi et al., 1985). Such coupling of predator-

prey dynamics with metabolic network dynamics may also

explain irregular fluctuations sometimes observed in

marine microbial communities at similar time scales

(Needham et al., 2013; Needham and Fuhrman, 2016).

When averaged over time, predation by phages has det-

rimental effects on individual cell populations as well as on

overall reaction rates. Especially at low functional redun-

dancies (!1220 fold), i.e. when only a few competing

OTUs are available for performing a particular function,

average methane production can drop down to just a small

fraction (!1230%) of the production that would typically

be achieved in the absence of phages (Fig. 3A). Our model

suggests that this reduction in performance can occur in at

least two ways: First, increased cell mortality through cell

lysis results in fewer cells that could consume a particular

substrate before it is lost from the bioreactor. Second,

because phage predation is biased towards dominant

OTUs, it skews selection towards less competitive, i.e.

metabolically less efficient OTUs within each functional

group. This skewed selection leads to residual substrate

concentrations that are higher than the equilibrium sub-

strate concentrations that would establish in the exclusive

presence of the top competitor. Due to the delays involved

in either the recovery of populations or the opportunistic

invasion by competitors, phages not only reduce the aver-

age metabolic throughput, but also induce fluctuations

around that average (Fig. 3B). This may explain previously

observed fluctuations of bioreactor performance that could

not be fully explained using purely energetic and reaction-

kinetic models (Smith and McCarty, 1990; Dumont et al.,

2009; Louca and Doebeli, 2016).

Cell lysis could in principle increase microbial productivi-

ty through the release of organic material, contributing to a

‘microbial loop’ that enables recycling of limiting nutrients.

Such productivity-enhancing effects of the viral shunt have

been predicted for pelagic marine microbial food webs,

where primary productivity is often limited by nitrogen or

phosphorous (bottom-up control; Azam 1998; Jover et al.,

2014; Weitz et al., 2015). While our model does include

carbon and nitrogen recycling via cell lysis, cell lysis did

not enhance community function. This apparent contrast

to previous predictions may have multiple reasons: First,

here we focussed on dissimilatory carbon flux rates (from

glucose to methane), rather than on cell productivity.

These flux rates were heavily affected by a reduction in cell

density (due to ‘top-down’ control by phages), and unused

reduced carbon was quickly lost through the bioreactor

effluent. Second, most reduced carbon was used for ener-

gy gain rather than assimilation into biomass (as is

common for anaerobic communities; McDuffie, 1991), and

hence the contribution of carbon recycling to the overall

reduced carbon pool is relatively small. Third, in the simu-

lations discussed here (which resembled previous

bioreactor experiments) nitrogen was not a limiting

resource. When we repeated our simulations using a

much lower molar N:C ratio (0.0075 instead of 0.075),

nitrogen limitation severely affected methane production,

both in the absence as well as presence of phages (bot-

tom-up control; Supporting Information Fig. S2A). In those

Fig. 3. Effects of functional redundancy on community performance.
(A) Temporal averages and (B) temporal coefficients of variation of effluent methane concentration, for various degrees of functional
redundancy. In (A), also shown is the case without phages present (right-most box). (C) Number of OTUs occupying the top 99.9% of each
functional group (counted in order of decreasing OTU abundance), averaged across functional groups and over time (‘persisting functional
redundancy’). (D) Number of persisting phages (i.e. with a density >106 L21) per functional group, averaged across functional groups and over
time. For example, at 50-fold functional redundancy, 99.9% of a functional group is accounted for by about 14 OTUs, and about 12 OTUs in
each functional group have a specialist phage at density >106 L21. In all figures, box plots represent the distribution across 100 random
simulations. Whiskers span 95% percentiles around the median. For analogous analyses for lower N:C ratios in the inflow, see Supporting
Information Fig. S2. [Colour figure can be viewed at wileyonlinelibrary.com]
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cases, the negative effects of phages on community func-

tion (when compared with the case where phages were

absent) became less severe, but they did not disappear

entirely (Supporting Information Fig. S2). While nutrient

recycling via viral lysis may have some positive effects on

dissimilatory carbon fluxes (mitigating bottom-up limita-

tion), in our model these effects are dominated by the

detrimental effects of phages on cell populations (top-

down limitation).

Functional redundancy promotes functional stability

When considering multiple degrees of functional redun-

dancy, we find a clear trend towards higher as well as

more stable overall methane production rates at elevated

functional redundancies (Fig. 3A and B and Supporting

Information Fig. S3B and D). This suggests that the oppor-

tunistic growth of functionally similar OTUs can mitigate

the detrimental effects of phage predation on community

function by filling underutilized metabolic niches, thereby

increasing and stabilizing overall community function. The

probability that an alternative OTU is able to quickly

replace a collapsing competitor increases with functional

redundancy, although even at a 100-fold functional redun-

dancy methane production rates remained lower (i.e. at

50–60%) than those achieved in the absence of phages.

Functional niche complementation is generally thought

to promote a positive correlation between community

richness and functional stability against external environ-

mental perturbations (Tilman, 1996; Peterson et al., 1998;

Briones and Raskin, 2003; Wittebolle et al., 2009). Our

work suggests that functional complementation in microbi-

al communities also partly mitigates the detrimental effects

that intrinsically emerging (rather than externally driven)

fluctuations can have on ecosystem functioning. This may

explain the occasionally observed positive relationship

between microbial species diversity and biochemical per-

formance, particularly at low diversities, even in the

absence of external perturbations (Griffiths et al., 1997;

Wohl et al., 2004; Werner et al., 2011).

Phage predation has been previously hypothesized to

stabilize bioreactor performance by preventing competitive

exclusion between competing OTUs, thereby maintaining

a high functional redundancy which, in turn, buffers the

system against external perturbations (Shapiro and Kush-

maro, 2011). Our analysis suggests that this interpretation

of phages stabilizing community function need not always

apply, because phage predation can actually reduce and

destabilize community function when environmental condi-

tions are constant. It is the availability of functional

redundancy in the ‘rare seed bank’, which allows rare

opportunists to counteract the destabilizing effects of

phages. We note that this conclusion applies a priori main-

ly to systems where fluctuations in community structure

and function caused by environmental fluctuations are

much weaker than fluctuations caused by phage-host

interactions. In that case, in the absence of phages com-

petitive exclusion is predicted to lead to the persistence of

a few OTUs with high substrate affinities and higher cata-

bolic performance than in the presence of phages (Fig. 3D

and H; Louca and Doebeli 2015b). In contrast, if environ-

mental conditions fluctuate strongly, phages could in

principle promote greater functional performance and sta-

bility by maintaining a rich repertoire of competitors

adapted to current conditions, as hypothesized by Shapiro

and Kushmaro (2011). This scenario remains largely spec-

ulative, because it is unclear how selection by phages at

any moment in time couples with community responses to

environmental fluctuations. In principle, predation by

phages could select for organisms maladapted to the cur-

rent environment due to tradeoffs between growth kinetics

and defence mechanisms (Vage et al., 2013). Future

extensions of the model incorporating varying environmen-

tal stochasticity (e.g. in temperature or pH), may help

assess the relative benefits of phage-induced functional

redundancy, compared with the detrimental effects of

phages on the growth and metabolic activity of individual

host populations.

At increased functional redundancy, our model predicts

that functional community structure becomes more stable,

although the extent of this stabilization depends on the

functional groups considered (Fig. 4I–L). The stabilization

of functional community structure is especially pronounced

at the level of catabolic stages, i.e. when considering the

proportions between all fermenters, all syntrophs and all

methanogens (Fig. 4I). The coefficient of variation of the

three catabolic stages drops from !1.3 (median value) in

the absence of functional redundancy down to !0:2 at

100-fold functional redundancy. Since the three catabolic

stages represent sequential and stoichiometrically coupled

steps, their relative flux rates and productivities are subject

to strong stabilizing forces (limitation of reaction rates by

preceding steps, population growth in case of substrate

accumulation). Our model thus provides an explicit expla-

nation for the discrepancy between relatively steady

functional community profiles (Fig. 4E) and highly variable

taxonomic profiles (e.g. Fig. 2E–G and Supporting Infor-

mation Fig. S3) often observed under constant

environmental conditions (Dumont et al., 2009; Ofiţeru

et al., 2010; Rodriguez-Brito et al., 2010; Louca et al.,

2016a), and highlights the central role of functional redun-

dancy combined with biotic interactions in promoting this

discrepancy.

Within each catabolic stage, the proportions of individual

functional groups (e.g. acetoclastic vs H2=CO2 methano-

gens) also stabilize at high functional redundancy, but the

extent of stabilization depends on the specific set of reac-

tions considered (Fig. 4J–L). For example, the proportions
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between individual fermenting functional groups (A–F in

Fig. 1) fluctuate substantially even at high functional redun-

dancies (Fig. 4J), presumably because these groups

represent strongly overlapping metabolic niches (they all

ferment glucose). Fluctuations between these reactions,

in turn, are predicted to drive comparably strong fluctua-

tions in the proportions of syntrophic functional groups

(Fig. 4K) specializing on different fermentation products

(G–J in Fig. 1). Irregular transitions between alternative

(‘parallel’) catabolic electron flows – congruently with

stable overall catabolic performance – have been

observed in previous experiments (Fern!andez et al.,

1999). In contrast, the proportions between the two meth-

anogenic groups stabilize much faster. Hence, the

stability of functional community structure depends on the

precise definition and the subset of functional groups con-

sidered, because non-identical functional groups may be

partly interchangeable in case of shared substrates or

products (Peterson et al., 1998). A distinction between

parallel and sequential functional groups is particularly

Fig. 4. Effects of functional redundancy on functional community structure. Row 1: Proportions of (A) cell densities grouped by catabolic stage
(i.e. total fermenters vs total syntrophs vs total methanogens), (B) fermenting functional groups, (C) syntrophic functional groups and (D)
methanogenic functional groups over time (one color per functional group), during a simulation at 20-fold functional redundancy. Each
functional group consists of multiple OTUs (individual OTU populations not shown). Row 2: Similar to row 1, but for a simulation at 100-fold
functional redundancy. For OTU proportions at the community level, and for methane concentrations in the effluent, see Supporting
Information Fig. S3. Row 3: Coefficients of variation (CV) for the proportions of (I) cell densities grouped by catabolic stage, (J) fermenting
functional groups, (K) syntrophic functional groups and (L) methanogenic functional groups, at various levels of functional redundancy. Row 4:
Degree of dynamic stabilization (DDS) of functional group proportions, corresponding to I–L. Box plots (I–P) represent the distribution of CVs
(I–L) and DDSs (M–P) across 100 random simulations; vertical bars indicate 95% percentiles. DDS was not calculated for 13 functional
redundancy in N–P, as each functional group consists of only one OTU. For analogous analyses for lower N:C ratios in the inflow, see
Supporting Information Fig. S4. [Colour figure can be viewed at wileyonlinelibrary.com]
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crucial for ‘branched’ metabolic networks such as organic

carbon catabolism, but may be less relevant for more

sequential processes, such as nitrification (oxidizing

ammonia to nitrite and then to nitrate).

Statistical averaging or dynamic stabilization?

As discussed above, a high functional redundancy can

reverse the destabilizing effects that phage predation has

on overall functional community structure and performance

(Fig. 4A–L). Such stabilizing effects at increased species

richness have been hypothesized in the past, based on the

expectation that the effects of multiple fluctuating popula-

tions on broad community properties (such as total

biomass or overall catabolic performance) ought to ‘aver-

age’ each other out (Tilman, 1996; Doak et al., 1998).

According to this interpretation, which assumes that popu-

lations fluctuate independently, the stabilization of broad

community properties at elevated functional redundancy is

a simple statistical necessity. In reality, however, popula-

tions are inevitably coupled due to competition for

resources and metabolic interdependencies, and it is a pri-

ori unclear whether these interactions lead to stronger or

weaker averaging effects (Tilman et al., 1998). On the one

hand, fluctuations in metabolite concentrations caused by

changes in specific microbial populations will affect the

growth of all functional groups consuming or producing

these particular metabolites, and these effects will typically

act in a similar direction on all members within a functional

group. Such positive correlations in the response of com-

peting populations to chemical perturbations would act

against stabilization by averaging. On the other hand, the

collapse of a particular population due to predation frees a

metabolic niche that can be occupied by competing popu-

lations, and such a ‘dynamic stabilization’ would likely lead

to a higher functional stability when compared with mere

statistical averaging. A distinction between the two stabiliz-

ing mechanisms – statistical averaging versus dynamic

stabilization – is key to understanding the effects of com-

munity interactions on overall functional stability.

To assess whether the functional stabilization observed

in our simulations at high functional redundancy is a mere

averaging effect, or is indeed dynamic, we compared the

coefficients of variation of functional group abundances to

a null model in which the entire time course of each OTU

population is shifted in time by a distinct random lag. This

null model resembles the hypothetical scenario in which

populations fluctuate independently of one another (i.e.

without interactions), while preserving point-to-point corre-

lations within each population’s time course. We defined

the ‘degree of dynamic stabilization’ (DDS) in a particular

simulation as the probability that the null model would lead

to a higher coefficient of variation (averaged across cata-

bolic stages or across functional groups) than observed.

Hence, a DDS of 1.0 corresponds to full dynamic stabiliza-

tion, that is, correlations between OTUs (mediated by

metabolic interactions) tend to be such that functional

groups maintain constant proportions. In contrast, a DDS

of 0.0 means that interactions between OTUs act against

statistical averaging. A DDS of 0.5 means that stabilization

of functional group proportions can be explained purely by

statistical averaging, and does not appear to be affected

by community interactions. For example, if two OTUs oscil-

late in synchrony and in phase, then under the null model

their phase difference would become randomly shifted. If

these OTUs constituted a single functional group, then the

overall abundance of that functional group would be less

variable under the null model than originally observed

(hence, DDS<0.5).

We found that the proportions between catabolic stages

(fermenters vs syntrophs vs methanogens) exhibit a high

DDS that approaches 1.0 at high degrees of functional

redundancy (Fig. 4M), consistent with the interpretation that

opportunistic competitors quickly replace collapsing popula-

tions. Within each catabolic stage, we found that the

proportions of functional groups are rarely dynamically sta-

bilized. For example, at 100-fold functional redundancy, the

proportions between methanogenic groups exhibit a medi-

an DDS !0:6 (Fig. 4P), fermenting groups exhibit a median

DDS !0:3 (Fig. 4N) and syntrophic groups exhibit a median

DDS around zero (Fig. 4O). Hence, while in our model the

proportions between catabolic stages tend to be stabilized

by their sequential interdependencies (i.e. products of one

stage are substrates for the next stage), this is not the case

for functional group proportions within each catabolic stage.

For example, functional groups consuming similar sub-

strates (e.g. glucose in the case of fermenters) are highly

interchangeable and hence their proportions are only weak-

ly stabilized. The proportions of syntrophic groups, in turn,

become dynamically destabilized, because they depend on

alternative end-products of glucose catabolism.

Phages promote taxonomic and functional diversity

Classical competition theory predicts that at steady state

only a single competitor can persist within a metabolic

functional group that is limited by a single substrate, and

this competitor is determined by its ability to survive at the

lowest possible substrate concentration (Tilman, 1982;

Louca and Doebeli, 2015b). In reality, however, microbial

richness can be high even in simple engineered ecosys-

tems, such as nitrifying bioreactors (Dumont et al., 2009),

methanogenic digesters (Godon et al., 1997; Fernandez

et al., 2000), methanotrophic chemostats (Fernandez-

Gonzalez et al., 2016) or activated sludge (Kim et al.,

2013), where it can range from hundreds to thousands of

OTUs. Such high richness is in apparent contradiction to

the competitive exclusion principle. Mechanisms proposed
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in the past to explain this contradiction include slow tran-

sient dynamics of competitive exclusion far from steady

state (Louca and Doebeli, 2015b), negative frequency

dependence through non-linear substrate dependencies

(Stewart and Levin, 1973), externally driven fluctuations of

resource availability or physical conditions (Stewart and

Levin, 1973; Sommer, 1984), as well as phage-driven

KTW dynamics (Thingstad and Lignell, 1997; Thingstad,

2000; Shapiro et al., 2010). Our work provides further sup-

port for KTW dynamics as an explanation for high OTU

richness within metabolic functional groups, especially in

the absence of obvious environmental fluctuations

(Fern!andez et al., 1999; Ofiţeru et al., 2010; Shapiro et al.,

2010; Fernandez-Gonzalez et al., 2016; Vanwonterghem

et al., 2016). For example, in our simulations with 20-fold

functional redundancy in the inoculum, at any point in time

each functional group is occupied on average by 5–6

OTUs (Fig. 3C), each of which occasionally increases in

relative abundance (Fig. 2F and G). Similarly, as men-

tioned earlier, the repeated disruption of reactions prevents

the long-term mutual exclusion between alternative reac-

tions limited by the same substrates, resulting in a

‘parallelization’ of catabolic fluxes. Notably, during most

simulations multiple fermenting groups would contribute

(occasionally or at all times) to the catabolism of glucose.

Phage-induced catabolic parallelization can thus maintain

functional diversity in addition to diversity within functional

groups and may explain the co-occurrence of alternative

intermediate products (e.g. multiple fatty acids) sometimes

observed in methanogenic digesters (Xing et al., 1997;

Hashsham et al., 2000; Vanwonterghem et al., 2014).

Neutral drift: An alternative explanation for
OTU turnover?

Neutral population drift, i.e. stochastic fluctuations of popu-

lation sizes due to random birth and death events within a

community, has previously been suggested as an explana-

tion for irregular OTU turnover within functional groups

over time or between replicates, in sewage treatment

plants (Sloan et al., 2006; Ofiţeru et al., 2010). In general,

the importance of drift, when compared with deterministic

processes such as competition and predation, is most rele-

vant at small population sizes and/or when competing

organisms are similar to each other (Lande et al., 2003). In

typical aquatic systems, however, cell densities can be

extremely high (e.g. !109 cells " L21 in lakes and up to

1013 cells " L21 in bioreactors; Whitman et al., 1998; Krakat

et al., 2010). Hence deterministic dynamics such as com-

petitive exclusion between OTUs with even slight

physiological differences are expected to dominate over

demographic drift. Furthermore, even under purely neutral

conditions, drift alone would only cause slow changes in

population sizes because many random birth-death events

would tend to average each other out, reducing the relative

amplitude of fluctuations in population size. For example,

even at population sizes as low as 104 cells, it would take a

relatively rare OTU (10% proportion) on average 6923

days to become dominant (90% proportion) solely due to

demographic drift (based on a neutral birth-death model

with generation time of 1 day, Supplement S1). This back-

of-the envelope calculation questions the plausibility of

population drift as an explanation for OTU turnover in typi-

cal aquatic microbial communities, where time scales of

turnover are in the order of days to months even under

constant environmental conditions (Dumont et al., 2009;

Ofiţeru et al., 2010; Rodriguez-Brito et al., 2010). In con-

trast, our model shows that deterministic ecological

mechanisms can explain the OTU turnover within function-

al groups concurrent with a stable functional community

structure, observed in realistic settings (Ofiţeru et al.,

2010; Louca et al., 2016a).

Limitations

Although not modelled here, phage-host co-evolution could

influence phage-host dynamics in natural systems (Middel-

boe et al., 2001; Shapiro et al., 2010; G!omez and

Buckling, 2011; Weinberger et al., 2012). For example, the

repeated emergence of new resistant strains could further

destabilize population dynamics within functional groups.

Rapid evolution of adaptive host resistance, for example

via clustered regularly interspaced short palindromic

repeats (CRISPRs; Andersson and Banfield, 2008), could

buffer the impacts of viruses on overall ecosystem func-

tioning (Lennon and Martiny, 2008). In addition, previous

phage-host co-evolution models predicted that CRISPR

immunity may induce host and phage diversification

(Childs et al., 2012), although subsequent models sug-

gested a rather modest contribution of CRISPR to the

ecology of bacteria and phage (Levin et al., 2013). Our

work suggests that deterministic ecological dynamics are

sufficient to explain the succession of OTUs often

observed during constant community function. In fact, Sha-

piro et al. (2010) observed rapid succession between

distantly related OTUs and their associated phages in a

bioreactor, suggesting that replacement by non-related

competitors – rather than adaptive evolution of resistance

– was indeed the main mode of host succession.

We note that the destabilizing role of phage predation and

the stabilizing role of functional redundancy, as predicted by

our model, rely on the assumption that lytic phages are spe-

cialized on single host populations (a prerequisite for KTW

dynamics). High host specificities of phage infectivity (e.g. at

the strain, species or genus level) are generally considered

to be the rule (Holmfeldt et al., 2007; Paez-Espino et al.,

2016), however deviations from this pattern also exist (Sulli-

van et al., 2003; Shapiro and Kushmaro, 2011; Paez-Espino
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et al., 2016). For example, both modularity (i.e. preferential

cross-infection of bacteria and phages within the same

groups) as well as nestedness (i.e. a hierarchy of infectivity

among phages and resistance among hosts) are repeatedly

observed in phage-host interaction networks (Flores et al.,

2011; Weitz et al., 2013). Hence, while specialist phage-

host pairs may be abundant in a community, generalist

phages or hosts susceptible to more than one phage may

also be present. The effective functional redundancy in the

community may thus be lower than the actual number of

bacterial and archaeal strains, and the function-enhancing

effects of increased functional redundancy may be less pro-

nounced than reported here. Previous work showed that

predation by generalist protist grazers can severely reduce

community function (Thingstad and Lignell, 1997; Thomas

et al., 2011; Johnke et al., 2014), although recent models

suggest that nutrient recycling via cell lysis by generalist

phages may increase primary productivity in the ocean

(Weitz et al., 2015). Further, phages infecting distantly relat-

ed hosts may promote mutual exclusion between

functionally dissimilar populations due to apparent competi-

tion (Chase et al., 2002). The effects of phages on real

communities are likely a combination of the effects predicted

here (e.g. taxonomic turnover over time despite constant

function) and the effects previously predicted for generalist

predators (e.g. reduction of host biomass). Additional work

is needed to asses how apparent competition between func-

tionally dissimilar hosts (due to generalist phages) interacts

with a maintenance of diversity within functional groups due

to specialist phages, and how the coexistence of generalist

and specialist phages affects metabolic network dynamics.

To answer these questions, our model could be extended to

a network context [e.g. Jover et al., 2013], where each

phage can infect one or multiple hosts and vice versa, based

on realistic infection networks (Flores et al., 2011; Weitz

et al., 2013).

Lysogenic phage strategies, not considered here, likely

have less severe effects on host populations and metabolic

throughput than predicted by our model. For example,

recent findings suggest that phages may be switching from

lytic to lysogenic during high host abundances, a behaviour

termed ‘piggy-backing the winner’ (Knowles et al., 2016),

and this switching may dampen oscillations in host abun-

dances. Hence, in environments characterized by

lysogenic – rather than lytic – phage-host interactions (as

may be the case for the human gut, Reyes et al., 2012),

KTW dynamics will be less pronounced and hence micro-

bial communities may be more stable in terms of their

taxonomic composition.

Conclusions

Microbial communities can display strong taxonomic varia-

tion across space and time even under similar

environmental conditions, while exhibiting relatively con-

stant functional community structure (Ofiţeru et al., 2010;

Rodriguez-Brito et al., 2010; Fernandez-Gonzalez et al.,

2016; Louca et al., 2016a). In a recent study, environmen-

tal conditions strongly predicted the distribution of

metabolic functional groups across the world’s ocean, but

only poorly predicted the taxonomic composition within

individual functional groups (Louca et al., 2016b). Louca

et al. (2016a) showed that OTUs within individual function-

al groups displayed non-random phylogenetic relationships

and non-random co-occurrence patterns, and concluded

that OTU turnover between samples was at least partly

caused by mechanisms exhibiting a phylogenetic signal,

such as biotic interactions. These findings suggest a para-

digm for microbial ecology in which the functional structure

and the taxonomic composition within functional groups

constitute two separate facets of community composition,

with the former being driven by stoichiometric and energet-

ic environmental constraints, while the latter is heavily

influenced by biotic interactions that are not directly related

to metabolism. Our model provides further support for

such an interpretation by explicitly demonstrating how –

and under which conditions – predation by specialist

phages can drive OTU turnover while maintaining constant

functional community structure and metabolic perfor-

mance. Prolonged transients of competitive exclusion may

also lead to slow OTU turnover within functional groups,

especially following environmental perturbation (Louca and

Doebeli, 2015b), although the detection of correlated OTU

and phage succession in bioreactors provides additional

evidence for KTW dynamics in these systems (Rodriguez-

Brito et al., 2010; Shapiro et al., 2010). Overall, experimen-

tal evidence for phage-driven KTW dynamics is still limited

(Middelboe et al., 2001; Ovreas et al., 2003; Rodriguez-

Valera et al., 2009; Vos et al., 2009; Rodriguez-Brito et al.,

2010; Shapiro et al., 2010), mostly due to the technical dif-

ficulties involved in virome profiling and in linking particular

phages to their specific hosts in natural ecosystems. Nev-

ertheless, many ecosystems, including the open ocean

(Suttle, 2007) or the human gut (Reyes et al., 2012), exhib-

it high phage densities, and it is possible that phages also

contribute to a decoupling between taxonomic and func-

tional community structure in these environments (Raes

et al., 2011; Frossard et al., 2012; Louca et al., 2016a,b).

The decoupling between functional and taxonomic com-

munity structure, especially at high functional redundancy,

has important implications for the interpretation of microbi-

al biogeographical patterns, because variation in taxonomy

need not imply differences in community function. Recipro-

cally, environmental constraints determining community

function may only poorly explain the distribution of individu-

al taxa. If phage-induced KTW dynamics or, more

generally, biotic interactions strongly shape the taxonomic

variation within functional groups, as suggested by this
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and previous work, then the aspiration of accurate microbi-

al species distribution models (Strom, 2008; Larsen et al.,

2012) may turn out to be a Sisyphean struggle. Disentan-

gling the functional variation from the taxonomic variation

within functional groups is thus an important prerequisite

for a predictive microbial ecology.

Experimental procedures

Model overview

Our model describes the population dynamics of multiple bac-
terial and archaeal operational taxonomic units (OTUs), their
reaction kinetics, the population dynamics of multiple phage
populations, as well as extracellular metabolite concentrations
in a flow-through bioreactor. Here, an ‘OTU’ represents a
clade that is specialized on a specific metabolic function (e.g.
acetoclastic methanogenesis), and that is preyed upon by a
single specialist phage population. Hence, an OTU represents
a taxonomic group that is sufficiently narrow so that reaction
kinetics are similar across members, and sufficiently broad so
that different OTUs have different specialist phages. An OTU
in our model is roughly analogous to a single prokaryotic spe-
cies or strain (Holmfeldt et al., 2007; Paez-Espino et al., 2016)
(but see our discussion in the main text).

The bioreactor model largely resembles the setup used in
previous experiments (Xing et al., 1997; Fern!andez et al.,
1999). The bioreactor’s interior is assumed to be well mixed
and anaerobic. Glucose (for catabolism and biosynthesis) and
ammonium (for biosynthesis) are supplied continuously to the
bioreactor as part of a sterile steady inflow, which is balanced
by an equivalent outflow that removes residual substrates, met-
abolic by-products as well as cells and free phage particles at a
constant dilution rate. Cell death leads to an additional flux of
dissolved organic carbon (in the form of glucose) as well as
ammonium into the bioreactor. pH and temperature are
assumed to be maintained at constant levels, in analogy to pre-
vious bioreactor experiments (Wittebolle et al., 2008; Dumont
et al., 2009; Vanwonterghem et al., 2014; 2016). We note that
in experiments where pH was not externally controlled, func-
tional stability typically coincided with a stability of pH,
presumably as a balance between microbial and abiotic chemi-
cal processes (Fern!andez et al., 1999; Ofiţeru et al., 2010).

The mathematical model structure, described in detail
below, is relatively standard. A comprehensive view of the
phage-microbe components can be found in the recent mono-
graph by Joshua Weitz (Weitz, 2015).

Reaction rates and metabolite dynamics

The model considers a total of 12 reactions (‘functional
groups’), driving the stepwise catabolism of glucose all the
way to the production of methane and CO2 (see Supporting
Information Table S1 for a list of reactions and Fig. 1 for a
schematic overview). Each OTU is associated with a single
metabolic reaction, such as fermentation of glucose to ethanol
or acetoclastic methanogenesis, but each reaction, or func-
tion, may be performed by multiple competing OTUs.

Each reaction couples the uptake of one or more sub-
strates to the export of one or more products into the

extracellular medium and the assimilation of substrates into
cell biomass, thereby affecting the concentrations of dis-
solved metabolites in the bioreactor. Specifically, the
concentration of the m-th metabolite, Cm, changes accord-
ing to the differential equation

dCm

dt
5DðCo

m2CmÞ1
X

r

ðSmr 2Amr Yr Þ
X

s2Jr

NsHs1Fm; (1)

where Jr is the set of OTUs performing reaction r, Ns is the cell
concentration of OTU s, Hs is the cell-specific rate of the reac-
tion performed by OTU s (mol per time per cell), D is the
dilution rate, Co

m is the metabolite’s concentration in the inflow
(zero for all metabolites except glucose and ammonium), Amr

is the amount of metabolite m assimilated into biomass during
reaction r (mol assimilated per gram dry biomass), Yr is the
biomass yield of reaction r (gram dry biomass per mol), Fm

accounts for additional metabolite influx due to cell death
(specified below), and Smr is the stoichiometric coefficient of
metabolite m in reaction r. For example, for glucose fermenta-
tion to ethanol (reaction ‘A’ in Fig. 1),

C6H12O6 ! 2 CH3CH2OH12 CO2; (2)

the stoichiometric coefficients of glucose, ethanol and CO2

are 21, 1 2 and 1 2 respectively.

For all functional groups except for H2=CO2 methanogene-
sis (reactions A–L in Fig. 1), the corresponding electron donor
(glucose, ethanol, lactate, propionate or butyrate) is assumed
to serve as the sole carbon source for biosynthesis, whereas
for H2=CO2 methanogenesis CO2 is assumed to serve as
sole carbon source. For all functional groups, ammonium is
assumed to serve as nitrogen source for biosynthesis. For
example, for glucose fermentation to ethanol, all assimilation
factors Am;A are zero except for glucose and ammonium:

Agluc;A5
1

6
WC; Aamm;A5WN; (3)

where WC is the amount of carbon assimilated per biomass
(0.0375 mol-C per gram dry biomass) and WN is the amount
of nitrogen assimilated per biomass (0.00932 mol-N per gram
dry biomass), as reported for exponentially growing Escheri-
chia coli cells (Fagerbakke et al., 1996).

The cell-specific reaction rate Hs is assumed to be limited
by 3 factors: (a) the availability of the electron donor substrate
(such as glucose in the case of fermenters, or H2 in the case
of H2=CO2 methanogens), (b) the availability of ammonium for
assimilation and (c) the minimum amount of energy required
to maintain the cell’s membrane potential (LaRowe et al.,
2012). In particular, nutrient limitation of metabolic rate is
determined by the most limiting nutrient (the electron donor or
nitrogen) (Follows et al., 2007). Specifically, for any OTU s
performing reaction r we set Hs to the minimum of hs " Ur and
Jamm=ðAamm;rYr Þ, where Jamm is the maximum possible cell-
specific ammonium uptake rate (mol-N per cell per time, limit-
ed by extracellular ammonium diffusion rates; Shaw et al.,
2015), hs accounts for the dependence on substrate availabili-
ty according to classical Monod kinetics (Jin et al., 2013) and
Ur is a thermodynamic potential factor for the reaction
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(LaRowe et al., 2012), accounting for reduced reaction rates
near thermodynamic equilibrium:

hs5
VsC

C1Ks
; (4)

Jamm54pRcDammCamm; (5)

Ur 5 exp
DGr 1F " DW

RgT

! "
11

# $21

: (6)

Here, Ks is the half-saturation concentration of the limiting sub-
strate (specific to OTU s), C is the substrate concentration, Vs

is the maximum cell-specific reaction rate (specific to OTU s),
Damm is the ammonium molecular diffusion coefficient, Rc is the
cell radius, Rg58:314 J " K "mol21 is the molar gas constant, T
is the temperature in Kelvin, DW is the electric potential across
the cell membrane, F596:485 kJ " V21 "mol21 is the Faraday
constant and DGr is the Gibbs free energy of the reaction per
electron transferred. Note that DGr is given by

DGr 5
1

gr

DGo
r 1RgT ln Qr

% &
; (7)

where DGo
r is the standard Gibbs free energy of the reaction

(kJ per mol e-donor), cr is the number of transferred electrons
(mol e2 per mol e-donor, overview in Supporting Information
Table S1), and

Qr 5
Y

m

CSmr
m (8)

is the reaction quotient.

We mention that we were mainly interested in the possible
effects of N limitation on C fluxes when N:C molar ratios are low,
and not on N fluxes at higher N concentrations per se. Hence,
for simplicity, and to minimize dependency on additional parame-
ters (e.g. half-saturation constants), in our model maximum
ammonium uptake rates follow 1st order kinetics, i.e. they are
proportional to ammonium concentrations (Eq. (5)). That said,
we emphasize that ammonium uptake at any moment in time is
stoichiometrically coupled to biosynthesis, and hence actual
ammonium uptake rates saturate at excessive ammonium con-
centrations when the electron donor becomes limiting (thus
resembling saturating, e.g. Monod, uptake kinetics).

Cell and phage population dynamics

For each OTU s performing some reaction r, the total cell pro-
duction rate is assumed to be proportional to the total rate of
its catalyzed reaction, HsNs, multiplied by some constant bio-
mass yield factor, Yr, and divided by the dry cell mass, ms. We
note that using constant yield factors to describe microbial
growth rates is only an approximation (McDuffie, 1991). Nev-
ertheless, our model successfully captures key aspects of
microbial metabolic networks, including stoichiometric balanc-
ing between metabolic pathways, substrate limitation and a
halt of reaction rates near thermodynamic equilibrium or when
reactions become endergonic (i.e. Hs % 0 when DGr !0; LaR-
owe et al., 2012).

Each OTU s is associated with a single specialist lytic phage
population, which comprises free phage particles as well as
phages that have infected a host cell. The model keeps track of
the infected portion, N i

s, and the uninfected portion, Nu
s , of each

cell population. The rate at which uninfected cells become
infected is proportional to the total number of free phage par-
ticles (Ps) and to the total number of uninfected cells (Ellis and
Delbr€uck, 1939), multiplied by some proportionality constant
(bs) that accounts for the rate at which phages ‘scan’ the medi-
um via passive diffusion (volume clearance rate) as well as the
probability that an encounter with a cell would lead to infection
(Middelboe et al., 2001). All infected cells are assumed to even-
tually undergo lysis, releasing new phage particles into the
bioreactor (Shapiro and Kushmaro, 2011). Lysogeny is not con-
sidered in the model. The loss of uninfected cells is assumed to
be driven by hydraulic dilution, and is hence described by an
exponential decay rate D. In addition to hydraulic dilution,
infected cells suffer from an elevated mortality rate, ls, which is
equivalent to the inverse of the time lag between infection and
cell lysis (latent period). Hence, uninfected and infected cell
concentrations change according to the differential equations

dNu
s

dt
5

Yr

ms
Nu

s Hs2DNu
s 2bsPsNu

s ; (9)

dN i
s

dt
5bsPsNu

s 2DN i
s2lsN i

s: (10)

Here, ms is the dry cell mass for OTU s.

Phage-induced cell lysis leads to the release of new free
phage particles. The adsorption of phage particles by already
infected cells has no further effect on the cell burst size or
time lag of cell lysis (Ellis and Delbr€uck, 1939), but contributes
to the removal of phage particles from the bioreactor. Phage
particles that fail to infect any cells are assumed to decay nat-
urally (i.e. become inactivated or destroyed) (Suttle, 1994) or
to eventually get flushed out of the bioreactor. Hence, the con-
centration of infectious phage particles associated with OTU s
satisfies the differential equation

dPs

dt
5mslsN i

s2bsPsðNu
s 1N i

sÞ2ðD1dsÞPs; (11)

where ms is the average number of phage particles released per
lysed cell (burst size), and ds is the phage inactivation rate.

As mentioned in the previous section, cell lysis results in
the release of organic carbon (in the form of glucose) and
ammonium into the bioreactor, available for subsequent catab-
olism and assimilation. Hence, the flux terms Fm (Eq. (1)) are
zero for all metabolites m except for glucose and ammonium:

Fgluc:5
WC

6

X

s

lsN i
sms; (12)

FNH1
4
5WN

X

s

lsN i
sms: (13)

Parameterization and simulations

Model parameters were either fixed at values obtained from
the literature, or chosen randomly and uniformly within an
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interval around values obtained from the literature (overview in
Supporting Information Table S2), following a similar approach
by Follows et al. (2007). In particular, for each OTU the
reaction-kinetic parameters (Vs and Ks; Eq. (4)) as well as
parameters describing phage-host interactions (bs, ms and ls;
Eqs. (9–11)) were chosen randomly for each OTU. To account
for tradeoffs between the kinetic parameters Ks and Vs (Fol-
lows et al., 2007), as well as for tradeoffs between defence
against phages and growth rates, for each OTU we set Vs5
V o

s jsks; Ks5K o
s js=ð12jsÞ and bs5bo

sks, where V o
s ; K o

s and
bo

s are chosen randomly as in Supporting Information Table
S2, and js, ks are chosen randomly and uniformly between 0
and 1. The parameter js mediates the tradeoff between the
affinity (i.e. the ratio Vs=Ks) and the maximum cell-specific
reaction rate (Vs), as recommended by Smith et al. (2009),
and consistent with suggestions by Aksnes and Cao (2011)
that affinity – rather than half-saturation concentration – is an
inherent biological trait. Similarly, the parameter ks mediates
the tradeoff between defence and growth, following a similar
approach by Vage et al. (2013). Yield factors were taken
directly from Roden and Jin (2011, Supporting Information
Table S2 therein) or, if not available, were estimated based on
the reaction’s standard Gibbs free energy (DGo

r ) and the
regression formula provided by Roden and Jin (2011).

The glucose concentration in the inflow (Co
gluc) was set to

1 g " L21. This concentration is between typical dissolved
organic carbon concentrations in natural methanogenic envi-
ronments (Jones et al., 1995; Wand et al., 2006) on the one
hand, and typical bioreactor feeds (Xing et al., 1997; Fern!an-
dez et al., 1999) on the other hand. The choice of glucose
input (within ranges spanning natural and bioreactor systems)
did not influence our overall conclusions.

The ammonium concentration in the inflow (Co
amm) was set

to 6aCo
gluc, where a is the molar nitrogen:carbon (N:C) ratio.

Unless otherwise mentioned, for a we considered the value
0.075, which is the ratio used in experiments by Xing et al.
(1997) and Fern!andez et al. (1999), and is also comparable to
values in other similar experiments (Vanwonterghem et al.,
2014; 2016). We note that this ratio is about half of the Red-
field N:C ratio (16:106 5 0.15). Considering that in anaerobic
digesters the bulk of reduced carbon is catabolized for energy
rather than assimilated (McDuffie, 1991), N was unlikely a lim-
iting resource in the aforementioned experiments. Here, to
explore the interaction between nitrogen limitation and the
release of nitrogen by viral lysis in more oligotrophic environ-
ments (Rosenberg et al., 2010), we performed additional
simulations using a much lower N:C ratio of 0.0075.

Apart from the random parameter choices described here,
no model selection/constraining was done. In particular, we
did not make any a priori assumptions as to which phages or
OTUs persist in the long term. Instead, for each simulation we
allowed the system’s dynamics determine which phages and
OTUs persisted. We note that this is also the approach taken
by Follows et al. (2007). The number of OTUs and phages
persisting within each functional group are shown in Fig. 3C
and D.

The differential equations (1), (9), (10) and (11) describe a
high-dimensional deterministic dynamical system of 3S1M
variables, where S is the number of OTUs and M is the num-
ber of considered metabolites. Numerical simulations of this
system were performed using MCM 1.7 (Louca and Doebeli,

2015a), an open source software for modelling microbial com-
munities. MCM is available at: http://www.zoology.ubc.ca/
MCM

Statistical analysis

To quantify the metabolic performance of the community (in
terms of methane production), for each simulation we calculat-
ed the average effluent methane concentration over time. To
quantify the variation in metabolic performance we calculated
the coefficient of variation (CV, i.e. the standard deviation
divided by the average) of effluent methane concentration
over time. Note that for each simulation the average methane
concentration and its CV were different because several mod-
el parameters were chosen randomly. For each degree of
functional redundancy, we used 50 simulations to estimate the
distribution of average methane concentrations and their CVs
(box-plots in Fig. 3A and B).

To quantify the variation in functional community structure
across time during any particular simulation, we calculated the
CVs of functional group proportions and averaged these over
all considered functional groups. For example, to quantify the
variation of the 3 catabolic stages (all fermenters vs all syn-
trophs vs all methanogens) we considered the average of (a)
the CV of the fraction of fermenters, (b) the CV of the fraction
of syntrophs and (c) the CV of the fraction of methanogens in
the community. Similarly, to quantify the variation of methano-
genic functional groups we considered the average of (a) the
CV of the fraction of acetoclastic methanogens and (b) the CV
of the fraction of H2=CO2 methanogens. Note that CVs were
different for each simulation, because several model parame-
ters were chosen randomly. For each degree of functional
redundancy, we used 50 simulations to estimate the distribu-
tion of CVs (box-plots in Fig. 4I–L).

As mentioned earlier, to distinguish between statistical aver-
aging and dynamic stabilization we compared the CVs of
functional group proportions to a null model in which OTU
populations fluctuated independently. Specifically, for each
simulation the null model cyclically shifted the time series of
each OTU by a random time step, resulting in hypothetical
community trajectories in which each OTU population fluctu-
ates at a random phase lag when compared with other OTUs.
The shifted time series of all OTUs within each functional
group were then summed to calculate the hypothetical corre-
sponding abundance of the functional group. For each
simulation this was done 1000 times, yielding a distribution of
random CVs generated by the null model. The ‘degree of
dynamic stabilization’ (DDS) of a single simulation was then
defined as the fraction of random CVs that were above the
actual CV of the simulation. For each degree of functional
redundancy, we used 50 simulations to estimate the distribu-
tion of DDSs (box-plots in Fig. 4M–P).

All simulations were ran for a period of 200 days. All statis-
tics were performed based on days 50–200, in order to avoid
any transients during ‘startup phase’.
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Supporting information
Additional Supporting Information may be found in the
online version of this article at the publisher’s website:

Fig. S1. Phage-host trajectories. Cell concentrations (hori-
zontal axes) and associated phage concentrations (vertical
axes) across time (one plot per phage-host pair), during a
simulation at 5-fold functional redundancy (i.e. comprising
60 cell populations). Rows correspond to different functional
groups (names as in Fig. 1), columns correspond to differ-
ent OTUs competing within a functional group. A brighter
point on a trajectory indicates an earlier time in the
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simulation. Trajectories that appear mostly bright corre-
spond to hosts that went extinct early in the simulation.

Fig. S2. Effects of functional redundancy on community
performance, at lowN:C ratios. (A) Temporal averages and
(B) temporal coefficients of variation of effluent methane
concentration, for various degrees of functional redundancy
in the inoculum. In (A), also shown are cases without
phages present (two right-most boxes). In all figures, box
plots represent the distribution across 100 random simula-
tions. Whiskers span 95% percentiles around the median.
Simulations were performed using an N:C molar ratio in the
inflow of 0.0075, which is 10 times lower than the one used
in the main article.
Fig. S3. OTU composition at the community level and efflu-
ent methane. (A) Proportions of cell concentrations over
time (one color per OTU) during a simulation at 20-fold
functional redundancy in the inoculum. (B) Corresponding
concentration of methane in the effluent. (C,D) Analogous
to (A,B), but for a 100-fold functional redundancy. The first
and second row correspond to Figs. 4A and 4E
respectively.
Fig. S4. Effects of functional redundancy on functional com-
munity composition, at low N:C ratios. Row 1: Coefficients
of variation (CV) for the proportions of (A) cell densities
grouped by catabolic stage, (B) fermenting functional
groups, (C) syntrophic functional groups and (D)

methanogenic functional groups, at various levels of func-
tional redundancy. Row 2: Degree of dynamic stabilization
(DDS) of functional group proportions, corresponding to A–
D. Box plots represent the distribution of CVs (A–D) and
DDSs (E–H) across 100 random simulations; vertical bars
indicate 95% percentiles. DDS was not calculated for 1x
functional redundancy in E–H, as each functional group
consists of only one OTU. Simulations were performed
using an N:C molar ratio in the inflow of 0.0075, which is 10
times lower than the one used in the main article.
Table S1. Reaction stoichiometry. Reaction stoichiometry,
standard Gibbs free energies (DGo, kJ " mol21 e donnor,
from Conrad, 1999) and electrons transferred (g, mol e per
mol e-donor, from Roden and Jin, 2011, Table S2). Reac-
tion IDs are as in Fig. 1.
Table S2. Model parameters. Parameters used in the mod-
el, including substrate half-saturation concentrations and
maximum cell-specific substrate uptake rates. Parameters
marked with an asterisk (*) are randomly and uniformly cho-
sen within an interval spanning 10–1000 % of their default
value, independently for each OTU or phage species and
for each simulation. The actual parameters V, K and b for
each OTU (Eqs. (4) and (9) in the main article) are set to
V 5 Vokk, Kok/(1 2 k) and b 5 bok, where k and k are ran-
dom tradeoff-parameters in (0, 1), as described in the main
article.
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Taxonomic variability and functional stability in microbial
communities infected by phages

- Supplementary Material -

S.1 Testing the plausibility of population drift as a cause of OTU turnover1

Population drift due to random birth-death events has been suggested previously as a cause of OTU turnover2

within functional groups over time, under constant environmental conditions (Ofi�eru et al., 2010). How-3

ever, the importance of drift (e.g., compared to niche-based processes and competitive exclusion) generally4

decreases at higher population sizes (Lande et al., 2003). Even under neutral drift (i.e., in the absence of5

competitive di�erences), stochastic population trajectories may change very slowly when population sizes6

are high. Here, to assess the extent to which population drift could possibly explain temporal changes of7

natural microbial community composition, we examined a simple stochastic birth-death model for the popu-8

lation sizes of two competing equivalent OTUs. Using this model, we calculated the expected time it would9

take for an initially rare OTU to eventually become dominant solely by drift, and we compared that time with10

typical time scales of microbial community changes. We note that the results described below also hold if in11

the model we had considered more than 2 OTU populations.12

The model is a discrete-time Markov chain that considers the population sizes (N1 and N2) of two equiv-13

alent OTUs over time. Both OTUs have equal death rates and equal birth rates, and the total population size14

(N = N1 + N2) is assumed to be constant. At each time step, a cell is removed (“death”) from one of the15

two populations at random, while one of the remaining cells in any of the two populations divides, resulting16

in the addition of a new cell (“birth”). The probability that the removed cell belongs to population 1 is given17

by N1/N . The probability that the added cell belongs to population 1 is given by (N1 ≠ 1)/(N ≠ 1) or18

N1/(N ≠ 1), depending on whether the preceding death occurred in population 1 or 2. Hence, after each19

time step N1 is either decreased by 1, increased by 1 or kept unchanged. The transition probabilities for N120

are as follows:21

P (i æ i + 1) = i(N ≠ i)
N(N ≠ 1) , (1)

P (i æ i ≠ 1) = i(N ≠ i)
N(N ≠ 1) , (2)

P (i æ i) = 1 ≠ 2i(N ≠ i)
N(N ≠ 1) , (3)

while all other P (i æ j) are zero. We mention that this model is very similar to the Moran process (without22

mutation or selection), which is widely used in the context of population genetics (Moran, 1958). We were23

specifically interested in calculating the average time that it would take for N1 to reach a given threshold M24

for the first time when starting at some lower population size m (1 Æ m < M Æ N ), conditional upon25

eventually reaching M . This “expected transition time” (in terms of time steps) can be calculated using26

standard mathematical techniques for finite Markov chains (Otto and Day, 2007, Sections 14.3.3 and 14.3.4,27

1



recipes 14.2 and 14.4). The formulas by Otto and Day (2007) can be applied directly if M is treated as an28

additional “absorbing state”, i.e. where P (M æ j) is set to 1 for j = M and 0 otherwise.29

For the example cited in the main text, we conservatively considered a small total population size of N =30

104, and calculated the expected transition time from m = 0.1◊N to M = 0.9◊N . To translate time steps31

into actual time, we conservatively assumed a generation time of ≥ 1 day (one time step thus corresponds to32

≥ 1/N days), noting that in natural environments (as well as in our bioreactor model) prokaryotic generation33

times are typically longer (Whitman et al., 1998). We found that, even with these conservative parameters,34

the expected transition time from low to high abundance via drift would be 6923 days. In conclusion, while35

in principle drift can lead to complete OTU turnover over time, in realistic microbial communities the time36

required for OTU turnover via drift would be much higher than typically observed turnover times, even under37

constant environmental conditions (days to months; Dumont et al., 2009; Ofi�eru et al., 2010; Rodriguez-38

Brito et al., 2010).39
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Figure S1: Phage-host trajectories. Cell concentrations (horizontal axes) and associated phage concen-
trations (vertical axes) across time (one plot per phage-host pair), during a simulation at 5-fold functional
redundancy (i.e., comprising 60 cell populations). Rows correspond to di�erent functional groups (names
as in Fig. 1), columns correspond to di�erent OTUs competing within a functional group. A brighter point
on a trajectory indicates an earlier time in the simulation. Trajectories that appear mostly bright correspond
to hosts that went extinct early in the simulation.
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Figure S2: E�ects of functional redundancy on community performance, at low N:C ratios. (A) Tempo-
ral averages and (B) temporal coe�cients of variation of e�uent methane concentration, for various degrees
of functional redundancy in the inoculum. In (A), also shown is the case without phages present (right-most
box). In all figures, box plots represent the distribution across 100 random simulations. Whiskers span 95%
percentiles around the median. Simulations were performed using an N:C molar ratio in the inflow of 0.0075,
which is 10 times lower than the one used in the main article.
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Figure S3: OTU composition at the community level and e�uent methane. (A) Proportions of cell
concentrations over time (one color per OTU) during a simulation at 20-fold functional redundancy in the
inoculum. (B) Corresponding concentration of methane in the e�uent. (C,D) Analogous to (A,B), but for a
100-fold functional redundancy. The first and second row correspond to Figs. 4A and 4E, respectively.
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main article.
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Table S1: Reaction stoichiometry. Reaction stoichiometry, standard Gibbs free energies (�Go,
kJ · mol≠1 e donnor, from Conrad, 1999) and electrons transferred (“, mol e per mol e-donor,
from Roden and Jin, 2011, Table S2). Reaction IDs are as in Fig. 1.

ID Reaction �Go “

glucose fermentation
A C6H12O6 æ 2 CH3CH2OH + 2 CO2 ≠235.0 24
B C6H12O6 æ 2 CH3CHOHCOOH ≠198.1 24
C C6H12O6 æ 3 CH3COOH ≠311.2 24
D C6H12O6 + 2 H2O æ 2 CH3COOH + 2 CO2 + 4 H2 ≠216.1 24
E C6H12O6 æ 4/3 CH3CH2COOH + 2/3 CH3COOH + 2/3 CO2 + 2/3 H2O ≠311.4 24
F C6H12O6 æ 2/3 CH3CH2CH2COOH + 2/3 CH3COOH + 2 CO2 + 8/3 H2 ≠248.0 24

syntrophy (catabolism of short-chain fatty acids, lactate and alcohols)
G CH3CH2OH æ CH3COOH + 2 H2 +9.6 12
H CH3CHOHCOOH + H2O æ CH3COOH + CO2 + 2 H2 ≠48.7 12
I CH3CH2COOH + 2 H2O æ CH3COOH + CO2 + 3 H2 +31.8 14
J CH3CH2CH2COOH + 2 H2O æ 2 CH3COOH + 2 H2 +48.3 20

methanogenesis
K CH3COOH æ CO2 + CH4 ≠35.6 8
L H2 + (1/4) CO2 æ (1/2) H2O + (1/4) CH4 ≠32.7 2

6



Table S2: Model parameters. Parameters used in the model, including substrate half-saturation concentra-
tions and maximum cell-specific substrate uptake rates. Parameters marked with an asterisk (ı) are randomly
and uniformly chosen within an interval spanning 10–1000 % of their default value, independently for each
OTU or phage species and for each simulation. The actual parameters V , K and — for each OTU (Eqs. (4)
and (9) in the main article) are set to V = V oŸ⁄, KoŸ/(1 ≠ Ÿ) and — = —o⁄, where Ÿ and ⁄ are random
tradeo�-parameters in (0, 1), as described in the main article.

symbol and description scope default value ref.
m dry cell mass fermenters 280 fg a

— ” — syntrophs 280 fg a
— ” — H2/CO2 methanogens 440 fg b
— ” — acetoclastic methanogens 2.5 pg b

V o max. cell-sp. glucose upt. rate fermenters ı 67.2 fmol/(cell · d) c†

Ko glucose half-saturation conc. — ” — ı 0.53 mM c†

V o max. cell-sp. H2 upt. rate H2/CO2 methanogens ı 1.43 pmol/(cell · d) b
Ko H2 half-saturation conc. — ” — ı 7.65 µM b
V o max. cell-sp. acetate upt. rate acetoclastic methanogens ı 0.55 pmol/(cell · d) b
Ko acetate half-saturation conc. — ” — ı 442 µM b
V o max. cell-sp. lactate upt. rate lactate syntrophs ı 143 fmol/(cell · d) d†

Ko lactate half-saturation conc. — ” — ı 380 µM d
V o max. cell-sp. ethanol upt. rate ethanol syntrophs ı 536 fmol/(cell · d) e†

Ko ethanol half-saturation conc. — ” — ı 0.3 µM f
V o max. cell-sp. butyrate upt. rate butyrate syntrophs ı 72.8 fmol/(cell · d) d†

Ko butyrate half-saturation conc. — ” — ı 76 µM b
V o max. cell-sp. propionate upt. rate propionate syntrophs ı 44.8 fmol/(cell · d) d†

Ko butyrate half-saturation conc. — ” — ı 432 µM g
—o phage infectivity free phage particles ı 3 ◊ 10≠10 L/d h,i
” phage inactivation rate — ” — ı 0.48 d≠1 j
µ lysis rate all infected cells ı 6 d≠1 i,k
‹ lysis burst size — ” — ı 24 i,k
⁄ hydraulic turnover rate bioreactor 0.1 d≠1 l
Co

gl glucose input concentration bioreactor 1 g/L l,m
T temperature bioreactor 35¶C k
pH bioreactor 7.0 l
�� membrane electric potential all cells 120 mV n
Y biomass yield fermentation to H2+acet.+butyrate 15.6 g dW/mol gluc. o

— ” — fermentation to ethanol 7.04 g dW/mol gluc. p
— ” — fermentation to acet.+propionate 8.65 g dW/mol gluc. p
— ” — fermentation to lactate 6.26 g dW/mol gluc. p
— ” — fermentation to acetate 8.64 g dW/mol gluc. p
— ” — fermentation to H2+acet. 6.64 g dW/mol gluc. p
— ” — lactate syntrophy 4.60 g dW/mol lact. o
— ” — ethanol syntrophy 3.45 g dW/mol eth. o
— ” — butyrate syntrophy 0.996 g dW/mol but. o
— ” — propionate syntrophy 1.31 g dW/mol prop. o
— ” — H2/CO2 methanogenesis 1.08 g dW/mol H2 o
— ” — acetoclastic methanogenesis 1.73 g dW/mol ac. o

Damm ammonium di�usion coe�. bioreactor 23.955 ◊ 10≠10 m2/s q
Rc cell radius all cells 0.546 µm r

a: Neidhardt and Umbarger, 1996. b: Ahring and Westermann, 1987. c: Meadows et al., 2010. d: Costello et al., 1991.
e: Courtin and Spoelstra, 1990. f: Kalyuzhnyi, 1997. g: Lawrence and McCarty, 1969. h: Abedon, 1989.

i: Middelboe et al., 2001. j: Suttle, 1994; Ottosson and Stenström, 2003; Fischer et al., 2004. k: Meile et al., 1989.
l: Xing et al., 1997; Fernández et al., 1999. m: Jones et al., 1995; Wand et al., 2006. n: LaRowe et al., 2012; Reed et al., 2014.

o: Table S2 in Roden and Jin (2011). p: Inserting �Go from Table S1 into the regression formula by Roden and Jin (2011).
q: Table 4.7 in Boudreau, 1997. r: based on exponentially growing E. coli (Kubitschek and Bendigkeit, 1955).

†: Mass-specific rates converted to cell-specific rates based on a dry cell mass of 2.8 ◊ 10≠13 g (Neidhardt and Umbarger, 1996).7
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