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Abstract

Viruses, particularly bacteriophages, are the most abundant biological entities across nearly all
ecosystems and play a central role in shaping microbial community structure, ecosystem function,
and evolution. Consequently, there has been growing interest in studying phages and their
interactions within microbiomes. Mathematical modeling has long provided a foundation for
investigating phage—host interactions, formalizing diverse infection strategies (lytic, lysogenic and
chronic infection) and their governing parameters. These approaches include resource-based
trophic models that describe the flow of resources from microbes to viruses, epidemiological
models that focus on the transmission of infection, stochastic models that capture environmental
and demographic randomness, metacommunity models that account for spatial organization, and
network-based models that characterize the topology of phage—host interactions. Together, these
frameworks have given rise to influential ecological theories, such as Kill-the-Winner and
Piggyback-the-Winner, which offer mechanistic explanations for phage—host dynamics. Despite
these advances, theoretical insights have remained only loosely connected to environmental
observations, and studies of phage communities have often been limited to descriptive
characterization. Metagenomics now provides a unique opportunity to directly observe phage—
host dynamics across diverse environments and timescales. The increasing availability of large-
scale and longitudinal metagenomic datasets enables the application of statistical and data-driven
approaches including co-occurrence and correlation analyses, network inference, dynamic
modeling, and machine learning to infer interactions and ecological strategies from empirical data.
In this review, we synthesize the foundations of theoretical and mathematical modeling of phage—
host systems and discuss emerging approaches for integrating omics data with these frameworks.
By linking metagenomic observations with mechanistic and ecological models, we highlight
pathways toward moving beyond descriptive viromics and toward predictive, data-informed
understanding of phage ecology and evolution in natural ecosystems.
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Table 1: Glossary

Word Meaning

: Regulation of microbial dynamics with respect to population
Density- : :
dependent density. In phage-host systems, phages act on the density
fee%back signals stabilizing the coexistence by increasing viral pressure on

abundant host or reducing infection rates on low density hosts.

Superinfection

A mechanism by which a bacterium infected by a phage
becomes resistant to subsequent infection by related phages,

e —— typically mediated by prophage-encoded immunity.
The ratio of infecting phage particles to susceptible host cells in a
Multiplicity of system. Higher MOl means more virus particles per host cell

Infection (MOI)

while low MOI means the opposite. MOI can determine the
likelihood of infection. Weak phages require higher MOI to
establish a successful infection.

An evolutionary strategy in which phages prefer to follow a safer

Et?'ztr;egc:/gmg lifestyle (lysogeny over lysis) even when it has lower potential for
rapid growth.
The redirection of microbial biomass into dissolved organic
Viral shunt matter through viral lysis, thereby retaining nutrients within the
microbial loop rather than transferring them to higher trophic
levels.
Biological parameters governing phage and host dynamics,
Life-history including adsorption rate, burst size, latent period, decay rate,
traits host growth rate, and resistance costs. These traits define model

parameters in mechanistic and eco-evolutionary frameworks.

Mass tranfer

The physical transport of phages, hosts, or nutrients through
diffusion, advection, or mixing. Mass transfer determines
encounter rates and is particularly important in spatial,
chemostat, and fluid-flow models.

Permuting the

A statistical procedure in which data values or labels are
randomly shuffled to generate randomized null distributions.
Permutation is commonly used in network inference and

dataset ) . o .
machine learning to assess the significance of inferred
interactions or predictive performance.
. A modeling framework that uses a set of differential equations to
Dynamic - : .
- explicitly represent temporal changes in population abundances
modeling . . .
or states. This can be used to study phage-host interactions over
approach time
Quantitative variables extracted from data and used as inputs for
Features statistical or machine learning models. In phage ecology,

features may include genomic attributes, abundance trajectories,
interaction metrics, or environmental variables.
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Abstract representations learned by machine learning models
that capture underlying structure not directly observed in the
Latent features | data. In phage—host studies, latent features may correspond to
infection strategies, ecological niches, or host-range
determinants.

The multidimensional space defined by all features used in a
model, where each observation is represented as a vector.
Comparing empirical and simulated data within a shared feature
space enables quantitative evaluation of theoretical models.

Feature space

Introduction

The global virosphere comprises viruses that interact with bacteria, archaea, and eukaryotes,
playing a significant role in ecosystem-scale effects. Bacteriophages (viruses that infect bacteria)
play a pivotal role in shaping microbial communities, regulating ecosystem processes, and
influencing global biogeochemical cycles (1, 2). Phage—host interactions are inherently complex,
with phages employing multiple strategies to engage bacteria, ranging from lysis to lysogeny and
gene ftransfer. Each mode and interaction shapes microbial communities in distinct and
sometimes transformative ways (3-5). For example, phage lytic infections can influence microbial
diversity, while phage integration can introduce new metabolic capabilities to the microbial
communities.

Modern strategies for studying viruses rely on metagenomics and viromics, along with various
bioinformatics tools (6, 7), to directly identify and characterize bacteriophages in the environment
(eliminating the need for cultivation). This involves annotating and identifying genes involved in
different phage lifestyles. This strategy has led to a significant increase in large-scale phage
studies, generating large datasets that enable the analysis of viral activity and host interactions in
the environment (8, 9) and in host-associated ecosystems like the human gut (10-12). Despite
the growing volumes of bioinformatics tools that utilize genomic information to study phage
ecology, a significant gap remains in understanding phage lifestyles from genes and proteins, i.e.,
interpreting the ways in which phages interact with their hosts, such as lysis, lysogeny, or chronic
infections. This is mainly due to shortcomings in viral protein annotation, which, in turn, affect our
interpretation of phage ecology and evolution, including predictions of phage-host interactions,
metabolic and ecological interactions, and protein function. This lack of knowledge of viral
genomes and proteins is referred to as ‘viral dark matter’.

Phage interactions can be interpreted by tracking phage-host dynamics or modeling. Time-series
sampling offers a powerful way to track phage-host dynamics over time, provides slightly more
information on the dynamics of phage ecology in real time, but still suffers from the same bane of
viral dark matter. This is mainly because the computational methods currently used to analyze
both time-series and single-timepoint datasets are fundamentally similar, as they focus solely on
genomic information in both cases. This approach entirely overlooks a valuable aspect of time-
series data, specifically, the temporal changes in populations. There is a need for tools that
integrate temporal population shifts and genomic data to improve predictions, thereby addressing
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a critical gap in phage ecology research. Recognizing this gap motivates the need for integrative
approaches discussed in the “Linking metagenomics with models” section of this review.

Simultaneously, mathematical modeling has enabled the study of phage-host interactions by
establishing various infection strategies and their associated parameters. From an ecological
perspective, questions about phages and their hosts are analogous to those in other predator-
prey and host-parasite systems. What is the role of phage in regulating the density and diversity
of the bacterial population? What are the conditions in which phages can coexist with the
susceptible bacteria? How do competing phages, competing bacteria, and changes in resources
influence coexistence? Theoretical models of Iytic, lysogenic, and chronic infections have been
used to address many of these questions. However, they often model only one or, at most, two
different phage infection cycles. This does not accurately represent the heterogeneous
environmental conditions that phages exist within, and therefore, theoretical insights are
insufficient to explain real-time phenomena.

Table 2: Different states of phage-host system

States Description
Host/microbe | A bacterial cell
Phage A bacteriophage virus
Lytic Phages infect and kills the host cells
Phages infect and integrate with the host
Lysogenic genome
Phage genome integrated with the host
Prophage genome
Resistant Host becomes resistant to the phage

) A state that is inbetween lytic and lysogenic.
Chronic Phage infects the host and buds out
chronically without killing it.
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In this article, we review the current state of genomic and theoretical modeling approaches
available for studying phage-host lifestyles in the environment, with a focus on the disconnect
between predictions from available tools and real-world observations. We also discuss gaps and
scope for research in this area by proposing methods for integrating metagenomic data with
theoretical models to improve predictions. In particular, we emphasize the integration of
metagenomic data with theoretical models as a path toward generating predictions that more
closely align with ecological observation

a Lytic infection b Chronic infection

Infection Infection

Progeny

Contact Contact

Cc Lysogenic infection

Progeny

Figure 1: Phages employ three principal infection strategies: lytic (a), chronic (b), and
lysogenic (c). (a) During lytic infection, phages inject their genetic material into the host cell,
hijack host machinery to replicate viral genomes and synthesize structural components (head, tail,
and associated proteins) and assemble progeny virions. Completion of virion assembly is followed
by host cell lysis, releasing newly produced phages. (b) In chronic infection, phages replicate
within the host and are continuously released through budding without causing immediate host
cell death; viral genetic material may also be transmitted to daughter cells during host division. (c)
In lysogeny, phage genetic material integrates into the host chromosome as a prophage, which
is passively inherited by subsequent host generations. Under appropriate environmental
conditions, the prophage can be induced to exit the lysogenic state and enter the lytic cycle.




Table 3: Summary of mathematical models

oot Ecolo_glcal Components _Ec<_)log|cal Link to Omics data AP Applications
Framework question insight enabled
How does .
phages Host growth and Modellr?g foqd
’ . web, microbial
Resource- influence flow Resources; resource Bacterial abundance, . i .
i . . e Kill-the- loop; modeling
based trophic of nutrients Bacteria; availability Phage abundance, . . :
) . : : .| winner industrial
models from microbes | Phages influences phage | Virus-to-microbe ratio .
: . A bioprocesses
to viruses in production involving phages
ecosystems? g phag
Designing phage
Viral life-histor therapy;
How do y : by;
. ) .. | parameters , Kill-the- modeling
. . . infections Susceptible; : . Bacterial abundance, . . .
Epidemiological s ) determine viral winner, multiple viral
spread within Infected; . Phage abundance, .
models . : lifestyles and : . .| abandon-the- | lifestyles,
microbial Phage ; Virus-to-microbe ratio | . . . .
. coexistence of sinking-ship | modeling phage
populations? ) . . : .
multiple lifestyles infections in

ecosystems




Modeling phage

How does Co-evolutionary therap_y ;
: modeling
random events arms race : Piggyback- ;
: . : Bacterial abundance, . coevolution
Stochastic like evolution ) promotes the-winner, )
: Host; Phage . Phage abundance, arms race;
models influence coexistence of : : , Red Queen .
. : ) Virus-to-microbe ratio : modeling phage
infection diverse host and Hypothesis and host
outcomes? phage species. :
resistance
systems
How does the
phage-host Phage-host
interactions interaction
influence networks show a
. \ .| Co-occurrence .
community nested-modular . Detecting
) patterns estimated :
Network-based | structure? How . structure meaning patterns in
Host; Phage from host and phage | NA
models does the that phages are phage-host
- abundance across : .
topology of specialist to . interactions
i o time or place
phage-host niches while in a
interactions niche they can be
change with generalist

environment?
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Meta-
community
models

How does
spatial structure
shape phage—
host
interactions?

Host; Phage

Phage predation
can vary spatially
across the
community. Fast-
growing
peripheral regions
are prone to
higher phage
predation than the
stable basal
regions

Spatial metagenomics

Peripheral
Kill-the-
Winner

Modeling phage
interactions in
biofilms
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Mathematical models of phage-host interactions

There have been extensive modeling studies on how viruses shape the population dynamics and
evolutionary dynamics of microbes (13-25), which often involve modeling various phage
lifestyles, including lytic, lysogenic, and chronic (Fig. 1) (Table 2). Broadly, mathematical models
of phage-host interactions can be classified into five major classes based on the questions
answered, and the components included in the model (Fig. 2). Resource-based trophic models
emphasize the flow and conversion of resources into microbial biomass and subsequently into
viral particles. Epidemiological models focus on the transmission and spread of infection within
host populations. Stochastic models incorporate randomness to capture the probabilistic nature
of phage—host encounters and infection outcomes. Metacommunity models explicitly account for
the spatial organization and connectivity of phage—host communities across heterogeneous
environments. Finally, network-based models emphasize the topology of interactions,
characterizing who infects whom, and how the structure of these interactions shapes community
dynamics (Table 3).

Resource-based trophic models

The early phage-host models developed by Stewart et al. (26) were inspired by resource-based
trophic models, such as predator-prey models, in which the growth of one species depends solely
on its ability to take up and convert resources (Fig. 2a). Consequently, phages were treated only
as predators (lytic agents). In the phage-host setup, there are three main components: 1) primary
resources (R), 2) primary consumers or bacteria (B), and 3) predators or phages (P). Each
component acts as a resource for the element in the immediately higher trophic level. The primary
consumers (microbes) prey on the primary resources, while the predators (phages) prey on the
primary consumers. At any given time point, microbial populations are limited by resource
availability, while phage populations are limited by the availability of microbial hosts. By assuming
unlimited resource availability, the model can focus solely on phage-microbe dynamics. These
conditions can be observed in continuous culture setups, known as chemostats, where spatial
homogeneity, abiotic variables, and nutrient supply are maintained constantly.

Starting with this setup, these models look for conditions in which all three components can
coexist, to reflect real environmental conditions. On a superficial level, coexistence occurs when
the concentration of resources in the environment supports the growth of primary consumers, and
the density of primary consumers supports predators at all times (15). These concentrations are
referred to as equilibrium concentrations. The growth characteristics of the population can provide
a more intuitive explanation for the coexistence: at any point in time, the rate at which phages
lyse bacteria depends on both microbial and phage densities (27). Thus, when microbial density
is low, the lysis rate is also low. This effect protects the microbial population from over-predation,
allowing for coexistence.

But how do these models scale in more realistic scenarios, such as the existence of multiple
primary consumers? Consider a scenario with two primary consumers: a bacterial population
sensitive to phages and a bacterial population resistant to phages. The chemostat models (15,
28) predicted that when the resistant bacterial population has lower competitive fithess than the
sensitive population, coexistence of both bacterial populations and the phage was possible (Fig.
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3a). Here, the sensitive bacteria persist due to their higher competitive fithess, such as a greater
affinity for resources, while resource availability limits the growth of the resistant population.
Again, the resistant bacteria persist because phages control sensitive bacteria. In other words,
phage predation also frees up resources for consumption by resistant cells. These chemostat
conditions better reflect laboratory culture conditions but do not accurately represent natural
environments. However, at that time, viruses were thought to be less significant in natural
environments, so these initial models focused solely on phage-host dynamics in controlled
environments.

The major distinction between natural and controlled environments is the existence of a more
complex food web. In this context, trophic modeling demonstrates greater adaptability in
incorporating more elements into the system. This led to the formation of more elaborate trophic
models with multiple resource limitations (e.g., carbon, phosphate, or nitrogen), multiple bacterial
populations, multiple phage populations, and an external protozoan predator (17). This answered
questions like: Can more bacterial populations coexist? What stabilizes the association between
these populations? What is the role of phages in regulating the bacterial density? What are the
directions and effects of selection on both bacteria and phages?

These resource-based trophic models laid out the foundations to understanding coexistence. If
all the phage-host infection rates were the same, then the viruses infecting the fast-growing hosts
were predicted to be the most abundant (17). This presented a reciprocal relationship between
microbial diversity and phage diversity, where the host-specific phage selectively killed the most
dominant populations of the community, thereby maintaining multiple bacterial populations. In
contrast, the varying substrate affinities of the coexisting bacterial populations ensured the
presence of multiple phage populations. This suggested that there should be one virus for every
bacterial species present in the population that preys on the specific bacteria. This also satisfies
a previously stated requirement of predator-prey dynamics (15): the number of distinct predator
populations cannot exceed the number of distinct prey populations, and the number of distinct
prey populations cannot exceed the sum of the distinct predator and resource populations in the
system.

Building upon this, models next incorporated the impact of evolution on population dynamics,
which allowed for the mutation of bacterial and viral species. This revealed the existence of trade-
offs between susceptibility to viruses and the ability of microbes to uptake nutrients. This meant
that host evolution towards phage resistance is accompanied by a cost on nutrient uptake
capability (25).
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Figure 2: Mathematical models can be classified into five
major classes. (a) Resource-based trophic models are
used to model the flow of resources from bacteria to viruses.
The three major components of these models are resources-
R, bacteria-B and phages-P. (b) Epidemiological models are
used to model the spread and transmission of phage infections
in the host population. The host population is partitioned into
susceptible population-S and infected population-I, along with
the phage population-P. (c) Stochastic models are used to
model the randomness in the phage-host systems. These
models represent infection outcomes as different probabilistic
values. (d) Network-based models are used to represent the
topology of phage-host interactions and are used to examine
community structure and interaction patterns. (e) Meta-
community models explicitly account for the influence of
spatial organisation on phage-host dynamics.
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conditions,
consistently

In chemostat
bacteria are

maintained at an
exponential/log phase.
However, such conditions

are not representative of
natural environments, where
bacteria can reach the
stationary phase or grow very
slowly as they near the
carrying capacity of the
environment. A mechanistic
model developed by Weitz et
al. (29) attempted to link the
phage-induced mortality rate
to the host reproduction rate.
This approach only modeled
two components, namely
phage and bacteria, and
explained the existence of
two possible states: phage-
host coexistence and phage
extinction. The initial
densities of phage and host
influenced these possibilities
in the system. Meaning that if
too few phages were added
(low multiplicity of infection,
MOQI), then phage infection
and reproduction cannot
happen sufficiently to
establish the population. At
the same time, if too many
phages were added (high

MOI), the host population
was suddenly depleted,
leading to extinction.

Similarly, as the host
population approaches the
stationary phase, the timing
of phage introduction also

influences the outcome. Hence, an appropriate number of phages (optimization of MOI) must be
added at the right time interval to ensure coexistence. Another interesting observation was that
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when the phage and host coexisted, they always exhibited oscillations, whereas extinction
occurred through a single boom-burst cycle of infection.

Phage-host systems deviate significantly from predator-prey dynamics when phages exhibit
lysogenic characteristics. While interactions involving strictly lytic phages are relatively
straightforward, lysogenic phages introduce additional layers of complexity through prophage
integration, immunity, and conditional life-cycle switching. Nevertheless, similar to lytic phages,
lysogenic phages can also be studied in chemostat conditions using different trophic models. The
lysogenic model proposed by Stewart et al. (16) and Chaudhry et al. (24, 30) consists of 1)
sensitive host cells, 2) host cells infected by lysogenic phages (lysogens), 3) resistant cells, 4)
lytic phages, and 5) lysogenic phages as the main components. These models predict that
coexistence can occur in a broad range of scenarios, depending on parameters such as resource
concentration, adsorption rates, burst size, and the relative growth rates of sensitive, infected,
and resistant bacterial populations. For example, it was seen that the resistant cells were always
at a competitive disadvantage relative to the sensitive host when all three bacterial populations
coexisted. Similarly, temperate and lytic phages coexisted as long as the latter did not have a net
advantage in life-history traits. On the contrary, even if temperate phages had a net advantage in
life-history traits, lytic phages were not eliminated. In addition to these predictions, these models
identified two instances in which temperate phages were advantageous over lytic phages. First,
by entertaining the idea of lysogenic phages as allelopathic agents (phages produced by lysogens
as toxins for other bacterial populations) (31). This is advantageous to the host bacterial
population because the prophages in the host provide superinfection immunity. Secondly, under
conditions of low bacterial density, lytic phages would eventually be depleted over time. However,
temperate phages can persist due to their ability to exist as prophages (Fig. 1¢). Despite these
advancements, a major information bottleneck lies in modeling the coexistence of multiple viral
lifestyles as they occur in nature (32, 33). This was achieved to some extent using epidemiological
models, which we discuss in the following section.

Epidemiological models

In parallel, epidemiological models, inspired by the spread of disease, have been developed to
model phage-host infections (Fig. 2b). The three main components of a simple epidemiological
model are: 1) susceptible bacterial populations (S), 2) infected bacterial populations (1), and 3)
phage populations (P) (34, 35). In these models, phages can infect the susceptible population at
an infection rate/adsorption rate, converting them into infected cells. New phages are released on
the death of infected cells based on the burst size of the phage.

Epidemiological phage-host models (with only lytic phages) developed by Beretta et al. (34)
showed that there were three possible stable states in this system, depending on the virus burst
size (Fig. 3b). The first was the infection-free system, in which the infection dies down when the
burst size is small. When the burst size increases and exceeds a threshold value, it transitions
into a positive infection system, where all three components of the model coexist. Finally, there is
the oscillatory system, where the burst size reaches a critical value, and the model exhibits
sustained oscillations in the susceptible, infected, and viral populations. In all three systems, the
phages do not burst out of the cell right after the infection. There is always a time required for the
production of phage particles inside the host cell. When introduced as a latency period into the
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model, it still retains the three states (35), but they now depend on the latency period in addition
to the burst size.

Any host stress has been shown to be an important model component in influencing lytic-to-
lysogeny switching (36). This has four components in the system: 1) normal hosts with a high
growth rate and low mortality, 2) stressed hosts with low growth rate and high mortality, 3) free
phages, and 4) lysogens. Simulation of this model showed that lysis was maximized in stressed
hosts, whereas a balance between lysis and lysogeny was observed in normal hosts. This
explains the ‘abandon the sinking ship’ hypothesis: when the host is healthy or in an exponential
growth phase, maintaining a balance between lysis and lysogeny reduces the cost of losing the
current host, whereas this benefit is lost in a dying host.

Different variants of epidemiological models can be constructed for lytic, lysogenic, and chronic
phages, each with its respective phage population (20). Parameters such as growth rate, carrying
capacity, adsorption rate, host and phage death rates, burst size, and lysis rates will remain
common among all models. Lifestyle-specific parameters distinguish different viral strategies
within epidemiological models. For example, lysogenic models include parameters such as the
probability of genome integration and the rate of prophage induction, whereas chronic infection
models include a budding rate but do not involve host lysis. These parameters define how each
viral lifestyle interacts with its host and shape the resulting population dynamics. These
parameters can help study whether a virus can successfully establish itself in a microbial
community (called viral invasion fitness). In practical terms, invasion fitness measures how
effectively an infected cell gives rise to new infections. It is defined as the average number of
newly infected cells produced by a single infected cell and the virions it releases when introduced
into an otherwise susceptible host population, a quantity commonly referred to as the reproduction
number (20). If this value exceeds one for the given host and viral parameters, the virus can
spread; if it is less than one, the virus will fail to invade. This framework also allows the mix-and-
match of different lifestyles to create heterogeneous lifestyle models (14) for studying interactions
between viruses with different lifestyles by determining the invasion fitness of one viral population
in the presence of an established resident viral population. For instance, invasion fitness can be
used to determine whether a lytic virus can invade a microbial system already dominated by a
chronic virus, or whether a chronic virus can establish itself in a community where lytic infection
is already prevalent.

Then, determining the life history and environmental parameters under which these reproduction
numbers are feasible is the condition under which the different lifestyle strategies coexist. This
model predicted a unique parameter regime where the chronic viruses require lytic viruses for
survival. This is justified in a scenario where only chronic viruses are present, and the infected
cells face high competition for nutrients, hence leading to eventual extinction. However, in the
presence of lytic viruses, this competition is reduced by lysis, allowing for the coexistence of these
organisms. This phenomenon can be extended to other latent lifestyles, such as lysogeny, in
which lytic viruses reduce niche competition through cell lysis, allowing the coexistence of
lysogens with low competitive fithess but resistant to lytic phages (37).

To study the competition between temperate and chronic viruses, Clifton et al. developed an
epidemiological model (38) in which the bacterial population is susceptible to both temperate and
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chronic phages. Upon infection by a temperate phage, the bacteria can either become a lysogen
or lysed, producing free temperate phages. In contrast, upon infection by a chronic phage, the
bacteria can become productive, producing phages without lysis, or remain in a latent state as
chronic bacteria. This model observed four steady states based on the frequency of bacteria
becoming latent in chronic versus temperate lifestyles: coexistence, temperate-only, chronic-only,
and susceptible-only. It was observed that the frequency for temperate phages must be
maintained at a level that is neither too small nor too large. If the temperate lysogen frequency is
too high, chronic viruses will dominate and infect bacteria first, eventually driving temperate
viruses to extinction. If too low, temperate viruses lyse bacteria quickly, allowing bacteria to
reproduce and the susceptible population to grow. It was also shown that a chronic strategy
benefits best by reducing the frequency of latency, as productive bacteria increase phage
abundance through both horizontal (via production) and vertical (via host cell division)
mechanisms.

Stochastic models

Stochastic models have been used to study the evolution of phage resistance and counter
mechanisms to phages within a population (commonly referred to as an ‘arms race’). In these
models, the hosts and phages are allowed to mutate to gain resistance and counter resistance
stochastically with a probability upon infection. Such evolutionary models often combine
population dynamics models and trait-evolutionary models (Fig. 2¢). One such model, developed
by Weitz et al. (39), studies the coevolutionary arms race between bacteria and phages in a
chemostat condition. The system includes two primary components: 1) bacteria and 2) phages.
In this setup, a simple predator-prey model governs the population dynamics, and a phenotypic
model regulates the evolution of traits in bacteria and phages. Though any life history trait can
evolve in a natural environment, only the nutrient uptake rate of bacteria and the adsorption rate
of phages are allowed to evolve in the controlled setup. A mutant can successfully invade a
population only when its fitness is positive, even in low initial concentrations. Fitness for bacteria
depends on nutrient uptake rate and the ability to escape phage. In contrast, phage fitness
depends on the adsorption rate, ensuring adsorption to a host before the phage is washed out of
the system. When this happens, a new set of equations corresponding to the new bacteria or
phage is added to the population dynamics. The model predicts that phages drive hosts to
diversify to escape infection, which in turn drives phage mutations to track the host. This
phenomenon, called ‘Red Queen’ dynamics, leads to the coexistence of multiple species in the
system (Fig. 3c).

Levin et al. (28) used a similar setup to study the CRISPR-based arms race. Consistent with Red
queen dynamics, this model showed the emergence of phage mutants capable of evading the
host CRISPR from wildtype phage that were susceptible to CRISPR. Yet this arms-race did not
completely wipe out the initial wildtype bacteria as one would expect, instead, they demonstrated
the persistence of both sensitive and phage-resistant hosts.

Game theory can be used to model the decision of phages to follow a temperate or a virulent
lifestyle (40). This is done by simulating a phage population in a fluctuating environment. The
environment is designed to randomly switch between a ‘good’ condition, favoring phage
production, and a ‘bad’ condition characterized by low host availability. Here, the phage is made
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to choose between lysis and lysogeny when infected, without knowing its condition in the next
cycle. Phages exhibited optimal growth rates when the lysogenisation frequency was equal to the
probability of encountering a hostile environment. This means that in environments prone to
frequent distortions, phages will have a high lysogenisation frequency. Conversely, a higher
frequency of lysis can be observed in environments with high host density, diversity, and nutrient
availability.

Phage—host models have also been applied to investigate the dynamics of phage therapy in
bacterial infections. Such models are used to predict key challenges in therapeutic applications,
particularly the emergence of phage-resistant bacterial strains, which remain a major limitation to
sustained treatment efficacy. In addition, many frameworks incorporate the combined effects of
antibiotics and host immune responses, providing a more comprehensive understanding of how
these factors interact to influence infection outcomes and therapeutic success.

Berryhill et al. (41) developed a system of differential equations to simulate phage therapy in
bacterial populations with varying resistance profiles. The model comprised of bacterial
subpopulations that were either phage-sensitive or resistant to one, two, or three distinct phage
species, each with its own phage type. Transitions from phage-sensitive to resistant states
occurred stochastically, reflecting spontaneous mutation or selection under phage pressure.
Model simulations revealed that a three-phage cocktail provided more durable treatment efficacy
than single-phage therapy, as bacteria developed resistance to one phage relatively quickly but
required significantly longer to evolve simultaneous resistance to multiple phages.

A related modeling framework extended this approach to include interactions among phages,
antibiotics, and bacterial resistance states. Here, bacterial populations were categorized as
antibiotic- and phage-sensitive, antibiotic-resistant but phage-sensitive, antibiotic-sensitive but
phage-resistant, or resistant to both. Model outcomes indicated that phage presence delayed the
emergence of antibiotic resistance, and conversely, antibiotics slowed the evolution of phage
resistance. However, despite these mutual delays, the combined treatment ultimately resulted in
the proliferation of dual-resistant bacteria, leaving the infection unresolved. Notably, when host
innate immunity was incorporated into the model, it predicted complete clearance of both the
infection and the resistant population—highlighting the critical role of the immune system in
determining therapeutic success.

Meta-community models

The mathematical models discussed so far have assumed that the phage-host environment is
always ‘well-mixed’, meaning that every phage can meet every host. This is not always true in
many natural environments, especially in soil where there are patches of densely populated
areas. The species from one patch can encounter a species in another patch only through a
migration event. Meta-community modeling can incorporate these spatial constraints into the
setup (Fig. 2e). Conway’s Game of Life (42) can be considered a simple meta-community model,
where each pixel represents a community within a larger community. Ruan et al. (43) utilized an
advanced form of a cell automaton model, known as CellModeller (44), to simulate the growth of
bacteria with and without phages. This approach allows modeling scenarios in which phage
predation is spatially restricted, for example, occurring only at the periphery of a bacterial



community (Fig. 2e). The authors studied the role of phages in maintaining antibiotic resistance
genes in the host population despite their reduced competitiveness. The study predicted that
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Figure 3: Application of mathematical models in different
scenarios. (a) A modified resource-based trophic model
incorporating phage-sensitive and phage-resistant bacterial
populations predicts coexistence of both host types and phages
when sensitive bacteria have higher resource competitiveness
(nutrient uptake rate x1) than resistant bacteria (x2). (b) A model by
Beretta et al. demonstrates that infection dynamics depend on phage
burst size, with a threshold below which infection cannot be
sustained; at the threshold, coexistence of hosts and phages occurs,
while substantially larger burst sizes generate oscillatory population
dynamics. (c) A stochastic model by Weitz et al. captures
coevolutionary arms-race dynamics by allowing probabilistic
mutation of phage adsorption rates and host nutrient uptake traits,
resulting in diversified host and phage populations consistent with
Red Queen dynamics.

phage predation on
wild-type, fast-growing,
antibiotic-sensitive cells

at the biomass
periphery, through a
peripheral kill-the-

winner dynamic, played
a significant role in
maintaining the slow-
growing, antibiotic-
resistant cells.

Network-based models

In these models,
phage-host interactions
can be represented as
bipartite networks, with
phages and bacteria as
the two components
(Fig. 2d). Edges
connect any phage
node to a bacterial
node, representing a
possible interaction.
Network-based models
combine empirical data
with theoretical analysis
to characterize the
interaction patterns
underlying phage-host
communities. Often this
involves meta-analysis
of various
environmental and
experimental datasets
to collect information on

phage-host
interactions. Then, the
bipartite network can be

419 constructed as
420 described. The observations made from such analysis indicate that phage-host interaction
421 networks often exhibit a ‘nested-modular’ structure (45-48). This means that, on a large
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taxonomic and/or geographic scale, the interactions are modular (groups of phages specialize on
distinct groups of hosts), but each sub-module shows a nested structure (with both specialist and
generalist phages).

Ecological models

Phages can affect their bacterial hosts in
various ways, including changes in bacterial
physiology, competitive ability, and virulence
(49). These effects may directly result from
phage life cycles. For instance, lytic phages
can reduce host population density and
increase bacterial diversity, among other
effects. However, they may also cause
unexpected outcomes for individual bacteria
and populations. For example, prophages can
encode essential toxins and auxiliary
metabolic genes that influence bacterial
fitness. Similarly, the bacterial population can
also affect the phages in several ways. The

Ktw

Lysis rate

PtW

Host abundance

host can impart negative density-dependent
feedback on the phage population (21, 37,
50), and bacteria can develop resistance to a
specific phage species. These effects change
with the environment (51, 52). Ecological
models, such as kill-the-winner (KtW) (18),
piggyback-the-winner (PtW) (21), piggyback-
the-loser (PtL) (21), and cull-the-winner (CtW)
(53), among others, have been used to explain
this interplay between phage and bacteria.

Figure 4: Host abundance-dependent viral
strategies in  Kill-the-Winner  and
Piggyback-the-Winner hypotheses. Under
the Kill-the-Winner (KtW) hypothesis, lytic
activity increases with host abundance,
suppressing dominant host populations, and
decreases when host abundance is low. In
contrast, the Piggyback-the-Winner (PtW)
hypothesis proposes that phages
preferentially adopt lysogeny in highly
abundant host populations while lytic infection

predominates in less abundant hosts.

Each of these ecological models has been
proposed in attempts to explain various
environmental phenomena, such as why one fast-growing species cannot overtake a niche—KtW
or CtW dynamics. Thingstad et al. (17) formalized the KtW model, where lytic phages
preferentially target abundant, fast-growing bacterial ‘winners,’ preventing any single strain from
dominating (Fig. 4). Biologically, this works on two levels. First, these models suggest that fast-
growing organisms have higher lysis rates. This is because mass transfer rates limit phage
infection. Thus, the phages are more likely to encounter a dominant strain (the winner) in the
ecosystem, thereby lysing it more frequently. Secondly, unlike simpler predator-prey views, KtW
explains coexistence in homogeneous environments, where phage-induced mortality recycles
nutrients, sustaining the food web (13). The insight is that phages act as diversity enforcers,
accounting for observations such as a 1:10 bacteria-to-virus ratio and viral lysis, which causes
10-50% of bacterial losses. This model interprets viruses as partitioning bacterial production: lysis
releases organics for reuse, while predation channels biomass upward. Viruses increase bacterial
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production relative to primary productivity by short-circuiting energy loops, without altering growth
rates in nutrient-limited states. This thereby explains the coexistence of multiple competitors for
the same resource in the same niche. A study (54) based on the historical Bermuda Atlantic Time
Series (BATS) data revealed the role of viral shunt on formation of oxygen maxima below the
sunlit photic zone of the ocean. The study showed that when the cyanobacteria population
increases, feedback happens in the form of viral lysis resulting in nutrient recycling. This tight
feedback supports the continual maintenance of photoautotrophs keeping the oxygen levels high
in the layer. An extension to this model is the KtW with stochastic coevolution model (55), which
explains the role of coevolution in maintaining within diversity in microbial populations in the
presence of demographic stochasticity.

On the other hand, PtW or PtL dynamics (Fig. 4) can explain why phages exhibit a temperate
lifestyle. The PtW model suggests that phages undergo lysogeny to eliminate phage competitors
through superinfection exclusion (21). The PiL proposes a bet-hedging strategy in which
temperate phages integrate with the host to survive extended periods of low host density (40). Li
et al (37) employed mathematical modeling and evolutionary invasion fitness analysis to further
elucidate the interplay between lytic and temperate phages. Their results demonstrate that when
lytic phages reduce microbial cell densities, this favors the invasion of temperate phages, which
subsequently protect host cells against reinfection. Strikingly, this strategy can emerge even when
temperate phages confer no direct benefit or impose a fitness cost on host growth. Transforming
this effect into a spatially structured environment, we can conclude that in regions of low phage-
host mixing, lytic phages can run out of host cells more frequently, and hence, temperate phages
may be prevalent, and vice versa, in areas of high phage-host mixing (36, 56).

Viral lysis and lysogeny are dynamic processes that respond on relatively short temporal and
spatial scales to differences in environmental conditions, and particularly to changes in system
productivity. Correlation and regression-based analyses in marine systems indicated that viral
lysis and lysogeny were significantly coupled with chlorophyll a and the abundance, production,
and growth rate of bacteria. This implies that viral lifestyles were dependent on host productivity.
Therefore, when host productivity was influenced by season and temperature, it in turn influenced
viral lifestyles. For example, lysis was the highest in summer when the water was warmest,
stratified, and most productive. In contrast, lysogeny was highest in the spring, when the water
was colder, well-mixed, and oligotrophic (50). KtW fits well with this kind of observation, as it
implies that the lysis rate increases with host abundance (Fig. 4).

As an implication of the KtW model of phage infections, the phage-host interaction network shows
a ‘nested-modular’ structure (48). Here, the network shows large-scale modularity, but each
module has high local nestedness. Coevolution plays a significant role in the formation of this
structure. The KtW model shows that an increase in the population size of a specific host leads
to greater cell death due to phage infection. This allows a more diverse pool of less abundant
hosts to thrive, promoting the spread of less dominant traits (25, 57). This results in the
coevolution of phages, leading to an arms race and the emergence of a ‘nested-modular
structure.

Furthermore, trophic models can be used to study ecological strategies, such as PtW and PiL,
under resource-limiting conditions. For this, the lysis rate of infected bacteria and their growth
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rates are regulated in a density-dependent manner. For example, PtW is defined by high
lysogenic rates at high abundances (Fig. 4). Hence, the lysis rate will be suppressed. The
opposite is true for the PtL strategy. These models allow us to study how different ecological
strategies maintain the coexistence of various bacterial species (for example, slow growers and
fast growers) under different resource conditions. Previous studies (22) have shown that PtW
enabled bacterial coexistence under low-nutrient conditions via the viral shunt. Here, the viruses
lyse the dying host population, leading to a sudden increase in nutrient availability that results in
the persistence of lysogens. In contrast, the PiL is characterized by decreased lysis under low
host conditions, resulting in increased resource competition. Hence, in such cases, bacteria can
coexist only during high resource conditions.

Microcosm studies of cyanobacteria from oligotrophic and eutrophic lakes have shown that
microbial populations collapse following increases in phage following nutrient enrichment (58, 59).
This can be attributed to PtL and KtW dynamics, in which high bacterial abundance is followed
by increased lysis, thereby enriching nutrients. In contrast, in specific environments, the microbial
populations increase in conjunction with the phage population following nutrient enrichment (60).
This phenomenon can be explained by PtW dynamics, in which the host replicates along with the
prophage under high nutrient conditions.

Linking metagenomics with models

Though modeling provides insights into the mechanisms of different infection strategies, the
interpretations are not entirely based on observed or measured features from an environmental
perspective. The life history traits, such as adsorption rate, burst size, latent period, and decay
rates (61), on which the model parameters rely, are derived from in vitro experiments. The
laboratory conditions in which these traits are determined are known to be far removed from
environmental conditions. Phage-host systems are known to exhibit dynamic life history traits in
response to various ecological parameters, including the availability of other microbes, their own
population density, and other factors (19, 61). Moreover, models study only shorter timespans.
This weakens the links between theoretical predictions and ecological phenomena.
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Metagenomics has emerged as a powerful tool for real-time observation of phage-host dynamics
in various environments. Metagenomic samples are the most common and most feasible means
for measuring microbial populations in the environment today. We argue that metagenomics
should be incorporated more into modeling virus-host dynamics because metagenomic datasets
can (1) generate bacterial and viral abundances, which are proxies for the bacterial and viral
densities at the sampling site and time, (2) measure bacterial and viral richness and (3) measure
functional diversity. However, metagenomic analysis alone cannot be used to interpret the life-
history traits of microbes in the environment. This makes it challenging to directly link the
theoretical predictions to measured environmental datasets. Nevertheless, it is possible to predict
phage-microbe relationships and dynamics from meta-analysis of large sets of metagenomics
datasets and time-series metagenomics datasets of an environment (62). In particular, three
quantitative metrics: bacterial abundance, viral abundance, and the virus-to-microbe ratio (VMR)
(63, 64) have emerged as powerful links between empirical observations and theoretical models,
forming the basis for multiple integrative analytical approaches.
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Figure 5: Linking metagenomic datasets to models. (a) Any time-series data can be
represented using an abundance matrix where the columns are different time points and the
columns are abundance of different bacteria/phage population. (b) Applying co-
occurrence/correlation analysis yields pairwise co-occurrence matrices. Here, every value
represents the statistical dependence of bacteria/phage on other bacteria/phage in the
environment. (c) The pairwise co-occurrence matrix can be used to construct a bipartite network
with bacteria and phages as nodes. An edge between a bacteria and phage represents that the
co-occurrence value is statistically significant denoting an interaction. (d) Once the information
on which phage infects which bacteria is known, the time-series abundance data can be fit to
Lotka-Voltera equations using linear regression. (e) Parameters learnt from the model can be
used to (f) interpret the phage-host dynamics. (g) Alternately, graph neural networks (GNN) can
also be trained directly on abundance and interaction data to predict interactions and model
dynamics.
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Although most of the following methods were originally developed for studying microbial
communities rather than phage systems, they can be readily applied to phage datasets by simply
substituting the appropriate input data.

Network inference-based approach

Faust et al. (65) discuss one straightforward approach for predicting relationships from
metagenomic data referred to as the ‘checkerboard approach’ (66). The basic principle behind
this approach is that when two species co-occur or exhibit similar abundance patterns across
multiple samples or time points, a positive relationship is predicted. Conversely, if they show
mutual exclusion, a negative relationship is indicated.

An advanced form of this approach is network inference, widely used to build regulatory gene
networks from gene expression datasets (67-69). These methods predict pairwise relationships
based on the co-occurrence patterns and statistical dependencies in the abundance data (Fig.
5b). The statistical significance of these interactions can be assessed by permuting the dataset.
Finally, the significant pairwise relationships are combined to form the required interaction
networks (Fig. 5¢). These methods, though potentially useful, have been applied in very few
phage-host studies: Milns et al. (70) used a network inference approach, Bayesian networks, to
infer avian ecological networks from species and habitat abundance alone. Countinho et al. (71)
adapted a network inference based on co-occurrence associations for host prediction of phages.

However, interpreting the ecological significance of these relationships remains challenging.
Multiple biological mechanisms could explain the network patterns, and time-series metagenomic
data alone cannot distinguish among them. A positive correlation, for example, may reflect co-
occurrence within shared habitats or biofilms, co-colonization, or overlapping ecological niches,
among other possibilities. Conversely, negative correlations may arise from competitive
interactions, superinfection exclusion, or similar antagonistic processes. Moreover, associations
can exhibit temporal delays; an increase in one population’s abundance may precede a decline
in another. Therefore, rigorous statistical testing like bootstrapping datasets to determine
statistical significance and experimental validation (65, 72—74) are currently needed to determine
the true mechanisms underlying these observed patterns.

Dynamic modeling approaches

A dynamic model describes how the abundances of community members change over time,
typically using systems of differential equations or Boolean functions. These mathematical
representations capture how phage and host populations evolve over time as a function of their
interactions and the underlying ecological and biological parameters. While dynamic modeling
has a long and rich history in population ecology, relatively few studies have applied it directly to
metagenomic datasets. Mounier et al. (75) studied microbial interactions in a cheese microbiome
by modelling the microbial community using a multispecies Lotka-Volterra model. This dynamic
model quantifies how the growth rate of one species depends linearly on the abundances of others
in the community, effectively capturing the influence of interspecies interactions on population
growth. The abundance data for the cheese microbiome community were generated by sampling
daily for 21 days. Then the interactions between microbes can be determined by fitting this time-
series abundance data to the multilinear regression equation of the multispecies Lotka-Volterra
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model (Fig. 5d-e). This approach predicted positive and negative interactions between bacteria
and yeast in the cheese community.

Hoffmann et al. (76) used a similar approach to fit the Lotka-Volterra model to rank-abundance
data derived from metagenomic sampling of two marine phage communities. By integrating
empirical time-series data with theoretical modeling, they uncovered dynamic phage—host
population cycles. Their analysis indicated that phage and host populations alternate between
prolonged periods of low abundance and short-lived bloom events (Fig. 5f). Phage numbers
increase rapidly following host blooms, consistent with the Kill-the-Winner (KtW) hypothesis, and
then decline sharply, stabilizing at very low levels until the subsequent host resurgence. This
cyclical dominance of different host strains, each subsequently decimated by its corresponding
phage, was later confirmed at the strain level (77).

Stein et al. (78) and White et al. (79) extended the use of this method to time-series metagenomics
datasets. However, such applications also revealed limitations inherent to the Lotka—Volterra (LV)
approach. Although more elaborate dynamic models can represent non-linear and multi-level
relationships, the LV framework struggles when variables are highly correlated, making it difficult
to isolate the effect of individual interactions. Moreover, the standard LV formulation assumes
deterministic behavior and therefore fails to account for the stochasticity that characterizes real-
world ecological systems (55). However, recent advances have addressed some of these
limitations: for example, the SgLV-EKF algorithm (80) introduces stochasticity into the LV model,
while LIMIT (81) employs statistical regularization techniques to mitigate the issue of correlation
among variables, thereby enhancing the interpretability and robustness of inferred ecological
interactions.

Machine learning approaches

An alternative approach to mechanistic mathematical models is the use of machine learning and
deep learning algorithms (Fig. 5g). Artificial neural network frameworks have been used to study
cause-and-effect relationships from abundance datasets in microbial ecology (82—84). Neural
networks are advanced computational models that can automatically learn the relationship
between variables in a dataset from the input data. This is typically achieved by training the model
on labeled datasets, where known inputs and outputs are used to infer predictive relationships.
This is called as supervised learning. In contrast, unsupervised learning approaches do not rely
on labeled training data, instead, they identify intrinsic patterns, structures, or representations
within the data itself. In these methods, the algorithm organizes samples based on shared
features, revealing latent clusters, gradients, or interaction signatures without prior assumptions
about the underlying relationships. Such approaches are particularly well-suited for metagenomic
and ecological datasets, where labeled examples are scarce and system complexity is high,
enabling the discovery of emergent ecological states and infection strategies.

Andersen et al. (82) used a type of artificial neural network called the graph neural networks
(GNN) to model microbial community dynamics from time-series 16S rRNA sequencing data.
GNNs represent microbial communities as graphs where nodes are taxa and edges capture
ecological relationships, like co-occurrence patterns, then iteratively update each taxon
representations by aggregating information from neighbors through graph convolution. The
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authors used a dataset of 4709 samples from 24 full-scale wastewater treatment plants (WWTPs)
to train, validate, and test their GNN model. This model had three neural network components:
one for learning the interaction strengths between microbes in the community, another for
capturing the effect of time on the microbes, and a final component that combines all learnt
information. This model was able to predict species dynamics up to 10 timepoints in the future.
This means that the GNN model successfully understood the community dynamics from the
dataset. A key limitation of this method is that, despite its ability to capture complex dynamics,
interpreting the underlying mechanisms driving those dynamics is difficult due to the neural
network’s inherent “black box” nature.

Studying phage-host lifestyles from time-series metagenomics data

Mathematical models have been used to describe the mechanistic foundations of phage—host
interactions and the diverse lifestyles that shape their dynamics. The basis for constructing
mathematical models comes from culture dependent methods like phage infection assays (46),
continuous culture experiments (15, 18), one-step growth curves, and adsorption assays (19).
With the increasing availability of time-series metagenomic data, an important question has
emerged: Given an observed data of phage and host abundance, can we infer their lifestyles?.
Addressing this question involves bringing together mathematical models and observed data.
When viral lifestyles can be simulated using mechanistic models, observed time-series data can,
in turn, be used to identify the model parameters and infection strategies that are most consistent
with those observations. This approach is referred to as simulation-based inference (SBI). The
core idea is simple: if a mathematical model can generate time-series dynamics that resemble
real phage—host abundance patterns, then the parameters and assumptions underlying that
simulation represent plausible explanations for the observed system (85). Rather than fitting a
single model trajectory to the data, SBI explores a wide range of models and parameter
combinations to determine which scenarios are consistent with the observed dynamics. It is
important to note that SBI has been used in biology to infer parameters from observed data. For
example, this approach was successfully used to study Batesian mimicry in butterflies. This is a
phenomenon where the non-toxic butterflies evolve towards a wing-color and pattern similar to
that of a toxic species to avoid predation. This evolutionary process can be captured using agent-
based models that simulate how wing patterns change over time under selective pressure.
Simulation-based inference serves as a bridge between such mechanistic models and observed
time-series data describing the progression of mutations toward mimicry. By comparing simulated
evolutionary trajectories with empirical observations, this approach has been used to infer key
biological quantities, such as the mutation rates required to produce the observed patterns of
color change (85).

In practice, this approach begins by defining a set of candidate phage—host models that represent
different viral lifestyles, such as lytic, lysogenic, or chronic infection strategies, different objectives,
such as studying the flow of resources from microbes to phages (select resource-based trophic
models), studying the spread of infection (select epidemiological models), studying stochastic
elements like mutation or evolution of phages and hosts (select stochastic models). Since only
the models involving differential equations can be used in this approach, network-based models
and metacommunity models cannot be utilized. Each model is then simulated repeatedly across
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broad ranges of biologically plausible parameter values, producing an ensemble of synthetic time-
series datasets. These simulated trajectories are sampled on the same temporal resolution and
duration as the observed data, ensuring that differences between simulated and empirical
dynamics reflect underlying mechanisms rather than mismatched timescales.

Once simulations are generated, the next step is to compare them to the observed time series.
Rather than requiring an exact match, simulation-based inference evaluates similarity using
summary statistics or distance metrics that capture key dynamical features, such as growth rates,
oscillatory behavior, lag times, or correlations between phage and host abundances. Simulations
that closely reproduce these features are retained, while those that fail to capture the observed
patterns are discarded or down-weighted.

By examining the parameter values and model structures associated with successful simulations,
SBIl yields a set of plausible viral lifestyles and infection strategies that could have generated the
observed data. Importantly, this approach does not aim to identify a single “best” model, but
instead characterizes a range of mechanisms consistent with the data, naturally accounting for
uncertainty and variability in both biological processes and measurements. This approach is
limited by the mathematical models available in the literature. Hence when the observed data
does not match with any simulated data from all candidate models, it means that the underlying
viral lifestyles in the environment under study has not been established.

Available time-series datasets

This method can be applied to any time-series metagenomics datasets. Alternatively, any
datasets already available in the literature can also be used. These are some of the available
time-series datasets across different systems. A twenty year time-series metagenomic dataset of
a Freshwater lake (8, 9), an aquatic sampling series from East Sound Fjord which consists of 133
time points sampled every 4 hours for 22 days, a longitudinal infant gut virome dataset (10)
studying preterm infants over the first eleven weeks of life, the TEDDY dataset (11) studying
phage-bacteria dynamics in the early life of gut and the dataset from the study comparing the
human gut virome of children and their mother (12), 610 samples of marine metagenomics
dataset comprising of samples collected from GEOTRACES cruise from multiple geographic
locations and long-term sampling sites BATS and ALOHA (86), a metatranscriptomic time-series
sampling of Sargasso sea every 4 hours for a week (87, 88).

Preprocessing

Once a time-series dataset is considered, all the phages in the dataset needs to be paired-up with
a host. This step establishes phage-host linkages (which phages infect which hosts) from the
observed phage and host abundance data (Fig. 6). For metagenomic data, the traditional,
sequence-based approach is to use tools such as iPHoP (89) and others (90) that
bioinformatically predict phage-host linkages based on their genomic signatures. However, these
predictions are based only on genomic information from the samples and do not use the observed
host and phage densities across time points, which is the most important feature of time-series
datasets. Conversely, network inference-based methods, such as those used by Milns et al. (70)
and Coutinho et al. (71), leverage time-series observations to predict phage-host linkages. Both
approaches can be used such that the sequence-based predictions provide additional support for
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the network inference-based predictions. The phage-host predictions obtained in this way form
the basis for the subsequent steps.

Simulation

The first step in the approach is to define the question of interest. We then begin by identifying
models that suit the objective. For example, if we want to study the phage-host system as
obligately lytic then we can choose models that only model lytic infection (this applies for other
lifestyles as well). Conversely if we want to study the phage-host system as a heterogeneous
system with phages expressing multiple infection strategies, then a heterogenous model would
need to selected as a candidate. If we are unaware of the lifestyle, which is often the case with
metagenomic samples, it is best to have models from multiple categories. For each model, we
can define ranges for parameters such as growth rates, adsorption rates, burst sizes, or induction
probabilities, informed by prior studies or experimental constraints. The mathematical models
exhibit different behavior (multiple steady states) under different parameter settings, so it is
necessary to simulate across a range of parameter values. In a typical study, we would simulate
an ensemble of time-series phage-host abundance data from all the candidate models.
Simulations should match the temporal resolution and duration of the observed dataset. Next, we
would compute the summary statistics or dynamical descriptors from both simulated and
observed time series, such as trends, variability, lag structure, or correlations.

Comparison

The summary statistics from our comparisons allows us to compare simulated and observed data.
We quantify similarity between observed and simulated data and retain the simulations that
reproduce key aspects of the observed dynamics and analyze the associated parameter
distributions to infer likely viral lifestyles. We use the inferred parameter regimes and model
structures to generate mechanistic hypotheses about phage—host interactions, ecological
conditions, and infection strategies.
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Figure 6: Conceptual workflow for inferring phage—host lifestyles from time-series metagenomic
data. Time-series metagenomic data are first organized into abundance matrices, from which co-
occurrence or correlation analyses are applied to infer putative phage—host linkages and construct
interaction networks. To move beyond static associations and investigate dynamic phage—host
interactions, the temporal data are compared against predictions from candidate mathematical models.
As an initial screening step, correlation tests are performed between model-generated abundance
trajectories and observed time-series data to identify models that capture key temporal patterns. Models
exhibiting strong agreement are then further evaluated using parameter sweeping or regression-based
fitting to refine parameter estimates and assess explanatory power. The best-fitting models provide
mechanistic interpretations of phage—host dynamics and infection strategies. When statistic-based
approaches fail to capture model fits, machine learning can be employed to capture complex or nonlinear
patterns present in both theoretical and observed data.

Many of the aforementioned approaches have rarely been used to study phage lifestyles.
Historically, this was due to a lack of data, but in the last 10 years, there has been a surge in
metagenomics studies that have generated massive genomic datasets, with fine-scale metadata
including temporal, spatial, environmental, and biogeochemical resolution. Given this high volume
of data, it is time to focus research efforts on developing data science methods to obtain a deeper
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understanding of the datasets, specifically for building hypotheses associated with predicting
phage lifestyles.

Conclusion

Mathematical models of phage—host dynamics have played a crucial role in uncovering the
principles governing coexistence, diversity, and ecological stability in microbial communities.
From chemostat-based resource—predator frameworks to stochastic, epidemiological, and
ecological models, such as Kill-the-Winner and Piggyback-the-Winner, each theoretical advance
has added layers of realism to our understanding of viral lifestyles. Yet, as George Box famously
remarked, “all models are wrong, but some are useful”, current models fall short of capturing the
full complexity of natural environments while explaining specific aspects of the dynamics.

The emergence of high-resolution metagenomic and time-series datasets provides a unique
opportunity to bridge this gap. By integrating genomic signals with dynamic modeling, researchers
can begin to move beyond static descriptions of viral ecology toward predictive frameworks that
link viral life-history traits with real ecological outcomes. Such integration is essential not only for
testing existing ecological theories but also for refining models to account for the fluidity of
infection strategies in situ. Looking ahead, the most fruitful progress will likely come from hybrid
approaches that combine ecological modeling, evolutionary theory, and multi-omics datasets to
resolve the ‘viral dark matter’ that still obscures much of phage ecology. In this way, phage—host
modeling can advance from theoretical abstraction toward an empirically grounded science that
illuminates the roles of viruses in shaping microbial ecosystems and global biogeochemical
cycles.
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