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Abstract

Bacteriophage (phage) cocktail therapy has been relied upon more and more to treat antibi-

otic-resistant infections. Understanding of the complex kinetics between phages, target bac-

teria, and the emergence of phage resistance remain hurdles to successful clinical

outcomes. Building upon previous mathematical concepts, we develop biologically-moti-

vated nonlinear ordinary differential equation models to explore single, cocktail, and sequen-

tial phage treatment modalities. While the optimal pairwise phage treatment strategy was

the double simultaneous administration of two highly potent and asymmetrically binding

phage strains, it appears unable to prevent the evolution of resistance. This treatment regi-

men did have a greater lysis efficiency, promoted higher phage population sizes, reduced

bacterial density the most, and suppressed the evolution of resistance the longest compared

to all other treatments strategies tested. Conversely, the combination of phages with polar

potencies allows the more efficiently replicating phages to monopolize susceptible host

cells, thereby quickly negating the intended compounding effect of cocktails. Together, we

demonstrate that a biologically-motivated modeling-based framework can be leveraged to

quantify the effects of each phage’s properties to more precisely predict treatment

responses.

Author summary

Antimicrobials are one of the most significant medical advancements and are largely

responsible for the reduction in morbidity and mortality associated with infectious dis-

eases and routine medical procedures. However, the emergence and spread of antimicro-

bial resistance (AMR) has outpaced the development and approval of new antimicrobials,
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which has risen AMR as one of the leading global public health threats of the 21st century.

Bacteriophages (phages for short) have long been considered a new class of antibacterials

that can selectively target and kill AMR bacteria with great efficiency. However, optimiz-

ing the efficacy of phage therapy has been challenging due to the complex nature of

employing a virus-based therapeutic. In this study, we synthesized in vitro and in silico
models to determine optimal two-phage combination cocktails that lead to the eradication

of the pathogen Pseudomonas aeruginosa. In addition, we uncover the pharmacokinetics

and pharmacodynamics of phages in cocktails that may lead to treatment failure. Our

findings could lead to a reduction in the risk of complications and failure of phage candi-

dates and speed up the development of more effective phage therapies against AMR

disease.

1 Introduction

Phage therapy is a century-old infection remedy that has once again become a broadly relevant

technology as an alternative or adjuvant to antibiotics to combat the rise of antibiotic resis-

tance [1,2]. Phages, or formally bacteriophages, are a type of virus that specifically infect and

kill bacteria. They can infect a bacterium by a range of biochemically diverse cell surface recep-

tors and hijack the bacterium’s cellular machinery to force the production of new phage parti-

cles [3]. Before long, the hijacked cell lyses to release the phage progeny. Phages are so

successful at infecting bacteria that they are estimated to outnumber all bacteria on the planet

by an order of magnitude [4,5]. However, phased clinical trials have not shown phage therapy

to be more effective than existing antimicrobial treatments [1,2,6]. On the other hand, there is

a growing catalog of successful single patient case studies or case series conducted as compas-

sionate treatments [1,7–9]. Although the primary objective of compassionate treatment is to

provide life-saving treatment to an individual patient rather than to conduct a controlled eval-

uation of the therapeutic agent, overall, these case reports reinforce and provide positive sup-

port for further phage therapy development.

By all accounts, phages are the most merciless killer of bacteria and present themselves as

attractive candidates for antimicrobial therapy. Their other attributes include that they are

self-replicative in situ (i.e. auto-dosing) that serves to prolong their half-life in the body, most

have low toxicity, and antibiotic cross-resistance is rare [1,10–12]. However, evolutionary anal-

yses of phage–bacteria dynamics suggests that predator and prey often co-evolve ways to avoid

complete eradication of either phage or host bacteria [13]. This is accomplished in part

through a tight coordination between bacterial population densities and phage resistance [14–

17]. Therefore, efforts made to use phages as antimicrobials should determine the appropriate

dose and regimen that alter the equilibrium between host and predator populations, moving

this equilibrium towards host eradication.

More precise technologies are required to advance system-based approaches for studying

bacterial response to phage therapy. We posit that a mechanistic, mathematical modeling

framework is essential to maximize the knowledge gained through treatment response studies

[18–23]. In this paradigm, biologically-motived mathematical models are constructed to

describe observed behaviors of the preclinical system under investigation. The model is then

fitted to experimental data, yielding a set of parameter values that provide mechanistic insight

into observed data [18,23–27]. In vitro, compartmental models have been used to describe the

temporal relationship between phages and target host bacteria [28–30]. For example, Payne

and Jansen drew on the principles of population dynamics to model the density-dependent
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qualities of phage replication [31]. The mathematical model allowed broad categorization of

phage behavior to predict therapeutic outcomes based on phage density and bacterial growth.

Pharmacokinetic (PK) (i.e. phage concentrations over time) and pharmacodynamics (PD) (i.e.

phage effects over time) models have also been developed to investigate phage treatment

response in vivo [18,23–27]. There are, however, challenges when developing models that

reconstruct biologically observed behaviors of the system under investigation. For instance,

previous mathematical models have yet to behave consistently across a wide spectrum of

phage and treatment protocols, thereby being unable to demonstrate that the response dynam-

ics of target host species is predictable within a mathematical framework. Moreover, Roach

and colleagues found that non-biologically motivated mathematical models of phage therapy

can oversimplify assumptions that are inconsistent with experimental observations [18]. That

is, it is often assumed that phage lysis rates of bacteria are linear to viral density. Rarely fac-

tored is the spatial heterogeneity and viral saturation at the site of infection that can impede

phage-bacteria interactions and thereby reduce phage lysis rate [18,19,32,33]. Although phage

lysis is conceptually simple, the idea of finding the right treatment at the right dose for the

right patient to ensure an appropriate balance of risks and benefits is challenging and requires

a multidisciplinary approach.

Mathematical modeling approaches have played a central role in understanding and quan-

tifying mechanisms in different antimicrobials. In this approach, biology-based hypotheses are

expressed via mathematical relations and then tested based on empirical data. It is the goal of

the present effort to demonstrate the utility of a mechanistic, mathematical modeling frame-

work in quantifying treatment responses to strictly lytic phages administered individually or in

combination. We leverage mathematical models to explore experimental data to yield quanti-

tative measures of specific bacterial and viral processes for applying growth control regimens.

First, we create an appropriate model of the dynamics of pathogen growth and the effects of

phage treatment on the dynamics. The time-kill kinetics model is a quantitative technique to

incorporate the effects of the particular phage strains of interest, namely LUZ19, E215 and

PYO2. These individual phages are well characterized to rapidly and efficiently kill P. aerugi-
nosa [34–38]. This bacterium is a notable nosocomial opportunistic pathogen that can cause

severe infections in humans and animals. The emergence of multidrug resistant (MDR) P. aer-
uginosa has motivated the development of phage therapy to control infections [1,39,40]. The

high-throughput format of time-kill kinetics allows for maximizing benefits of treatment while

minimizing its side effects (e.g. selection of phage resistance). Next, we combined terms repre-

senting phage and bacteria effects, using appropriate signs and weights, to obtain a biologi-

cally-motivated ordinary differential equation (ODE). This allowed for the determination of

parameter values to use for the system and to then use the model to explore parameter space

representing other phage characteristics. We further exercised the model by proposing alterna-

tive bacteria growth control solution with a sequential regimen. As this approach accounts for

variable properties of phages, we posit that it allows for more precise comparisons among tar-

get bacterial strains relative to in vitro based on optical density concentration. The modeling-

based framework proposed in this work was leveraged to quantify the effects of various phage

properties more precisely on treatment response.

The mathematical modeling for bacteriophage could be traced back to 1960 when Allan

Campbell started to study how bacteria and bacteriophage coexist in nature[41]. Levin et al.

[42] then later developed a delayed differential equation model to describe a predator-prey

relationship between phages and bacteria under the influence of resource availability. Payne

and Jansen developed mathematical models to describe phage-bacteria dynamics as being den-

sity-dependent [31,43]. The formulae included replication coefficient of the bacteria, the trans-

mission coefficient, the lysis rate, the burst size, and the decay rate of free phages to analyze the
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phage treatment failure thresholds. Cairns et al. developed a system of delay differential equa-

tions to account for the presence of phage susceptible and phage resistant cells which leads to

delayed phage burst [28]. In 2005, Weitz et al. developed an ordinary differential model and a

stochastic computational simulator to describe and investigate the interactions between differ-

ent bacterial and phage strains as well as their adaptive phenotypic variations [44]. More

recently, Bull et al. [45] developed an ODE model with separate variables for free bacteria and

bacteria with low phage absorption rates to accommodate non-genetic heterogeneity in the

population (e.g., biofilm). For the first time, mathematical models were extended to incorpo-

rate the kinetics between two host strains and two phage strains. The aforementioned model

parameterized in vitro data in order to focus on pre-existing phage sensitive and insensitive

subpopulations, but most features of phage infection and replication were absent [45]. Unlike

previous studies that mainly focused on the phage killing aspect of phage therapy [30,46,47],

our double phage models incorporate not only phage killing, but the evolution of and competi-

tion between bacterial phage resistant variants. We used this simplified approach for a well-

mixed experimental environment because we aimed reveal the more subtle details of the bacte-

ria and phage interactions, which. allowed us to elucidate general conclusions about the

important phage characteristics.

2 Materials and Methods

A variety of microbiological assays exist to test phage infection and bacterial responses to

infection ranging from plaque formation assays to dynamic microfluidic devices. Our experi-

ments use microplate time-kill assays, a gold standard to study the activity of antimicrobial

agents in vitro, to demonstrate phage lytic and replicative properties and evolution of host bac-

teria to phage infection. The method uses a high-throughput 96 microwell format to measure

bacterial growth under different phage exposures and conditions. In this work, we explore

phage infection dynamics for the Gram-negative P. aeruginosa strain PAO1. We first per-

formed a series of time-kill assays using 3 virulent (i.e. strictly lytic) phage strains, LUZ19,

PYO2, and E215, which rapidly and efficiently lyse strain PAO1 in vitro. Characterization of

single phage treatments as well as double phage cocktail treatments were compared to demon-

strate phage-bacteria outcomes under the different treatment regimes. Using changes in bacte-

rial density (measured by optical density (OD600)) we observed trends in bacterial killing and

bacterial regrowth in the form of evolved phage resistance against one or more phage strains.

Next, we used the time-kill kinetics results and other known phage replication properties to

develop and parameterize a mathematical framework for investigating the complexities of

phage-bacteria interactions that were not resolved during in vitro experimentation. Based on

in vitro data in Fig 1A–1C, we were able to estimate key parameters in our mathematical mod-

els and draw general conclusions about the important phage characteristics.

Experiment design and data description

Strains, media, and growth conditions. P. aeruginosa laboratory strain PAO1 was grown

aerobically in Luria-Bertani (LB) broth Lennox (10g tryptone, 5g NaCl, 5g yeast extract per L)

at 37˚C with shaking. LB supplemented with 1.5% agar allowed for solid medium growth

when required. Stock vials were preserved at −80˚C in LB broth with 25% glycerol and were

streaked onto LB agar for each assay. The virulent tailed phage strain LUZ19 is a podovirus in

the genus Phikmvvirus isolated on and capable of infecting PAO1 [48–50]. The virulent tailed

phage strain PYO2 is a myovirus in the genus Litunavirus and the virulent tailed phage strain

E215 is a myovirus in the genus Pbunavirus, were also isolated with PAO1 [34,51]. Phages

were propagated and purified as previously described [52]. Briefly, phage and PAO1 cells were
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mixed at a multiplicity of infection (MOI) of 0.1 and incubated at 37˚C with shaking. Lysates

were centrifuged twice at 8000×g and the supernatant 0.22 μm filter sterilized before being

stored at 4˚C.

Spot+ titration. Bacterial cultures and phage stocks were quantified by double aliquot

48-spot serial titration. Briefly, bacteria culture lawned over agar was air-dried. In a 96-well

microplate, two identical stock samples were taken and each serially diluted at least 8 times

before spotting 4 μL in triplicate on the dried bacterial lawn. Titrations were incubated at 37˚C

until colony forming units (CFU) or plaque forming units (PFU) were visible.

Time-kill assay. The Pseudomonas inoculum was prepared freshly for each experiment by

growing 30 μL from a 24 h CFU overnight culture in fresh LB broth under shaking conditions

(120 rpm) to obtain cells in the early logarithmic phase of growth. Bacterial culture was diluted

in fresh LB broth to inoculate each microplate well with 2×106 CFU and 2×106 PFU of test

phage strain dispersed into flat bottom 96-well microtiter plates (Falcon) to obtain a MOI of 1.

Fig 1. In vitro data and schematic of each ODE model. (A) P. aeruginosa PAO1 growth without the addition of
phage. (B) P. aeruginosa PAO1 growth after single phage treatment with either phage LUZ19, PYO2, or E215, and
after simultaneous double-phage cocktail treatment with a pair of phages from LUZ19, PYO2, and E215. (C) P.

aeruginosa PAO1 bacteriophage insensitive mutants (BIM) growth. (D) Schematic of a single phage interaction model.
Bacteria (B) replicate at the rate (rn). In the presence of phages (P) that decay at rate (p), sensitive bacteria either mutate
(a) into phage resistant single-mutant bacteria (BR) or are bound to and infected by phage (b). Infected bacteria are
subsequently moved to the infected class (BI). New phages are released when the infected bacteria cell is lysed (hs). (E)
Schematic of a two-phage interaction model with and without collateral phage resistance. In the presence of phages (P1

and P2), bacteria (B) mutate to either receptor-specific single-mutant bacteria (BR1
, BR2

) which a phage using an
alternate receptor (Pn) can still adsorb to, or become double-mutant bacteria (BR12

) resistant to both receptors. Adsorbed
bacteria are subsequently moved to the infected class, ðBIi Þ). If the two phages use the same receptor, collateral resistance
occurs and the double-mutant is no different than the single mutant, that is BR = BR12 and no additional mutational
outcomes emerge and BR1 and BR2 are omitted.

https://doi.org/10.1371/journal.pcsy.0000015.g001
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Microtiter plates were sealed with BreathEasyTM membrane (Diversified Biotech) and time-

kill curves measured optical density (OD600nm) at intervals of 6 min by a CLARIOstar reader

(BMG Labtech). A growth control of Pseudomonas inoculum without phages and medium

only sterility control were included for each experiment. Because the limit of detection (LOD)

of the plate reader was OD600nm 0.18 corresponding to 7.84 × 105 CFU/mL, bacterial titers

below the limit of detection were determined on growth agar.

Evolution of resistance and fitness cost. Live bacterial cells remaining in time-kill micro-

plate individual wells were streaked onto LB agar and grown at 37˚C for 24 h. Phage sensitivity

was determined on pure cultures of each isolated colony and compared to an untreated PAO1

culture. Isolated bacteriophage insensitive mutants (BIMs) were stored in 25% glycerol at

-80˚C. To determine the fitness cost that the phage resistance mechanism imposes on the bac-

terial cell, BIMs were revived from cold storage, streaked, and cultured overnight. A single

CFU was grown in fresh LB broth to a density to inoculate each microplate well with 2×106

CFU and bacterial growth curves measured at intervals of 6 min by a CLARIOstar reader. A

medium only sterility control was included, and all growth curves were repeated thrice.

Phage adsorption rates and one step growth. The rate at which an individual phage par-

ticle binds to the host cell surface was measured by decrease in free-phages in culture with sen-

sitive cells [53]. Approximately, 1×107 PFU of phages were diluted in 9 mL of warm LB broth

inoculated with 4.5x108 CFU of PAO1 and incubated at 37˚C with shaking (120 rpm). Samples

were taken at 1 min intervals, treated with chloroform, and centrifuged at 12,000×g for 3 min.

Each timepoint was phage titrated using the Spot+ method. The one-step phage growth curve

was measured as previously described [54]. Approximately 5×107 PFU of phages were diluted

in 9 mL of warm LB broth inoculated with 4.95x108 CFU of PAO1 and incubated at 37˚C with

shaking (120 rpm). Two samples were taken at 2 min intervals, treated with and without chlo-

roform, and centrifuged at 12,000×g for 3 min. Phages from each timepoint were titrated

using the Spot+ method. Phage adsorption assays and one-step growth curves were each per-

formed with three isolated CFUs.

DNA extraction, whole genome sequencing, and mutation calling. Bacterial colony

DNA was isolated using the NucleoSpinTM Microbial DNA Kit (Macherey-Nagel) as per the

manufacturer’s instructions. Purified DNA was eluted into water and submitted to SeqCenter

(Pittsburgh, USA) for analysis. Whole genome sequencing (WGS) libraries were prepared by

SeqCenter (Pittsburg, USA) using the Nextera DNA Library Preparation Kit (Illumina, USA)

and libraries were sequenced using the NextSeq 550 system (Illumina, USA) with read length

of 2× 150 bp. We trimmed and removed low quality raw reads using fastp v.0.20.1 [55] and

genomes were both de novo assembled with SPAdes v.3.15.1 [56] and reference guided with

MeDuSa v1.6 [57]. Genome annotation was generated using Rapid Annotations of Subsystems

Technology (RAST) v2.0 [58] and breseq v.0.35.5 [59] assisted with identifying mutational pat-

terns in BIMs. Default settings were used for all software.

Mathematical models

We organized the in vitro data based on the treatment regime in Fig 1A–1C. Each

dataset allows us to estimate key parameters in our mathematical models (See S1 Fig, for

details).

D1.Control: P. aeruginosa PAO1 growth without the addition of phage.

D2.Total bacterial density from single phage treatment: P. aeruginosa PAO1 growth after sin-

gle phage treatment with either phage LUZ19, PYO2, or E215.

D3.Resistant bacteria strain from single phage treatment: P. aeruginosa PAO1 BIM growth.
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D4.Total bacterial density from simultaneous double phage cocktail treatment: P. aeruginosa
PAO1 growth after simultaneous double-phage cocktail treatment with a pair of phages

from LUZ19, PYO2, and E215.

D5.Resistant bacteria strain from simultaneous double-phage treatment: P. aeruginosa PAO1

BIM growth.

Mathematical model of a single-phage and host interaction. The infection process

begins with a phage particle attaching to the surface of the host bacterium via a specific cell

surface receptor, which triggers the injection of the viral chromosome into the host cell cyto-

plasm. The localization, volume, and density of cell surface receptors play a pivotal role in the

phage infection process and proteins that act as receptors may carry out a variety of functions

for the bacterium [60]. Once in the cell, viral genetic material is translated to redirect cellular

machinery to produce new phage particles and to lyse the cell to release them. Foundational

work by Campbell [41], Levin et al. [42], Payne & Jansen [31,43], Cairns et al. [28], and more

recently Bull et al. [45] were used to parameterize phage characteristics into equations and for-

mulae that could more consistently predict and therefore model phage behavior under differ-

ent scenarios. In particular, the application of ODE models to phage growth in the last several

decades has enabled the modeling of both phages and their bacterial hosts with consideration

of spatial effects in biology [61] or the emergence of bacterial resistance to phages [28]. Build-

ing upon these previous mathematical concepts, we developed a nonlinear four-compartment

ODE model to explore phage-bacteria interactions most important to a single phage treatment

(i.e., monophage therapy) of a target bacterial population. Fig 1D describes the density-depen-

dent interactions between a single phage that targets phage-sensitive bacteria (B), free phage

particles (P), phage infected bacteria (BI), and evolved single-phage resistant bacteria (BR).

This interaction scenario with a single phage strain modelled through the system of Eq (1):

dB
dt
¼ rnBð1 �

Bþ BR
K
Þ � aB � bBP

dBI
dt
¼ bBP � sBI

dBR
dt
¼ rrBRð1 �

Bþ BR
K
Þ þ aB

dP
dt
¼ hsBI � pP � bBP

ð1Þ

Phage sensitive bacteria (B) were modeled to exhibit a logistic growth rate in the absence of

phage infection, rn, a carrying capacity K, and density dependence B+BR (see Table 1 for a full

list of definitions for the single phage model). We assume that B can evolve resistance sponta-

neously (BR) with a mutation rate of a. The phage resistant single-mutant bacteria, BR, grows

logistically with growth rate rr with no density loss due to phage infection or mutation. Phage

dynamics have traditionally been modeled under the assumptions of mass action [62]. Using

mass action as the foundation, we set the rate of phage adsorption (b) and assume that infected

cells are only lysed by phages at a rate of s. Free phage growth results from the lysis of infected

cells, BI, with a virion burst size of h. We posit that phage decay rate, p, would be negligible in

our closed in vitromodel [63]. However, we assume that host stressors (e.g. immune system)

can lead to the damage and decay of phages during treatment, and thus p was kept for future

expansion. Payne and Jansen suggest that there are proliferation thresholds before phage den-

sity can increase [31]. Therefore, we assume that the reproduction number and the number of
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secondary infections arising from a single infected cell, must be greater than 1 for phage infec-

tion to be productive. That is, each infected cell’s lifespan is given by 1/s and produces hs/s = h
phage particles. In turn, each phage particle will cause bB/(bB+p) new infections. Thus, we

need hbB/(bB+p)>1. This implies that the initial density of bacteria must be above the prolifer-

ation threshold in order for the phages to replicate effectively, which is modeled as:

B ¼
p

bðh � 1Þ
ð2Þ

The inundation threshold is the concentration of phage necessary to reduce the density of

phage sensitive bacteria. Thus, we need dB/dt<0 and estimate dB/dt = rnB—bBP< 0 to obtain

the inundation threshold as:

P ¼
rn
b

ð3Þ

Mathematical model of a two-phage combination treatment without collateral resis-

tance. Next, we extended our single-phage model to describe interactions of two different

phage strains simultaneously treated in combination (for model schematic see Fig 1E). Com-

bining phage types in so called ‘cocktails’ can enhance the diversity of bacterial strains targeted

and prevent the evolution of phage resistance [14,34,64,65]. In the single-phage model, only

one single-mutant BR outcome is expected when resistance emerges in response to phage

infection. Our second model assumes that when two phage strains are added, that each phage

type binds to different cell surface receptors and thus phage resistance can occur either step-

wise to each phage strain wherein two types of phage-specific single-mutants are induced (B1,
B2) or resistance to both phages occurs in a single cell (B12). Because these mutational out-

comes are phage-specific, this double-phage model therefore assumes that the two phages do

not confer collateral resistance where B1 = / = B2. This lowers the probability of early phage

resistance outgrowth since two different mutations within a single cell genome are required to

evolve resistance [66]. For example, in our experimental data, PYO2, E215 and LUZ19 use the

cell surface receptor of lipopolysaccharide (LPS), LPS, and pili, respectively. All the phages in a

Table 1. Phage and bacteria parameters used in the ODE models.

Symbol Description Value and 95% Confidence Interval Reference

rn Basal growth rate of phage sensitive bacteria 0.880 [0.875; 0.885] h−1 Calibrated

rra Basal growth rate of phage LUZ19-resistant bacteria 0.716 [0.709; 0.723] h−1 Calibrated

rrb Basal growth rate of phage PYO2-resistant bacteria 0.731 [0.718; 0.744] h−1 Calibrated

rrc Basal growth rate of phage E215-resistant bacteria 0.752 [0.744; 0.760] h−1 Calibrated

b Binding rate of phage to bacteria 382 [215; 598] OD600nm−1h−1 Calibrated

ha Burst size at lysis for LUZ19 100 [50]

hb Burst size at lysis for PYO2 100 (This study)

hc Burst size at lysis for E215 200 (This study)

sa Lysis rate of bacteria infected by phage LUZ19 0.147 [0.123; 0.174] h−1 Calibrated

sb Lysis rate of bacteria infected by phage PYO2 0.178 [0.137; 0.210] h−1 Calibrated

sc Lysis rate of bacteria infected by phage E215 0.051 [0.044; 0.057] h−1 Calibrated

ap Rate of generating pili-binding phage resistance 0.025 [0.019; 0.033] h−1 Calibrated

al Rate of generating LPS-binding phage resistance 0.012 [0.009; 0.015] h−1 Calibrated

p Background decay rate of phage 0.09 h−1 [63]

K Carrying capacity of bacteria (.)OD600nm Varied

https://doi.org/10.1371/journal.pcsy.0000015.t001

PLOS COMPLEX SYSTEMS Leveraging mathematical modeling framework to guide regimen strategy for phage therapy

PLOS Complex Systems | https://doi.org/10.1371/journal.pcsy.0000015 November 5, 2024 8 / 31

https://doi.org/10.1371/journal.pcsy.0000015.t001
https://doi.org/10.1371/journal.pcsy.0000015


cocktail of PYO2 and E215 will bind to the same cell surface receptor and select for ‘collateral

resistance’ in isolated bacteriophage insensitive mutants (BIMs). Conversely, a combination of

PYO2 and LUZ19, or E215 and LUZ19 will select for BIMs with independent gene mutations.

This will cause the bacterial population to contain three subpopulations with (i) resistance to

Phage 1, (ii) resistance to Phage 2, and (iii) resistance to both phage strains. This 2-phage com-

bination treatment without collateral resistance is modeled through the system of Eqs (4):

dB
dt
¼ rnBð1 �

BT
K
Þ � a0R1

B � a0R2
B � a0R12

B � bBP1 � bBP2

dBI1
dt
¼ bBP1 þ bBR2

P1 � s1BI1

dBI2
dt
¼ bBP2 þ bBR1

P2 � s2BI2

dBR1

dt
¼ r1BR1

ð1 �
BT
K
Þ þ a0R1

B � aR1R12
BR1
� bBR1

P2

dBR2

dt
¼ r2BR2

ð1 �
BT
K
Þ þ a0R2

B � aR2R12
BR2 � bBR2

P1

dBR12

dt
¼ r12BR12

ð1 �
BT
K
Þ þ a0R12

Bþ aR1R12
BR1
þ aR2R12

BR2

dP1

dt
¼ hs1BI1 � pP1 � bBP1 � bBR2

P1

dP2

dt
¼ hs2BI2 � pP2 � bBP2 � bBR1

P2

ð4Þ

These equations include the density-dependent interactions between sensitive bacteria (B),

strain 1 free phages (P1), strain 2 free phages (P2), phage strain 1 infected cells (BI1 ), phage

strain 2 infected cells (BI2 ), evolved phage strain 1 resistant mutants (BR1
), evolved phage strain

2 resistant mutants (BR2
), and evolved bacterial resistance to both phage strains (BR12

) (see

Table 2 for a full list of definitions for the double-phage model). In the absence of phages, B,

phage strain j- resistant bacteria (j = 1,2), and BR12
grow logistically with density dependence

(BT = Bþ BR1
þ BR2

þ BR12
), carrying capacity K, and growth rate rn, rj, and r12 , respectively.

In contrast, in the presence of phage: i) B are either infected by phage strain Pj, at rate b, and

lysed at a rate of sj, or ii) B acquire resistance to one of the phage strains at rate a0Rj
, or acquire

two mutations to gain simultaneous resistance to both phage strains at rate a0R12
. Because the

model is parameterized where each phage strain binds to a different receptor, if a0R1
: = ap then

a0R2
: = al. Double mutant is denoted by a0R12

: = alp.
Phage strain j-resistant single-mutant bacteria, BRj , are infected by phage strain Pi (i6¼j), at

rate b. In contrast, BR12
, cannot be infected by either phage strain. Phage strain j-resistant sin-

gle-mutant bacteria mutate to double-mutant bacteria at rate aRjR12
. Given our possible scenar-

ios, if a0R1
≔al, then aR1R2

: = ap, for example. Bacteria bound by phage strain Pj move to the BIj
class.

Mathematical model of two-phages with collateral phage resistance. Two phages shar-

ing the same binding receptor can elicit the same genotypic mutation during bacterial treat-

ment where BR1
¼ BR2

. Because a single resistance mutation can confer resistance to multiple

phages in solution, we re-parameterized the two-phage model to include collateral resistance

whereby a single gene mutation can prevent either phage from infecting, BR. For model
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schematic see Fig 1E. The process for double-phage combinations with collateral resistance is

modeled through system of Eq (5):

dB
dt
¼ rnBð1 �

Bþ BR
K
Þ � aB � bBP1 � bBP2

dBI1
dt
¼ bBP1 � s1BI1

dBI2
dt
¼ bBP2 � s2BI2

dBR
dt
¼ rrBRð1 �

Bþ BR
K
Þ þ aB

dP1

dt
¼ hs1BI1 � pP1 � bBP1

dP2

dt
¼ hs2BI2 � pP2 � bBP2

ð5Þ

The system of Eq (5) for a two-phage collateral phage resistance model is similar to eq sys-

tem (4) by omitting bacteria mutant outcomes BR1
and BR2

.

3 Results

Time–kill of single and cocktail formulations

Following the killing and growth of PAO1 as a function of time and phage concentrations

showed that LUZ19 and PYO2 at MOI 1 reduced bacterial counts below the optical density

(OD) limit of detection (LOD) for 10 and 12 hours, respectively (Fig 2A). We were able to

determine that the OD600 LOD translated to 5.49×104 CFU per microwell from bacterial

counts at time zero on growth agar and by calculating a non-linear regression fit to a semi-log

Table 2. Phage and bacteria parameters new to the two-phage treatment models.

Symbol Description Value and 95% Confidence

Interval

Reference

alp Rate of generating both pili-binding phage resistance and LPS-binding phage resistance

simultaneously
1:12� 10� 5½0; 5:69� 10� 5�h� 1 Calibrated

ra+b Basal growth rate of bacteria with resistance to both phage LUZ19 and PYO2 in simultaneous

simulation

0.607 [0.583; 0.631] h−1 Calibrated

ra+c Basal growth rate of bacteria with resistance to both phage LUZ19 and E215 in simultaneous

simulation

0.618 [0.590; 0.647] h−1 Calibrated

rb+c Basal growth rate of bacteria with resistance to both phage PYO2 and E215 in simultaneous

simulation

0.745 [0.733; 0.758] h−1 Assumed equal to rrb in

Table 1

ra!b Basal growth rate of bacteria with resistance to both phage LUZ19 and PYO2 in phage

(LUZ19!PYO2)-sequential simulation

0.546 [0.524; 0.568] h−1 [14]

rb!a Basal growth rate of bacteria with resistance to both phage PYO2 and LUZ19 in phage

(PYO2!LUZ19)-sequential simulation

0.607 [0.583; 0.631] h−1 [14]

ra!c Basal growth rate of bacteria with resistance to both phage LUZ19 and E215 in phage

(LUZ19!E215)-sequential simulation

0.556 [0.531; 0.582] h−1 [14]

rc!a Basal growth rate of bacteria with resistance to both phage E215 and LUZ19 in phage

(E215!LUZ19)-sequential simulation

0.618 [0.590; 0.647] h−1 [14]

rb!c Basal growth rate of bacteria with resistance to both phage PYO2 and E215 in phage

(PYO2!E215) -sequential simulation

0.731 [0.718; 0.744] h−1 Assumed equal to rrb in

Table 1

rc!b Basal growth rate of bacteria with resistance to both phage E215 and PYO2 in phage

(E215!PYO2)-sequential simulation

0.731 [0.718; 0.744] h−1 Assumed equal to rrb in

Table 1

https://doi.org/10.1371/journal.pcsy.0000015.t002
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line equation Y = 10(4.22+9.33X) (n = 72). Bacterial counts on agar also show that PYO2 treat-

ment reduced sensitive cells from 2×106 to merely 6 CFU after 4 hours, whereas LUZ19

reduced cells counts to 92 CFU after 4 hours (Fig 2B). Although LUZ19 appeared more potent

at reducing cell counts compared to PYO2, bacterial counts showed population regrowth by 6

hours post treatment by either phage. Surprisingly, LUZ19 was less effective at suppressing

observed bacterial regrowth compared to the seemingly less potent PYO2 in time-kill curves

(Fig 2A). In addition, time-kill area under the curve (AUC) showed that LUZ19 allowed for

15% higher bacterial burden than PYO2 (Fig 2C). Nonetheless, bacterial population rebound

implied that cells emerged insensitive to either phage infection. In contrast, E215 showed a

marked difference in activity. Despite E215 and PYO2 binding to the same LPS O-antigen,

E215 did not reduce the bacterial population but rather caused sustained growth constraint for

14 hours (Fig 2A). This implied the phage lysis rate was less than the expected bacterial expo-

nential growth rate. Consequently, bacterial population regrowth was delayed the longest with

the least potent E215 treatment.

Phage cocktails, in comparison to monophage therapy, are typically used to treat individ-

ual and/or multi-strain infections since bacteria are less likely to develop resistance when

attacked by multiple phages simultaneously [14]. We formulated three different 2-phage

cocktails LUZ19+PYO2, LUZ19+E215, and PYO2+E215. We then determined if the bacte-

riolytic effect of a 2-phage cocktail produced a more efficient reduction in bacterial density

compared to the component phage strains. Cocktails however did not appear to increase the

rate of bacterial decline in time-kill curves, with declines being similar to the most potent

phage in the cocktail. For example, LUZ19+PYO2 and LUZ19+E215 exhibited bacterial

reductions comparable to that of LUZ19 alone, dropping the cell density below the LOD

within ~3 hours (Fig 2A). As expected, the major benefit of a cocktail was significant

improvement in phage resistance suppression, which significantly lowered the time-kill

AUC (Fig 2C). Despite most LUZ19+PYO2 and LUZ19+E215 treated cultures appearing

visually clear, about 10% showed bacterial regrowth after 26 hours of treatment. Cocktail

treatment using LUZ19+PYO2 reduces the bacterial population to the lowest density found

in this study (Fig 2A). In contrast, PYO2+E215 showed no significant improvement in bac-

terial reduction or resistance suppression and AUC was similar to individual treatments

with its component phages (Fig 2A and 2C).

Fig 2. In vitro time-kill kinetics. (A) Heatmap representation of PAO1 treated with single phage strains LUZ19, PYO2, or E215 (MOI 1) and

combination strains LUZ19+E215, LUZ19+PYO2, or PYO2+E215 (MOI 0.5 per phage). (B) Bacterial colony counts (CFU) post treatment with

LUZ19 (solid) or PYO2 (dashed). (C) Area under the curve (AUC) estimated the amount of bacterial cell density after 28 h of treatment. Treatments

denoted as “a” and “b” were significant to each other and all others. *p< 0.05

https://doi.org/10.1371/journal.pcsy.0000015.g002
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Assessment of the survivors

Because P. aeruginosa could survive both mono and two-phage treatments, insensitive isolates

were whole genome sequenced to verify mutational-based resistance. We found cell surface

modifications as the main resistance mechanisms for all three phage strains. Nonsynonymous

mutations of type IV pilus genes could block LUZ19 infection and mutations of a lipopolysac-

charide O-antigen gene could block both PYO2 and E215 infection (Fig 3A and S1 Table).

LUZ19 treatment selected for point mutations in any of several genes encoding type IV pilus

machinery, including pilR (pilin), pilB (assembly), pilF (secretin), and pilZ (assembly) (S1

Table). In contrast, we found PYO2 and E215 selected for point mutations or deletions in a

single gene, wzy, which confirmed that these phages bind to the same cell surface receptor.

Because chromosomal mutations that, although not exclusively, modify or delete phage cell

surface receptors are frequently associated with adaptation [67], we reasoned that surface cell

receptor mutations would be the most likely mechanism of phage resistance. Among double-

resistant populations that emerged during LUZ19+E215 treatment, 4/5 isolates harbored

mutations in both wzy and pil genes (Fig 3A). We identified only the expected pil gene muta-

tion in the fifth isolate despite the bacterial mutant having resistance to both LUZ19 and E215.

Similarly, only 1/5 isolates from LUZ19+PYO2 treated cultures had both wzy and pil gene

mutations (Fig 3A). Consistent with expected collateral resistance, 4/5 isolates from PYO2

+E215 treatments had mutations in the wzy gene (Fig 3A). Other gene mutations may have

also resulted in observed phage resistance, which remain to be determined. It is also worth

mentioning that PAO1 populations maintained a majority susceptibility to each phage in the

absence of treatment.

Fig 3. In vitro and bioinformatic analyses of phage resistant PAO1 mutants. (A) Heatmap representation of

mutations identified using BRESEQ post phage treatment. Phage resistant mutations in genes besides LPS or pili are

denoted as “other”. (B) Efficacy of plating comparison of wild-type PAO1 and phage resistant PAO1 strains. (C)

Diagram of phage receptor binding mechanisms for each of the three phages. LUZ19 binds to type IV pili while phages

PYO2 and E215 both bind to the LPS O-antigen.

https://doi.org/10.1371/journal.pcsy.0000015.g003
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Efficacy of plating (EOP) showed that mutations in pil genes did not exhibit a reduced sen-

sitivity to the LPS binding phages PYO2 and E215 (Fig 3B). Likewise, mutations in the wzy
gene did not affect LUZ19 EOP. As to be expected, E215 was unable to infect PYO2-resistant

mutants since they share the same cell surface receptor. The inverse however was not always

true; PYO2 could infect some E215-resistant mutants, albeit with a lower EOP (Fig 3B). This

suggests that E215 and PYO2 bind to different regions of the O-antigen (for proposed binding

site schematic, see Fig 3C). The differential phage sensitivity profiles support the ability of spe-

cific phage combinations to delay the emergence of phage resistance.

Parameter estimation: in vitro growth rate of sensitive bacteria

Individual cultures of P. aeruginosa were grown at 37˚C for 28 hours to calibrate a baseline

growth rate in the absence of phage infection. We used 89 independent experimental growth

curves to generate a logistic model to predict the growth of phage sensitive PAO1. We then cal-

ibrated the basal growth rate, rn, in the logistic growth equation for B, given by:

dB
dt
¼ rnBð1 �

B
K
Þ ð6Þ

S1 Fig shows the result of this curve fit created using a least-squares fit with FindFit in Wol-

fram Mathematica; see Table 1 for the estimated growth parameters.

Model parameter estimation: time-kill kinetics of single phage treatment

Combining our in silicomodel with in vitro results we were able to examine the changes in

bacterial populations below the LOD. Treatment using phages LUZ19 and PYO2 successfully

reduced the bacterial burden below LOD within 4 hours (Fig 4A and 4B), while E215 could

not in the same timeframe (Fig 4C). We therefore categorize LUZ19 and PYO2 as having

greater potency than E215. Moreover, bacterial re-growth was observed between 10–13 hours,

suggesting the emergence of a phage resistant population. We estimated parameter values of

phage binding b, lysis s, and mutation a, and rates with the system of equations from our single

phage interaction model using the BFGS algorithm implemented in Julia’s Optim packageus-

ing FindFit. For each phage treatment, we fitted an ensemble of models with different initial

conditions to at least 30 independent experimental growth curves, and we obtained the param-

eter confidence intervals through bootstrapping for around 1000 samples. However, we make

the following assumptions about the system for our calibrations:

i. We approximated that the OD600 conversion to CFU/mL using the equation Y = 10(4.22

+9.33X), where X is the OD600 value.

ii. All phages undergo strictly lytic replication and binding of phage to bacteria is irreversible

and lead to infection. There are differences in the binding mechanism used by each phage.

However, the large number of infections occurring dominates the size of the rate term.

That is the physical contact of the bacteria and phage should effectively equal each phage’s

binding rate b on a population scale.

iii. Different phage strains have different lysis rates s, indicating their different potencies. The

average lifespan of an infected cell before lysis is given by 1/s. The phage specific lysis rates

sa, sb, and sc were estimated from the respective in vitro time-kill kinetics. Consistent with

the experimental phage latent periods (Table 1 and S2 Fig), the model was able to estimate

individual phage lysis rates.
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iv. The mutation rates were estimated from regrowth timing in the time-kill assay (Fig 4).

There is no large difference in the per gene mutation rate, denoted in Eq (1), on a molecu-

lar level across different strains of bacteria. However, according to mutational analysis

there were 7 potential gene mutations that could convey resistance to the pili-binding

LUZ19 and only one gene for PYO2 or E215 (S2 Table). Accordingly, our model parameter

estimation found that the rate of generating pili-binding phage (e.g. LUZ19) resistance ap,
was 3-fold higher than the rate of generating LPS-binding phage (e.g. PYO2 and E215)

resistance al (i.e., ap>al) (Table 1).

v. The growth rate of single phage resistant bacteria, rr, was estimated by fitting Eq (6) to in
vitro fitness assays performed on assumed phage insensitive populations (Fig 1 and S1 Fig).

However, the remaining parameters in the model either represent combination actions or

were not measurable in isolation from experiments.

Model solution and sensitivity: Single phage treatment

Fig 5 models the simulated population densities of the treatment phages and of phage sensitive,

phage infected, and phage resistant bacteria when phages are administered at a MOI of 1. The

model predicts kinetics differently for each of the phage strains. In general, the model predicts

that the sensitive bacteria decrease after the phage density reaches the inundation threshold (Eq

3) and thereafter the phage population surges (Eq 2). Eventually, the resistant bacterial popula-

tion dominates the culture. As expected, the more potent phages LUZ19 and PYO2 replicate

faster and reduce sensitive cells faster than the relatively less potent phage E215 (Fig 5A–5C). A

Fig 4. In vitro and in silico time-kill kinetics. (A-C) In vitro curves (blue) of phages (A) LUZ19, (B) PYO2, and (C)

E215 treatment at MOI 1. Data shown as mean ± standard error of mean (SEM) of replicate wells (n>11). The curves

flatten at the limit of detection (LOD) OD600 ~0.2. The logistic growth rate of phage infected cells BI (orange) and

resistant cells BR (green) were fitted according to Eq 1. 95% confidence interval of model fitting is included as shaded

area. (D-F) In vitro growth curve (blue) of cocktails (D) LUZ19+PYO2, (E) LUZ19+E215, or (F) PYO2+E215. Logistic

growth rate of phage infected cells BI (orange), single-mutant resistant cells BR1 and BR2 (green), and double-mutant

resistant cells BR12 (red) were fitted according to Eq 4 (D-E) and 5 (F).

https://doi.org/10.1371/journal.pcsy.0000015.g004
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drawback of eliminating sensitive cells faster however is that the more potent phages decay in

the system sooner. E215 sustained a higher density of phages for roughly twice as long as either

of the other two phages (Fig 5C). Additionally, our model simulations (S4 Fig) indicate that the

initial MOI does not significantly change the overall dynamics of bacteria and phage. Specifi-

cally, for the three phages selected, variations in the initial MOI only slightly impact the timing

of bacterial re-growth, likely because these phages replicate rapidly and reach their peak within

a few hours. For clinical application, knowing the precise bacterial count in a patient is typically

not feasible, making MOI-based analyses less practical. Therefore, for simplicity, we focused

mainly on an MOI of 1 in this manuscript.

Because not all parameter values were experimentally determined, we also studied the local

and global sensitivity of the calibrated parameters for individual phage’s kinetics to determine pos-

sible areas of concern. The methods for this analysis are described in S1 Text, S2 Text, Fig 5D–5F,

and S3 Fig. Each phage had slightly different sensitivity profiles. The growth rate of the phage sen-

sitive bacteria was the most sensitive parameter. The lytic characteristics (lysis rate s, burst size h)

of phage replication were most important for the more potent phages LUZ19 and PYO2. In con-

trast, E215 was less sensitive to these parameters. By detailing the dependence of the model out-

come on phage specific lysis properties, it is interesting to note that PYO2 and E215 showed

higher sensitivity to burst size h, resistant bacterial growth rr, and binding rate b, while LUZ19

showed sensitivity to bacterial growth rn. Again, the mechanism of infection for phage LUZ19 dif-

fers from that of phage PYO2 and E215 and appears to influence overall system activity.

Leveraging the mathematical model to prevent phage resistance with single

phage therapy

Next, we sought to leverage our mathematical model to identify the phage infection character-

istics with the highest therapeutic potential. Because the model defines lysis rate and burst size

Fig 5. In silico single phage modeling and parameter sensitivities. (A-C) Single phage model numerical simulations:
(A) LUZ19 only treatment, (B) PYO2 only treatment, and (C) E215 only treatment. For all the simulations, B(0) = 0.2,

BI(0) = 0, BR(0) = 0, P(0) = 0.2, b = 382, and rn = 0.88. For each simulation, phage specific parameter values are in Table 1.
(D-F) Sensitivity analysis for the single phage model of each phage parameter settings. The relative sensitivities of (D)
LUZ19, (E) PYO2, and (F) E215 were analyzed as outlined in Appendix A.

https://doi.org/10.1371/journal.pcsy.0000015.g005
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dependent on phage strain, we simulated the characteristic combinations with the most poten-

tial in preventing the emergence of phage resistance. For each parameter combination, we sim-

ulate the single phage model and find the times with which resistant bacterial density exceeds

the time-kill curve LOD (Fig 6). We found that the model predicts that a phage with both a

large burst size and high lysis rate would delay the occurrence of resistance more effectively.

Model predictions agreed with experimentally determined phage latent periods and burst size

correlations with time kill curves (S2 Fig). In addition, when the lysis rate is low, the time of

resistance occurrence is more sensitive to the change in lysis rate relative to the burst size.

When the lysis rate is large enough, the time of resistance occurrence becomes more sensitive

to the change in burst size relative to the lysis rate. PYO2 and LUZ19 are more effective at

delaying the occurrence of phage resistance due to their high potency, or lysis rate. However,

despite E215 having a burst size twice that of PYO2 and LUZ19, its slower lysis rate limits its

ability to delay the occurrence of resistance.

Model parameter estimation: time-kill kinetics of two-phage treatment

Next, we extended our single-phage model to describe phage–phage combination kinetics

with the assumption that phage resistance does not confer collateral resistance to the other

Fig 6. In silico determination of optimal phage infection characteristics. Different combinations of phage lysis rate (s) and burst size (h)

and their corresponding time for the resistant bacteria to become detectable. The marked points denote our experimental phage strains.

https://doi.org/10.1371/journal.pcsy.0000015.g006

PLOS COMPLEX SYSTEMS Leveraging mathematical modeling framework to guide regimen strategy for phage therapy

PLOS Complex Systems | https://doi.org/10.1371/journal.pcsy.0000015 November 5, 2024 16 / 31

https://doi.org/10.1371/journal.pcsy.0000015.g006
https://doi.org/10.1371/journal.pcsy.0000015


phage strain (For model schematic see Fig 1B). It is generally accepted that phage cocktails can

better inhibit the evolution of resistance and thereby increased the longevity of the treatment

[14,64,65,68]. That is, the probability of two different resistance mutations occurring in a sin-

gle host cell can be significantly lower than that of only acquiring a single mutation depending

on the phage receptors and pairing [66]. We also explored whether combining phage strains

enhance treatment potency compared to single phage therapy. Our two-phage treatment mod-

els (Eqs 4 and 5) are used, in part, to simulate the interactions between phage and bacteria in

an in vitro setting in order to study the effectiveness of different cocktail formulations. That is,

Eq 4 simulated when phage LUZ19 was applied with an LPS-binding phage (PYO2 or E215),

while Eq 5 simulated when the two LPS-binding phages were combined. Basal growth rates of

“double-mutants” (mutations in both the pil and wzy genes), ra+b for LUZ19+PYO2 treatment,

and ra+c, for cocktail LUZ19+E215 treatment were calibrated from phage resistant bacterial

growth with Eq 6 (Fig 4E–4F and S1 Fig).

Calibrated two-phage models were able to incorporate parameters from the single phage

model to accurately predict the bacterial kinetics during cocktail treatments (Fig 4D–4F). Sim-

ulations agreed with in vitro data that combining two potent phages (LUZ19 and PYO2) was

more effective at reducing bacterial burden than combining a potent and weak phage (LUZ19

and E215). Consistent with in vitro observations, combined action of LUZ19+PYO2 was simu-

lated to reduce the bacterial burden to the lowest level observed using a two-phage cocktail

(Fig 1A, Fig 4D). Moreover, double-mutant resistance was not modeled to exceed the LOD

during the 28 hour simulation. Comparatively, LUZ19+E215 treatment reduced the bacterial

burden below the LOD, but the double-mutant outgrowth begins to emerge as early as ~20

hours after phage treatment (Fig 4E). As expected, the model predicts combing two LPS bind-

ing phages (PYO2 and E215) is only as effective as the more potent phage’s (PYO2) individual

treatment (Fig 4B versus Fig 4F).

Model solution: Time-kill kinetics of two-phage treatment

Fig 7 shows the simulated population densities of cocktail treatment phages and of phage sen-

sitive, phage infected, single-mutant, and double-mutant bacteria when phages are treated at a

MOI of 1. The model predicts kinetics differently for treatments depending on the receptors of

the phages used, that is, with and without collateral resistance. Consistent with in vitro

Fig 7. Double phage model numerical simulations. (A-C) Double-phage simulations at MOI 0.5 per phage for: (A)

LUZ19+PYO2, (B) LUZ19+E215, and (C) PYO2+E215. Phage concentrations are denoted with solid lines with LUZ19

(blue), PYO2 (green), and E215 (purple). For all the simulations, the black dashed line denotes the sensitive bacteria and the

red solid line denotes total bacteria. Infected bacterial strains and single-phage resistant mutants are denoted by tall dashed

lines and wide dashed lines respectively in colors corresponding to the target phages. The double-phage double-mutant

strain is denoted with an orange dashed line.

https://doi.org/10.1371/journal.pcsy.0000015.g007
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findings, the two-phage model predicts that the sensitive bacteria decreases after the phage

density reaches the inundation threshold and phage populations increase at the expense of sen-

sitive cells before a resistant bacterial population dominates (Fig 7). Differences arise in the

specific combinations. During LUZ19+PYO2 treatment, both phages exhibit nearly symmetri-

cal growth and decay patterns, phages rapidly increase within the first 18 hours of treatment

but begin declining shortly thereafter. Following robust phage expansion, resistance is delayed

for about 25 hours until the rise of double-mutant cells around 25 hours (Fig 7A). With

LUZ19+E215 treatment, phages replicate asymmetrically, the more potent LUZ19 population

grows faster compared to E215, which expands more slowly but sustained for nearly 40 hours.

Although the E215 population appears to persist throughout the simulation, resistance was

only delayed for about 25 hours, shorter than LUZ19+PYO2 despite the persistence of phages

(Fig 7B). Although, PYO2 and E215 share the same cell surface receptor, the faster lysis rate of

PYO2 allows it to outgrow E215 (Fig 7C). Similar to the LUZ19+E215 cocktail, E215 is still

expected to persist for far longer than PYO2 despite their shared receptor mechanism. Ulti-

mately, this treatment also resulted in bacterial growth transients similar to those from PYO2

only treatment, with resistance outgrowth emerging at ~12.5 hours.

Next, because populations of sensitive and resistant bacteria appeared to wax and wane in

simulation, we sought to determine if there was an in vitro growth tradeoff to having resistance

to both a pili binding and LPS binding phage (Fig 8). We performed growth assays and ana-

lyzed their growth rates to examine the fitness cost of acquired genotypic resistance (Fig 1, Fig

8 and S1 Fig). Single gene mutations were predicted to cause a slight decrease in mutant

growth rate relative to the sensitive bacteria. LUZ19 resistance appears to have a slightly higher

fitness cost compared to resistance to an LPS binding phage. Mutants with two mutations aris-

ing from cocktail treatments bear significantly higher tradeoff, with LUZ19 and PYO2/E215

resistance having the greatest reduction in relative growth rate (Fig 1, Fig 8, and S1 Fig).

Again, although mutations to PYO2 and E215 single treatments resulted in similar genotypic

resistance outcomes (S2 Table), the differential binding of the two phages to the O-antigen

appears to influence the fitness of the emerged double-mutants to cocktail but not individual

treatment (Fig 3C).

Effect of decreased binding rate with different phage treatments

Because the effects of changing the phage adsorption rate may generate additional competition

between different bacterial variants, we also simulate hypothetical phage combinations to com-

pare the competitive dynamics between two phages with differential growth characteristics

that target a single bacteria host. In the two scenarios we modeled, phages under decreased

binding rates (b) competed for susceptible host cells. In the first case phages with inverse prop-

erties (low lysis rate and high burst size versus high lysis rate and low burst size) were both

able to reproduce high phage densities but were less effective at suppressing the bacterial popu-

lation (Fig 9A). The phage with higher potency was able to replicate more quickly, reaching its

maximum density within 30 hours of addition. On the other hand, the phage with lower

potency but higher burst was able to reach a higher population density than its partner, albeit

several hours slower and only after the first phage population began decaying. The overall bac-

terial population on the other hand, was barely reduced by combination phage action and

remained high throughout the simulation. Although the phages were able to reduce the initial

sensitive cell population, single-mutants resistant to each phage began growing after 10 hours.

The population of these phage resistant mutants were inversely correlated to phage population

growth and decay. However, the double-mutant population resistant to both phages appeared

to outgrow phage activity around 35 hours (Fig 9A). Although a decreased binding rate
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reduces the ability of phage to proliferate and kill susceptible bacteria, it promotes competition

between different bacterial strains and thereby delays the occurrence of double-phage resistant

bacteria. In the second scenario, phages with opposing characteristics (high lysis and burst ver-

sus low lysis and burst) were simulated in combination and demonstrated dynamics more

extreme than those we observed from our in vitromodel (Fig 9B). In this simulation we saw

that the high potency, large burst size phage was able to quickly replicate to its maximum den-

sity shortly after addition while the alternate phage was almost fully unable to replicate. Single-

mutants to the second phage therefore scarcely grew, which suggests that the population of sin-

gle-mutants to the high potency phage were able to grow rapidly. Of note however, is that the

double-mutant resistant to both phages appears unable to grow as quickly in the presence of

the abundant single-mutant to the first phage strain. This suggests that when phages have such

Fig 8. Per capita growth rate of phage resistant variants. Relative growth rates (with 95% confidence intervals) of

PAO1 resistant to different single and double phage treatments. Fitness was determined relative to phage sensitive

untreated PAO1.

https://doi.org/10.1371/journal.pcsy.0000015.g008
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polar characteristics that the potential for alternate cocktail treatment modalities, such as

sequential treatment, may potentially extend the longevity of the treatment phages.

Predicting sequential phage therapy outcomes

Phage combinations are frequently given in simultaneous regimens. Alternatively, sequential

treatment regimens that temporally or spatially separate the phage strains may offer advan-

tages to individual phage activities, such as our observations when two phages have polar char-

acteristics (Fig 9B). A limitation to performing in vitro characterization of different phage-

bacteria combinations, however, is the variety of ways in which the system can be adminis-

tered. For instance, phage order, dose, and timing are all variables that impact the efficacy of

treatment. Previously, Wright et al. suggested that sequential phage treatments may cause sig-

nificantly higher fitness cost compared to multiple phages administered simultaneously as tra-

ditionally done with cocktails [14]. Therefore, we simulated sequential two-phage treatments

with the second phage added at 8 hours, the estimated time when single phage resistant mutant

density would be sufficient to support replication of the second added phage (Fig 10). When

simulating sequential treatment, we also reduced the basal growth rates of the double-mutant

strains that emerge in the treatment of LUZ19!PYO2 and LUZ19! E215, denoted as ra!b
and ra!c respectively, by 10% relative to ra+b and ra+c. This was in contrast to the double-

mutant strains that emerge in the treatment of phage PYO2!LUZ19 and E215!LUZ19

which are assumed to have the same growth rate as the double-mutant strains in the corre-

sponding simultaneous cocktail treatments [14]. To ensure that we were relating comparable

growth dynamics, we chose a carrying capacity above the max growth reported at 15 hours

(K = 0.9). The sequential parameters are listed in Table 2; noting that the calibration and

assumptions are dependent on the specific phage strain. Sequential treatments were first simu-

lated utilizing the two-phage model without collateral resistance as shown in Eq 4. As in our

observations during cocktail treatment, addition of LUZ19 in combination with an LPS bind-

ing phage produced the greatest simulated reduction in bacterial density. Addition of

LUZ19!PYO2 and PYO2!LUZ19 caused a significant reduction in bacterial density, with

the LUZ19!PYO2 regimen being more potent and delaying the growth of double-mutants

for longer (Fig 10A–10B). These trends also occur between LUZ19!E215 and E215!LUZ19

sequential treatments (Fig 10C–10D). These predicted outcomes emphasize the importance of

Fig 9. In silico cocktail simulations using hypothetical phages. Comparison of two-phage cocktail treatments under
decreased phage binding rate b. (A) Cocktail treatment of Pa+Pb where phage Pa has a low lysis rate (s) and high burst
size (h) and Pb inversely has a high lysis rate (potency) and low burst size. (B) Cocktail treatment of Pa+Pb where phage
Pa has both high potency and burst size while Pb inversely has low potency and burst size.

https://doi.org/10.1371/journal.pcsy.0000015.g009
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phage order in addition to phage strain selection. Simulating sequential treatment with two

LPS binding phages, we refer to the two-phage mathematical model with collateral resistance

(Eq 5). As expected, sequential PYO2!E215 and E215!PYO2 outcomes were consistent

with trends observed with simultaneous administration (Fig 10E–10F). Taken together, our

simulations imply that all sequential treatments were less effective at controlling bacteria bur-

den than their two-phage simultaneous treatment counterparts despite the assumed fitness

cost.

Because we observed different replication kinetics during competition between phages with

different characteristics (Fig 9), we rationalized that second dose timing could also affect

phage-bacteria kinetics and thus treatment outcomes. Therefore, we extended the sequential

model to explore the effect of second phage administration timing. Comparison between dif-

ferent administration times, in one-hour intervals, showed that prolonging the second phage

administration correlated with decreases in treatment efficacy (Fig 10G and 10H). As expected,

phages that select for collateral resistance were insensitive to a change in second phage timing.

Interestingly, prolonging sequential administration initially correlates with a decreased ability

Fig 10. In silico experiments for two-phage sequential treatments. Each curve simulates the total bacteria density

(solid line) after adding one phage strain at MOI 1 at time 0, and a different phage strain at MOI 1 at time 8 hours. (A)

LUZ19!PYO2 (pink); (B) PYO2!LUZ19 (blue); (C) LUZ19!E215 (yellow); (D) E215!LUZ19 (green); (E)

PYO2!E215 (orange); (F) E215!PYO2 (purple). (G-H) Comparison of double phage sequential treatments with

different phage combinations, application order, and second dose timings. (G) The total bacterial density at 15 hours

was used to measure the treatment’s ability to control the bacterial population density. (H) The proportion of the

bacteria at 15 hours that are resistant to all treatment phages.

https://doi.org/10.1371/journal.pcsy.0000015.g010
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to prevent resistance before improving it. That is, prolonging the second administration past 9

hours was found to elongate the growth period of emerged mutants to the first phage, which

competitively suppresses growth of double mutants. Among sequential treatment, administra-

tion of E215!LUZ19 could be the most effective in delaying resistance and yet this was not

the optimal approach to control bacterial density. LUZ19!PYO2 and LUZ19!E215 were rel-

atively effective at both delaying resistance and efficient at controlling bacterial density. Com-

bined, simultaneous cocktail addition remains the best treatment modality to take advantage

of the multiplicative nature of double-mutant phage resistance, but adjusting phage order and

sequential timing can improve the kinetics of resistance outcomes.

4 Discussion

In this study, we demonstrated experimentally and mathematically that the simultaneous

administration of select phage strains as a cocktail was more effective at controlling P. aerugi-
nosa density than phages applied sequentially or individually. By combining in vitro and in sil-
icomodels of time-kill kinetics, we show 74 permutations of single, double simultaneous, or

double sequential phage treatments. Of these, we found that double simultaneous treatment

with LUZ19+PYO2 was the most potent at reducing bacterial density. The increased potency

also promoted a more robust phage growth of both LUZ19 and PYO2 over a longer period. In

contrast, double simultaneous treatment with different cocktails of LUZ19+E215 or PYO2

+E215 exhibited weaker potency. In addition, double sequential treatments initially lack com-

pounding phage infectivities and were subsequently lower in potency. Sequential treatment

potency could be increased comparable to double simultaneous LUZ19 and PYO2 treatment

by reducing the interval between administrations to less than two hours. As to be expected, we

show that combining phages that bind to different cell surface receptors suppressed bacterial

numbers far longer than combining phages that bind to the same receptor. Nevertheless, evo-

lution of resistance could not be prevented with a cocktail composed of phages that bind to dif-

ferent cell surface receptors. Resistance did impose fitness costs on emerged mutants by

hampering their growth by as much as 31%. Together, a formulation with two highly potent

phage strains and those that bind asymmetrically were determined to be essential cofactors for

superior treatment efficacy of a phage cocktail.

Lytic activity is a critically important attribute to phage therapy. Of the three phages, PYO2

was the most potent at reducing bacterial numbers whereas E215 was unable to reduce bacte-

ria, rather it could only restrain bacterial growth when administered at the same MOI. Stron-

ger potency was achieved when PYO2 and LUZ19 were combined, leading to further

reduction in bacterial density by up to 15%. On the other hand, combining two phages that

exhibit a high potency and a low potency provided no greater bacterial suppression than the

most potent phage strain in that cocktail. Phage replication is divided into the phases of virion

attachment, DNA entry, replication, virion assembly and finally, egress via cell lysis. It is not

clear how PYO2 was the most potent at reducing P. aeruginosa, nor why combining multiple

phages lead to a higher potency of a cocktail. These findings suggest that certain phages have a

genetic constitution better suited for exploiting host cell surface receptors, intracellular

resources, DNA-synthesis, and protein-synthesis systems, and/or degrading structural compo-

nents [69,70]. For other phage strains, the opposite may be true. Therefore, treatment potency

is an indication of not only the quantity required to produce a lytic effect, but also the lysis effi-

ciency of the phage agents. The complexity of each phage strain implies that determining indi-

vidual phage potency is required for adequate cocktail development.

Moreover, treatments employing two potent phage strains that have asymmetrical cell sur-

face receptors was the strongest predictor of therapy ‘longevity’. Double simultaneous LUZ19
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and PYO2 treatment provided the longest suppression of the P. aeruginosa population as com-

pared to other treatment scenarios. Cocktail treatment eventually failed due to resistance

development to both phage strains. By combining phages with asymmetrical receptors, the

joint probability of two or more resistance mutations occurring in a single bacterial cell would

be governed by the multiplication rule of probabilities [71]. Although two nonsynonymous

mutations within a single cell occurred during cocktail treatment, the emergence of a double

mutant was significantly delayed due to a lower probability of both mutations occurring. That

is, the probability of occurrence of both receptor pil and wzy gene mutations is equal to the

product of the probability of wzy gene mutation occurring and the conditional probability that

event pilmutation occurring given that wzy gene mutation occurs. This implies that phages in

a cocktail can ‘synergize’ to extend treatment longevity by multiplying their resistance proba-

bilities. Next, we investigated whether administering phages sequentially was viable as an alter-

native strategy to extend the replication of phages and suppress the evolution of phage

resistance rather than only delaying resistance [72,73]. Our mathematical model predicts that

double sequential phage therapy would not be as effective as double simultaneous therapy at

preventing resistance. We theorize that sequential treatment does not fully exploit the multipli-

cation rule of probabilities across the bacterial population [71]. Sequential treatment allows a

host cell to rapidly acquire a mutation to escape the first phage and these resistant mutants

would grow unabated until the addition of the second phage strain. The secondary phage

would then encounter two bacterial subpopulations, one sensitive to both phage strains and

the other sensitive to only the second phage. The latter subpopulation would not experience a

multiplication rule of probabilities and thus the probability of gaining a resistance mutation

would be similar to administering a single phage alone. Therefore, we predict that the appear-

ance of mutants resistant to both phage strains would occur sooner than if the phages were

treated simultaneously.

Phage resistance remains a major challenge for phage therapy [74,75]. The fate of evolved

resistance mutants however is determined in part by their fitness to compete with non-mutant

counterparts and maintain its virulence [76]. We found in vitro and in silico that single recep-

tor gene mutations did not impose significant fitness trade-offs in growth rate under prevailing

conditions in the absence of phage. However, evolved mutants with two receptor gene muta-

tions (e.g., pil and wzy) experienced a higher cost of resistance, seen by a decline in growth rate

of up to 31% in the absence of phages compared to cells. These findings agreed with previous

reports that single-receptor mutations may be of little consequence to the bacterial cell,

whereas multiple mutations elicit an unavoidable cost [14,64]. Wright et al. similarly showed

that the growth rate of evolved independent resistance to two phage strains was significantly

decreased [14]. Markwitz et al. further identified other fitness costs to evolved resistance to

multiple P. aeruginosa phage strains including motility, virulence, and sensitivity to human

serum [64]. This implies that evolved multi-phage resistant cells can outcompete non-mutant

sensitive bacteria in the presence of phages, but resistant variants would be at a growth disad-

vantage in the absence of phages. In the body, this may occur between phage cocktail adminis-

trations due to the rapid decay of phages [18,77].

Phages are unlike other antimicrobials in that they self-dose (i.e., replicate) during treat-

ment. When PYO2 and LUZ19 are administered together, our mathematical model predicts

that both phages would grow evenly to a similar maximum density. In contrast, administering

either PYO2 and E215 or LUZ19 and E215 together, the phages grow unevenly. E215 is pre-

dicted to replicate not as well nor reach as high of a concentration when paired with either

PYO2 or LUZ19. Since a bacterial cell can only be infected by a single phage, increasing phage

strain diversity also introduces the possibility for phage competition [73]. As mentioned, host

competitive ability varied among the three phages tested. The reduction in productivity that
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E215 may experience in the presence of competitors provides evidence that multiple infections

can have a severe impact on self-dosing. Because host competitive ability was independent of

pairing phages that use the same cell surface receptor (PYO2 and E215), phage compete in rep-

lication efficiency. E215 replication cycle takes longer than the other phages and thus, there is

a lag of new progeny to infect susceptible cells. Susceptible cells are monopolized by the more

efficiently replicating phages, further perpetuating E215 growth demise as its progeny have

fewer new cells to infect. This competitive exclusion suggests two phages cannot coexist when

infecting the same host bacterium. Betts et al. similarly found that pairwise phages in double

simultaneous treatments experienced less viral growth in the absence of phage competition

[73]. We found further evidence of this when simulating sequential treatments. Our mathe-

matical model predicts that higher total phage growth occurred during double simultaneous

treatment compared to double sequential treatment. This is because all susceptible cells ini-

tially supported single phage replication instead of supporting replication of two phages. By

the time the second phage strain is administered, the susceptible population numbers are low

and unable to support robust amplification of the second phage. In addition, both phages are

now competing for the small population of susceptible cells. This would suggest that simulta-

neous treatment provides greater productivity of each phage component to maximize self-dos-

ing. The genetic and physiological factors that determine the outcome of host competition

appear to be of critical importance to cocktail design, yet they remain poorly understood.

Mathematical tools are instrumental to understanding complex biological systems. Models

help us parameterize, control, and optimize our predictions while allowing us to study the

effects of changing each component and/or treatment condition in the system. In this study,

we developed multiple mathematical models that incorporated both phage synergy and the

stepwise evolution of the bacteria to multiple phages to provide a mechanistic description of

the kinetics between the bacteria and two phage strains. This was an extension of the models

developed by Payne & Jansen and Cairns [28,31,43]. We have introduced two versions of the

double phage treatment model, with and without collateral resistance. Thus, when novel

phages with known receptors are introduced, our models can use individual phage killing and

evolutionary parameters to infer the treatment’s efficacy. We calibrated our models and used

them as plug-and-play frameworks to explore more treatment regimens and scenarios, such as

the sequential treatments with different dosing intervals, solutions with decreased phage bind-

ing rate, and of selecting from hypothetical phage choices. By adopting a simplified approach

within a well-mixed experimental environment, we uncovered subtle details of bacteria-phage

interactions and drew general conclusions about key phage characteristics.

However, our model has limitations. Future work could investigate the best methods to

capture the emergence of phage-resistant bacteria, potentially requiring stochastic modeling to

replicate observed phenomena [78,79]. Additionally, exploring more realistic heterogeneous

mixing could reduce reliance on the homogeneous mixing assumption for phage infection

rates. In particular, some studies found that phage are less efficient at dealing with well-estab-

lished biofilms compared to well-mixed systems, since the spatial heterogeneity of biofilms

hinders phage propagation and biofilm clearance [80,81]. Hence, incorporating spatial struc-

ture into future in vivomodels may be crucial for the effective application of phage therapy in

clinical settings. Moreover, in clinical settings, patients often receive both phage therapy and

antibiotics [82]. Phage-resistant bacteria may remain susceptible to antibiotics, making a com-

bined treatment of phage cocktail therapy and antibiotics effective. Evidence suggests that

while phages do not trigger an immune response, bacteria-boosted innate immunity activity

can act against the phages [27]. This finding may explain instances of phage ineffectiveness

and suggests that better protocols for phage therapy could be developed. Therefore, a long-

term goal is to build a biologically realistic in vivomodel of treatment therapy that explores the
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effects of multiple phage strains on the bacterial population including spatial structure, in con-

junction with antibiotics and immune response dynamics. This comprehensive approach will

lead to the optimal design of phage therapy treatments.

5 Conclusions

In conclusion, we found that the optimal pairwise phage treatment strategy was the double

simultaneous administration of two highly potent and asymmetrically binding phage strains.

This treatment regimen had the greatest lysis efficiency, reduced bacterial density the most,

and suppressed the evolution of resistance for the longest duration. However, this cocktail

treatment strategy could not prevent phage resistance in vitro. Further study of three-phage

cocktails, with three unique binding receptors, may limit resistance since the multiplication of

two mutation probabilities only led to delayed resistance. We found that double sequential

phage treatment had several drawbacks compared to double simultaneous administration.

However, a sequential regimen may have other benefits not explored in this study, such as lim-

iting the emergence of neutralizing anti-phage immune responses [12,83]. Together, these

results highlight that the pharmacokinetics and pharmacodynamics of each phage are impor-

tant in designing a therapeutic cocktail. Future work to map which phage properties enhance

potency is necessary to optimize multi-phage cocktail treatment regimens.
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