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Abstract

Microbial communities are complex ecosystems where organisms shape their

environment through constant interaction. These interactions can range from

friendly collaborations to fierce competition, and they form the basis of the com-

munity’s structure, function and their surroundings.

Dynamic modeling is a powerful mathematical tool to describe these micro-

bial interactions and to infer directionality and causality, as well as to predict the

time-dependent properties of a system. In microbiology, it captures the dynamic

behaviors of a microbiome in fluctuating environments and more than one model

could be plausible for the system of interest, depending on the questions, the as-

sumptions made and the available data.

There are several environments where microbial communities thrive, being

wastewater treatment plants (WWTPs) among the most important. These are

an essential part of modern society since they are designed to manage and treat

wastewater coming from households, industries, and agriculture. Their main

scope is to remove contaminants, including organic matter, harmful microorgan-

isms, and pollutants such as metals or antimicrobials, so the water becomes safe

for the environment or reuse.

In this thesis we aimed to describe and model the dynamics of the microbial

communities living in a wastewater treatment plant. These could lead to the

development of innovative and potentially economically advantageous biotech-

nological processes for wastewater treatment. To this aim, first, we conducted a

bi-monthly sampling over two years at G.I.D.A. S.p.A. (Gestione Impianto Depu-
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razione Acque), a WWTP located in Prato, Italy. We focused on the microbial

compositions and function characterization, the different tanks’ dynamic behav-

iors, ecological interactions, and potential biotechnological applications. And

second, we conducted a comprehensive study of different mathematical models.

This thesis highlights two valuable points: i) the essential role of microbial

communities in wastewater treatment and their broader environmental signifi-

cance, and ii) the use of mathematical modeling to gain understanding of biolog-

ical scenarios. By bridging experimental and computational approaches, it pro-

vides a robust framework for understanding and exploiting microbial dynamics.

As global challenges related to water management, pollution, and antimicrobial

resistance intensify, the insights gained from this work will play a crucial role in

driving sustainable and innovative solutions in microbial ecology and biotech-

nology.



Contents

1 Introduction 11

1.1 Microbial communities . . . . . . . . . . . . . . . . . . . . . . . . . . 11

1.1.1 Microbial interactions . . . . . . . . . . . . . . . . . . . . . . 12

1.2 Dynamic community modeling . . . . . . . . . . . . . . . . . . . . . 16

1.2.1 Generalized Lotka–Volterra . . . . . . . . . . . . . . . . . . . 16

1.2.2 MacArthur consumer–resource model . . . . . . . . . . . . . 20

1.2.3 Trait-based model . . . . . . . . . . . . . . . . . . . . . . . . . 23

1.2.4 Individual-based model . . . . . . . . . . . . . . . . . . . . . 26

1.2.5 Genome-scale Metabolic models . . . . . . . . . . . . . . . . 29

1.2.6 Deterministic or Stochastic models? . . . . . . . . . . . . . . 32

1.3 Wastewater treatment plants . . . . . . . . . . . . . . . . . . . . . . . 34

2 Overview and aims of the work 39

2.1 The project . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 39

2.2 Aims . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 43

3 Results 45

3.1 NGS: from samples to microbiomes . . . . . . . . . . . . . . . . . . . 45

3.1.1 GIDA: from 16S to microbial community functions . . . . . 46

3.1.2 Metagenomes: How and who has an impact on marine pro-

tected areas? . . . . . . . . . . . . . . . . . . . . . . . . . . . . 68

3.1.3 Bacterial genomes: Origanum vulgare L. . . . . . . . . . . . . 104

3.2 Modeling microbial dynamics and metabolism . . . . . . . . . . . . 116



10 CONTENTS

3.2.1 GSMMs and antimicrobial resistance . . . . . . . . . . . . . . 116

3.2.2 GSMM of cold adapted bacteria . . . . . . . . . . . . . . . . 137

3.2.3 How to study COVID impacts with GSMM . . . . . . . . . . 155

3.2.4 Dynamics of persister resuscitation . . . . . . . . . . . . . . 184

4 Conclusions and perspectives 195

4.1 Mathematical modeling . . . . . . . . . . . . . . . . . . . . . . . . . 195

4.2 Understanding wastewater treatment plants . . . . . . . . . . . . . 196

4.3 Future perspectives . . . . . . . . . . . . . . . . . . . . . . . . . . . . 198

Bibliography 199

5 Overall activities 213

5.1 List of publications . . . . . . . . . . . . . . . . . . . . . . . . . . . . 213

5.2 Period of study and research abroad . . . . . . . . . . . . . . . . . . 214

5.3 Period of study and research in an enterprise . . . . . . . . . . . . . 214

5.4 Congresses, seminars and workshops . . . . . . . . . . . . . . . . . 214

5.5 Awards . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 216



Chapter 1

Introduction

1.1 Microbial communities

Microorganisms are an essential part of Earth’s ecosystems. They can be found

in every aquatic or terrestrial environment and fulfill important roles in biogeo-

chemical cycles or in the complex process of intestinal carcinogenesis, for exam-

ple (Falkowski et al. 2008; De Filippo et al. 2024).

Microbial life shows an incredible ability to adapt, allowing it to thrive in a

wide range of environments, even the most extreme ones. From the ocean depths

to dry deserts, microorganisms find ways to survive and fill important ecological

roles that help keeping ecosystems balanced and healthy. These characteristics

also determine the composition of the bacterial community and the interactions

they may present (Gupta et al. 2017). This adaptability not only reflects how im-

portant they are to nature but also shows their potential use in fields like biotech-

nology and medicine. By studying how these organisms manage to live and grow

under such different conditions, we can better understand the natural world and

possibly discover new ways to solve environmental and industrial problems.

The environments where microorganisms thrive are as diverse as the adapta-

tions they have developed. Such environments could range from extreme tem-

peratures to animal or plant hosts. One example could be the psychrophilic
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microorganisms, extremophiles capable of growing in low temperatures. These

cold-adapted microorganisms are responsible for most of the biomass of extremely

cold environments and play a key role in maintaining proper ecosystem functions

(Fondi et al. 2015; Wilkins et al. 2013). Pseudoalteromonas haloplanktis TAC125,

an Antarctic bacterial strain, is one of the most studied cold-adapted organisms.

Investigating its metabolism can give fundamental insights into life in extreme

environments and could play a crucial role for biological applications (Qi et al.

2019).

Clostridioides difficile, on the other hand, is a Gram-positive bacterium and it’s

typically found in normal human intestinal microbiota (Czepiel et al. 2019). This

bacterium is nowadays the most important cause of healthcare-associated diar-

rhea for several reasons: i) it produces clostridial toxins, ii) it is resistant to a wide

range of environments, including antibiotic exposure, and iii) the use of antibi-

otics favor its colonization and survival when there are low-level or non-resistant

bacteria in the community (Czepiel et al. 2019; Markantonis et al. 2024). It is here

when the interactions between the members of a microbial community take place

and become crucial for treating these kind of infections. To address C. difficile

infection, fecal microbiota transplantation (FMT) has proven to be an effective

treatment (Staley et al. 2017), however to be sure about the characteristics the

community should have, i.e. the taxa and the abundances that could optimize

the eradication of the pathogen, the interactions between the main community

members have to be elucidated (Qian et al. 2021).

1.1.1 Microbial interactions

Microbial communities are intricate ecosystems where organisms shape their en-

vironment through constant interactions. These can range from friendly collabo-

rations to fierce competition, and they form the basis of the community’s struc-

ture, and function, also shaping the surrounding environment.

Mutualism classically refers to any organism in a mutually beneficial relation-
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ship with another (Drew et al. 2021). For instance, in the traditional biotechno-

logical process of sourdough fermentation, lactic acid bacteria co-exist synergisti-

cally with yeasts. The yeast creates an anaerobic environment by producing car-

bon dioxide, which benefits the bacteria, while the bacteria produce metabolites

that the yeast can utilize (Pérez-Alvarado et al. 2022). Similarly, bacteria known as

Rhizobia form symbiotic relationships with legumes, fixing atmospheric nitrogen

into a form the plants can use while receiving carbohydrates in return (Vaccaro

et al. 2023).

Sometimes, only one partner benefits while the other remains unaffected and

this relationship is known as commensalism (Ramanan et al. 2016). This can be

seen in biofilms, where early microbial colonizers create a matrix that provides

shelter and resources for other species without being directly harmed or helped

themselves. Thanks to the physical proximity of the bacteria, they can communi-

cate intimately through the exchange of metabolites and chemicals, developing a

remarkable resilience through the shielding effect offered by the biofilm structure

(Valiei et al. 2024).

However, interactions between organisms could also be negative: one organ-

ism could benefit at the expense of another, as in parasitism. For instance, pathogens

like Mycobacterium tuberculosis, for its survival, modulate various host pathways,

such as mitochondrial metabolism, apoptosis and necrosis, while causing harm

to their hosts and ultimately triggering the disease (Daffé et al. 1999; Sengupta

et al. 2023).

Competition is another critical dynamic in microbial communities, where or-

ganisms compete for scarce resources like nutrients or living space. This competi-

tion can be direct, as when bacteria produce antibiotics to kill competitors, like the

streptomycin producing bacterium Streptomyces griseus (Vardanyan et al. 2006), or

indirect, by simply outcompeting others for essential resources. In soil and the

human gut, for example, where nutrients can be scarce, competition shapes the

community, determining which microbes succeed (Goldford et al. 2018; Gibbs et
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al. 2022).

Additionally, bacteria can be involved in social cheating, a form of intra-specific

competition (Leinweber et al. 2017). These non-cooperating bacteria benefit from

the resources produced by other bacteria, without share the costs of production.

For instance, some bacteria produce antibiotics that tend to be effective against

other species, and cheaters could benefit of it without being affected by the an-

tibiotics themselves (Smith et al. 2019). The main problem is that cheaters have

lower fitness costs, allowing them to outcompete other bacteria (Xenophontos et

al. 2022).

Even if predation is something that we normally associate with macrofauna, in

some cases, microbes engage in it. This is where one organism consumes another.

For instance, the bacterium Bdellovibrio bacteriovorus utilizes whole cell invasion

and digests other bacteria from within, acting as a microbial predator (Lovering

et al. 2021).

Conversely, there are some organisms that harm another one without receiving

any benefits, a phenomenon called amensalism. This can occur when microbes

produce substances like lactic acid or antibiotics that inhibit the growth of some

individuals in the population without directly benefiting the producer (Mougi

2016).

Microbes frequently engage in facilitation, also called cross-feeding or syn-

trophy, where one species benefits by consuming the metabolic byproducts of

another. In anaerobic environments, fermentative bacteria, such as Bacteroides

thetaiotaomicron, secrete acetate, formate, succinate, and propionate as major meta-

bolic by-products, produce hydrogen, which secondary fermenters can make use

of (Culp et al. 2023; Zachar et al. 2022).

These interactions result in microbial consortia performing metabolic func-

tions collectively and are often defined by chemical or physical transformations:

anabolic and catabolic processes are often distributed across different species

which interact through the exchange of intermediate metabolites through the
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environment (Graham et al. 2016; Qian et al. 2021; Daniels et al. 2023). These

diverse interactions, that are also influenced by environmental factors such as

temperature, pH, and nutrient availability, shape the environment the microbes

reside in, and, as a consequence, individuals alter their metabolism to adjust to

such changes. Therefore, interaction patterns, not only species, can change in

time. Hence, the type of relationship one species or even one individual may

have with another should be studied across spatio-temporal scales, as well as

their evolutionary dynamics (Qian et al. 2021; van den Berg et al. 2022; Daniels et

al. 2023). Understanding these complex relationships can shed light on how mi-

crobial systems regulate themselves, offering potential for applications in health,

biotechnology, agriculture and environmental management.

The dynamics of a microbial community can present several complex cases,

such as periodicities, chaos and stable states. In some cases, communities vary

considerably in the initial stages of succession, but then reach an equilibrium in

the abundances of the individuals present, i.e. a steady state (Faust et al. 2015;

Gonze et al. 2018). However, microbial communities can exhibit multistability,

that is the potential of microbial abundances to reach alternative stable states

under the same environmental conditions. These can enable temporary transi-

tions in community composition and function, and consequently impact the en-

vironment potentially leading to quasi-irreversible conditions (Lopes et al. 2024).

While it is feasible to study microbial communities experimentally (Eng et al.

2019), it is not possible to recreate in vitro the actual complexity of real assem-

blages. Therefore, mathematical models are indispensable for linking community

composition and connectivity to emergent functions and dynamics (van den Berg

et al. 2022).
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1.2 Dynamic community modeling

Dynamical systems are time-dependent processes and are typically described by

ordinary differential equations (ODE) (Autorino et al. 2022). The theory that de-

scribes them originated in classical physics for modeling mechanical systems,

however it has been used in many other fields, including macro and microecol-

ogy, and an important property of this kind of systems is stability (Gerber 2014;

Efendiev et al. 2006). In this way, dynamic modeling is a powerful mathemati-

cal tool to describe and to infer directionality and causality, as well as to predict

the time-dependent properties of the system. In microbiology, it captures the

dynamic behaviors of a microbiome in fluctuating environments (Gerber 2014;

Qian et al. 2021). Multiple models can fit the system of interest, depending on

the questions, the assumptions made and the available data (van den Berg et al.

2022).

1.2.1 Generalized Lotka–Volterra

The Lotka-Volterra model is a mathematical framework widely used to describe

the dynamics of interacting populations within an ecosystem, and it is considered

as a mechanistic dynamical model at the ecological scale. It was originally used to

describe macrofaunal predator-pray dynamics in 1926 (Eq. 1.1). It describes how

the fluctuation of the population of the pray xi, e.g. snowshoe hare, depends on

its birth rate bi, on the population of the predator xj , e.g. Canadian lynx, and on

the rate at which the prey is consumed by the predator mj (van den Berg et al.

2022; Gause 1935).

dxi

dx
= xibi + xixjmj (1.1)

As the equation 1.1 shows, the interactions described are limited to only two

community-members. Hence, small modifications are needed in order to include
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more than two community-members, as microbial communities require. These

modifications define the generalized Lotka-Volterra (gLV) equations (Eq. 1.2),

which are a set of non-linear, coupled, first-order differential equations. Here, the

important parameters are the intrinsic growth rates µi instead of the birth rate,

and the interaction coefficients ↵ij between species i and j, typically represented

as a vector and a matrix, respectively (Figure 1.1). The kind of interactions present

in the community are described as positive or negative coefficients ↵ (Table 1.1)

and its magnitude indicates the strength. One of the primary applications of gLV

in microbiology is to assess the stability and resilience of microbial communities

under various environmental conditions.

dxi

dx
= xiµi + xi

NX

j=1

↵ijxj (1.2)

Type of interaction Effect of i over j Effect of j over i
Mutualism ↵ij > 0 ↵ji > 0

Commensalism ↵ij > 0 ↵ji = 0

Parasitism ↵ij > 0 ↵ji < 0

Competition ↵ij < 0 ↵ji  0

Predation ↵ij < 0 ↵ji > 0

Amensalism ↵ij < 0 ↵ji = 0

Cross-feeding ↵ij > 0 ↵ji � 0

Table 1.1: According the type of interaction between community-members, the
sign of the interaction coefficient could be positive, negative or equals to zero.
See section 1.1 for more information.

The model has been widely used to predict how microbial communities re-

spond to different environmental or anthropogenic changes, modifying or adding

some elements to the equations. Here are reported three examples. Stein et al.

(Stein et al. 2013) added an extra term to the gLV equations to describe the effect

that some external perturbation may have on each of the community-members.

Here, "il is the susceptibility i has to the time-dependent perturbation ul, for in-

stance, antibiotic exposure or changes in available nutrients (Eq. 1.3).
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dxi

dx
= xiµi + xi

NX

j=1

↵ijxj + xi

PX

l=1

"ilul (1.3)

The subtraction of the second term of equation 1.2 takes into account the gain

or loss of xi exclusively as a result of the interaction it has with xj , but not due

to its intrinsic death rate. van den Berg et al. (van den Berg et al. 2022) added a

third term that considers �i as the death rate of xi (Eq. 1.4).

dxi

dx
= xiµi + xi

NX

j=1

↵ijxj � xi�i (1.4)

Lastly, the nutrient availability could set a limit on the growth of the members

of the community. This is called habitat carrying capacity, and it is defined as the

maximum number of individuals that an environment can sustain (Wein et al.

2018). Pajon et al. (Pajon et al. 2023) modified the first term of equation 1.2 using

K as a constant limiting the growth of xi (Eq. 1.5).

dxi

dx
= xiµi

⇣
1� xi

K

⌘
+ xi

NX

j=1

↵ijxj (1.5)

The main advantage of the gLV model is its flexibility and ability to incorpo-

rate various types of interactions, as we showed. It can handle large communities

with multiple interacting species, make it an ideal model to use for diverse mi-

crobial systems, such as gut or wastewater microbiomes. The parameters (growth

rate and interaction coefficients) can be estimated using time-series data from in

vivo or in vitro experiments through marker gene (e.g. 16S rRNA gene) ampli-

con sequencing or metagenomic sequencing. The interaction matrix can be easily

interpreted (as shown in Table 1.1), offering valuable insights into community

structure and dynamics (Qian et al. 2021; Gonze et al. 2018; Stein et al. 2013; Ger-

ber 2014; Lima et al. 2020).

Despite the fact that gLV model is broadly used, it has some drawbacks. First

of all, it assumes that community dynamics can be described only through pair-
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Figure 1.1: Generalized Lotka-Volterra model diagram of the possible modifica-
tions that can be made in order to take into account environmental or anthro-
pogenic changes. For instance, the specific perturbation of antibiotic exposure
(✏il, ul). Adapted from van den Berg et al. 2022.

wise interactions. Basically, its mathematical structure presumes that the growth

of a community member depends only on its intrinsic growth rate and all pair-

wise interactions it has with other community members, potentially overlooking

multi-species interactions that might be happening in the network (Qian et al.

2021). Second, all the interactions that gLV describes are static in time and space,

and do not explicitly account for fluctuating environmental conditions, such as

changes in pH, temperature, or nutrient levels, unless these are integrated as ex-

ternal variables. Third, if there is no carrying capacity taken into account, positive

feedback loops could lead to an unconstrained growth, with the entire system be-

coming unfeasible (van den Berg et al. 2022). Finally, the number of interaction

coefficients scales quadratically with the size of the community, requiring more

computational and mathematical effort to fit the data.

To address these limitations, several extensions of the gLV model have been

proposed. For example, stochastic gLV models (see section 1.2.6) incorporate

random fluctuations to simulate environmental variability and stochastic events,

providing a more realistic depiction of microbial dynamics, specially for small

populations (Alonso-Vásquez, Giovannini, Garbini, et al. 2024). Another option

could be the integration with metabolic models (see section 1.2.5). By combining

gLV with genome-scale metabolic models, researchers can link microbial interac-
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tions with metabolic functions, offering a deeper understanding of community

functionality. Lastly, time-varying interaction coefficients allows the interaction

coefficients ↵ij to change over time, reflecting context-dependent interactions.

The gLV model helps identify key members in the community and their roles.

For instance, in wastewater treatment, certain microbial species are crucial for

breaking down organic pollutants, and understanding their interactions could

improve process efficiency. Case studies are shown in the Results chapter 3.

1.2.2 MacArthur consumer–resource model

Modeling the relationship between nutrients, toxins or signals and microbial com-

munities could be used to elucidate how they share metabolites and divide the

resources, and to what extent the interactions between members are determined

by environmental changes (Bengtsson-Palme 2020). These dynamics tend to com-

petition/mutualism, and they usually take place in non-equilibrium conditions,

unlike the dynamics described by Lotka-Volterra. To this aim, Robert MacArthur

developed the Consumer-Resource model (CRM) in 1969, where the main ques-

tion is how species consume and deplete resources, excrete by-products and affect

or are affected by signals (MacArthur 1970; van den Berg et al. 2022).

There are several studies that suggest that the availability of nutrients such as

oxygen, nitrate, carbon dioxide or even light, shape the environment and con-

strain the composition of the microbial community. In this case, the composi-

tion of the microbial community is characterized in terms of metabolic functions

rather than specific taxa (Gowda et al. 2022).

The model itself is based on two key elements: the consumers and the re-

sources, hence it quantifies how resource use differs between consumers. In this

way, it quantifies how resource utilization differs among consumers, focusing on

resource overlap rather than direct interactions between community members.

Essentially, if two members use a resource in a similar way, the probability of

coexistence decreases. In equation 1.6, MacArthur describes the change in the
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Figure 1.2: MacArthur Consumer Resource model diagram. This model describe
the relationship between the consumer, i.e. species xi in light blue, and its re-
sources, i.e. R↵ and R� . Adapted from 1.4.

population of the consumer xi as proportional to its growth rate µi and to the set

of resources it could consume (Figure 1.2). This second term is composed by the

concentration of the resource ↵ R↵, the resource utilization matrix Ci↵, i.e. how

species i uses resource ↵, and an energy factor �wi↵, i.e. a quality function that

determines the amount of biomass the species i produces per unit of resource ↵

consumed by i while maintaining energy balance. Additionally, the model incor-

porates a maintenance term that includes the death rate �ixi.

dxi

dt
= µixi

 
X

↵

R↵Ci↵ �wi↵

!
� �ixi (1.6)

Let species i secrete metabolite �. Thus, the energy factor �wi↵ is defined as

the energy density of metabolite ↵, w↵, minus the energy that species i uses to

secrete metabolite � given the consumption of metabolite ↵. This energy is calcu-

lated with the stoichiometric matrix Di
�↵ that specifies the units of metabolites �

secreted by species i per unit of resource ↵ consumed, multiplied by the energy

density of metabolite �, w� (Eq. 1.7).

�wi↵ = w↵ �
X

�

Di
�↵w� (1.7)
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Just as the change in the population of the consumers is modeled according

to the resource availability, the change in the concentration of each resource is

modeled according to the population of its consumers. Equation 1.8 shows the

dynamics of resource � as the balance between its secretion and consumption.

The first term describes its secretion, it takes into account the the stoichiometric

matrix Di
�↵, i.e. R� secreted by i per unit of R↵, the resource utilization matrix of

↵, Ci↵, the concentration of metabolite ↵ (needed for R� secretion) and the abun-

dance of species i. The second term instead describes its consumption taking into

account the resource utilization matrix of R� , Ci� , the concentration of metabolite

� and the abundance of species i.

dR�

dt
=
X

↵,i

Di
�↵Ci↵R↵xi �

X

i

Ci�R�xi (1.8)

Additionally, the resources modeled using these equations may be renew-

able (e.g. light, nitrogen) or non-renewable (e.g. specific carbon sources), and

can be used in different timescales (van den Berg et al. 2022). Modeling micro-

bial communities often involves multiple species and resources, and even when

parameters such as the uptake rates are difficult to estimate, they can be ran-

domly sampled from statistical distributions. Cross-feeding dynamics can be in-

cluded through stoichiometric coefficients to describe how the consumption of

one metabolite is linked to the secretion of another, increasing the probability

of coexistence rather than competition (Goldford et al. 2018; Marsland et al. 2019;

Gibbs et al. 2022). Furthermore, the model can highlight how some species evolve

to exploit specific resources efficiently, reducing competition and promoting bio-

diversity.

Despite the fact that MacArthur’s model takes into account more parameters

and environmental conditions than gLV model, it has its limitations. By setting

the resource utilization matrices, it is automatically fixed to those specific condi-

tions, however this could be overcome by including species’ metabolic adapta-



1.2. DYNAMIC COMMUNITY MODELING 23

tions, i.e. changing the preferences of nutrients. Another assumption is a steady

supply, the resources are given at constant rates and unaffected by environmen-

tal or external factors. Plus, the species interact in an indirect mode, i.e. only

through their shared resources, hence pairwise consumer-resource relationships.

This model also assumes linear uptake rates, when uptakes could saturate at

high resource availability, and this could be overcome by including saturation

kinetics such as Michaelis-Menten one (Mancuso et al. 2021). However, the main

challenge is to determine a priori chemical interactions, especially in complex or

poorly characterized communities.

1.2.3 Trait-based model

Trait-based models describe the community through the functions and pheno-

typic traits present rather than species-wise. These approaches connect the indi-

vidual traits of organisms to their impact on performance and overall community

functions. Hence, it leads to a simplified community structure and often requires

less parametrization effort than gLV or MacArthur CRM (Zakharova et al. 2019;

Zakharova et al. 2020). The mechanistic understanding of the model is based on

individuals’ key traits, such as size, feeding, reproduction, etc. and associated

trade-offs such as energetic needs and predation risks. The community dynamics

are modeled according to how they are influenced by system-scale environmental

changes (van den Berg et al. 2022).

These kind of models differ from traditional, ecological ones as the don’t rely

on a priori definitions of community structures or functional groups. Instead,

they allow the emergence of new species or groups with novel trait combinations

as environmental conditions change. One of the strong points of these models

is the possibility of community members to both respond to and influence envi-

ronmental gradients, offering a dynamic perspective on community-environment

interactions (Lajoie et al. 2019). Unlike classic ecological models, the main fo-

cus of trait-based models is not on direct interactions between community mem-
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bers or their implications for coexistence, like the generalized Lotka–Volterra or

MacArthur consumer-resource frameworks, that determine the direct influence

on fitness or the relationship with shared resources, respectively. Instead, they

emphasize the relationship between community traits and environmental het-

erogeneity, and usually include predation as a secondary factor. A critical step in

developing these models is selecting traits to include, which can be challenging

when little is known about the community’s environment. However, when small-

scale environmental variations can be ignored, trait-based models are well suited

at simulating adaptation, emergent phenotypic structures, and collective func-

tions along environmental gradients by defining community members as their

trait combinations (van den Berg et al. 2022).

Trait-based model equations are determined by two main characteristics, the

dynamics of growth/death of an organism (Eq. 1.9), and the definition of its

growth rate according to the environmental variability and the sensitivity the

organism has for each trait (1.10).

dxi

dt
= (µi � �i) xi (1.9)

In the latter equation, the influence of an environmental factor, T , on the growth

rate of species i is given by an Arrhenius-like equation. These type of equations

are often used in physical chemistry to describe the energy of activation in cer-

tain circumstances, for instance, how reaction rates change according to temper-

ature variations. Here, Si is the sensitivity species i has to changes in T (gradient

showed in Figure 1.3). Every set of trait-based equations are defined by trade-offs,

like the intrinsic growth rate versus the sensitivity (Eq. 1.10). In other words,

species i growth rate depends on the main resource R↵ and its half-saturation

constant Ki↵.

µi =
µmax
i↵ R↵

R↵ +Ki↵
eSi(T�Tref ) (1.10)
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Figure 1.3: Trait-based model diagram. It is clearly shown the gradient of the
environmental change of parameter T and the resources available. Adapted from
van den Berg et al. 2022.

Even though trait-based models have been used, for example, to describe plank-

tonic foraminifera using body size, calcification and feeding behavior as key traits

(Grigoratou et al. 2019), they can come with notable limitations as well. One of the

key challenges lies in their reliance on prior knowledge. To accurately represent

a system, the model requires detailed information about the relevant environ-

mental variables, how traits are assigned to species, and the trade-offs that exist

between these traits. For instance, in equation 1.9, the resources are fixed and the

trait/sensitivity must be defined a priori. This dependency can pose difficulties,

especially in poorly understood ecosystems. Another limitation is their incom-

plete representation of evolutionary processes. These models often fail to capture

the full dynamics of species adaptation and evolution over time, leaving a gap

in understanding long-term community changes. Additionally, they lack explicit

energetics, meaning they do not account for the energy balance or resource flow

within the community, which can be crucial for accurately modeling ecological

systems.

Cross-feeding interactions are not included in the model equations, a funda-

mental feature of many microbial communities where one species depends on the

metabolic by-products of another. Furthermore, they assume that resources and
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abiotic factors are independent, overlooking potential interactions or feedbacks

between these elements. Species interactions, apart from predation, are similarly

underrepresented, which limits the model’s ability to fully capture the complex-

ity of community dynamics. Finally, these models can be computationally de-

manding, requiring significant resources to simulate systems with large numbers

of traits or environmental gradients. This may limit their accessibility for certain

applications. Despite these challenges, trait-based models remain valuable tools,

though they must be applied with an awareness of their inherent constraints.

1.2.4 Individual-based model

Individual-based models are defined from a bottom-up point of view. In other

words, they describe the community by modeling a community member’s inter-

action with its surroundings. This offers an impressive level of detail and flexibil-

ity, but comes with an important computational demand (Jørgensen et al. 2011).

When it comes to microbial communities, these models operate at the reso-

lution of individual cells, allowing for a fine-grained view of how they respond

to their local environment. This higher level of detail allows the models to in-

corporate physical, chemical, and mechanical laws directly, ensuring they align

with fundamental principles such as thermodynamics. Furthermore, by model-

ing all at a single cell level, they are naturally stochastic, capturing the inherent

randomness in phenomena such as cell-cell interactions.

One of their strengths lies in their ability to include metabolites and other com-

pounds as dynamic components of the system. These resources can interact, en-

abling the exploration of higher-order interactions within the community. The

models also allow for cell-specific variations in growth and death rates, reflect-

ing the heterogeneity often seen in real-world environments. By incorporating

biochemical details, these models can predict concentration gradients of metabo-

lites, toxins, or signaling molecules, even for compounds that are challenging

to detect experimentally. Additionally, these characteristics make possible to cap-
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ture micro-evolutionary dynamics, which tend to start from individual mutations

(van den Berg et al. 2022).

Individual-based models are inherently modular, meaning additional biologi-

cal or physical processes can be incorporated as needed. This adaptability makes

them particularly useful for simulating systems with localized environmental

differences or investigating the impact of specific factors at a microscopic scale.

Their capacity to include such detailed layers of complexity provides researchers

with a powerful framework to explore the dynamic and multifaceted nature of

biological communities (Jayathilake et al. 2017).

The classic approach of individual-based models is to define a two-dimensional

space where each cell is delimited inside a grid space. The cell i only gets to con-

sume and grow on resources present within the strictly defined space, a grid cell

(Figure 1.4). In equation 1.11 the growth of cell i is defined by the resources

present in the same space and the energy they provide.

di

dt
= µi(

X

↵

�wi↵Ci↵R↵) (1.11)

However, as the cell grows, it can produce resource R� while consuming re-

source R↵. Since they are being produced/consumed in a delimited space, there

is the possibility of dispersion across the space via diffusion, which normally

operates in a different timescale (@t << dt). This is described in equation 1.12,

where the diffusion coefficient D(R↵, µ) determines the rate at which the resource

spreads and the Laplace operator r2R↵(µ, t) quantifies how the resource spreads

out in space and in time.

@R↵(µ, t)

@t
= r[D(R↵, µ)rR↵(µ, t)], µ = (x, y) (1.12)

However, this model has to take into account also the availability of resources

and how they change in time. Equation 1.13 describes how resource R↵ is dimin-

ished only by the consumption of cell i (Ci↵), and equation 1.14 describes how
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Figure 1.4: Individual-based model diagram. The area is divided in a grid, and
the model describe the dynamics of each cell inside the cell-grid, including the
resources present and their diffusion. Adapted from van den Berg et al. 2022.

resource R� , the one produced by cell i, changes in time, taking into account also

its production according to the resources consumed.

dR↵

dt
= �

X

i

Ci↵R↵i (1.13)

dR�

dt
=
X

↵,i

Di
�↵
Ci↵R↵i�

X

i

Ci�R�i (1.14)

As expected, the computational demand individual-based models represent is

their main drawback, since simulating large-scale, detailed systems with many

interacting cells requires significant processing power and memory. Moreover,

the robustness of the results generated by these type of models can be unclear.

The outcomes often depend on the specific a priori assumptions and parame-

ter choices made during the model’s construction, which can lead to uncertainty

about the reliability of the insights they provide. Additionally, these models re-

quire many parameters, making it difficult for researchers to interpret their bio-

logical or ecological meaning or to justify their values in a meaningful way.

The models also involve an expansive parameter space, increasing the risk of

overfitting. When too many variables are adjusted to fit observed data, the model
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may lose its predictive power and fail to generalize to new scenarios. Further-

more, these models cannot analytically resolve equilibrium conditions or their

stability, making it challenging to understand the long-term behavior of the sys-

tem or predict how it might respond to changes in initial conditions or external

factors (Breckling 2002).

Another concern is the need for a priori assumptions about the "rules" gov-

erning individual behavior. These assumptions are critical to the model but can

introduce bias or limit its scope if they fail to capture the true complexity of

the system. Finally, there is no universal framework for constructing or analyz-

ing individual-based models, meaning that methodologies can vary significantly

between studies. This lack of standardization prevents comparisons and repro-

ducibility, and discourages their use (van den Berg et al. 2022).

1.2.5 Genome-scale Metabolic models

Genome-scale metabolic models are a classical bottom-up view point of describ-

ing an organism, which relies on all its known metabolic reactions, genes and

proteins of it. These models computationally describe, as the name states it, the

metabolism of an organism through the gene-protein-reaction (GPR) associations.

Metabolic networks are initially reconstructed using information derived from

the organism’s genome and existing literature. This process includes several key

steps, such as annotating the genome to identify its functions, assigning gene

and reaction localizations, determining the organism’s biomass composition, es-

timating its energy requirements, defining model constraints, identifying the rele-

vant biochemical reactions, and determining their stoichiometry (Oberhardt et al.

2009; Baart et al. 2012; O’Brien et al. 2015). The outcome of this process is a com-

prehensive database of chemical equations forming the reaction network in the

target organism. These reactions are subsequently grouped into pathways, path-

ways are categorized into sectors (such as amino acid synthesis), and all compo-

nents are ultimately assembled into genome-scale networks. In essence, network
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reconstructions systematically compile and organize diverse information about a

target organism into a coherent framework.

The next phase is to represent the reconstructed network in mathematical terms,

forming the basis of a genome-scale model (GSMM). The mathematical repre-

sentation depicts a stoichiometric matrix (S matrix), which includes all the co-

efficients of the metabolic reactions of the organism. In this matrix, the ↵r1 el-

ement represents the stoichiometric coefficient of metabolite ↵ (resource) in the

reaction r1 within the GSMM, in other words, columns correspond to metabo-

lites and rows to reactions. A positive coefficient indicates that the metabolite is

produced, while a negative coefficient signifies it is consumed. This mathemat-

ical framework enables precise modeling of the organism’s metabolic processes

and the most common simulation approach is flux balance analysis, which cal-

culates the flow of metabolites through the network by constraining the space of

solutions (Orth et al. 2010). This space is delimited by the resource availability,

which is achieved by imposing upper and lower bounds for each reaction flux,

and the optimization of an objective function in a steady state, which typically is

the biomass production. Equation 1.15 shows the concentration of resource R↵

according to its stoichiometric coefficients in the kth reaction of the entire set of

reactions M , where each flux vk is delimited by its lower and upper bounds, lk

and uk, respectively.

dR↵

dt
=

MX

k

S↵kvk = 0, where lk < vk < uk (1.15)

When it comes to a microbial community, it is possible to build a community-

level stoichiometric matrix which includes the information of the stoichiometric

matrix of each species i, i.e. Si (Figure 1.5). Flux balance analysis (FBA) is a

powerful tool for predicting both the composition of microbial communities and

the dynamics of metabolites within them. In the case of a microbial community

model, this method works by solving a series of steady-state problems at discrete
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Figure 1.5: Genome-scale metabolic model. From left to right: a the stoichiometric
matrix Si, describing the GPR rules of species i and constrained to 0 (steady state);
the community-level stoichiometry; the diagram of the resources interacting in
the metabolism of species i. Adapted from 1.4.

time intervals, ensuring that metabolic reactions within the system remain bal-

anced over time. The exchange of metabolites, such as the uptake and secretion

by microbes, is captured using differential equations, adding a dynamic layer to

the analysis.

Additionally, it is possible to model multiple species or genotypes simultane-

ously, offering a quantitative perspective on how microbial communities evolve

and interact. Associating intracellular metabolic processes to community-level

behaviors allows detailed predictions of how individual metabolic events shape

broader ecological dynamics, describing also functional details of microbial com-

munities. This can be done through the use of different -omic data, making it an

essential tool for understanding the relationship between microbial metabolism

and community composition over time (Kim et al. 2022; van den Berg et al. 2022;

Muller et al. 2018).

As any other model, it has limitations. First of all, it is challenging to choose a

biologically relevant objective function when simulating a community, although

recently it has been described a methodology to build and evaluate GSMM of mi-

crobial communities (Tarzi et al. 2024). Second, there is no negative interactions

apart from resource competition. Lastly, each GSMM requires extensive curation

to achieve accuracy, especially when the target microbe is not related to a model

organism since the available information is less (Coyte et al. 2015; Machado et al.
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2021).

1.2.6 Deterministic or Stochastic models?

As we have seen so far, in microbial ecology, mathematical models are crucial

tools to describe and predict the dynamics of microbial communities. These mod-

els can be broadly categorized into deterministic and stochastic approaches, each

with distinct features and applications. Yet, it is possible to integrate stochastic

processes into the deterministic models by using specific algorithms (Gonze et al.

2018).

Models such as the generalized Lotka-Volterra and MacArthur CRM are de-

terministic by nature, operate under the assumption that microbial community

dynamics are predictable and are driven by fixed equations. These models rely

on parameters like growth rates, interaction coefficients, and resource utilization

rates, often assumed to be constant or influenced by external environmental pa-

rameters. For instance, gLV models use differential equations to represent the

population dynamics of each species describing it through the use of pairwise

interactions, and MacArtuhr models describe the dynamics by focusing on the

resource overlap among species (see subsections 1.2.1 and 1.2.2).

Deterministic models are particularly useful for examining broad community

behaviors and understanding the theoretical principles underlying microbial in-

teractions. They excel at explaining how communities respond to perturbations

or how environmental gradients shape the population structures. However, these

models often simplify the intrinsic complexity of microbial ecosystems, as they do

not account for random variability or higher-order interactions beyond pairwise

relationships (Xu et al. 2021).

Stochastic models, on the other hand, incorporate randomness and uncer-

tainty, reflecting the inherent variability of microbial communities. Their main

characteristic consists in acknowledging that microbial interactions and environ-

mental factors are not always predictable and that random events can influence
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community dynamics. For instance, individual-based models are stochastic by

nature. It takes a bottom-up approach by modeling every community member as

an individual interacting agent/cell, their interactions with one another and their

environment, by defining a set of ‘rules’ of any complexity (van den Berg et al.

2022).

Stochastic models can capture fine-scale heterogeneity, spatial variation, and

local interactions, offering a more refined view of microbial ecosystems. In essence,

these models set the rule that the transition of the system from state at time t to

a new state at time t+ 1 is random, hence it only can be specified the probability

of being at a state n at time t, P (n, t). To simulate this process we can use the

statistically exact Gillespie algorithm (Cota et al. 2017; Black et al. 2012; Alonso-

Vásquez, Giovannini, Garbini, et al. 2024).

Naturally occurring fluctuations are stochastic processes that these models can

incorporate, such as random dispersal, mutations, and variations in environmen-

tal conditions, which deterministic models overlook. Thus, it is possible to study

cross-feeding, resource competition, and emergent properties such as adaptation

and coexistence (Black et al. 2012; Gonze et al. 2018). For instance, the dynam-

ics of resource diffusion can be described using partial differential equations that

include random variability, such as in the individual-based model equation 1.12.

As we said at the beginning of this section, ecological models can be described

from a deterministic or a stochastic point of view, despite of their inherent na-

ture. That is the case of generalized Lotka-Volterra. We used this framework and

modeled the deterministic and stochastic scenarios to describe the dynamic of a

three-member bacterial community with one persister-formation pathogenic bac-

teria (see section 3.2) (Alonso-Vásquez, Giovannini, Garbini, et al. 2024). Another

example, is the MacArthur consumer-resource model, where stochastic coloniza-

tion can be added (Marsland et al. 2019)

The trade-offs between these two approaches are significant. Deterministic

models offer computational simplicity and analytic clarity but often lack the de-
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tail needed to represent the full complexity of microbial ecosystems. Stochastic

models, on the other hand, are more realistic and capable of capturing emer-

gent properties, however they are computationally intensive and require care-

ful parametrization to avoid overfitting. Additionally, stochastic models are less

suited for making generalized predictions due to their dependence on probabilis-

tic outcomes (Black et al. 2012).

In practice, combining deterministic and stochastic elements can provide a

more balanced modeling framework. For example, deterministic equations can

describe broad community dynamics, while stochastic components introduce vari-

ability and account for fine-scale processes. This hybrid approach balances com-

putational efficiency with ecological real scenarios, making it a powerful tool for

describing the heterogeneity of microbial ecology (Xu et al. 2021; Song et al. 2021;

He et al. 2021).

1.3 Wastewater treatment plants

Later in this dissertation we will be focusing our attention on wastewater treat-

ment plants (WWTPs), an essential part of modern society, designed to manage

and treat wastewater coming from households, industries, and agriculture. Their

main scope is to remove contaminants, including organic matter, harmful mi-

croorganisms, and pollutants such as metals or antimicrobials, so the water be-

comes safe for the environment or reuse. These plants play a crucial role in main-

taining public health, preserving ecosystems, and providing sustainable water

management in a world facing a climate emergency where water scarcity and

pollution challenges are more frequent everyday (Moura et al. 2022; Bassin et al.

2021). Moreover, modern WWTPs often aim to recover valuable resources. Nu-

trients like nitrogen and phosphorus can be extracted and reused as fertilizers, as

well as the biogas that is generated during anaerobic digestion of sludge, since it

could serve as a renewable energy source (Bhambhani et al. 2024).
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The design and construction of wastewater treatment plants is a multidisci-

plinary process that goes from engineering to biology. A typical WWTP consists

of multiple tanks with a specific function in the water treatment workflow. The

first step of the process is where wastewater enters the facility. A conventional

treatment plant has to remove large debris, such as plastics, wood, and other

solid wastes, which is normally done by using mechanical screens. This stage,

known as preliminary treatment, prevents blockages and mechanical bulks in

subsequent processing tanks (Kolpakova et al. 2024). In the next phase, primary

treatment, sedimentation of heavier solids takes place. This heavier sediments

settle to the bottom forming a sludge layer, while the lighter ones float to the

surface and are removed. The clarified water moves to the secondary treatment

stage, which is biologically driven. This stage often employs microorganisms to

degrade organic pollutants in aerated tanks or through biofilm reactors (Elginoz

et al. 2019). Some WWTPs have an extra step: tertiary treatment. This step has

the aim to improve the characteristics of the water coming out of the secondary

treatment and make it suitable for reuse (Zagklis et al. 2022). This process in-

cludes filtration, disinfection, and chemical treatments to remove residual nutri-

ents, pathogens, and micropollutants such as pharmaceuticals or heavy metals.

The treated water can then be safely released into rivers, lakes, or oceans, or even

be reused for irrigation.

The construction of these plants must also take into account local environmen-

tal and population needs. Factors such as the volume of wastewater generated,

the types of contaminants present (industry/household), and local regulatory

standards dictate the design technicalities. In urban settings, large centralized

plants are common, while rural areas may rely on decentralized or smaller-scale

systems (Alasino et al. 2007).

The world’s largest wastewater treatment facility is the Stickney Water Recla-

mation Plant, located near Chicago, Illinois, USA. Managed by the Metropolitan

Water Reclamation District of Greater Chicago, it serves a population equivalent
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of over 2.2 million people. The facility has a treatment capacity of approximately

5.3 million cubic meters of wastewater per day (Greater Chicago n.d.). Its ca-

pacity exemplifies the crucial role of WWTP in large, densely populated urban

areas.

While WWTPs are essential for environmental protection, they also have sig-

nificant impacts. Clearly, they reduce pollution loads in water bodies, helping

biodiversity and ecosystem health, but the process can have downsides. The

main problems are greenhouse gas emissions and methane release during anaer-

obic digestion, and that poorly managed sludge can contaminate soil and water

sources (Hao et al. 2019). Additionally, WWTPs also play a crucial role in address-

ing the removal of micropollutants and antibiotic-resistant bacteria, a latent risk

for human and environmental health. Hence, it is important to develop technolo-

gies to mitigate these issues, not only from the wastewater treatment industry

view point, but also from the biological and environmental sciences one (Su et al.

2021; Hao et al. 2019).

There are various types of WWTPs, each suited to specific needs and contexts.

The main two types of wastewater are i) the water that comes from domestic

activities, also known as sewage water, and ii) the one that comes from manufac-

turing, industrial and commercial activities, also known as industrial wastewater.

WWTPs may be designed to treat either a single type of wastewater or both. For

instance, municipal WWTPs, handle domestic and industrial wastewater from

urban areas, while industrial WWTPs treat the second type of wastewater. They

often require specialized treatment for chemicals and heavy metals, depending

on the type of industry. Decentralized systems work with small communities or

remote areas wastewater, offering cost-effective solutions for localized wastewa-

ter management (Hospido et al. 2008). Another type are membrane bioreactors

(MBRs), which combine biological treatment with membrane filtration, removing

organic and inorganic matters as a biological unit, obtaining high-quality treated

water, often used in water reuse applications (Al-Asheh et al. 2021).
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One essential aspect of WWTPs are microorganisms, since they are the main

agents driving the biological processes that remove organic matter and pathogens.

The microbial community present is diverse, and includes bacteria, archaea, fungi,

and protozoa, each playing specific roles in the degradation of contaminants. In

the secondary treatment phase, microbes metabolize organic pollutants, convert-

ing them into biomass, carbon dioxide, and water. The species present in this

process are determined by the characteristics of the pollutants, for example, aero-

bic bacteria dominate in systems like activated sludge, where oxygen is supplied

to support their metabolism, while anaerobic bacteria and archaea break down

organic matter to produce methane in anoxic environments (Meerbergen et al.

2017).

Microbial dynamics in WWTPs are complex and depend on the interactions

between the populations present. Factors such as temperature, pH, oxygen avail-

ability, and the composition of the wastewater influence microbial community

structure and function, along with stochastic processes present. Hence, develop-

ing mathematical models, as well as using -omic data can shed light to commu-

nity structure and enhance microbial efficiency (Xia et al. 2018). These models

can describe some of the WWTP features such as cross-feeding. For instance,

in denitrification, one group of bacteria reduces nitrate to nitrite, while another

completes the reduction to nitrogen gas (Lehtovirta-Morley 2018). This type of

interactions typically lead to an overall process stability.

In conclusion, WWTPs are fundamental for modern society, since they can pro-

vide clean water, protect ecosystems, and recover valuable resources. It is crucial

to have good practices when designing and building them, and to investigate the

microbial communities’ functionality, since big part of the process relies heav-

ily on their dynamics. Given the ongoing importance of water management in

our societies, it is necessary that WWTPs continue to evolve, integrating state-of-

the-art technologies and microbial insights to address emerging challenges in an

efficient way.





Chapter 2

Overview and aims of the work

2.1 The project

The rapid growth of the global population since the 20th century, along with

accelerated urbanization, has inevitably led to an increase in the production of

wastewater. In the last years, European directives are pushing for better man-

agement of wastewater treatment plants since they are critical for ensuring sus-

tainable development in modern societies. The main component of wastewa-

ter treatment plants are microbial communities. These are essential for breaking

down several substances in wastewater through their metabolism. Recent stud-

ies in several countries, including Italy, have shown that microbial composition

is not influenced by location rather by stochastic processes, such as dispersion,

and deterministic factors, such as temperature, pH, etc. However, the temporal

changes in microbial composition is poorly understood, and knowing that mi-

crobial composition can change based on environmental factors, it was necessary

a longitudinal study to gain a deeper understanding of the processes that affect

WWTP efficiency throughout the year and to describe the dynamics of this spe-

cific communities.

This project was carried out in collaboration with G.I.D.A. S.p.A. (Gestione

Impianti Depurazione Acque). G.I.D.A. is a wastewater treatment plant located
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in Prato, Italy (Figure 2.1) and is conformed by several depuration systems across

the province that are connected to the domestic and industrial users by a sewage

network. However, this project involved the two biggest ones: Calice and Bacia-

cavallo, where the resulting sludge from the purification process can amount up

to 10,000 t/year and 30,000 t/year, respectively.

Calice is composed of two tanks dedicated to the treatment of urban wastewa-

ter (IDL, Impianto Depurazione Liquami), which receive domestic effluents from

the western part of the city and the Municipality of Montemurlo, and tanks ded-

icated to handle non-hazardous liquid waste such as landfill leachate and sludge

(ITL, Impianto Trattamento Liquami). The depuration process (IDL) consists of

equalization, primary sedimentation, denitrification, biological oxidation, sec-

ondary sedimentation, clear final flocculation, sand filters and ozonation. The

sludge line (ITL) consists of gravity thickening, mechanical dewatering with cen-

trifuge and filter press. Baciacavallo is the centerpiece of the centralized depura-

tion system being the oldest and biggest of all of them. The depuration process

consists of equalization, primary sedimentation, biological oxidation, secondary

sedimentation, clariflocculation and final refinement with ozone, for the reduc-

tion of color and residual surfactants (Figure 2.2a).

The project focused on researching and developing strategies and methods to

identify the functional role of microbial strains naturally present in wastewater

treatment plants, which could potentially be used as resources in the biotechnol-

ogy sector. To achieve this, we conducted a bi-monthly sampling over a two-year

period (February 2022 - January 2024; Figure 2.2b). Sampling was carried out

at three different process stages at Calice depuration plant: ITL (sewage), den-

itrification, and biological oxidation. As well as for biological oxidation at the

Baciacavallo plant (Shown in figure 2.2a). The number of tanks for each function

are different. There are two tanks for ITL, two for denitrification and four for bi-

ological oxidation at Calice and Baciacavallo, each. We sampled each tank with

six replicates at Calice, and with two replicates at Baciacavallo, making a total of



2.1. THE PROJECT 41

Figure 2.1: Map of the two depuration plants located in Prato, Italy. Calice in
green (C) and Baciacavallo in red (B).

672 samples.

Molecular biology techniques were employed to characterize the microbiome

found in activated sludge, assessing the presence and quantity of bacteria as well

as their interaction dynamics. Hence, we performed DNA extraction from all the

biological samples, followed by Next Generation Sequencing (NGS) of the 16S

rRNA. We analyzed the sequencing data and obtained a precise identification of

the bacterial component in wastewater. This allowed the detection of environ-

mentally significant organisms and enabled the selection of representative organ-

isms to monitor over time, observing changes in their composition and metabolic

interactions, as referred in (Alonso-Vásquez, Giovannini, Fagorzi, et al. 2024).
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Figure 2.2: a) Depuration process of Calice and Baciacavallo. Blue-filled squares
denote the treatment of urban wastewater (IDL), yellow-filled square denotes the
treatment of non-hazardous liquid waste (ITL) and burgundy-filled squares to
the right denote the sludge treatment at Baciacavallo. Sampled tanks are showed
with green-outlined squares for Calice and a red-outlined square for Baciacavallo.
b) Time line of sampling points.
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2.2 Aims

This research project has as a long-term aim to develop innovative and potentially

economically advantageous biotechnological processes for wastewater treatment.

However, the short-term aims implied a thorough description of the communi-

ties and their environmental contexts over time, followed by the modeling of the

dynamics present in the dominant community. In this way, the project focused

on two main objectives:

i) Analysis and characterization of bacterial communities present in GIDA depu-

ration plants.

� Deepening the knowledge and expertise in NGS data analysis, including

16S rRNA and metagenomic samples.

� Correlating environmental variables (e.g. temperature, pH, nutrient lev-

els) with changes in microbial composition and function.

� Identifying key environmental drivers that affect wastewater treatment

efficiency.

ii) Modeling the dynamics of microbial communities.

� Research on existing microbial community models.

� Developing a theoretical model of a community and their dynamics be-

fore, during and after an environmental perturbation.





Chapter 3

Results

3.1 NGS: from samples to microbiomes

Understanding microbial communities is crucial for many areas of research, from

environmental monitoring to medical microbiology. The diversity and complex-

ity of bacterial populations in different habitats require specific methodologies to

study them effectively. In this chapter, I will introduce key approaches used to

analyze bacterial communities and their genomes, focusing on sequencing tech-

niques and data analysis strategies. Subsections 3.1.1 and 3.1.2 show the analysis

of environmental samples, one from wastewater and the other from marine sedi-

ments. While subsection 3.1.3 focuses on the analysis of bacterial strain genomes.

There are different approaches to study bacteria and their communities. In

this section I will discuss three methods commonly used in this field. When se-

quencing environmental samples, we are almost certain that multiple bacterial

species (or other taxa) will be present, and the analysis can be addressed by using

targeted or shotgun sequencing. The first option requires a specific marker, de-

pending on our research question. For instance, amplifying and sequencing the

16S rRNA gene is a common practice, as the workflow I used in (Alonso-Vásquez,

Giovannini, Fagorzi, et al. 2024) using wastewater samples. On the other hand,

shotgun sequencing results in reads that may belong to any part of the genomes
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present in the sample, requiring a different workflow. Assembling all the po-

tential genomes within each sample is an option, alternatively the reads could

also be mapped and classified using a reference database, for example following

the workflow I used in (Alonso-Vásquez, Fagorzi, et al. 2024) with marine sedi-

ment samples. Finally, when we aim to characterize a specific organism, the data

could be processed for de novo sequencing and assembly of the genome of a single

species, as we did in Semenzato et. al. (Semenzato et al. 2022).

3.1.1 GIDA: from 16S to microbial community functions

The operation of wastewater treatment plants (WWTPs), as we saw in the intro-

duction of this thesis (see section 1.3 of Chapter 1), relies on complex microbial

communities that facilitate the degradation of organic matter, nutrient cycling

and pollutant removal. In this study, we characterized the microbial dynamics in

a WWTP located in Prato, Italy, managed by G.I.D.A. S.p.A. Sampling was con-

ducted bi-monthly from January 2022 to November 2023, with additional sam-

pling after a flood event happened in November 2023, resulting in 689 samples

from 12 tanks across two main facilities: Calice and Baciacavallo, as described in

Chapter 2. These facilities process up to 169,000 m³/day of wastewater, with Cal-

ice focusing on sewage and biological oxidation and Baciacavallo on biological

oxidation.

We extracted the 16S rRNA gene from all the samples and Biomarker Tech-

nologies (BMKGENE) performed the metagenomic targeted sequencing, identi-

fying 744 bacterial families, and we defined a core community formed by 51 fami-

lies, representing 76% of the total relative abundance. These families, distributed

across 13 phyla, exhibited functional roles vital to wastewater treatment, such

as nitrification (e.g., Nitrosomonadaceae) and denitrification (e.g., Nitrospiraceae).

Our analysis showed that environmental factors like nitrogen compounds, heavy

metals, and pH shaped the community composition and its dynamics signifi-

cantly. Seasonal variations were evident, with families such as Rhodocyclaceae and
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Anaerolineaceae showing different abundance patterns linked to nitrogen cycling

and organic matter degradation.

Additionally, we identified functional subcommunities within the core. A sta-

ble subcommunity exhibited minimal variance over time, suggesting resilience

to environmental fluctuations. In contrast, a variable subcommunity demon-

strated significant temporal shifts, reflecting sensitivity to changing conditions.

These dynamics underscore the critical role of microbial diversity in maintain-

ing treatment efficacy. We annotated the functional metabolic groups using the

FAPROTAX database, which highlighted key metabolic processes such as aerobic

chemoheterotrophy, denitrification, and nitrite respiration. These processes dis-

played seasonal fluctuations, particularly in oxidation and denitrification tanks.

Environmental measurements revealed significant differences among tanks.

The sewage treatment tank showed pronounced variability due to high chemical

oxygen demand. Oxidation and denitrification tanks exhibited greater stability,

with microbial communities clustering by location and treatment stage. Seasonal

trends influenced by temperature, nutrient availability, and heavy metals further

differentiated microbial profiles, suggesting a possible relationship between en-

vironmental pressures and microbial adaptation.

Metagenomic analysis are able to link microbial composition to functional ca-

pabilities, which enables predictive modeling for system optimization. For in-

stance, understanding the role of core taxa like Comamonadaceae and Rhodocy-

claceae in phosphorus removal can guide targeted interventions to enhance nutri-

ent cycling. The observed resilience of stable subcommunities suggests potential

strategies for improving robustness under fluctuating conditions, such as those

induced by urbanization or climate change.

Until now, this study highlights the importance of integrating microbial ecol-

ogy into WWTP operations. It provides a foundation for sustainable wastewater

management practices by understanding the relationships between microbial di-

versity, environmental factors and system performance. These insights are par-
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ticularly relevant as global wastewater production rises, which lead to the need

of efficient and adaptable treatment solutions. The comprehensive profiling of

microbial communities, their functions and interactions at G.I.D.A. S.p.A. is an

ongoing study, with much still to be explored and understood.
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Abstract 9 

This study explores the microbial community dynamics in a wastewater treatment plant 10 

(WWTP) located in Prato, Italy. GIDA SpA operates this plant using activated sludge systems 11 

across several facilities, and this study focuses in the main two: Calice and Baciacavallo, 12 

treating up to 169,000 m³/day. Between January 2022 and November 2023, 689 samples were 13 

collected from three different treatment stages (sewage, oxidation and denitrification) to assess 14 

seasonal microbial diversity and environmental interactions. Metagenomic analyses identified 15 

744 bacterial families, and we defined a core community with 51families with an average 16 

abundance of 76%. Seasonal and functional variations within these communities were mapped 17 

using statistical models and redundancy analysis. Core families such as Rhodocyclaceae and 18 

Anaerolineaceae showed differential seasonal behaviour linked to environmental parameters 19 

like nitrogen levels, heavy metals, and pH. Functional profiling revealed roles in nitrification, 20 

denitrification, and organic matter degradation, critical for plant efficiency. The findings 21 

highlight significant temporal and spatial variations in microbial communities influenced by 22 

chemical and physical factors. This comprehensive profiling emphasizes the need for microbial 23 

ecology integration in WWTP optimization, particularly as global wastewater production 24 

increases. By linking microbial structure to functionality, this study provides actionable 25 

insights for enhancing sustainability and resilience in engineered ecosystems. 26 

 27 

Keywords: Microbial ecology, Wastewater treatment plant, Sludge systems, Microbial 28 

Community Dynamics 29 

 30 



 2 

1. Introduction 31 

Microbial communities are fundamental components of various ecosystems, particularly in 32 

wastewater treatment plants (WWTPs) where they facilitate essential processes such as the 33 

degradation of organic matter, nutrient removal, and the detoxification of pollutants. These 34 

microbial populations, mainly formed of bacteria, archaea, fungi and viruses, collectively 35 

contribute to key biogeochemical cycles like those of carbon, nitrogen, sulfur, phosphorus, and 36 

certain metals. These cycles play a significant role in wastewater treatment processes such as 37 

nitrification, denitrification, oxidation and anaerobic digestion (Ju & Zhang, 2015; Wu et al., 38 

2019; Zhang et al., 2012). 39 

The structure of these communities, the diversity of microbes, and the interactions among 40 

dominant microorganisms play a crucial role in determining the performance and the functional 41 

stability of WWTPs (H. Qin et al., 2018; Zhang et al., 2012).  Studying the dynamics of 42 

microbial communities in wastewater treatment facilities is crucial for improving how 43 

effectively these plants operate and stay stable. The way these microorganisms handle nutrients 44 

and pollutants plays a big role in treatment success, which becomes even more important as 45 

cities and industries expand (Rizzo et al., 2013). Generally, microbes in wastewater treatment 46 

plants are influenced by several environmental factors such as pH, temperature, and oxygen 47 

availability, as well as the presence of pollutants like pharmaceutical leftovers, personal care 48 

items, and antibiotic-resistant genes. These factors act as selective pressures, especially in 49 

highly contaminated environments like WWTPs impacting microbial communities both on the 50 

short and long term (Carles et al., 2022; Kumar et al., 2023) and posing challenges to the 51 

sustainability of existing treatment techniques. 52 

Moreover, studying microbial dynamics in WWTPs provides insight into microbial 53 

ecology in engineered systems, helps predict responses to environmental changes, and supports 54 

the development of strategies to mitigate challenges like microbial resistance or the 55 

proliferation of harmful microbes (Wardi et al., 2023). Consequently, advancing our 56 

understanding of microbial communities in wastewater treatment is crucial for enhancing the 57 

performance and reliability of these systems in the face of increasing urbanization and 58 

industrialization. 59 

In its most recent report, the United Nations noted that 187 billion cubic meters of 60 

wastewater were generated globally in 2022, while 220 billion cubic meters were treated —61 

indicating that more wastewater was treated than produced. Despite this, only 58% of the 62 
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wastewater generated worldwide undergoes safe treatment, with Italy achieving a higher rate 63 

of 70% (2024). 64 

In this work, we analysed the microbial communities present in a WWTP located in Prato, 65 

Italy. GIDA SpA (Gestione Impianti Depurazione Aqcue), is a domestic and industrial WWTP 66 

and has a biological core depuration process with activated sludge systems. These systems are 67 

widely used in WWTP and normally present an enormous microbial diversity that can vary 68 

worldwide (Liu et al., 2023; Wu et al., 2019). There are three main depuration systems by 69 

GIDA: i) Baciacavallo, the biggest treatment plant, treating up to 130,000 m3/day, reducing up 70 

to 100,000 kg/day of COD and 4,500 kg/day of surfactants; ii) Calice treats up to 39,000 71 

m3/day, reducing up to 20,000 kg/day of COD and 1,100 kg/day of surfactants; and lastly iii) 72 

Val Bisenzio, separated in three lines, treating up to 25,000 m3/day, reducing up to 12,000 73 

kg/day of COD and 350 kg/day of surfactants. We regularly sampled this WWTP from January 74 

2022 to November 2023, for a total of about 700 samples that were representative of different 75 

tanks (i.e. different steps along the treatment pipeline) and used targeted metagenomics to 76 

explore both the diversity of the WWTP microbial community and, more interestingly, its 77 

dynamics and its association with seasonality and environmental parameters. 78 

 79 

2. Materials and Methods 80 

2.1. Sampling 81 

Here, we have investigated the microbial communities of wastewater samples coming from 82 

GIDA SpA (Gestione Impianti Depurazione Aqcue), a WWTP located in Prato, Italy (Figure 83 

1). The depuration system is composed by three main plants: Calice (P1), Baciacavallo (P2) 84 

and Val Bisenzio. The samples came from the first two plants, that cover up to 87% of the 85 

treated water per day by GIDA S.p.A. (169 m3/d out of 194 m3/d). 86 

The depuration process is divided in two disposal lines that are parallelized, and it is 87 

composed by the entry of sewage and sewer wastes, separately. After their corresponding 88 

treatments, the process continues with the sludge treatment in Baciacavallo (biological 89 

oxidation treatment) and Calice, where it follows biological denitrification and then oxidation 90 

treatment.  91 

We sampled 12 different depuration tanks: two tanks of sewage treatment, two of biological 92 

denitrification and four of biological oxidation in Calice, and four tanks biological oxidation 93 

in Baciacavallo (Table S1). Between January 2022 and November 2023, we collected every 94 
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two months six samples from each tank in Calice and two from each tank in Baciacavallo, 95 

having a total of 54 samples per time point. However, due to a flood that hit the area of Prato 96 

on November 4th 2023, we added three time points with 24 samples each, resulting in a total of 97 

689 samples.  98 

 99 

Figure 1. Map of the locations of the two depuration plants: Calice (P1, green) and 100 

Baciacavallo (P2, red). The depuration process is represented in a diagram, with the 4 points 101 

of sample collection represented: Sewage, Oxidation and Denitrification for Calice, and 102 

Oxidation for Baciacavallo.  103 

2.2. Environmental parameters analysis 104 

Chemical and physical factors were measured by GIDA S.p.A. using the Standard Methods 105 

for the Examination of Water and Wastewater (American Public Health Association, 1998) 106 

specifically for the chemical and biological oxygen demand (COD and BOD). Nitrogen was 107 

measured using different kits such as Hach LCK342 for nitrites, LCK339 for nitrates, LCK305 108 

for ammonium and LCK138 for total nitrogen and organic nitrogen (NO2, NO3, NH4, Ntot, 109 

Norg). Phosphorus and chloride (P and Cl) were determined using a ThermoFisher Scientific 110 

Gallery – Automated Discrete Photometry Analyzer with the standard solutions of System 111 

Reagents for Environmental and Industrial Analysis. To measure heavy metals’ presence, the 112 
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wastewater samples were subjected to digestion with HNO3 69% using the CEM MARS-6 113 

microwave digestion system according to APAT IRSA-CNR 3010B. Determination was 114 

performed by atomic emission spectrometry inductively coupled to argon plasma with an 115 

optical detector, using the ICP - OES Thermo Fischer Scientific instrument, iCAP7200 Duo, 116 

according to APAT IRSA-CNR 3020 standard. Quantification is done with external CRM 117 

AccuStandard and LabMix24 Ultra Scientific calibration control and the specific wavelength 118 

of each element (Pb, Cu, Zn, Cr, Hg, As, Ni, Cd). Suspended solids were measured using a 10 119 

µm filter. To measure the mixed liquor suspended solids (MLSS), a 50mL sample was filtered, 120 

dried and weighted. The sludge retention time (SRT) was calculated using the biomass in and 121 

out of the depuration system (Table S1). 122 

Measured environmental data were analysed to test whether each environmental factor 123 

differed between the depuration tanks, and whether each environmental factor changed over 124 

time within individual tanks. We tested normality and homoscedasticity of the data using 125 

Shapiro-Wilkinson and Levene’s tests, respectively. If the assumptions were met, we 126 

conducted a one-way analysis of variance (ANOVA) and a Tuckey’s HSD post-hoc test. 127 

Otherwise, we used the non-parametric Kruskal-Wallis test and Dunn’s post-hoc test with the 128 

Bonferroni correction. To assess if environmental factor changed over time within tanks, a 129 

separate analysis was conducted for each tank individually. All these analyses were conducted 130 

using R and the packages car and FSA.  131 

We performed a redundancy analysis (RDA) to explore the relationship between the 132 

relative abundances of the main bacterial families and the environmental factors across time. 133 

We used this multivariate constrained ordination to identify which environmental variables 134 

best explained the variation in the microbial community composition for each tank. The 26 135 

environmental factors measured were divided into three groups:  Chemical factors (Ntot, NH4, 136 

NO2, NO3, Norg, Cl, P, BOD, COD), heavy metals (Pb, Cu, Zn, Cr, Hg, As, Ni, Cd) and physical 137 

factors (Temperature, OD, pH, SRT, MLSS, TSS, Qtot). 138 

2.3. DNA extraction and sequencing 139 

We collected 50 ml of wastewater and centrifugated it at 9000 rpm for 5 minutes. After 140 

removing the supernatant, the pellets were stored in Falcon tubes at +4ºC. DNA extraction was 141 

performed using 250 mg (wet weight) of each sample, processed using DNeasy PowerLyzer 142 

PowerSoil (Qiagen) according to manufacturer’s instructions, and stored at -20ºC. The 143 

extracted DNA was visualized for quality and integrity on stained agarose gel and was 144 
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quantified using TECAN. PCR amplification and 16S rRNA sequencing of the V3 and V4 145 

variable regions were performed by Biomarker Technologies (BMK) using Illumina NovaSeq 146 

and the prokaryotic primers 338F (5´– ACT CCT ACG GGA GGC AGCA – 3´) and 806R (5´– 147 

GGA CTA CHV GGG TWT CTA AT – 3´) (Zeng & An, 2021). 148 

2.4. Data processing 149 

Sequencing data were analysed using the QIIME2 software (version 2023.9.1), (Bolyen et 150 

al., 2019), the paired reads were trimmed and merged, quality filtered and denoised using the 151 

DADA2 plugin. To perform the classification, it was used the Silva database (release SSU 138) 152 

(Quast et al., 2012), and clustered into amplicon sequence variants (ASV). The classification 153 

confidence was ~93% identity from the database, obtaining a total of 199,720 ASVs. Alpha 154 

diversity indices such as Shannon-Wiener (species richness and evenness) and Chao1 (species 155 

richness) were calculated using the scikit-bio plugin from QIIME2. 156 

We analysed the microbiome communities using the phyloseq package (version 1.48) for 157 

R 4.4.0 software (https://www.r-project.org/). We used both the taxonomy table and the ASV 158 

table, output from QIIME2, together with metadata table to form the phyloseq object, and used 159 

the microbiomeutilities package (version 1.00.17) for the analysis. 160 

2.5. Identification and analysis of the core microbial community 161 

The core community was selected at Family level based on average relative abundance and 162 

occurrence frequency of each taxa across all 689 samples. We chose the 200 most dominant 163 

families as the initial population. We used 25 different combinations of the occurrence (10%, 164 

30%, 35%, 50% and 70%) and the average relative abundance (0.1%, 0.3%, 0.5%, 0.7% and 165 

1%) across all samples for each family, as described in Cheng et al. (Cheng et al., 2024). Each 166 

combination resulted in a community with x number of families, and we chose the community 167 

that had all the families in at least 35% of the samples and an average relative abundance of 168 

0.5%, designating it as the ‘core community’. We then performed the microbiome analysis of 169 

the core community according to the abundances in different tanks per season. The diversity 170 

of the samples was assessed using principal coordinate analysis (PCoA) based on Bray-Curtis 171 

distance. 172 

To assess the dynamics of the families within the core community, we measured the 173 

variance of the relative abundances over time (14 time points) for each family within each tank. 174 

First, we assessed whether the means of ASV relative abundances per family, tank and time 175 

point differed significantly using the Wilcoxon test or Student’s t-test, depending on the 176 
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normality and homoscedasticity of the data. We then evaluated which families had more 177 

variance over time within each tank, for this we used a linear mixed-effects model (lmer 178 

package in R) defining time as a random effect. After a post-hoc test (emmeans package in R) 179 

we identified the families that showed the most significant temporal changes as the ‘variable 180 

subcommunity’ for each tank. We described its microbial composition at family and genus 181 

level. The ‘stable subcommunity’ was defined as the families with variance less than 10% 182 

within each tank. 183 

Functional analysis was performed using the Functional Annotation of Prokaryotic Taxa 184 

(FAPROTAX) with its associated Python script ‘collapse_table.py’ (Louca et al., 2016) and 185 

the taxonomy and ASV detected by QIIME2 workflow. The latest version of the FAPROTAX 186 

database (1.2.10) was used for annotation. We integrated this data with the metadata to build a 187 

phyloseq object, which allow us to identify the functional profiles within the tanks across 188 

different seasons. In order to find out the corresponding families and genera that were found in 189 

each tank, we used the Faprotax flag --out_groups2records_table, to obtain the specific 190 

taxa assigned to each functional group. We then defined the 50 most dominant families and the 191 

150 most dominant genera and matched them with their functional groups. Lastly, we analysed 192 

these taxa across different seasons within tanks. 193 

 194 

3. Results 195 

3.1. Overview of the depuration tanks diversity 196 

The depuration tanks had different environmental characteristics according to their overall 197 

depuration function. In Table 1 we show all of the environmental factors that significantly 198 

differed between depuration tanks (first six rows) and that significantly changed over time 199 

within individual tanks (last four rows). Overall, P1–Sewage presented the highest number of 200 

significantly different environmental factors when compared to the rest of the depuration tanks 201 

(both oxidation and denitrification from the two depuration plants). This suggests that the 202 

sewage tank experiences more pronounced variations in environmental conditions, likely due 203 

to the nature of the waste it processes and the operational differences in its treatment approach. 204 

Although there are two oxidation tanks, they showed some differences that may be attributed 205 

to the depuration plants they are associated with.  206 

Nearly all environmental factors presented a significant difference over time in all four 207 

tanks. This suggests nutrient cycling and changes in biomass, microbial activity and organic 208 
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matter processing. Nevertheless, a few environmental factors remained constant over time, 209 

such as Cd for P1–Denitrification; Pb, As, Ni and Cd for P1–Oxidation; NO2 and Pb for P1–210 

Sewage and finally, SO4, S, Pb and Cd for P2–Oxidation.  211 

Table 1. Number and name of environmental factors that presented a significative difference 212 
between tanks and over time (p<0.05, see Methods for statistical analysis description). In grey, 213 
comparisons between P1–Sewage and the rest of the tanks.  214 

Tanks N. Environmental factors with significative differences 

P1-DEN vs. P1-OX 11 Ntot, NH4, NO3, Norg, SO4, P, Pb, Cu, Zn, COD, TSS 

P1-DEN vs. P1-SW 17 pH, Ntot, NH4, NO2, NO3, Norg, P, Pb, Zn, Cr, As, Ni, Cd, Qtot, COD, SRT, MLSS 

P1-DEN vs. P2-OX 14 pH, Ntot, NH4, NO3, Norg, S, Pb, Cu, Zn, Hg, Qtot, COD, SRT, TSS 

P1-OX vs. P1-SW 18 pH, Ntot, NH4, NO2, NO3, Norg, P, Cu, Zn, Cr, As, Ni, Cd, Qtot, COD, SRT, MLSS, 
TSS 

P1-OX vs. P2-OX 12 pH, Ntot, Norg, S, P, Cu, Zn, Hg, Qtot, COD, SRT, TSS 

P1-SW vs. P2-OX 19 Ntot, NH4, NO2, NO3, Norg, S, P, Cu, Zn, Cr, Hg, As, Ni, Cd, Qtot, COD, SRT, 
MLSS, TSS 

P1-DEN in time 20 pH, Ntot, NH4, NO2, NO3, Norg, S, P, Pb, Cu, Zn, Cr, Hg, As, Ni, Qtot, COD, SRT, 
MLSS, TSS 

P1-OX in time 17 pH, Ntot, NH4, NO2, NO3, Norg, S, P, Cu, Zn, Cr, Hg, Qtot, COD, SRT, MLSS, TSS 

P1-SW in time 22 pH, Ntot, NH4, NO3, Norg, SO4, S, Cl, P, Cu, Zn, Cr, Hg, As, Ni, Cd, Qtot, BOD, 
COD, SRT, MLSS, TSS 

P2-OX in time 19 pH, Temp., OD, Ntot, NH4, NO2, NO3, Norg, P, Cu, Zn, Cr, Hg, As, Qtot, COD, SRT, 
MLSS, TSS 

Table 1. Environmental factors: Pb, lead; Cu, copper; Zn, zinc; Cr, chromium; Hg, mercury; As, arsenic; Ni, 
nickel; Cd, cadmium; Ntot, total nitrogen; NH4, ammonium; NO2, nitrite; NO3, nitrate; Norg, organic nitrogen; 
Cl, chloride; P, phosphorus; BOD, biological oxygen demand; COD, chemical oxygen demand; Temp, 
temperature; OD, oxygen demand; pH; SRT, sludge retention time; MLSS, mixed liquor suspended solids; 
TSS, total suspended solids; Qtot, treatment capacity or flow rate. 

 215 

We next analysed the microbial diversity associated to each tank and how different they 216 

were in terms of hosted microbial community. Overall, the ASV present in the depuration tanks 217 

showed significant differences according to their respective process/function. The sewage 218 

treatment line clustered independently (in green, Figure 2), while the denitrification and 219 

oxidation tanks formed a separate cluster (fuchsia and dark violet, respectively, Figure 2). The 220 

second principal coordinate showed a location-dependant differentiation, with Calice 221 

positioned at the bottom and Baciacavallo at the top (triangle vs. circle, Figure 2).  222 

Tanks’ alpha diversity was measured using Shannon-Wiener and Chao1 indices. When 223 

evaluating the diversity taking into account the richness and evenness of the tanks (Shannon-224 

Wiener) and the total number of ASV (Chao1) according to their function, the sewage treatment 225 

line had a significatively lower diversity (Table S2 a, Figure S1 a). Instead, the diversity across 226 
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sample points had no differences when it came to number of ASVs (Chao1), but according to 227 

the richness and evenness (Shannon-Wiener) there was a slight difference in the diversity of 228 

the input and middle points in Calice (Table S2 b, Figure S1 b). 229 

 230 

Figure 2. PCoA of the amplicon sequences variant distribution according to the type of 231 

depuration tank and the location. 232 

3.2. Core community 233 

QIIME2 pipeline identified a total of 744 different bacterial families, however we chose 234 

the 200 most dominant ones and looked for a core community. We used 25 different 235 

combinations of family occurrences (10%, 30%, 35%, 50% and 70%) and the average relative 236 

abundance (0.1%, 0.3%, 0.5%, 0.7% and 1%). This resulted in 25 different communities, each 237 

described by the number of families present (occurrences, Table S3 a) and the average relative 238 

abundance of all families that the community represents (Table S3 b). We chose the core 239 

community that had an average abundance higher than 0.5% and occurrences higher than 35%. 240 

This core community accounted for an average of 76% of the total relative abundance and 241 

included a total of 51 families, that belonged to 13 phyla (Figure 3). Our community included 242 

common families in depuration-sewage-treatment populations, such as Comamonadaceae, 243 

Rhodocyclaceae, Saprospiraceae, Nitrospiraceae, Nitrosomonadaceae (Begmatov et al., 244 

2022; Chen et al., 2017; Cheng et al., 2024; Chun et al., 2021; Wardi et al., 2023). 245 
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In the sewage tank of Calice (P1 – Sewage, Figure 3), we found families with apparent 246 

seasonality behaviours. Rhodocyclaceae’s relative abundance was higher in winter and spring, 247 

and lower in summer and autumn. NS9_marine_group was less abundant in summer than in 248 

any other season, contrary to Anaerolineaceae, who was more abundant during summer (Figure 249 

3). 250 

The families that belong to the core community had a different relationship with each 251 

of the environmental factors. In the denitrification tank, seasonal variation was observed, with 252 

winter samples clustering near the RDA center, indicating stability, while spring and autumn 253 

samples were more dispersed, reflecting fluctuating conditions. Families like 254 

Hyphomonadaceae, Gemmatimonadaceae, PHOS-HE36, OM190, Microscillaceae, 255 

Saprospiraceae, Candidatus_Kaiserbacteria and NS9_marine_group showed positive 256 

correlations with NH4, BOD, Ntot, P, MLSS, Zn and As, but negative correlations with Cu, Pb, 257 

NO3, and Qtot. In contrast, Dojkabacteria, Anaerolineaceae and Moraxellaceae correlated 258 

positively with Cu and Qtot and negatively with MLSS. Microtrichaceae showed a clear 259 

positive influence by Pb, while Chitinophagaceae and SBR1031 positively correlated with Cr. 260 

Families like Saccharimonadales, Steroidobacteraceae, Comamonadaceae and 261 

Caldilineaceae formed a central cluster, suggesting moderate environmental influence (Figure 262 

S2). 263 

Calice’s oxidation tank displayed time-dependent patterns, with autumn, summer and 264 

winter samples clustering along RDA2, and spring 2022 samples forming two clusters along 265 

RDA1. Families like Dojkabacteria, Anaerolineaceae, and Moraxellaceae showed positive 266 

associations with Zn, NH4, Ntot, TSS, MLSS, and Qtot, but negative ones with Cu, NO2 and pH. 267 

Blastocatellaceae, SBR1031, PHOS-HE36, OLB14 and Gemmatimonadaceae correlated 268 

positively with BOD, P, SRT, pH and slightly with NO2, while showing negative associations 269 

with Cr, NO3, MLSS and Qtot. In contrast, Candidatus_Kaiserbacteria, AKYH767 and PeM15 270 

were positively influenced by these factors. Steroidobacteraceae, Chitinophagaceae, 271 

Comamonadaceae, and Rhodocyclaceae clustered centrally, indicating mild environmental 272 

correlations (Figure S3). 273 

In the sewage tank, spring samples varied along RDA1, autumn along RDA2, while 274 

winter and summer showed less variation. Most microbial families clustered in the center, 275 

suggesting low environmental correlation. However, Chitinophagaceae, Microtrichaceae, 276 

NS9_marine_group and Hyphomonadaceae were positively influenced by Zn, Cu, Ni, As, Cr 277 

and Ntot, while negatively influenced by Cl and NO3. In contrast, Rhodocyclaceae, 278 

Candidatus_Kaiserbacteria, Anaerolineaceae and Phycisphaeraceae were positively 279 
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influenced by Cl and NO3. Moraxellaceae correlated positively with NH4 and pH but 280 

negatively with P, NO3, Cl and most heavy metals. SRT positively influenced 281 

Candidatus_Kaiserbacteria, OLB14 and Rhodocyclaceae, while Steroidobacteraceae and 282 

NS9_marine_group were negatively influenced, showing positive correlation with TSS, MLSS 283 

and pH (Figure S4). 284 

Finally, Baciacavallo’s oxidation tank showed seasonal patterns similar to the sewage 285 

tank, with spring samples along RDA1, autumn along RDA2, and winter and summer 286 

clustering centrally. Moraxellaceae showed a positive correlation with Cu, Zn, COD and TSS, 287 

and a negative correlation with NO2, NH4, pH and temperature. Candidatus_Kaiserbacteria 288 

was positively influenced by NO2, NH4, pH, Qtot, OD, SRT and temperature, but negatively by 289 

Cu, Zn, TSS, MLSS, COD, P and Ntot. Microscillaceae, Microtrichaceae, Blastocatellaceae 290 

and Rhodocyclaceae were positively influenced by As, Cr, NO3, Ntot, OD, SRT, and Qtot, and 291 

negatively by BOD, P and temperature. Anaerolineaceae, PHOS-HE36, NS9_marine_group 292 

and Dojkabacteria responded positively to BOD, P, MLSS and temperature, and negatively to 293 

NO3, SRT, Qtot, OD, As and Cr. Families such as OLB14 and Sphingomonadaceae showed no 294 

significant environmental correlations (Figure S5). 295 

The communities present in the tanks showed location-depend differentiation, 296 

specifically for the ones in the sewage depuration process. Figure 3 shows a decrease in some 297 

of the families’ relative abundance of P1–Sewage. Specially in families like Blastocatellaceae, 298 

Propionibacteriaceae, AKYH767, Bacteroidetes-vadinHA17, Ilumatobacteraceae, 299 

Intrasporangiaceae and Microtrichaceae. This difference was evident at genus level as well, 300 

where genera corresponding to Microtrichaceae family had a higher abundance than in P1–301 

Sewage or P2–Oxidation (Figure S6). 302 
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 303 

Figure 3. Relative abundance of the 51 families that form our core community. P1 corresponds 304 

to the depuration plant located in Calice, while P2, to the one located in Baciacavallo. 305 

Since population dynamics showed a significant variability in time for each family in 306 

all tanks (Student’s t-test or Wilcoxon Test, p <0.001), we focused on the families that where 307 

significantly different from the rest of the population (Linear mixed-effects model, p<0.05), 308 

such as AKYG1722, AKYH767, Burkholderiaceae, Candidatus Kaiserbacteria, Dojkabacteria, 309 

Microscillaceae, Microtrichaceae, NS9 marine group, PHOS-HE36, Roseiflexaceae and 310 

SBR1031 (red in Figure 4a). All these families conformed the variable community, and Figure 311 

4b shows how its relative abundances change in time. Additionally, there is a stable 312 

subcommunity in each of the tanks, this subcommunities were defined as the families whose 313 

variance was lower than 10% of the total variance of the community (blue in Figure 4a). Both 314 

the stable and the variable communities within tanks are listed in Table S4. 315 
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 316 

Figure 4. a) Variability of relative abundance of each family across 14 time points, represented 317 

by the mean and standard deviation. All the time distributions showed significative changes 318 

over time, with significative differences between families. In red, families that had a 319 

significative variability over time in contrast to the rest of the families. In blue, families that 320 

presented a variance lower than 10% compared to the rest of the community. b) Relative 321 

abundance of the variable subcommunity, changing across 14 time points (using the smooth 322 

function of R with a degree 7 polynomial). 323 

 The core community presented a different functional profile according to the studied 324 

tank. The functional profile of sewage tank was slightly different than the other tanks, 325 

including, for example, aerobic chemoheterotrophy that resulted more represented in oxidation 326 

and nitrification tanks. Together with nitrate reduction, and nitrogen, nitrate and nitrite 327 

respiration, aerobic chemoheterotrophy showed a clear seasonal pattern, increasing during 328 

winter and spring and decreasing in autumn and summer (Figure 5). This seasonal pattern 329 

appeared blurred in the other tanks. We found 51 families and 118 genera that had at least one 330 

of the main metabolic functions (Table S5.1 and S5.2, respectively). When analysing the family 331 

abundances according to their function across seasons within tanks we found relevant functions 332 

such as fermentation, chemoheterotrophy and nitrite respiration (Figure S7). 333 
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 334 

Figure 5. Functional profiles across seasons within tanks. 335 

4. Discussion 336 

 The study of wastewater treatment plants is crucial for the upcoming years giving the 337 

actual climate crisis. In this study, we analyzed and characterized the bacterial community 338 

present in the depuration plant of Calice and Baciacavallo, Prato.  339 

Overall. in a wastewater treatment plant, four groups of bacteria have crucial functions, 340 

i.e. as ammonia-oxidizing bacteria (AOB), nitrite-oxidizing bacteria (NOB), phosphate-341 

accumulating bacteria (PAO) and glycogen accumulating organisms (GAO) (Begmatov et al., 342 

2022). In our samples, we found taxa from each of the functional types. At family level, 343 

Nitrosomonadaceae is known to be AOB, and was indeed found in most of the tanks. We also 344 

found Nitrosomonas and Nitrospira genera to be more abundant in sewage tanks and indeed, 345 

it is known that, in this kind of tanks, ammonia-oxidizing bacteria are crucial for its main 346 

function, the nitrification process (Bellucci & Curtis, 2011; Kowalchuk & Stephen, 2001).  347 

Taxa belonging to Gammaproteobacteria were very abundant in all steps of the process, 348 

including families like Comamonadaceae, Steroidobacteraceae, Moraxellaceae, 349 

Spongiibacteraceae and Rhodocyclaceae. Importantly, most of the taxa from this class enable 350 
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the complete oxidation of ammonia into nitrate (W. Qin et al., 2024). The denitrification can 351 

take place in the following steps of the depuration, i.e. oxidation and denitrification tanks, and 352 

so we found in them nitrite-oxidizing bacteria Nitrospiraceae, with a higher abundance than in 353 

the sewage depurator.  354 

Families such as Rhodocyclaceae, Microtrichaceae, Gemmatimonadaceae, 355 

Obscuribacteraceae are known to be phosphate-accumulators (Begmatov et al., 2022; Liu et 356 

al., 2023), and genera such as Thauera, Dechloromonas, Zooglea, Candidatus Microthrix and 357 

Candidatus Obscuribacter are mostly present in denitrification and oxidation processes. 358 

However, genus Gemmatimonas was only found in the sewage tank, suggesting a preference 359 

for the community and environmental conditions present in that tank.  360 

When it comes to GAO, we found high abundances of Competibacteraceae in 361 

denitrification and oxidation tanks, while a very low abundance in the sewage tanks. This might 362 

be due to the considerable differences between the other three in terms of chemical factors and 363 

abundance variability. One possible reason could be related to the leachate that the sewage tank 364 

receives, which despite of being 2% of the treated volume, it represents the 50% of the COD 365 

in the plant. 366 

 The sampled tanks had different characteristics, such as chemical factors, heavy metal 367 

concentrations and bacterial groups. Groups like Anaerolinaceae and SBR1031 are anaerobic 368 

digesters and have potential as cellulose degrader or anaerobic syntrophs (Xia et al., 2016) and 369 

were present especially in denitrification and oxidation process, which suggest a preference for 370 

cross-feeding in that particular environment.  371 

 372 
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68 CHAPTER 3. RESULTS

3.1.2 Metagenomes: How and who has an impact on marine pro-

tected areas?

In this study we show the methodology of both targeted and shotgun sequenc-

ing analysis (metagenomic survey) of several marine samples along the gradient

from a port and a protected marine area. Describing the impact one could have

on the other.

The impact that ports could have on their surroundings is evident due to high

levels of pollution received from land-based sources, marine traffic and port in-

frastructure. This issue becomes of matter for marine ecosystems, especially for

marine protected areas, such as Secche della Meloria Island, located approxi-

mately 3 miles offshore from Livorno harbour, Italy. Since the presence of pol-

lutants as organic and inorganic chemicals in harbour areas have been well doc-

umented, as well as with anthropogenic activities like pesticides, personal care

products and pharmaceuticals, to name a few, it is reasonable to be aware of the

impact all these could have on the microbial communities living in the nearby

areas.

In this study, we aimed to describe and analyze the bacterial groups present

in the sea floor sediments, in particular the differential occurrences of bacteria

along the sampling points and the presence of antibiotic resistance genes. These

results shed light on the impact human activities may have on marine microbes

with potential consequences for human and environment health.

We used two different pipelines for the analyses, one for 16S rRNA sequences

(targeted) and one for metagenomic assembled genomes (shotgun). For the first

one, we used DADA2 to filter low quality reads and denoised the sequences, re-

moving the putative chimeras. The taxonomic classification was performed usin

the Decipher package and the Silva database. The diversity and microbiomes

were analyzed using R packages iNEXT and ANACOM-BC2. For metagenomes,

instead, we trimmed the reads with Sickle tool and then normalized the coverage

to accelerate the metagenomes’ assembly with SPAdes. We obtained the cover-



3.1. NGS: FROM SAMPLES TO MICROBIOMES 69

age of the contigs by mapping our reads into them using Bowtie2 and Samtools,

and then proceeded to the construction of the metagenomic bins with MetaBAT2.

In order to be sure of the quality of the metagenomic assembled genomes, we

used CheckM to choose a threshold of completeness and contamination, and used

those chosen bins to reduce gene redundancy with MMseqs2. Finally, we used

the trimmed reads as input for Kraken2 to have the taxonomic profiles of each

metagenomic sample.

Both the results from the analysis of metagenome assembled genomes and 16S

rRNA amplicon sequences showed specific trends of bacterial groups distributed

along the sampled gradient. Phyla such as NB1-j and Acidobacteriota showed an

increment from the harbour to the marine protected area. Desulfobulbales, on the

other hand, showed the opposite trend. As expected, the harbour area showed

a massive presence of microbial taxa related to urban areas, such as the human

pathogen Chlamydiae.

Additionally, we evaluate the presence of genes conferring resistance to an-

tibiotics. A total of 111 genes were found in all the samples, however, the genes

for the potential resistance to vancomycin were among the most abundant in all

samples but the intermediate ones. Additionally, we did not find Amycolaptosis

orientalis in the samples, a bacterium responsible for the production of the van-

comycin. This suggested that the presence of vancomycin resistance genes in

the marine protected area is not linked to the presence of vancomycin-producing

bacteria.

This study highlighted the importance of microbiological surveillance of ma-

rine sediments to assess the impact of human activities, and how the analysis

of both metagenomic assembled genomes and amplicon sequence variants may

give a broad understanding of environmental conditions.



1

1 Metagenomic surveys shows a widespread diffusion of 

2 antibiotic resistance genes in a transect from 

3 urbanized to marine protected area

4 Authors: Tania Alonso-Vásquez1, Camilla Fagorzi1, Alessio Mengoni1, Matteo Oliva2, 

5 Duccio Cavalieri1, Carlo Pretti2,3, Lisa Cangioli1, Giovanni Bacci1,*, Alberto Ugolini1

6

7 1, Department of Biology, University of Florence, Sesto Fiorentino, 50019, Florence, 

8 Italy 

9 2, Interuniversity Center of Marine Biology and Applied Ecology (CIBM) “G. Bacci,” 

10 Livorno, Italy

11 3, Department of Veterinary Science, University of Pisa, San Piero a Grado, Pisa, Italy

12 *, Author for correspondence: giovanni.bacci@unifi.it

13 Abstract

14 Ports are hot spots of pollution; they receive pollution from land-based sources, marine 

15 traffic and port infrastructures. Marine ecosystems of nearby areas can be strongly 

16 affected by pollution from port-related activities. Here, we investigated the microbiomes 

17 present in sea floor sediments along a transect from the harbour of Livorno (Central Italy) 

18 to a nearby marine protected area. Results of 16S rRNA amplicon sequencing and 

19 metagenome assembled genomes (MAGs) analyses indicated the presence of different 

20 trends of specific bacterial groups (e.g. phyla NB1-j, Acidobacteriota and Desulfobulbales) 
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21 along the transect, correlating with the measured pollution levels. Human pathogenic 

22 bacteria and antibiotic resistance genes (ARGs) were also found. These results 

23 demonstrate a pervasive impact of human port activities and highlight the importance of 

24 microbiological surveillance of marine sediments, which may constitute a reservoir of 

25 ARGs and pathogenic bacteria.

26 Keywords: Anthropic impact, marine microbiome, vancomycin resistance

27

28 1.  Introduction

29 Pollution of coastal environments is posing serious concerns for its detrimental effects 

30 on the marine food web and human health1–4. Harbour areas are typical hot spots in terms 

31 of pollution status5,6. These areas receive pollution from land-based sources, marine 

32 traffic and port infrastructures. The presence of pollutants as organic (e.g., polycyclic 

33 aromatic hydrocarbons, PAHs) and inorganic (e.g., trace metals) chemicals in harbour 

34 areas has been well documented (for instance see7–10). Moreover, harbour areas normally 

35 insist over densely urbanized areas which can contribute additional pollution due to 

36 anthropogenic activities, as for instance pesticides, other persistent organic pollutants, 

37 emerging pollutants (e.g. personal care products, pharmaceuticals, plasticizers, 

38 microplastics, flame retardants, etc.) pathogenic microorganisms, antibiotic resistant 

39 bacteria, and antibiotic resistant genes (ARGs)10–12. Additionally, polluted harbour areas 

40 may constitute a potential pollution source for the neighboring coastal areas, which can 

41 include areas deserving special attention in terms of biodiversity preservation, as those 

42 included in the list of Marine Protected Areas (MPAs)13.
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43 Surveillance and impact assessment of anthropic activities of heavily urbanized coastal 

44 areas, paying special attention to harbours, is then a primary activity in relation to either 

45 human health or environmental protection. In the Mediterranean basin, densely 

46 populated harbour areas may be very close to MPAs, and consequently their effects in 

47 terms of spread of pollutants can influence biodiversity hotspots 14,15.

48 Bacteria influence the fate and distribution of contaminants in marine sediments by 

49 providing metabolic activities able to degrade/alter pollutants (e.g. hydrocarbon 

50 degradation, metal speciation). However, they are also affected by the presence of 

51 contaminants which, in turn, may operate selective pressure toward specific microbial 

52 taxa and metabolic functions.  The massive use of antibiotics and the consequent spread 

53 of antibiotic resistance genes in the marine (water and sediment) microbiomes are thus 

54 creating concerns especially in relation to potential human pathogens16–18. 

55 In the last ten years, the analysis of the impact of anthropic activities on marine sediments 

56 has largely increased thanks to the application of metagenomic and metabarcoding 

57 methods (for instance see19–27). These investigations revealed correlations between the 

58 microbiota of marine sediments and pollutants such as trace metals and persistent 

59 organic compounds28. These changes in microbiota likely impact sedimentary niche 

60 changes, but also are associated with spread of pathogens and genes related to human 

61 pathogens, as antibiotic resistance genes (ARGs)17,29.

62 Here, we aimed at investigating the microbiomes present in sea floor sediments along a 

63 transect from the harbour of Livorno (Central Italy) to the nearby MPA of Secche della 

64 Meloria Island, paying attention to both the differential occurrence of bacteria taxa and 

65 the presence of ARGs to assess the impact human activities may have on sea floor 

66 sediment microbiomes with potential consequences for human health and environment. 
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67 2. Materials and Methods

68 2.1. Sampling

69 We selected two study sites, Livorno harbour and the Marine Protected Area (MPA) 

70 named “Secche della Meloria”, a marine shoal located about 3 miles offshore from Livorno 

71 harbour.  A total of 4 sampling sites were selected, comprehending a total of 8 sampling 

72 points.

73 During the summer of 2018, sediment samples were collected using a manually operated 

74 5 L Van Veen grab. Sampling sites were selected as follows: 1) three sampling points 

75 inside the harbour mouth (harbour Yachting Club, YCL; harbour mouth north, P1; 

76 harbour mouth south, P2), 2) one sampling point between the harbour and MPA 

77 (Intermediate, I), 3) one sampling point in the proximity of the harbour (mouth of channel 

78 Scolmatore, S), and 4) three sampling points in the Marine Protected Area (M1, M2, M3) 

79 (Figure 1, Table S1 and S2.1). The grab was able to collect sediment from the top 20 cm 

80 layer. All samples were stored at -20°C.

81 Approximately 100Jg aliquots from each sample were individually collected in HDPE jars 

82 and stored at K1EJLJ1 °C for chemical analysis. Particle size distributions were determined 

83 by dry sieving the sediments at 60°C for 2AJhours, using a series of sieves with varying 

84 mesh sizes based on the Udden-Wentworth classification30. This classification 

85 categorizes the sediment into fractions as follows: M=3JNm for pelitic fraction, 63–125JNm 

86 for very fine sand, 125–250JNm for fine sand, 250–500JNm for medium sand, 500–

87 1000JNm for coarse sand, 1000–2000JNm for very coarse sand, and O2000JNm for gravel. 

88 All sediment parameters are shown as percentages of total dry sample weight. To simplify 

89 the data presentation, we grouped particle sizes into gravel (O2000JPm4, sand (63–

90 2000JPm4, and pelitic fraction (M=3JNm4 (Table S2.1). We used MAR-3 CTD multiprobe 
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91 model to measure the main physico-chemical parameters of water (Idromarambiente, 

92 Italy) (Table S2.2).

93

94 Figure 1. Sampling points. Geographical map of samplings, Harbour Yachting Club (YCL), 

95 Harbour north and south mouth (P1 and P2), mouth of Scolmatore channel (S), 

96 Intermediate (I) and MPA “Secche della Meloria” Island (M1, M2, M3). The green polygon 

97 represents the limits of MPA “Secche della Meloria”.

98 2.2. Chemical analysis

99 2.2.1. Inorganics (trace elements)

100 Prior to trace element analysis, the samples were dried at 40°C for AEJhours and sieved 

101 through a 2Jmm mesh sieve. The dried samples were then analyzed for Hg levels using a 

102 DMA-80 Tri Cell (Milestone, FKV) following the EPA 7473 method31. For the analysis of 

103 other elements, sediment samples were digested using the EPA 3051A32 method with an 

104 Ethos 1 Microwave Digestion System (Milestone, FKV). Al, Cr, Cu, Fe, Ni, V, and Zn 

105 analyses were conducted using an ICP Varian 720-ES (Agilent) in accordance with EPA 
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106 6010D method33, while As, Cd and Pb were quantified using an AAS Varian SpectrAA240Z 

107 following EPA 7010 method34. The limit of quantification (LOQ) for all elements, except 

108 Cr (0.01 mg/Kg DW) and Hg (0.005 mg/Kg DW), was 1 mg/Kg dry weight (DW). The 

109 average recovery rate was >93%. For values below the LOQ, data were adjusted by 

110 assigning a value equal to LOQ/2 as the method by Cohen and Ryan35.

111 2.2.2. Organics (PAHs, PCBs, hydrocarbons C>12 and C<12)

112 Polychlorinated biphenyls (PCBs) standard stock solutions were prepared in acetone, 

113 polycyclic aromatic hydrocarbons (PAHs) in toluene and hydrocarbons in hexane, with 

114 concentrations ranging from 40–A00JmgCL6 All the stock solutions were stored at K1EIC6

115 The extractions of the 16 PAHs and PCBs were carried out following the method by Ben 

116 Salem et al.36, using the QuEChERS extraction method. An aliquot of the sample was mixed 

117 with ultrapure water and surrogate spiking standards (nitrobenzene-d5, 2-

118 fluorobiphenyl, and p-terphenyl-d14) in a 50JmL polypropylene tube, then acetonitrile 

119 was added. The QuEChERS extraction salts kit was then added and energetically shaken. 

120 The centrifuged extract was treated with a QuEChERS purification salts kit, filtered, and 

121 concentrated into a 2JmL vial for GC analysis. The extracts were analyzed following the 

122 EPA 8270E method37 for PAHs and PCBs, and ISO 16703 method38 for C>12 

123 hydrocarbons. C<12 hydrocarbons were analyzed using EPA 5021A 201439 and EPA 

124 8015C 200740 methods.

125 The PAHs and PCBs analyses were conducted using a GC Trace 1300 (Thermo Scientific) 

126 coupled to a triple quadrupole mass spectrometer TSQ Duo with an electron impact 

127 ionization source (Thermo Scientific) and a TG-5MS column. C>12 and C<12 

128 hydrocarbons analyses were performed with a GC Trace 1300, coupled to a TriPlus RSH 
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129 autosampler and flame ionization detector (Thermo Scientific) using a TG-5SilMS 

130 column. In all analyses, highly pure helium was used as carrier gas. The LOQ of PAHs and 

131 PCBs was 1 µg/Kg DW. For hydrocarbons C>12, the LOQ was 5 mg/Kg DW, and for 

132 hydrocarbons C<12, it was 1.5 µg/Kg fresh weight (FW). The average recovery rate was 

133 consistently above 92%. For values <LOQ, data were adjusted by assigning a value equal 

134 to LOQ/2, as recommended by Cohen and Ryan (1989)35.

135 2.3. DNA extraction and sequencing

136 Environmental DNA was extracted from sediment samples using a DNeasy PowerSoil Pro 

137 (Qiagen). Nanodrop, fluorometry (Qubit, Life Technologies, USA) and 

138 spectrophotometric readings quantification were performed to determine quantities and 

139 quality of extracted DNA. Amplification of 16S rRNA gene was performed on V3-V4 region 

140 of bacterial 16S rRNA gene was amplified via PCR using specific primers (806R and 

141 515F), as previously reported41. Amplicon sequencing was performed by IGA Technology 

142 service  (Italy) on an Illumina MiSeq apparatus.

143 Metagenomic libraries preparation and DNA sequencing were performed following the 

144 standard pipelines for Illumina Novaseq6000, PE150 sequencing. Sequencing was 

145 performed by IGA Technology service (Italy). Raw sequence data reported in this study 

146 have been deposited in the National Center for Biotechnology Information (accession 

147 number: PRJNA1067305).

148 2.4. Amplicon sequence variant reconstruction

149 Microbial amplicon sequence variants (ASVs) were inferred by using the DADA2 pipeline 

150 version 1.22.042 after PCR primer removal (cutadapt version 4.143). Briefly: low quality 

151 reads were filtered out by using the “filterAndTrim” function from DADA2 pipeline and 
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152 an error rate model was generated (“learnErrors” function). High-quality reads were 

153 denoised by using the “dada” function and putative chimeric sequences were identified 

154 and removed by using the “removeBimeraDenovo” function. The DECIPHER package was 

155 used to taxonomically classify every variant inferred against the Silva reference database 

156 (version 138.1)44. Alpha diversity together with bacterial distribution across different 

157 sites were inspected by using the R packages iNEXT (version 3.0.0)45 and ANCOM-BC2 

158 (version 2.2.0)46. Additional information about amplicon reconstruction pipeline and 

159 statistical analyses were reported in supplementary materials, section 2.

160 2.5. Metagenome analyses

161 Illumina reads were trimmed (Sickle, version 1.3347) and their coverage was normalized 

162 using BBNorm to accelerate the metagenomes’ assembly (SPAdes, version 3.14.048). 

163 Metagenomes were mapped back to the assembled contigs by using Bowtie2 (version 

164 2.4.5)49 and binned into “metagenomic bins” with MetaBAT (version 2.2.15)50. We 

165 assessed the completeness and contamination of each bin with CheckM (version 1.1.3)51 

166 using the “lineage_wf” workflow. To reduce gene redundancy in metagenomes  we used 

167 the easy-cluster pipeline implemented in the MMseqs2 suite (Many-against-Many 

168 sequence searching; version: 13.45111)52. 

169 Using the trimmed reads, we performed the taxonomic characterization using Kraken2 

170 (version 2.0.9-beta)53 with Minikraken v2 as a reference database, and the microbiome 

171 analysis using the “Phyloseq” R package (version 4.0.3)54. Alpha and beta diversity were 

172 calculated with the “iNEXT” package in R (see Figure S2 for the pipeline overview).

173 In order to evaluate the presence of ARGs in each sample, we used the genes previously 

174 obtained with MMSeq2 and The Comprehensive Antibiotic Resistance Database 
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175 (CARD)55. We then performed the functional enrichment analysis by considering a cut-off 

176 of 10% of the abundance of the ARGs in each drug class and analyzed the genes present 

177 there according to the sampling site. Additional information about amplicon 

178 reconstruction pipeline and statistical analyses were reported in supplementary 

179 materials, section 3.

180 3. Results

181 3.1. Sea floor microbiota show a gradient related to anthropic pressure

182 From the 2472 ASVs profiled, 2435 (98.5%) were classified as bacteria whereas only 37 

183 (1.5%) were classified as Archaea. When analyzing the effect of sampling sites (harbour, 

184 harbour P1 and P2, intermediate and Meloria) on the alpha diversity, no differences were 

185 found, suggesting no influence of the anthropic gradient (i.e. origin) (ANOVA, F=2.43, 

186 df=3, p=0.14; Table S3, Figure 2a and b, and S3). However, bacterial communities were 

187 differentially distributed along the anthropic gradient, showing the Meloria samples 

188 apart from the Intermediate and Harbour samples (ANOVA-like permutation test, 

189 F=10.35, df=3, p<0.002; Figure 2c, Table S4).

190 In order to analyze the impact of anthropic activities on microbial distributions, we 

191 assessed the amount of ASVs and their change according to the sampling site. We 

192 identified 197 (36.68%) ASVs present in the sediments that were influenced by the 

193 anthropic gradient: 121 increased along the gradient whereas 76 decreased (Figure 3a). 

194 We were able to detect a set of taxa which were enriched/depleted along the anthropic 

195 gradient (Figure 3b, Table S5). Phyla NB1-j and Acidobacteriota increased from the 

196 harbour to Meloria and were also enriched in number (non-anthropic generalists). On the 

197 other hand, the order Desulfobulbales (together with its higher taxonomic levels) 

198 increased from the Meloria to the harbour and was also enriched (anthropic generalists). 
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199 Other taxa increased along the two transects but were instead depleted. The phylum 

200 Bacteroidota, together with the families Rhodobacteraceae and Flavobacteraceae 

201 reported a higher abundance in the MPA Meloria area but were depleted in number (non-

202 anthropic specialists). Similarly, the marine group Sva-0996 and Woeseia genera, 

203 together with order Microtrichales and its immediate higher taxonomic level, were 

204 depleted in number but highly abundant in the harbour (anthropic specialists). 

205

206 Figure 2. Microbial diversity estimation. a) The inverse Simpson index was reported with 

207 increasing sampling effort for all samples. Interpolated, extrapolated, and observed 

208 diversity were reported by using a solid line, a dotted line, and solid points. Diversity 

209 across increasing sampling effort was reported together with the 98% confidence limits 

210 of diversity (iNEXT package). b) Observed diversity with error bars representing the 

211 standard deviation of the observed values of diversity in each group. Colors corresponds 
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212 to sample site. c) Redundancy analysis (RDA) of microbial assemblages representing all 

213 samples included in the study. All samples are reported by using a different color scale 

214 according to their sampling site. The variance explained by each axis is reported between 

215 parentheses next to the axis label.

216

217 Figure 3. Effect of anthropic gradient on microbial distribution. Microbial patterns along 

218 anthropic gradient were reported in panel a by using different colors: microbial ASVs 

219 showing an increasing pattern from MPA Meloria to the harbour were reported in red, 

220 whereas microbial ASVs reporting an increasing pattern from the harbour to the MPA 
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221 Meloria were reported in blue. Lines were colored according to the log2 fold-change 

222 values between the first sampling point in the harbour (P1) and the MPA Meloria. The 

223 same value was averaged and used in panel b as a measure of the effect of the anthropic 

224 gradient (x axis). Enriched taxa were reported by using the log2 fold-change values (y 

225 axis) and colored according to their taxonomic resolution. The size of each taxa 

226 corresponds to the number of ASVs significantly increasing/decreasing along the 

227 anthropic gradient whereas taxa names were reported next to each point.

228 3.2. Pollution affects taxonomies and functions of metagenomes

229 3.2.1. Biodiversity and taxonomy of sample microbiomes

230 To perform taxonomic identification and the following analysis of ARGs, we assembled 

231 metagenomic reads into contigs and classified contigs into potential taxonomies by 

232 binning to tetranucleotide frequencies (Supplemental Table S6). The number of bins from 

233 Meloria samples was lower with respect to those obtained from all other sites (Table 

234 S7.1), and from 43 bins in total, only 13 presented a completeness higher than 50% and 

235 a contamination lower than 10%, i.e. only bins that had at least half of the taxonomically 

236 assigned genome and a maximum of 10% of some other genome (Table S7.2). 

237 Rarefaction curves reached a plateau for all samples, which indicates a satisfactory 

238 survey of the bacterial diversity in our metagenomic datasets (Figure S4). Hence, alpha 

239 diversity was estimated (Figure 4a and b, Table S8). Inverse Simpson index, used as a 

240 measure of alpha diversity, indicated a slightly higher diversity in samples from 

241 Scolmatore and the lowest values for Meloria samples. However, this difference was not 

242 statistically significant. 
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243

244 Figure 4. Microbial diversity estimation for the metagenome samples. a) Alpha diversity 

245 measures for all sampling was reported using the inverse Simpson index. Interpolated, 

246 extrapolated and observed diversity were reported by using a solid line, a dotted line and 

247 solid points. b) Observed diversity with error bars representing the standard deviation 

248 of the observed values of diversity in each group. Colors corresponds to sample origins. 

249 c) Relative abundances of dominant bacterial phyla. Phyla with a minor representation 

250 are shown in Other. Har, Harbour (YCL); Int, Intermediate; Mel, MPA Meloria; Sco, 

251 Scolmatore.

252 Concerning the taxonomic composition of the microbiomes, on the overall samples, 36 

253 different phyla were identified (Figure 4c). Five phyla were dominant for all samples, 
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254 accounting for ~95% of dataset (Proteobacteria, Actinobacteria, Bacteroidetes, 

255 Firmicutes and Planctomycetes). 

256 The abundances of each phylum were slightly different depending on the sampling point 

257 (Scolmatore, Harbour (YCL), Intermediate or MPA Meloria), the main differences being 

258 found when comparing MPA Meloria to Harbour sediment samples (Proteobacteria: 

259 44.3% vs. 76.4%; Actinobacteria: 27.7% vs. 5.1%; Firmicutes: 16.5% vs. 7.9%; 

260 Bacteroidetes: 2.5% vs. 7.9%) (Figure S5).

261 3.2.2. Effect of the environmental parameters and pollution on microbiome 

262 diversity

263 We analyzed the environmental parameters, including chemical, physical, trace metals 

264 and metalloids and organic pollutants such as PAH, PCB and hydrocarbons (Table S2.2) 

265 present in the points of sampling and the influence they can have on the microbiome 

266 composition. We observed that the chemical, physical and trace metals and metalloids 

267 parameters explained 61.5% of the variation of the samples, while the organic pollutants 

268 explain the 42% of it (Figure 5). It appeared from this ordination analysis that different 

269 bacterial groups explain the differences among microbiomes from the sampled 

270 sediments. Bacteria belonging to Coprothermobacterota and Candidatus Gracilibacteria 

271 are discriminating the microbiome of Meloria sample points. The chemicals that describe 

272 the distribution of bacteria in each sample are benzo(a)pyrene, benzo(a)anthracene, 

273 acenaphthene, acenaphthylene and 16 polycyclic aromatic hydrocarbons (PAHs). All of 

274 them have a positive relationship with each other, except for acenaphthene, which has a 

275 negative relationship with the other chemicals and weakly drives the variation of the 

276 community (Figure 5a). The difference between the microbiome found in MPA Meloria 

277 island and the rest of the samples can be explained by the set of trace metals and 
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278 metalloids (Figure 5b), but also by factors such as temperature, oxidation/reduction 

279 potential, dissolved oxygen saturation, pH and salinity (Figure 5c). Finally, the sum of all 

280 polychlorinated biphenyls strongly describes the composition of Harbour samples and is 

281 negatively related with the Meloria samples (Figure 5b).

282

283 Figure 5. Constrained principal component analysis for harbour, Scolmatore, 

284 intermediate and MPA Meloria samples. It is shown a) chemical, b) trace of metals and 

285 metalloids, c) physical and d) PCB parameters.
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286 3.2.3. Identification of Antibiotic resistance genes (ARGs) in the microbiomes

287 We finally searched for the presence of ARGs for each sample. We found 61 ARGs in 

288 Harbour samples, 66 for Meloria samples, 26 for Intermediate samples and 60 ARGs for 

289 Scolmatore samples. There were found 17 ARGs present in all four sampling sites (Figure 

290 6a) and quite a high number of ARGs were present exclusively in the Harbour samples 

291 (21 ARGs) and in the Meloria samples (19 ARGs; Table 1). The Intermediate and 

292 Scolmatore samples harbored 1 and 17 exclusive ARGs, respectively. Considering the 

293 type of ARGs identified and the possible resistance to the antimicrobial they may 

294 determine, we found several beta-lactamases encoding genes, which can determine 

295 resistance to beta-lactamic antibiotics and various other classes, including systems 

296 conferring resistance to antibiotics targeting RNA polymerase and ribosome 

297 functionality. 

298
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299 Figure 6. a) Venn diagram describing the antibiotic resistance genes identified 

300 exclusively in each one of the sampling sites, along with the genes in common. b) Drug 

301 classes accounting for, at least, 70% of all the identified ARGs per sample. The chosen cut-

302 off (0.1) was reported with a black line.  Since a single class of antibiotics may contain 

303 more than one type of drug (i.e. some genes have a broader antibiotic resistance profile), 

304 the complete pattern of resistance was reported with an asterisk as defined below. 

305 Disinfecting agents and antiseptics: fluoroquinolone antibiotic, disinfecting agents and antiseptics. 

306 Fluoroquinolone antibiotic: fluoroquinolone antibiotic, cephalosporin, glycylcycline, penam, tetracycline 

307 antibiotic, rifamycin antibiotic, phenicol antibiotic, disinfecting agents and antiseptics. Penam: macrolide 

308 antibiotic, fluoroquinolone antibiotic, penam, tetracycline antibiotic. Streptogramin antibiotic: macrolide 

309 antibiotic, lincosamide antibiotic, streptogramin antibiotic, streptogramin A antibiotic, streptogramin B 

310 antibiotic. Tetracycline antibiotic: macrolide antibiotic, tetracycline antibiotic, disinfecting agents and 

311 antiseptics. Macrolide antibiotic: macrolide antibiotic, fluoroquinolone antibiotic, penam. 
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Table 1. Name of ARGs families present exclusively in MPA Meloria samples (19). It is shown 

the drug class they belong to.

Antibiotic Resistance Gene Family Drug class

ole glycosyltransferase macrolide antibiotic

PFM-like beta-lactamase carbapenem

AIM beta-lactamase cephalosporin; cephamycin; penam

msr-type ABC-F protein macrolide antibiotic; streptogramin antibiotic

ampC-type beta-lactamase cephalosporin; penam

ECM beta-lactamase carbapenem

APH(6) aminoglycoside antibiotic

16S rRNA methyltransferase (G1405) aminoglycoside antibiotic

helicase-like RNA polymerase protection 

protein rifamycin antibiotic

EC beta-lactamase cephalosporin

Edeine acetyltransferase peptide antibiotic; polyamine antibiotic

ANT(3'') aminoglycoside antibiotic

PDC beta-lactamase monobactam; carbapenem; cephalosporin

Bleomycin resistant protein glycopeptide antibiotic

Cfr 23S ribosomal RNA methyltransferase

lincosamide antibiotic; streptogramin antibiotic; 

streptogramin A antibiotic; oxazolidinone 

antibiotic; phenicol antibiotic; pleuromutilin 

antibiotic

AAC(3); AAC(6') aminoglycoside antibiotic

vanY; glycopeptide resistance gene cluster glycopeptide antibiotic

PST beta-lactamase carbapenem

vanJ membrane protein glycopeptide antibiotic
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312

313 From the drug classes that were analyzed, we considered peptide antibiotic, penam*, 

314 glycopeptide antibiotic and tetracycline antibiotic for sampling sites (using a cut-off = 0.1) 

315 (Figure 6b). We analyzed the ARGs present in the resulted drug classes (Table S9). The 

316 number of ARGs present in Glycopeptide antibiotic class was statistically different 

317 between Meloria and Intermediate samples (Wilcoxon test, p<0.05), but not for the other 

318 sampling sites. In the case of Peptide antibiotic class, we only found that Intermediate and 

319 Harbour samples were statistically different (Wilcoxon test, p<0.05). 

320 In the glycopeptide drug class we identified a high number of genes resistant to 

321 vancomycin, specifically, from the 78 incidences all sampling sites, 22 were vancomycin 

322 resistant genes in MPA Meloria, 14 in Harbour samples, 32 in Scolmatore samples and 10 

323 in the intermediate point. Overall, we identified vanR, vanT, vanH, vanJ, vanS, vanW and 

324 vanY genes, being the intermediate point the location where the lower amount and 

325 variety of vancomycin resistance genes were found, with just vanR, vanT and vanH. This 

326 suggests a preferential mobility of genes or of microbial taxa carrying vancomycin 

327 resistance genes towards both extremes, the port and the MPA Meloria.

328 Among the ARGs present in the peptide drug class, we identified the presence of 

329 daptomycin and defensin resistance genes, specifically cls, liaS, pgsA and mprF. However, 

330 the amount of them was similar in all sampling points. However, ATP-binding cassette 

331 (ABC) antibiotic efflux pump, General Bacterial Porin with reduced permeability to 

332 peptide antibiotics and pmr phosphoethanolamine transferase genes were also present 

333 in all the sampling points, showing a decay in the intermediate origin.
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334 The tetracyclin and penam* drug classes presented a more stable distribution of ARGs for 

335 the four different origin samples. 

336 4. Discussion

337 The One Health concept is promoting an integrated, multidisciplinary approach to 

338 balance and optimize the health of people and the environment56. One Health is focusing 

339 on food and water safety, nutrition, the control of zoonoses, pollution management, and 

340 antimicrobial resistance57. The evaluation of the degree and extent of the impact of 

341 human activities on the environment is then a central point in the policies for 

342 environmental protection and health. For instance, the massive spread of antibiotic 

343 resistance is becoming an increasing hot topic, expecting antibiotic resistance to be one 

344 the main cause of death worldwide within the next years58–60. Transmission paths of 

345 ARGs between human, environmental, agricultural and clinical reservoirs have been 

346 clearly demonstrated61–64. Marine sediments and biofilms may constitute a reservoir of 

347 ARGs65, however relatively few studies have been conducted for assessing presence of 

348 signature of impact of anthropic activities (including presence of ARGs) in marine 

349 sediments along well defined transects17,66,67.

350 Here, we reported results from an analysis of microbial communities inhabiting marine 

351 sediments along a transect of human contamination due to port activities, in Livorno 

352 harbour, Italy. This location was chosen as a model of human pressure of human activities 

353 toward nearby Marine Protected Areas (MPA). The port of Livorno is a multi-purpose 

354 port of call of national importance. It is the main Italian port for forestry products, new 

355 cars and one of the most important for Ro-Ro traffic. The port lies at the southern end of 

356 an arched sandy beach about 60 km long. The most important rivers flowing within this 

357 physiographic unit are Magra, Serchio and Arno, the latter being the largest Tuscan river, 
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358 with an average annual flow of ca. 110 m3/s, and serving the densely urbanized areas of 

359 Florence and Pisa68. The mouth of the river Arno is located approximately 13 km to the 

360 north of the port Livorno. Close to the port, the Scolmatore (spillaway) Channel, 

361 constitutes an important body of contaminated freshwater. It is a channel of the Arno 

362 river, 28.3 km long which ends approximately 3 km north to the Livorno port area. The 

363 Meloria Island Marine Protected Area is located cs. 10 km in front of the port area. The 

364 location of the MPA Meloria and the harbour of Livorno nearby create unique 

365 opportunities to investigate along a transect from the port to the MPA the impact of 

366 contamination due to human activities on the port/coastal area, with respect to the MPA. 

367 Results obtained from both 16S rRNA amplicon sequencing and metagenomic analyses in 

368 the microbiomes along the transect harbour of Livorno- MPA Meloria Island indicated the 

369 presence of bacterial groups increasing along the gradient (e.g. phyla NB1-j and 

370 Acidobacteriota), while other followed the opposite trend (the order Desulfobulbales). 

371 These taxa may be related to the differential impact on harbour activities. Indeed, 

372 Desulfobulbales were found more abundant in marine sediments rich in heavy-metals 

373 and hydrocarbons69, suggesting they could have functional relevance in marine 

374 sediments that display high concentrations of such contaminants. NB1-j and 

375 Acidobacteriota were already shown to be negatively correlated with marine sediment 

376 contamination by heavy metals (Cd)70,71. Similarly, Woeseia was found to be particularly 

377 abundant in hydrocarbon polluted marine sediments72.

378 Although the small sampling size, these and more human pathogenic bacteria were 

379 identified, having the Scolmatore area with the highest number of ARGs, followed by the 

380 MPA Meloria, Harbour area and Intermediate sampling point with the lowest number. 

381 Regarding the specific signature of human-associated bacteria, sediments of the 
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382 Scolmatore area showed a massive presence of microbial taxa which can be related to 

383 urban areas. This is not surprising since the Scolmatore area is in direct contact with all 

384 human-related pollutants present in the Arno river and collected in the Scolmatore 

385 channel. In particular, Chlamydiae, a group of human pathogenic bacteria73, were highly 

386 present in the Scolmatore area, witnessing a strong human-related contamination in the 

387 area.

388 The impact of urban area was also strongly supported by the metagenomic analysis. In 

389 fact, the analysis of ARGs in MAGs derived from the metagenomic dataset identified a list 

390 of 111 genes conferring resistance to 93 different antibiotics. The genes for the potential 

391 resistance to vancomycin were among the most abundant. The proportion of such genes 

392 over total ARGs decreased from the Scolmatore and Harbour to the intermediate point, 

393 but were still very abundant in the sediment of the MPA of Meloria. Vancomycin is a 

394 member of glycopeptide antibiotics and is considered the last resort for the treatment of 

395 severe infections caused by bacterial pathogens such as Enterococcus species, 

396 Staphylococcus aureus, and Clostridium difficile. Resistance to vancomycin arises from 

397 various types of mechanisms, comprising multi-enzyme pathways or modification of cell 

398 wall permeability74,75. Genes vanR, vanT, vanH, vanJ, vanS, vanW and vanY were detected. 

399 The gene vanR, along with vanS, activate van genes’ expression in response to 

400 extracellular glycopeptide antibiotics76. The gene vanT encodes for a Vibrio anguillarum 

401 LuxR-like transcriptional regulator, although is also found in Streptococcus agalactiae 

402 and Streptococcus anginosus as part of vanG cluster77,78. It was found that in Enterococcus 

403 gallinarum, vanT encodes the VanT membrane bound serine racemase, which produces 

404 D-Ser79,80. The genes vanH, vanA and vanX promote the action of an alternate cell wall 

405 biosynthesis pathway, leading to a mechanism of high-level resistance to vancomycin in 
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406 enterococci81. The gene vanJ, present in the actinobacterium Streptomyces coelicolor, 

407 confers resistance to the glycopeptide antibiotics teicoplanin and teicoplanin-like, 

408 compounds that are closely related to vancomycin. It encodes a membrane protein 

409 oriented with its C-terminal active site exposed to the extracytoplasmic space82. The gene 

410 vanW is present in the vanB gene cluster, also known as vanB283 and it is found in 

411 Enterococcus faecium isolates, harboring the transposone Tn538284. The gene vanY 

412 encodes a D,D-carboxypeptidase normally found in resistant enterococci85. This gene is 

413 found within the vanA gene cluster for the lipoglycopeptide antibiotic resistance, present 

414 in E. faecium and Streptococcus pneumoniae86, which is associated with the transposon 

415 Tn1546 and has been credited with the dissemination of vanA among E. faecium and other 

416 enterococci87,88. We found in the metagenomes 10 species of Enterococcus, 40 of 

417 Streptococcus and 110 species of Streptomyces genus (Table S10). All the species 

418 mentioned above having one of the genes conferring resistance to vancomycin are 

419 present in the samples, except E. gallinarum. Consequently, from our findings we are not 

420 able to demonstrate a human-related (i.e. clinical) origin of vancomycin-resistance genes 

421 identified, considering that, at least for vanJ, this gene is present in nonpathogenic 

422 bacterial species and can be a normal part of the environmental microbiota. Additionally, 

423 we did not find Amycolaptosis orientalis in the samples. This bacterium is responsible for 

424 the production of the vancomycin81, suggesting that the presence of vancomycin 

425 resistance genes in Meloria samples is not linked to the presence of vancomycin-

426 producing bacteria. Interestingly, we found four species of the genus Desulfitobacterium: 

427 D. dehalogenans, D. dichloroeliminans, D. hafniense and D. metallireducens. These are 

428 anaerobic bacteria often isolated in environments contaminated by halogenated organic 

429 compounds, which may bring attention towards the presence and possible 

430 decontamination activities of this group of bacteria in the sampled sediments. 
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442 7. Glossary

443 ARGs = Antibiotic Resistance Genes; CARD = The Comprehensive Antibiotic Resistance 

444 Database; MAGs = Metagenome Assembled Genomes; PAHs = Polycyclic Aromatic 

445 Hydrocarbons; PCBs = Polychlorinated Biphenyls; MPAs = Marine Protected Areas; HDPE 

446 = High Density Polyethylene; DMA = Direct Mercury Analysis; EPA = Environmental 

447 Protection Agency; GC = Gas Chromatography; MS = Mass Spectrometer; LOQ = Limit of 

448 Quantification; DW = Dry Weight; FW = Fresh Weight; ASV = Amplicon Sequence Variants.

449 Sampling areas:

450 YCL = Harbour Yachting Club; P1 = Harbour Mouth North; P2 = Harbour Mouth South; I 

451 = Intermediate; S = Mouth of Channel Scolmatore; M1, M2, M3 = Marine Protected Area 

452 “Secche della Meloria” Island.
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104 CHAPTER 3. RESULTS

3.1.3 Bacterial genomes: Origanum vulgare L.

This study shows the utility and the methodology of a de novo assembly of four

endophytic bacterial strains’ genomes, and the detection of different types of

genes, such as antibiotic resistance or diesel fuel degradation (Semenzato et al.

2022). Nowadays, pathogens that have developed resistance to multiple drugs,

elevating the risk to human health and the declining effectiveness of traditional

antibiotics. This makes the search for alternatives a top priority. It is worth notic-

ing the high diversity of natural bioactive compounds in medicinal plants, which

may potentially open up new paths for therapy. Interestingly, the research out-

comes have demonstrated that endophytic bacteria might actively participate in

the development of these useful compounds, thus, the importance of the compre-

hension of the symbiotic relationship between them and the plant tissues.

The aim of our study was the isolation of four endophytic bacterial strains

from Origanum vulgare L. tissues, a medicinal plant that has been recognized as a

source of health benefits. The strains showed potential to curb the growth of op-

portunistic pathogens, which otherwise could lead to severe infections in patients

with cystic fibrosis.

We conducted Average Nucleotide Identity (ANI) analysis with FastANI to

compare newly assembled genomes, and checked the contaminants using Con-

tEst16S. This tool generated a maximum likelihood phylogenetic tree based on

16S rRNA sequences, and we subsequently retrieved closely related genera from

NCBI for further ANI comparisons. Species affiliation was validated through

BLAST, analyzing 3000 bp random regions of each query genome. Thus, we iden-

tified secondary metabolite biosynthetic gene clusters using antiSMASH with

stringent detection criteria and predicted resistomes using the Resistance Gene

Identifier (RGI) from the CARD database. We found their genomes were replete

with gene clusters responsible for the synthesis of several antibiotics like paenin-

odin, paenilarvins, polymyxin and paenicidin A, and therefore, they might have

a role in their protection.
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Lastly, we compared alkane hydroxylase genes (alkM, alkS, and alkT) with

query genomes and verified the results using BLAST across genomes affiliated

with specific bacterial strains, including Metabacillus dongyingensis, Paenibacillus

xylanexedens, Priestia megaterium, and Bacillus sp. However, as much as the strains

were capable of growing on the diesel fuel in a minimal media, no genes that

were associated with the n-alkanes breakdown were detected. It points to the

possibility that the bacteria might use the other pathways, potentially indirectly

breaking down diesel using enzymes that cause the oxidation of aromatic com-

pounds instead. The essence of this research was the understanding of the intri-

cate relationships between plants and their microbial inhabitants.
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Abstract: Multidrug-resistant pathogens represent a serious threat to human health. The inefficacy
of traditional antibiotic drugs could be surmounted through the exploitation of natural bioactive
compounds of which medicinal plants are a great reservoir. The finding that bacteria living inside
plant tissues, (i.e., the endophytic bacterial microbiome) can influence the synthesis of the aforemen-
tioned compounds leads to the necessity of unraveling the mechanisms involved in the determination
of this symbiotic relationship. Here, we report the genome sequence of four endophytic bacterial
strains isolated from the medicinal plant Origanum vulgare L. and able to antagonize the growth of
opportunistic pathogens of cystic fibrosis patients. The in silico analysis revealed the presence of
gene clusters involved in the production of antimicrobial compounds, such as paeninodin, paeni-
larvins, polymyxin, and paenicidin A. Endophytes’ adaptation to the plant microenvironment was
evaluated through the analysis of the presence of antibiotic resistance genes in the four genomes.
The diesel fuel degrading potential was also tested. Strains grew in minimum media supplemented
with diesel fuel, but no n-alkanes degradation genes were found in their genomes, suggesting that
diesel fuel degradation might occur through other steps involving enzymes catalyzing the oxidation
of aromatic compounds.

Keywords: bacterial endophytes; essential oil; antimicrobial resistance; microbiome; plant
growth-promoting bacteria

1. Introduction
The rapid development of multidrug-resistant pathogens requires novel therapeutic

chemical compounds, of which medicinal and aromatic plants represent a great reservoir.
The discovery that microorganisms residing inside the plant tissues may produce similar, if
not the same, bioactive compounds as their plant hosts could offer a new sustainable and
promising source of bioactive molecules [1,2].

Endophytes are referred to as microorganisms that reside inside the inner tissues of
plants without any visible signs of infection [3]. They can influence plant physiology by
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facilitating nutrients acquisition, producing or modulating the levels of phytohormones,
and inducing systemic resistance in their host [4]. The bacterial infection contemplates more
phases regulated by the activation of gene expression in both plant and microorganisms:
first, the production of root exudates attracts soil bacteria near the rhizosphere; once the
bacteria have adhered to the surface of the roots, they can penetrate inside the internal
parts of the plant and colonize different anatomical parts [5]. It has been demonstrated that
different compartments of the same plant are inhabited by different endophytic communi-
ties: the cultivable bacteria obtained from the anatomical structures of the medicinal plants
Echinacea purpurea L. and Lavandula angustifolia Mill. are characterized by a distinct structure
and composition in terms of genera and endophytic strains [6,7]. The peculiar distribution
of the endophytes within plant inner tissues suggests the existence of a selective pressure,
but little is known about the forces involved in the shaping of the microbial communities.

The plant anatomical parts represent specific niches that require endophytes adap-
tation. Antimicrobial molecules produced by specialized compartments of medicinal
plants could allow microorganisms with particular antimicrobial resistance characteristics
to colonize that specific tissue; thus, essential oils produced by aromatic plants could
act as a selective force driving microbial communities distribution inside the plant [8].
Moreover, bacterial endophytes themselves might influence the microenvironments of
the plant [9]: the microorganisms can strongly influence the plant’s bioactive molecules
production, contribute to the secondary metabolism of their host, and directly synthesize
antimicrobials [10].

In this context, metaomics and comparative genome analysis can be applied to the
plant holobiont to unravel the mechanisms implied in the plant–microbiota interactions.
Identification and characterization of genes involved in such a beneficial relationship are
necessary to better exploit the mutualistic association between the two counterparts [11].
Functional aspects and molecular interactions can be delineated, enabling the prediction of
endophytes’ capacity to synthesize novel bioactive secondary metabolites and potential
antibacterial drug candidates [4], able to overcome the global issue of antibiotic resistance.

In this work, we provided the genetic features of four endophytic strains belonging
to a bacterial collection of isolates obtained from the medicinal plant O. vulgare L., widely
known for its antimicrobial and antioxidant activity [12]. Based on the inhibiting activity
exerted by some of the bacterial isolates tested against human pathogens [13], OVS6, OVL9,
OVF10, and OVS21 were selected as good candidates for further characterization. Thus,
their genomes sequence was obtained, in order to decipher the genetic features that underlie
the plant–microbiota interactions and to better understand the potential pharmacological
applications of endophytes.

2. Materials and Methods
2.1. Bacterial Strains and Growth Conditions

Plants of Origanum vulgare L., cultivated in the common garden “Giardino delle Erbe—
Augusto Rinaldi Ceroni” (Casola Valsenio, Ravenna, Italy) were collected in July 2018.
Endophytes and soil bacteria were isolated from the anatomical parts of the plant, (i.e.,
flower, leaf, and stem) and bulk soil, as described in Castronovo et al. [13]. One isolate
from flower, one from leaf, and two from stem compartments were selected for the present
work. Isolates are referred to as OV followed by F, L, or S for flower, leaf, and stem districts,
respectively. Three of them were previously affiliated with the Bacillus genus (OVL9, OVS6,
and OVS21), while OVF10 belongs to the genus Paenibacillus [13]. Each strain was cultured
on tryptic soy agar (TSA) medium (BioLife Italiana, Milan, Italy) for 48 h at 30 �C.

2.2. Tests for the Diesel Degrading Potential of the Endophytes
The four endophytic strains were tested for their ability to grow in the presence of

diesel fuel as the only carbon and energy source. A single colony of each endophyte was
separately suspended in 100 µL of 0.9% w/v NaCl solution and then streaked on different
minimum media agar plates supplemented with glucose or diesel. In particular, bacterial
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strains were streaked on Minimum Davis (MMD, 1 g (NH4)2SO4, 7 g K2HPO4, 2 g KH2PO4,
0.5 g Na3-citrate·2H2O, 0.1 g MgSO4·7H2O, pH 7.2, per liter of deionized water) and M9
minimal medium (6 g Na2HPO4, 3 g KH2PO4, 0.5 g NaCl, 1 g NH4Cl, 1 mL MgSO4 1M,
0.5 mL CaCl2 0.5M per liter of deionized water) containing 0.4% v/v diesel fuel or 1% w/v
glucose as the sole carbon sources. Diesel fuel (Esso Italiana, Roma, Italy) was previously
filtered through a 0.2 µm-pore-size filter (Sartorius) for sterilization and particle removal.
TSA plates were used as growth control. Once streaked, the endophytes were incubated at
30 �C for 3 days. Positivity to this assay was assessed as the presence or the absence of visible
growth, expressed in a range from 4 (complete growth) to 0 (absence of growth).

The test was then performed in liquid medium, using MMD and M9 supplemented
with glucose (1% w/v) or diesel (0.4% v/v), and tryptic soy broth (TSB, BioLife) as growth
control. Endophytes growth curves were performed in microplates. Cells were grown
overnight at 30 �C under shaking (130 rpm) in TSB. The next morning, cell cultures were
washed twice in saline solution (NaCl 0.9% w/v) and diluted to a starting O.D.600 of 0.01 in
each media. Cells were then incubated at 30 �C and the O.D.600 measures were taken every
hour for 72 h using the Infinite M Nano (Tecan, Männedorf, Switzerland) microplate reader.
Each curve was performed in triplicate. The calculation of the areas under the growth curve
(AUC) was obtained according to the chained trapezoidal rule [14]. Statistical significance
of the differences between each condition was calculated through a non-parametric test
and a post hoc analysis, Kruskal-Wallis and Dunn tests.

2.3. DNA Extraction
A single colony of each strain was inoculated in 10 mL of fresh TSB (Biolife) in a 50 mL

tube and incubated at 30 �C overnight under shaking at 130 rpm. Bacterial cells were
collected by centrifugation (15,500⇥ g for 4 min) and the genomic DNA was extracted
using PowerLyzer PowerSoil DNA Isolation Kit (MO BIO Laboratories, Inc., Carlsbad,
CA, USA), following the protocol provided by the manufacturer with some modifications
to ensure optimal cell lysis. In particular, cells were resuspended in the PowerSoil Bead
Solution in the presence of lysozyme (final concentration 1 mg/mL); after incubating for
1 h at 37 �C, PowerSoil Solution C1 and proteinase K (final concentration 0.5 mg/mL) were
added and samples were furtherly incubated at 55 �C for 2 h before proceeding with the
DNA purification steps.

2.4. Genome Sequencing
Nanopore sequencing was performed with a PCR-free approach following the native

barcoding genomic DNA protocol provided by Oxford Nanopore Technologies (ONT)
(version NBE_9065_v109_revY_14Aug2019). The gDNA of the strains were sequenced with
other 8 non-related gDNA samples. Briefly, 1 µg of each input gDNA was repaired and
end-prepped using the NEBNext Companion Module for Oxford Nanopore Technologies
Ligation Sequencing (E7180S, New England Biolabs). Upon purification with Agencourt
AMPure XP beads (Beckman Coulter) on a magnetic separator, concentrations of DNA
samples were determined using a Qubit 4 Fluorometer and Qubit dsDNA HS Assay Kit
(ThermoFisher Scientific). Thus, 500 ng of each end-prepped DNA sample were barcoded
using Native Barcoding Expansion 13–24 (EXP-NBD114, ONT) and NEB Blunt/TA Ligase
Master Mix (M0367, New England Biolabs). After a purification step, equimolar amounts
of barcoded DNA samples were pooled to have a total of 700 ng and were subjected to the
adapter ligation. During the subsequent clean-up step, the DNA library was enriched with
>3 kb-long fragments using the Long Fragment Buffer included in the Ligation Sequencing
Kit (SQK-LSK109, ONT). DNA library was immediately sequenced; therefore, an R9.4.1
Flow Cell (FLO-MIN106D, ONT) was primed with a Flow Cell Priming Kit (EXP-FLP002,
ONT). The library was loaded following the instruction provided by the protocol and
sequencing was performed with a MinION MK1B (ONT) and the MinKNOW software
v.21.10.4 for 72 h. Basecalling and demultiplexing were performed using Guppy v.4.3.4.
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2.5. Genome Assembly and Bioinformatic Analysis
De novo assembly was accomplished using Canu assembler software v.2.1.1 [15] and

the quality of contigs was evaluated by QUAST v.5.0.2 [16]. These procedures were per-
formed in a Galaxy environment (https://usegalaxy.eu, accessed on 3 September 2021). The
assembled genome sequences were annotated using the NCBI Prokaryotic Genome Anno-
tation Pipeline (PGAP) v.6.0 (https://www.ncbi.nlm.nih.gov/genome/annotation_prok/,
accessed on 22 March 2022). The Average Nucleotide Identity (ANI) analysis was per-
formed using FastANI v.1.3, with default options [17]. The newly assembled genomes
were uploaded to ContEst16S to assess the presence of contaminants. This service also
generates a maximum likelihood phylogenetic tree using 16S rRNA sequences. Using
this information, the genomic sequences of the genera that are more closely related to
the bacterial strains under investigation were downloaded. These were retrieved from
the NCBI and used as reference input for the ANI analysis. The affiliated species were
confirmed with the Basic Local Alignment Search Tool (BLAST) by searching 3000 bp long
random regions of each query genome.

2.6. Secondary Metabolites Gene Clusters Detection
The antiSMASH v.6.0.1 webserver was used for the identification of gene clusters

involved in the biosynthesis of secondary metabolites in genomes of bacteria [18]. Each
query genome (OVS6, OVL9, OVR10, and OVS21) was uploaded as a FASTA format, and
the analysis was performed using a strict method of detection in order to identify only
well-defined clusters containing genes with a significant alignment.

2.7. Antibiotic Resistance and Diesel Fuel Degradation Genes
The Resistance Gene Identifier from the Comprehensive Antibiotic Resistance Database

(CARD: RGI) was used to predict resistome(s) from genome data based on homology and
SNP models [19].

Alkane hydroxylases gene sequences, alkM, alkS, and alkT, were downloaded from
the NCBI gene database, and then compared with OVS6, OVL9, OVF10, and OVS21
genomes. To verify the result, all three gene sequences were looked for in each one of the
genome sequences affiliated to the query genomes (Metabacillus dongyingensis, Paenibacillus
xylanexedens, and Priestia megaterium) and Bacillus sp. using the Basic Local Alignment
Search Tool (BLAST).

3. Results
3.1. Genome Sequencing and Assembly

The results of genome assembly of the sequencing reads performed through Canu
assembler plugin is shown in Table 1. The annotation of the genomic sequences was per-
formed using the NCBI GenBank annotation pipeline. The complete genome sequences are
available in GenBank under the accession numbers CP092335 (OVS6), JALHBO000000000
(OVL9), CP094668 (OVF10), JALHBP000000000 (OVS21).

Given the previous affiliation of OVS6, OVL9, and OVS21 to the genus Bacillus [13],
their ANI analysis was performed using Bacillus sp. genomes downloaded from the NCBI
assembly database (http://www.ncbi.nlm.nih.gov/assembly/, accessed on 7 March 2022)
as references but showed low ANI values (<90%). In the light of this observation, the closest
clades of the maximum likelihood phylogenetic trees obtained with ContEst16S were used
as reference genomes. This resulted in higher ANI values and the affiliated species were
confirmed with BLAST. Using 7 Metabacillus genomes for OVS6, 33 Priestia genomes for
OVL9 and OVS21, and 116 Paenibacillus genomes for OVF10, the ANI analysis revealed
that the endophytes are bound to Metabacillus dongyingensis with a 99.61 ANI value, Priestia
megaterium with a 99.46 and 99.25 ANI values, and with Paenibacillus xylanexedens with a
95.25 ANI value, respectively (Table 2).
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Table 1. General features of the genomes of the four endophytic strains.

OVS6 OVL9 OVF10 OVS21

Assembly size 5,073,147 6,280,800 7,243,271 5,954,252

Number of contigs 1 12 1 11

GC% 40.09 37.54 45.89 37.68

Total genes 5510 7242 7168 6717

CDSs 5388 7053 7026 6496
rRNA 33 43 36 51
tRNA 84 138 102 162

ncRNA 5 8 4 8
Accession number CP092335 JALHBO000000000 CP094668 JALHBP000000000

Table 2. Identity values for each endophytic strain.

OVS6 OVL9 OVF10 OVS21

Species Metabacillus
dongyingensis

Priestia
megaterium

Paenibacillus
xylanexedens

Priestia
megaterium

ANI value 99.61 99.46 95.25 99.25

BLAST ID% 100 99.89 92.81 99.57

BLAST query coverage% 100 100 99 100

3.2. Tests for The Diesel Fuel Degrading Potential of the Endophytes
Diesel fuel degrading potential of the endophytes was investigated, as described in

Materials and Methods. As shown in Table 3, all the endophytes grew on MMD and M9
minimal agar media supplemented with glucose 1% w/v and, to a lesser extent, on the
same media containing diesel fuel 0.4% v/v.

Table 3. Diesel fuel degrading potential of the endophytes on agar media. The values and the colors
indicate different growth levels of the strains compared to the growth control, that is: complete (4),
strong (3), intermediate (2), weak (1), absent (0).

OVS6 OVL9 OVF10 OVS21
MMD + glucose 1 2 1 2

MMD + diesel fuel 1 1 1 1
M9 + glucose 2 3 1 3

M9 + diesel fuel 1 1 1 1
TSA 4 4 4 4

The test was also performed using liquid media, in triplicate. For each condition,
endophytes growth curves were obtained, and the average AUC was calculated. Since
data did not present a normal distribution and homoscedasticity, non-parametric tests
(Kruskal–Wallis test and Dunn test) were used to reveal statistically significant differences
between each growth condition.

As shown in Figure 1, the two different minimal media supplemented with glucose
allowed the growth of all the endophytes, even though to a lesser extent than the TSB
complete medium, except for OVS6 which had an impaired growth in MMD with glucose.
Statistically significant differences between different growth conditions are highlighted in
Figure 1. Endophytes growth in MMD supplemented with diesel fuel was not statistically
different from the MMD with glucose condition, thus allowing us to hypothesize the ability
of the strains to grow in the presence of diesel fuel as a carbon and energy source.



Microorganisms 2022, 10, 919 6 of 10

Microorganisms 2022, 10, 919 6 of 10 
 

 

did not present a normal distribution and homoscedasticity, non-parametric tests (Krus-
kal–Wallis test and Dunn test) were used to reveal statistically significant differences be-
tween each growth condition. 

As shown in Figure 1, the two different minimal media supplemented with glucose 
allowed the growth of all the endophytes, even though to a lesser extent than the TSB 
complete medium, except for OVS6 which had an impaired growth in MMD with glucose. 
Statistically significant differences between different growth conditions are highlighted in 
Figure 1. Endophytes growth in MMD supplemented with diesel fuel was not statistically 
different from the MMD with glucose condition, thus allowing us to hypothesize the abil-
ity of the strains to grow in the presence of diesel fuel as a carbon and energy source. 

 

Figure 1. Diesel fuel degrading potential of the endophytes on liquid media. Values are expressed 
as the average values of area under the growth curve (AUC). Each color corresponds to a different 
growth medium, whereas bars represent standard errors. Asterisks show statistically significant 
differences between conditions (p < 0.05). 

To validate the results obtained, alkane-degradation genes were searched in the ge-
nomes of the endophytes. There was no presence of alkM, alkS, and alkT genes in all four 
query genomes. Their absence was confirmed using the Basic Local Alignment Search 
Tool and, as reference genomes, those of Metabacillus dongyingensis, Paenibacillus xylanexe-
dens, Priestia megaterium, and Bacillus sp.�

3.3. Secondary Metabolites Gene Clusters 
The analysis of secondary metabolites biosynthetic gene clusters (BGCs) predicted 

several types of BGCs for each genome; however, only the ones with a percentage equal 
to or higher than 50% of similarity to clusters available in the database are reported (Table 
4). For the OVS6 genome, the analysis revealed a lasso peptide BCG, accountable for the 
production of paeninodin; a 100% similarity was found to the paeninodin BCG from Pae-
nibacillus dendritiformis C454. For OVL9 and OVS21 genomes, a terpene BCG was found, 
with a 50% similarity to the carotenoid BCG from Halobacillus halophilus DSM 2266. Fi-
nally, the analysis of the OVF10 genome showed three BCGs. The first two were attributed 
to the non-ribosomal peptide synthetase cluster, finding a 100% similarity to the pae-
nilarvins BCG from Paenibacillus larvae subsp. larvae DSM 25430, and to the polymyxin BCG 
from Paenibacillus polymyxa. The third cluster was a lanthipeptide-class-I BCG, with an 
85% similarity with the paenicidin A BCG from Paenibacillus polymyxa. 
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To validate the results obtained, alkane-degradation genes were searched in the
genomes of the endophytes. There was no presence of alkM, alkS, and alkT genes in
all four query genomes. Their absence was confirmed using the Basic Local Alignment
Search Tool and, as reference genomes, those of Metabacillus dongyingensis, Paenibacillus
xylanexedens, Priestia megaterium, and Bacillus sp.

3.3. Secondary Metabolites Gene Clusters
The analysis of secondary metabolites biosynthetic gene clusters (BGCs) predicted

several types of BGCs for each genome; however, only the ones with a percentage equal to
or higher than 50% of similarity to clusters available in the database are reported (Table 4).
For the OVS6 genome, the analysis revealed a lasso peptide BCG, accountable for the
production of paeninodin; a 100% similarity was found to the paeninodin BCG from
Paenibacillus dendritiformis C454. For OVL9 and OVS21 genomes, a terpene BCG was found,
with a 50% similarity to the carotenoid BCG from Halobacillus halophilus DSM 2266. Finally,
the analysis of the OVF10 genome showed three BCGs. The first two were attributed to
the non-ribosomal peptide synthetase cluster, finding a 100% similarity to the paenilarvins
BCG from Paenibacillus larvae subsp. larvae DSM 25430, and to the polymyxin BCG from
Paenibacillus polymyxa. The third cluster was a lanthipeptide-class-I BCG, with an 85%
similarity with the paenicidin A BCG from Paenibacillus polymyxa.

Table 4. Biosinthetic gene clusters identified using AntiSMASH and having the higher percentage of
similarity. Nucleotide positions within the genome are reported.

Genome Type From (nt) To (nt) Most Similar Known
Cluster (% Similarity)

OVS6 Lassopeptide 2840151 2864059 Paeninodin (100%)
OVL9 Terpene (contig 11) 4862360 4883208 Carotenoid (50%)

OVF10
Non-ribosomal peptide

synthetase cluster
4914549 4966941 Paenilarvins (100%)
6908170 6988910 Polymyxin (100%)

Class I Lanthipeptide 270456 296759 Paenicidin A (85%)
OVS21 Terpene (contig 1) 4569666 4590514 Carotenoid (50%)
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3.4. Antibiotic Resistance Genes
Using the Resistance Gene Identifier from the Comprehensive Antibiotic Resistance

Database (CARD: RGI), for the OVF10 genome, one antibiotic resistance gene was found
with a strict criterion algorithm. It obtained an identity of the matching region of 84.32% and
100% of the length of the reference sequence. This gene belongs to the “Llm 23S ribosomal
RNA methyltransferase” antibiotic resistance orthology (ARO) and antimicrobial resistance
(AMR) gene family and it is linked to the lincosamide antibiotic class. The reference
genome to which the query gene matched has—as a resistance mechanism—the antibiotic
target alteration.

Using the loose criterion for the other three query genomes, several genes were identified;
however, only the ones with a high percentage of identity of matching region and length of
reference sequence are reported here. For the OVS6 genome, the RGI found two matches. The
first one obtained an identity of the matching region of 80.74% and 100.34% of the length of
the reference sequence. It belongs to the “vgbB” ARO and “streptogramin vgb lyase” AMR
gene family and it is linked to the streptogramin antibiotic class. It uses antibiotic inactivation
as a resistance mechanism. The second one obtained an identity of the matching region of
80.6% and 99.57% of the length of the reference sequence. It belongs to the “vanRM” ARO
and “glycopeptide resistance gene cluster, vanR” AMR gene family and it is related to the
glycopeptide antibiotic class. It contemplates target alteration as a resistance mechanism.
Lastly, the same hit was found for OVL9 and OVS21 genomes, which had an identity of the
matching region of 80.45% and 80.53%, respectively, and 100.59% of the length of the reference
sequence for both genomes. The hit gene belongs to the “Staphylococcus aureus rpoB mutants
conferring resistance to rifampicin” ARO and to the “rifamycin-resistant beta-subunit of RNA
polymerase (rpoB)” AMR gene family. It uses antibiotic target alteration and antibiotic target
replacement as resistance mechanisms, and it belongs to the rifamycin antibiotic class. Since
the loose algorithm works outside the detection model cut-offs, the found genes may require
further study.

4. Discussion
Endophytes, microorganisms that reside in the internal tissues of living plants, have

been recognized as potential untapped sources of novel natural products that could find
applications in medicine, agriculture, and industry [20]. Endophytes are known to be able
to synthesize some similar, if not the same, chemical compounds like the ones found in
medicinal plant extracts, probably as an adaptation to the plant microenvironment [21].
Medicinal and aromatic plants have always been exploited for their natural biologically
active compounds, so they can represent the starting point to investigate endophytes’
secondary metabolites biosynthesis potential [2].

The aim of this work was to determine and analyze the complete genome sequence
of four endophytic bacterial strains isolated from stem or leaves of O. vulgare plants in
order to identify genes involved in the biosynthesis of antimicrobial compounds and/or
responsible for resistance to antibiotics.

The genome analysis of the four O. vulgare endophytes revealed some relevant genetic
features providing insights into their chemical potential as antibiotics producers and
helping to identify genetic traits that could be associated with the endophytic lifestyle.

The ANI analysis allowed to shed light on the taxonomical position of the isolates,
previously identified as Bacillus spp. (OVS6, OVL9, and OVS21) and Paenibacillus sp. (OVF10).
The four O. vulgare endophytes belong to species already isolated from the aerial parts of
other plants or their rhizosphere. Based on the ANI analysis results, OVS6 was identified as
Metabacillus dongyingensis. This microorganism has been identified as a novel plant growth-
promoting bacterium isolated from the saline-alkaline rhizosphere of Ulmus pumila and it is
able to promote the growth of Zea mais L. under saline conditions [22]. Genome sequences
from OVL9 and OVS21 showed a high degree of similarity to the species Priestia megaterium,
formerly known as Bacillus megaterium [23]. B. megaterium isolated from the rhizosphere of
maize plants demonstrated a growth-promoting effect on Arabidopsis thaliana that involved
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auxin and ethylene production [24]. Finally, OVF10 was identified as Paenibacillus xylanexedens.
Species of the genus Paenibacillus are well-known plant endophytes able to exert a growth-
promoting activity on their host and protect it from phytopathogens through the biosynthesis
of antibacterial compounds [25]. Thus, it can be suggested that these O. vulgare endophytes
could be plant growth-promoting bacteria, exerting a beneficial effect on their host.

Diesel fuel degrading potential tests revealed the capability of the four endophytic
strains to grow in the presence of diesel fuel as the sole carbon and energy source. The
essential oil composition of O. vulgare plant from which the endophytes were extracted
revealed the presence of 73.5% sesquiterpene hydrocarbons, 17.6% monoterpene hydro-
carbons, 4.8% oxygenated sesquiterpenes, and 3.7% oxygenated monoterpenes [13]. The
capability of the endophytes to grow on media containing diesel fuel could suggest their
adaptation to the hydrocarbon components of O. vulgare essential oil, leading to the hypoth-
esis that its composition might represent one of the factors involved in the plant-endophytes
symbiosis [8]. For this reason, alkane hydroxylases genes (alk genes) have been searched
in the endophytes’ genomes. Even though these genes have not been identified, it cannot
be excluded that the strains’ capability to grow on diesel fuel might depend on other gene
clusters involved in different hydrocarbons metabolism.

Resistance Gene Identifier provided information about the antibiotic resistance profiles
of the four isolates. Data obtained can be related to the adaptation mechanisms that
endophytes require in order to colonize plant inner tissues, which are microenvironments
rich in antimicrobial molecules.

The evaluation of secondary metabolites biosynthetic gene clusters revealed a wide
spectrum of compounds. Concerning the OVS6 genome, the analysis revealed a lasso
peptide biosynthetic gene cluster (BGC) accountable for the production of paeninodin; a
100% similarity was found with the paeninodin BGC from Paenibacillus dendritiformis C454.
Lasso peptides are a class of ribosomally-synthetized and post-translationally modified
peptides (RiPPs), known for their antimicrobial and antiviral activities [26]. OVF10 genome
contains two non-ribosomal peptide synthase clusters, finding a 100% similarity with the
paenilarvins BGC from Paenibacillus larvae subsp. larvae DSM 25430, and with the polymyxin
BGC from Paenibacillus polymyxa. It also harbors a lanthipeptide-class-I BCG, with an 85%
similarity with the paenicidin A BGC from Paenibacillus polymyxa. Paenilarvins, members
of the iturins family, are characterized by a strong antifungal activity, able to contrast
the growth of human and plant and pathogenic fungi [27]. Polymyxins are well-known
antibacterial molecules with a narrow antibacterial spectrum, mainly against common
Gram-negative bacteria. They are active against most members of the Enterobacteriaceae
family, including Escherichia coli, Enterobacter spp., Klebsiella spp., Citrobacter spp., Salmonella
spp., and Shigella spp. [28]. On the contrary, paenicidin belongs to the antibiotic class of
lantibiotics, which are active against Gram-positive bacteria [29]. The identified BCGs
might be involved in the growth inhibitory activity that the four endophytes exert against
ten selected strains belonging to the Burkholderia cepacia complex, opportunistic pathogens
able to infect immunocompromised cystic fibrosis patients, and other Gram-positive and
Gram-negative human pathogens [13].

These data represent a further step in the comprehension of the role of the bacte-
rial endophytes in medicinal plant secondary metabolism and might shed light on their
biotechnological application in pharmaceutical and agricultural fields. To test whether
bacterial endophytes are involved in the promotion of O. vulgare plant growth and/or
influence the biosynthesis of secondary metabolites that can then flow in the plant essential
oil/extract, an in vitro model for O. vulgare plants can be set up. In this way axenic O.
vulgare plants might be inoculated with bacterial endophytic strains isolated from the same
plants, thus allowing the comparison of the behavior of inoculated plants vs. control,
(i.e., non-inoculated ones) from different viewpoints: growth, production of secondary
metabolite, volatile organic compounds. The setup of this in vitro model is in progress.
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3.2 Modeling microbial dynamics and metabolism

Genome-scale metabolic models (GSMMs) are powerful tools for studying meta-

bolism at a systems level, providing insights into microbial and human physiol-

ogy. By integrating multi-omics data and computational modeling, I explored

metabolic adaptations in different contexts, including environmental microor-

ganisms and human health. This section presents applications of GSMMs in dif-

ferent contexts, such as antimicrobial resistance in subsection 3.2.1. Additionally,

in subsections 3.2.2 and 3.2.3, I highlight how computational modeling can be

used to explore complex biological processes or even describe microbial commu-

nity dynamics (subsection 3.2.4).

During my doctoral research, I had the opportunity to study and model micro-

bial and human metabolism using GSMMs. First of all, I performed an extensive

research on how GSMMs are used to understand antimicrobial resistance and

the possible paths of action we may have ahead (Alonso-Vásquez, Fondi, et al.

2023). I explored the metabolic characteristics and potential of a cold-adapted

marine bacterium by integrating transcriptomic and metabolomic data into its

GSMM (Riccardi et al. 2023). In addition, following the same workflow, I inte-

grated metabolomic data into a human GSMM in order to study how COVID-19

impacts human metabolism (Ghini et al. 2023), this work gave me the opportu-

nity to contrast metabolic models from different organisms. Lastly, I developed

and analyzed a theoretical framework to study the dynamics of a microbial com-

munity, especially the impact of population size fluctuations on bacterial persister

cells (Alonso-Vásquez, Giovannini, Garbini, et al. 2024). On the following pages

I will explain a little further what was done in each project.

3.2.1 GSMMs and antimicrobial resistance

The discovery of antimicrobials was a breakthrough in medicine and in everyday

life, however, the growing number of pathogens resistant to these molecules has
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become a global urgency in the last decades. Among all the strategies being ex-

plored to fight this challenge, a particularly promising one lies in investigating

how cells’ metabolism responds to antimicrobial exposure and how this response

influences the efficacy of these drugs. Current antimicrobials inhibit several cel-

lular processes, such as DNA replication, transcription, protein synthesis or cell

wall biosynthesis, and so microbial metabolism undergoes significant changes in

response. These metabolic changes are key predictors of treatment outcomes and

a potential reservoir of potential drug targets or adjuvants.

Despite its potential, understanding the metabolic response of microbial cells

remains challenging due to the complexity of metabolic networks, especially if

there is a metabolic flux reorganization. To overcome this, computational mod-

eling approaches have been developed and are becoming increasingly popular.

Genome-scale metabolic models are the reconstruction of the metabolic network

of an organism, which takes into account the genome annotation, the information

available in several databases (for genes, metabolites, reactions and pathways)

and further manual curation (see section 1.2.5).

In this review we focused on the application of GSMMs in exploring the in-

tertwined relationship between microbial metabolism and antimicrobial agents.

We gathered around twenty different studies, the most recent case studies at the

time. These works highlighted the use of GSMMs to investigate the metabolic

adaptations of microbes during antimicrobial exposure. This approach shed light

on the potential of these models to uncover new therapeutic targets and improve

treatment strategies.
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Abstract: The urgent necessity to fight antimicrobial resistance is universally recognized. In the
search of new targets and strategies to face this global challenge, a promising approach resides in
the study of the cellular response to antimicrobial exposure and on the impact of global cellular
reprogramming on antimicrobial drugs’ efficacy. The metabolic state of microbial cells has been
shown to undergo several antimicrobial-induced modifications and, at the same time, to be a good
predictor of the outcome of an antimicrobial treatment. Metabolism is a promising reservoir of
potential drug targets/adjuvants that has not been fully exploited to date. One of the main problems
in unraveling the metabolic response of cells to the environment resides in the complexity of such
metabolic networks. To solve this problem, modeling approaches have been developed, and they
are progressively gaining in popularity due to the huge availability of genomic information and the
ease at which a genome sequence can be converted into models to run basic phenotype predictions.
Here, we review the use of computational modeling to study the relationship between microbial
metabolism and antimicrobials and the recent advances in the application of genome-scale metabolic
modeling to the study of microbial responses to antimicrobial exposure.

Keywords: metabolic modeling; antimicrobial resistance; bacterial metabolism

1. Introduction
Antimicrobial resistance (AMR), the ability of a microorganism to resist the action of

one or more antimicrobial agents, is one of the major public health problems of this cen-
tury [1]. Antimicrobial-resistant microbes are currently estimated to claim ~700,000 deaths
per year, and this mortality rate is predicted to increase to 10 million per year by 2050 [1].
Consequently, antimicrobial resistance has been identified as one of the most important
challenges to human health by several national and international bodies.

For bacteria, the current antimicrobials inhibit a narrow spectrum of cellular processes
(e.g., DNA replication, transcription, protein synthesis, and cell wall biosynthesis) [2].
Their action is traditionally seen as a linear process in which the antimicrobial enters the
cell, reaches and interacts with its target, and stops the growth or kills the bacteria [3].
Accordingly, it is generally assumed that antimicrobial resistance relies on a few specific
microbial genes [4]. However, this description represents only the immediate effects of
the antimicrobial. In many cases, what is not known and is still the subject of debate,
is how antimicrobials actually kill bacterial cells [5]. Microbial metabolism is impacted
by antimicrobials [4], and in recent years, the close link between bacterial metabolism,
antimicrobial action, and antimicrobial resistance has increasingly emerged. Indeed, on the
one hand, antimicrobials alter the metabolic phenotype (metabotype [6]) of bacterial cells,
giving rise to an altered metabotype. On the other hand, the metabotype of bacteria (normal
or altered) influences their susceptibility to antimicrobials (Figure 1) [2]. Consequently,
the antimicrobial efficacy can be enhanced by altering the metabolic state of bacteria.
Approaches that target the bacterial central metabolism for drug development or that use
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the control of nutrients’ availability as a mechanism for the selection of antimicrobial-
tolerant strains (for a definition of the differences between tolerance and resistance, see
below) are gaining more and more attention [2].
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Figure 1. Possible paths to resistant and tolerant metabotypes. Here, we show the hypothetical effects
of mutations, antimicrobials’ exposure, and non-genetic mechanisms on microbial metabotypes,
including the effects on the single reactions (thicker links among the nodes) and the most likely
objective function (“growth” or “?”).

Overall, antimicrobials can affect bacterial metabolism in three ways. First, they have a
direct effect on metabolism that affects their efficacy, which seems to be different depending
on whether the antimicrobial is bactericidal or bacteriostatic (even though it appears that
all antimicrobials are ultimately bactericidal, and the difference between the two types of
antimicrobials is only the rates at which they kill bacteria) [2,5].

The action of bactericidal antimicrobials on their primary targets causes damage to
other essential macromolecules (nucleic acids, proteins, and membrane lipids) within the
cell, resulting in the induction of stress response pathways. Stress responses increase
metabolic activity to meet the corresponding energy demands. This results in the produc-
tion of toxic metabolic byproducts such as reactive species, which damage macromolecules,
and leads to the induction of additional stress response pathways. Once again, the overall
cellular metabolic load results increased. The alteration of the metabotype, therefore, cre-
ates a cyclical process that ends with cell death [7–15]. Wong et al. [16] recently suggested
that the interactions of the toxic metabolic bioproducts with the membrane induce a loss
of membrane integrity, which results in cytoplasmic condensation through the leakage
of cytoplasmic contents, and then in cell death. Alternative cell death pathways may
involve cellular damage to nucleic acids and proteins resulting from both the primary
drug–target interaction and from the subsequent generation of reactive metabolic byprod-
ucts [16]. A similar process, involving reactive metabolic byproducts, seems to contribute
to antimicrobial lethality, also under anaerobic conditions [17].

Bacteriostatic antimicrobials, instead, inhibit protein biosynthesis or transcription in
certain contexts, leading to a decrease in metabolic activity and subsequent cell stasis,
thus, again resulting in an altered metabotype [14,18]. As mentioned before, however,
bacteriostatic antimicrobials can also kill bacteria, probably depending, among other things,
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on the number of ribosomes. Indeed, when the number of ribosomes is reduced, ribosome-
targeting antimicrobials seem to become increasingly bactericidal, suggesting a kind of
lethal protein synthesis threshold. However, this could not be the ultimate mechanism
by which these ribosome-targeting ‘bacteriostatic’ antimicrobials kill bacteria [5]. There-
fore, the altered metabotypes resulting from antimicrobial treatment contribute to its final
outcomes. The second and the third ways in which antimicrobials can influence bacterial
metabolism are indirect. First, antimicrobial treatments generally involve the acquisition of
resistance, through mutations or horizontal gene transfer, this often come with a fitness
cost for the bacterial cell (Figure 1) [19,20]. Consequently, the acquisition of compensatory
mutations that counterbalance the decreased fitness is a crucial step for the success of
resistant strains [21,22]. These mutations generally restore normal growth, preserving
resistance, and their number and type varies with the organism and the particular envi-
ronmental conditions under which compensation occurs, indicating that fitness costs are
dependent on the habitat and on the metabolic adaptation required for colonizing such a
habitat [23]. Regarding the third mode, it has recently been demonstrated that, in addi-
tion to the acquisition of the classical mechanisms of resistance (target modification, drug
inactivation, and drug transport), antimicrobials can also induce mutations in metabolic
genes [24]. These metabolic mutations can confer resistance and are prevalent in clinical
pathogens, suggesting that metabolic adaptation may represent a mechanism of resistance
that confers tolerance, but may also mitigate the downstream toxic aspects of antimicrobials
(Figure 1) [24].

On the other hand, the metabolic state of the bacterial cells can affect the antimicro-
bials’ efficacy in various ways. It must be stated that, in addition to the classical molecular
mechanisms of antimicrobial resistance, bacterial cells can counteract antimicrobials in
several ways, each of which relies on a general metabolic downregulation. Indeed, the
term resistance is usually used to “describe the inherited ability of microorganisms to grow
at high concentrations of an antimicrobial, irrespective of the duration of the treatment,
and is quantified by the minimum inhibitory concentration (MIC) of the particular antimi-
crobial” [25]. If this resistant phenotype is observed only in a subpopulation of cells, it
is known as hetero-resistance [26]. The term tolerance, instead, is used to describe “the
ability, whether inherited or not, of microorganisms to survive transient exposure to high
concentrations of an antimicrobial without a change in the MIC, which is often achieved by
slowing down an essential bacterial process” [25]. It has been demonstrated that tolerance
often evolves during frequent and intermittent antimicrobial treatments, and that its emer-
gence often promotes the development of resistance [27]. Finally, the term persistence is
used when only a subpopulation of a clonal bacterial population is able to survive exposure
to high concentrations of an antimicrobial, without any genetic mutations [25]. Indeed, if
persisters are isolated and regrown in the presence of antimicrobials, they display the same
pattern of susceptibility as the original population [28].

The metabolic state of bacterial cells (normal or altered metabotypes, Figure 1) is
mainly involved in mechanisms of tolerance to the antimicrobials’ action. Indeed, most
of the so-called “phenotypic resistance”, in which metabolism has a fundamental role,
is mechanisms of tolerance rather than resistance. Indeed, this term refers to all the
transient situations in which a bacterial population, susceptible to an antimicrobial, becomes
resistant without any genetic change taking place; therefore, resulting as not inheritable [29].
For example, the growth rate is an important parameter that affects the susceptibility to
antimicrobials of bacterial populations. Resting cells are less susceptible to antimicrobials
than metabolically active cells, especially to the action of bactericidal antimicrobials [4].
However, a recent study showed that the metabotype of the cell, instead of growth, better
correlates with antimicrobial lethality, suggesting that antimicrobials should also be able to
kill non-growing bacteria if metabolism is active, and that the metabolic response, following
the initial interaction of an antimicrobial with its target, influences the bacterial response to
the antimicrobial action [30].



Antibiotics 2023, 12, 896 4 of 19

Consequently, in all the conditions of an altered metabotype, in which the metabolism
is poor or not active, bacterial cells are less susceptible to antimicrobials’ action (Figure 1).
For example, during a stringent response, the accumulation of (p)ppGpp determines a
global switch on bacterial metabolism that also modulates their response to antimicro-
bials [31–34], while bacterial persisters (whose formation also involved (p)ppGpp), as
mentioned above, are subpopulations of metabolically repressed cells, which survive
antimicrobial treatment, although lacking genetically encoded antimicrobial resistance
determinants [35–38]. Additionally, during swarming motility, bacterial cells undergo a
metabolic shift which makes them less susceptible to antimicrobials, through a mechanism
that is poorly understood but that might be related to changes in the cell envelope [39–43].

Another example of phenotypic resistance is growth in biofilms, microbial communi-
ties embedded in an extracellular polymeric matrix [44–46]. Bacterial cells grown in biofilm
are less susceptible to antimicrobials through a combination of resistance and tolerance
mechanisms. Indeed, bacterial cells in biofilm are more resistant to antimicrobials than
planktonic cells due to higher levels of both spontaneous and stress-induced mutagenesis,
but also of horizontal gene transfer [45]. In addition, biofilm cells are also more tolerant
to antimicrobials than their planktonic counterparts through a combination of different
known mechanisms, in which the metabotypes of the cells play a key role. Indeed, biofilms
are characterized by a gradient of nutrients and oxygen which decrease passing from the
outermost to the innermost layers [46]. Consequently, they are composed of subpopulations
with different metabotypes: metabolically active populations are located on the oxygenated
and richer in nutrients surface of the biofilm, while non-growing subpopulations reside in
the central anoxic and low in nutrient zones [45,46]. This stratified bacterial physiology cor-
responds to stratified layers of susceptibility to antimicrobials, with internal cells generally
more tolerant than external ones [45]. In addition, the metabolic active cells at the surface ex-
hibit increased expression of antimicrobial resistance genes, while the metabolically inactive
subpopulation exhibits reduced or negligible expression of the antimicrobial targets and a
reduced antimicrobial uptake [45]. Moreover, the gradient of nutrients and oxygen also
induces a progressive activation of stringent and SOS stress responses that impairs the effi-
cacy of antimicrobials, contributing to the antimicrobial tolerance of biofilms [45]. Finally,
the presence of the biofilm matrix slows antimicrobials’ penetration and also favors their
degradation due to the presence in the matrix of antimicrobial-modifying enzymes [45].

However, besides tolerance, bacterial metabolism is also involved in antimicrobial
resistance. For example, classical elements involved in intrinsic resistance to antimicrobials,
such as chromosomally encoded �-lactamases or multi-drug efflux pumps, play an impor-
tant role in bacterial physiology, and they are not just an adaptive response to the presence
of antimicrobials [4]. Furthermore, mutations in genes involved in cellular metabolism can
contribute to intrinsic resistance [47]. Since, as stated before, bacterial metabolism is part
of the antimicrobial-induced cell death process, mutations in the genes involved in these
pathways (both their impairment and their overproduction) can influence the bacterial
susceptibility to antimicrobials [4]. Moreover, all the regulatory genes involved in the
control of metabolism, global regulators [48], signal transduction pathways controlled by
two-component systems [49], and regulatory RNA [50] can influence bacterial susceptibil-
ity to antimicrobials. Finally, the metabolic adaptation that bacteria undergo during the
colonization of a new environment (for example, during the early stages of host infection)
might select antimicrobial-resistant bacteria (even in the absence of selective pressure with
antimicrobials), thus further highlighting the existence of a tight link between bacterial
metabolism and their susceptibility to antimicrobials [4].

In contrast to, for example, single mutations on specific genes that lead to antimicro-
bial resistance phenotypes, a causal relationship and/or mechanistic understanding of
metabolism-dependent resistance/tolerance is much harder to achieve. Essentially, this
is due to the inherent complexity of metabolic networks in which thousands of elements
(reactions and metabolites) give rise to an intricate set of interconnections.
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One of the most powerful tools to study cellular metabolism at the system level
is represented by genome-scale metabolic models (GSMMs) [51]. The starting point to
work with GSMMs is the reconstruction of the metabolic network of the organism of
interest, starting from its genome annotation. The methods that can be implemented to
reconstruct metabolic networks include KBase server, Model SEED, or CarveMe [52–54].
The resulting models are then validated using several databases (such as KEGG, PubMed,
and BiGG, the more the better [55–57]), genomes from related microorganisms, and further
manual curation using experimental data as potential benchmarks. Ultimately, GSMMs
are formal representations of cellular metabolism that include genes, enzymes, reactions,
and metabolites, describing the associated gene–protein reaction (GPR) rules [58]. This
facilitates computation and prediction of phenotypes through techniques such as Flux
Balance Analysis (FBA) [59]. Using the optimization of an objective function of interest
(usually cellular growth), these models are capable of predicting the activity (rate) of
each reaction in the model. Despite being far from flawless, these simulations permit
speculation on the role of specific reactions/pathways in the simulated conditions. Indeed,
one of the most promising applications of GSMMs is the possibility, by key interventions
on the model itself, to include environmental conditions in the modeling framework,
i.e., researchers can opportunely tune some model parameters to represent the actual
(experimental) intracellular and extracellular contexts in their GSMMs. The two most
valuable examples in this context are represented by: (i) the possibility to define the
nutritional landscape of the model by setting the boundaries of uptake reactions to mimic
experimental nutrients’ availability, and (ii) the use of transcriptomic (as well as other
-omics) data to define the set of enzymes that the cell is actually expressing in vivo. Both
these methodologies constrain the model and create context-specific representations of the
bacterial metabolism, according to the conditions used to obtain such extra information
(nutrients’ availability and gene/protein/metabolite abundance). Since the first model ever
developed, for Haemophilus influenzae [60], several groups have continued with this task,
constructing models for other bacteria. Originally, GSMM have been exploited in metabolic
engineering of biotechnologically relevant strains, as the optimization of natural products
encoded by biosynthetic gene clusters (BGCs) [61,62].

GSMMs, however, have been progressively applied to many other areas of research.
Recently, several works have illustrated the tools for the development of metabolic net-
works of Gram-negative pathogens and the metabolism of priority pathogens reported
by the World Health Organization, the possible drug targets for them (antimicrobial phar-
macology), and the awareness of the spread of antimicrobial resistance pathogens [63–65].
Here, we rather focus on the study of the intertwined relationship between microbial
metabolism and antimicrobial resistance (including the development of novel drug tar-
gets) [66], and through a survey of currently available case studies, we show how GSMMs
can improve its understanding.

2. Case Studies
We have performed an operational classification of available case studies on the use

of GSMMs to study antimicrobial (AM) exposure/resistance into antimicrobials: non-
informed vs. informed (AM-non-informed vs. AM-informed) works. In the first group, we
include all those works that did not use experimental data obtained from cells exposed to
antimicrobial compounds to constrain and refine the model predictions. Conversely, all the
studies that used experimental data (mostly -omics data) obtained from cells exposed to
the antimicrobial molecule(s) to constrain the GSMM of the corresponding microorganisms
(Figure 2) will fall in the second group. This latter group of studies will include, for
example, those that used transcriptomic data obtained from microbial cells exposed to the
antimicrobial compound to “inform” the model on which reactions can be used to represent
the antimicrobial-exposed metabolic network. In other words, this approach permits to
“turn on/off” those reactions whose genes are/are not expressed or active during the
exposure to the antimicrobials.
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Figure 2. Schematic representation of AM-informed and AM-non-informed GSMM. (A) The combi-
nation of automatic metabolic reconstruction tools, literature, and strain-specific experiments leads to
the creation of general, strain-specific GSMM models that can be further used for downstream simu-
lations, leading, for example, to the prediction of possible drug targets. The integration with -omics
data obtained from ad hoc designed experiments permits the generation of context-specific GSMM,
capable of mimicking in a more reliable way the metabolic state of cells in the tested experimental
conditions. Such AM-informed models can then be used to study the differences in flux distributions
under such stressful conditions and/or to obtain to a more focused identification of condition-specific
gene essentiality patterns. (B) The approach proposed by Brynildsen et al. [67], to demonstrate the
link between ROS production and antibiotic efficacy. Including ROS-producing reactions in the
original Escherichia coli GSMM and using simulations of gene knockouts, they identified targets
(genes) whose removal would lead to an increased intracellular production of ROS. These mutant
strains were then (successfully) tested for increased ROS production and increased sensitivity to
antibiotics’ killing.

All the metabolic reconstructions cited in this work and that have been used in anti-
microbial resistance studies are reported in Supplementary Material Table S1.

2.1. AM-Non-Informed Models
Studying the metabolism of bacteria with the aim to prevent or fight AMR can be

carried out by performing analyses such as gene/reaction or metabolite essentiality (GE
and ME, respectively) in order to identify possible points of metabolic weakness of the
cell. This approach removes a gene/reaction (or a metabolite in case of ME analysis)
from the metabolic network and then simulates growth with FBA. In other words, every
time a gene, reaction, or metabolite is deleted, an FBA is performed using the biomass
production as the objective function. In 2009, in one of the first works of this kind, the
Acinetobacter baumannii’s AYE GSMM was reconstructed and used in combination with a
filtering framework of essential metabolites (EMFilter) to predict the most effective drug
targets [68]. The first part of the analysis predicted 211 essential metabolites and, on this
pool, the EMFilter was applied. The EMFilter is an algorithm that follows four steps. First,
it removes currency metabolites that participate in reactions shared by several organisms,
such as ATP and NADH. In the A. baumannii AYE case study, 179 metabolites remained
after this step. Second, it selects essential metabolites that are surrounded by at least
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two metabolite-consuming reactions, in order to enhance the drug impact (97 metabolites
remained). Third, it prunes essential metabolites that participate in human metabolism
as well (22 metabolites remained). Fourth, it removes essential metabolites that are being
consumed by human homologous enzymes, in order to avoid the possible interaction
between the drug and the human (rather than the microbial) drug target. After all the
steps of the filtering pipeline, the enzymes involved in the consumption of nine essential
metabolites were predicted as final drug-target candidates. As a confirmation, some of the
enzymes identified by this approach have been previously reported as drug targets.

Analogously to the A. baumannii AYE case study, Jenior’s group [69] decided to use
this methodology to explore the possible metabolic pathway targets of Clostridioides difficile.
They reconstructed the GSMMs of two strains (630 and R20291), and after the GE analysis,
they compared the prediction of essential genes for growth in silico and in vitro, obtaining
89.1% and 88.9% accuracies, respectively. This group identified the minimum subset of
metabolites necessary for growth, and subsequently, the carbon sources needed. Since
C. difficile utilizes phase variation to generate phenotypic (rough- or smooth-edge colony
morphology) and metabolic heterogeneity to maximize its fitness and virulence expression,
Jenior’s group aimed to characterize the differences between in vitro and in vivo conditions
using context-specific metabolic reconstructions derived from expression data. They found
differences in alanine transport and utilizations, as well as in glycolysis’ transporters
and metabolic reactions during periods of increased virulence expression. With the gene
essentiality analysis, they found numerous reactions that were essential only for the smooth
phenotype (especially in the pentose phosphate pathway, PPP), and surprisingly, no unique
essential reactions for the rough phenotype. Finally, by comparing the predicted core
metabolic activity of high- and low-sporulation conditions, Jenior’s group described how
both N-acetylneuraminate and cytidine are being consumed during infection and decrease
sporulation. These findings could help to find solutions to AM use in order to mitigate
C. difficile infections.

López-López’s group [70] also performed gene essentiality analysis in order to study
what could be the best way to develop drugs for ampicillin-resistant H. influenzae. They
refined its previous GSMM, and after the GE analysis, they found 11 genes of the fatty
acid biosynthesis pathway (FASII pathway), 6 genes for the phospholipid biosynthesis
pathway, and 12 genes encoding enzymes involved in lipid A biosynthesis. Since the
FASII pathway generates acyl carrier proteins (key components of the bacterial membrane),
these authors proposed that genes related to this pathway could work as a drug target,
specifically, beta-ketoacyl-ACP, which initiates fatty acid elongation cycles.

To link the (complex) carbon sources that one microbe might encounter in vivo and the
overall metabolic reprogramming during the infection process, Payne et al. [71] studied the
metabolic responses of Pseudomonas aeruginosa to different mucins. Mucins are polymeric,
highly glycosylated proteins produced by airway epithelial cells and submucosal glands
that play a key role in the microbe clearance and infection prevention. Even though
these proteins are not considered as antimicrobial agents, it is clear that the mucin–drug
interaction may have a remarkable impact on drug absorption since mucus is the first barrier
that drugs must overcome to be adsorbed [72]. This impact could be at the metabolic level,
i.e., by changing the metabolic state of bacteria. Payne’s group developed a high-quality
GSMM for P. aeruginosa (iPau21) that has 40 genes, 24 metabolites, and 76 reactions more
than the previous model, iPau1129. This new high-quality model was constrained using
transcriptomic data from the literature of four different conditions: casamino acids (no
mucin exposure), MUC5AC, MUC5B, and mucin-glycans, all of which are present in
different body parts prone to P. aeruginosa infection. Since the experiments were carried out
with strain PAO1, its genes in the transcriptomic dataset were mapped to PA14 orthologs,
and then the data were integrated with the iPau21 model. The integration of the data was
performed using RIPTiDe [73], a tool developed to integrate transcriptomic abundances
using parsimony of overall fluxes to identify the most cost-effective usage of metabolism
that best reflects the maximization of the biomass production, which was the objective
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function. These four conditions led to four context-specific metabolic models that had a
similar growth rate (less than five percent change). Payne’s group compared the metabolic
mechanisms of all four conditions using a non-metric multidimensional scaling (NMDS). It
showed that, even when there was no significant difference in the growth rate, exposure
to mucin MUC5B caused the largest shift in the metabolic pathways utilized for growth,
with MUC5AC in second place. Specifically, the fumarate and propionate metabolism
differed between the control and the MUC5B models. This suggested that such a metabolic
shift might be involved in the resistance mechanism of P. aeruginosa. Thus, they proposed
AMs that target proteins for fumarate and propionate metabolism in order to combat
mucin-resistant bacteria. Dahal et al. [74] recently refined the P. aeruginosa model (iSD1509)
and added a whole new pathway for ubiquinone-9 biosynthesis, required for anaerobic
growth. They validated the model in its totality using experimental data from different
works, including Dunphy’s [75]. In order to understand how the metabolism could change
under AM stress, Dahal et al. [74] performed flux sampling analysis using the biomass flux
as an objective function, but constrained to 90% of the biomass flux value obtained by the
FBA simulation, to mirror the presence of AM stress. In other words, the new biomass flux
was constrained to 0.9 ⇥ the biomass flux value from FBA. This method aims to obtain
several flux sets from the space of solutions in order to obtain a more robust result for each
flux sustained by each reaction, and they indeed confirmed previous results in that the TCA
cycle was found to be significantly upregulated in the fumarate-supplemented medium
compared to the glyoxylate-supplemented one. Hence, the model correctly differentiated
between metabolites that increased drug lethality versus those that did not and offered
mechanistic explanations for these responses. In conclusion, confirming Payne’s group’s
results [71], supplementing the medium with fumarate caused a higher oxygen uptake rate
due to a higher TCA cycle activity, leading to a higher drug efficiency.

Just as Payne et al. addressed the environmental–drug interaction scenario, evaluating
how mucins change the metabolic state of bacteria, Chung et al. [76] proposed a different,
metabolism-aware way to treat the multidrug-resistant (MDR) Klebsiella pneumoniae using
polymyxin B in low doses, plus exogenous metabolites as adjuvants, which have a lower
risk of resistance development. Chung’s group reconstructed the GSMM of four differ-
ent K. pneumoniae strains, one polymyxin-resistant, one polymyxin-susceptible, and two
polymyxin-susceptible but MDR. They studied seven different metabolites that were previ-
ously identified as significant metabolites perturbed by the combination with polymyxin B,
at the level of both gene expression and metabolism of the same pathway. In silico predic-
tions using flux sampling (i.e., without imposing an arbitrary objective function) revealed
that the presence of at least three of these exogenous metabolites (3-phosphoglycerate (3PG),
ribose 5-phosphate (R5P), and uridine 50-diphospho-N-acetylglucosamine (UACGAM)) en-
hanced the central metabolism (higher fluxes of glycolysis, PPP, and TCA cycle), increasing
bacterial growth. Since the growth rate is one of the factors that determines the phenotype
of susceptibility to antimicrobials, with a slow growth rate being associated with low an-
timicrobial activity, 3PG, R5P, and UACGAM were good candidates for a non-antimicrobial
plus polymyxin treatment. Chung’s group confirmed these results with time-kill studies,
where bacteria displayed a decrease in the growth rate when using polymyxin B plus 3PG,
R5P, or UACGAM, but not for the rest of the metabolites. Ultimately, this study provided
evidence of the possibility that an altered metabolism could change the antimicrobial effi-
cacy, also promoting the use of state-of-the-art modeling approaches to fully comprehend
molecular adaptations to antimicrobial exposure.

An additional methodology to look for potential drug targets in different organisms
is the combination of flux simulation-based techniques (e.g., FBA) with protein structure-
based ones, such as structure-based virtual screening (SBVS). The latter is one of the most
promising in silico techniques for drug design due to its robustness, and it is capable of
predicting the most likely interaction between two molecules to form a stable complex [77],
e.g., the drug and its target. Cesur and colleagues [78] used this protocol to find potential
drug targets in K. pneumoniae through the constraint-based analysis of its GSMM. They
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simulated three host microenvironments by setting specific bounds to each reaction flux and
set the biomass production as the objective function. Combining GE and ME analyses on
this GSMM, Cesur’s group performed a preliminary screening that led to the identification
of possible enzymatic targets, for which they identified the cellular compartments/function
and performed a “druggability” assessment, i.e., to estimate the affinity of the protein to
bind drug-like chemical compounds. Out of this selection procedure, one enzyme (encoded
by the kdsA gene) stood out. For this target, using the computer-aided drug design approach
(SBVS), Cesur’s group obtained two possible compounds, one of which showed to be quote
promising as it is a derivative of coumarin with low acute toxicity and already proven
high antimicrobial activity. Nazarshodeh and colleagues [79] also used the SBVS method
to identify drug effectiveness, but for E. coli. To this aim, they used a GSMM-PRO, i.e., a
genome-scale metabolic model integrated with protein structures. Combining GE analysis
(biomass production as the objective function) with a search for informative protein–ligand
complexes, they obtained 70 essential genes, accounting for 92 protein–ligand complexes,
which were proposed as drug targets. To perform SBV screening, the authors used the 3D
structures of FDA-approved drugs and ranked them against each essential target (ideally
more than one for potential polypharmacology cases). Finally, their pipeline suggested
eight known antimicrobials as possible drugs to target the essential genes found, proposing
a new therapeutic indication for these reported drugs (drug repurposing).

A possible advancement for this work is represented by the simulation of drug epista-
sis, as drug combinations can illuminate new possible therapeutic strategies that might be
inaccessible to single-target drugs, possibly eliminating functional redundancies exhibited
by metabolic networks. In 2016, Krueger’s group [80] studied the possibility of extending
FBA modeling in order to simulate drug effects over multiple doses. The methodologies
implemented by this group (FBA-res and FBA-div) optimize the biomass production and
account for the possibility that when a drug inhibits a reaction, (i) accumulated mass
will slow down the upstream reaction thermodynamically (FBA-res), or that (ii) upstream
reactions cannot sense or adjust to an inhibited downstream reaction on the timescale of
the drug inhibition, and the substrate is wasted, creating less biomass over time (FBA-div).
While these two theoretical approaches led to similar results to knockout simulations for
single-agent effects, they had very different predictions for combinations with the approach
simulating a flux-diversion to a waste reservoir (FBA-div), predicting potent antimicrobial
synergies targeting metabolism. Indeed, FBA-div was able to model the strong antimicro-
bial synergies that target serial enzymes within a pathway, being able to predict synergies
between three or more drugs.

2.2. AM-Informed Models
One of the most worrisome threats in clinical microbiology is the increasing frequency

of colistin resistance in A. baumannii [81]. Besides the important quest of new strategies to
tackle the issue, we also chose this case study because, in our opinion, the work performed
in the last years to tackle the issue of AMR in A. baumannii nicely underlines two main
features of genome-scale metabolic modeling: (i) the scalability and versatility of GSMMs
to be used with different experimental (-omics) datasets (even from previous studies, an
important feature in the context of data reuse), and (ii) the possibility to constantly update
and (possibly) improve pre-existing models once new data are available. In 2017, to address
new possible solutions for the treatment of infected patients and to overcome the appear-
ance of resistant phenotypes, Presta and colleagues [82] reconstructed the model of AMR
A. baumannii ATCC 19606 to perform a systems-level study of the antimicrobial response
in this bacterium. Specifically, to propose new targets for AM drugs, they performed GE
analysis. Since the exposure to the antimicrobial might alter the metabotype (Figure 1), the
authors used MADE (Metabolic Adjustment by Differential Expression) [83] to integrate the
transcriptomic data obtained during colistin exposure (after 15 and 60 min of exposure [84])
with A. baumannii’s GSMM, leading [84] to four context-specific metabolic models (treated
and untreated conditions at 15 and 60 min). After an FBA optimization using biomass
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production as the objective function, they compared the flux distributions for each treated
part and its untreated counterpart using the flux ratio and looked for the pathways these
reactions belonged to. The changes were mainly observed at the level of sugar and nu-
cleotide metabolism and fatty acid biosynthesis. Besides the analysis of general trends, the
combination of transcriptomic data and GSMM might in principle lead to the identification
of those genes that become essential under specific growth conditions (context-specific
essential genes), in this case following the exposure to colistin. In other words, the proteins
encoded by these genes might represent promising drug targets when coupled with colistin
treatment. Analyzing the essential genes for each condition, they found 9 and 5 genes
that are essential only after 15 and 60 min of colistin exposure, respectively, and removing
the genes with human orthologues (in order to exclude them as drug targets), they finally
identified five essential genes, whose proteins could represent specific drug targets.

The model reconstructed in this work (iLP844) led to further studies of A. bauman-
nii’s metabolic network. Indeed, it was taken as a reference for the reconstruction of
an improved model of the same strain (ATCC19606) [85] and for an A. baumannii AYE
strain model (iCN718) [86]. Both groups used iLP844 to compare and validate their own
model, by analyzing the shared genes and its growth on different carbon sources. Addi-
tionally, Norsigian’s group [86] used it to check and confirm reaction reversibility, and to
better describe the transport reactions present in both models. This refinement allowed
to interrogate the model on the interplay of multiple metabolic pathways under colistin
treatment in A. baumannii and to shed light on some key points to optimize polymyxin
combination therapy.

Another example is that of Banerjee and Raghunathan [87], who studied the case
of metabolic reprogramming when Chromobacterium violaceum, an opportunistic human
pathogen, is exposed to antimicrobials. They reconstructed C. violaceum’s model (iDB858).
After experimentally measuring several cell rates, they constrained different uptake values
of the model (glucose, violacein secretion, molar growth rate, ATPM, and oxygen) to
represent three different conditions: wildtype and exposure to chloramphenicol and to
streptomycin, both together and independently. Using the biomass production as the
objective function, performing FBA, FVA, and GE, they described a rewired central and
redox metabolism in the presence of each antimicrobial; specifically, high levels of NAD
recycling provided by pyruvate, suggesting a reprogramming of metabolism to compensate
for the stress consequences.

Researchers can take advantage of the already developed GSMMs for the organism
under investigation. In this case, the integration of -omics data for the reconstruction
of context-specific models (representing different metabotypes) can be performed in a
more or less straightforward fashion. This is the case of Dunphy’s group [75], who used
iPau1129 P. aeruginosa’s GSMM [88] and lab-evolved AMR lineages of carbon source uptake
data from a previous work [89] to contextualize the potential impact of gene deletion in
antimicrobial-resistant mutations (by setting the upper and lower bounds of the model
according to the experimental data). Dunphy and colleagues profiled the metabotypes
of four AMR lineages of P. aeruginosa: a lab-evolved phenotype, and piperacillin- (PIP),
tobramycin- (TOB), and ciprofloxacin (CIP)-resistant strains. Each strain had been grown
on 190 unique carbon sources, but there were only 14 growth-supporting carbon sources
common for all four lineages, revealing a strong metabolic reprogramming following the
exposure to each of the tested compounds. Since in Yen’s work they found that the PIP-
evolved lineage contained a large deletion of 343 genes, much higher than for the other
lineages, Dunphy’s group decided to analyze the role of each gene deletion and its impact
on the metabolic functions and cellular growth. They did so by performing a GE analysis in
silico using the biomass production as the objective function and repeated it on M9 minimal
media and 42 different carbon sources, independently. The next step was to look for the
intersection between predicted essential genes and the mutated genes in the PIP-evolved
strain in order to predict resistance-specific essential genes and to identify incorrect model
predictions. In conclusion, although the iPau1129 GSMM did not include several AMR
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genes, it was possible for Dunphy’s group to identify potential mutations impacting growth
phenotypes, such as the loss of L-leucine catabolism in PIP-evolved metabotypes.

Not surprisingly, most of the research concerning the effect of the cellular metabolic
state on antimicrobial resistance emergence and/or antimicrobial efficacy has been carried
out on Escherichia coli. In 2017, Zampieri et al. [23] used the most recent (to date) E. coli
metabolic reconstruction (iJO1366) [90] in order to understand the impact of metabolic
changes in the development of antimicrobial resistance. They selected three antimicrobials
with different modes of action: ampicillin, chloramphenicol, and norfloxacin, and then let
four independent lineages of the wildtype evolve resistance in minimal medium, either
with glucose or with acetate as the sole carbon source. Then, they performed metabolome-
based predictions using E. coli’s GSMM, and systematically maximized or minimized fluxes
for each reaction of the model, i.e., they iteratively changed the objective function to calcu-
late the shadow prices (the estimation of its sensitivity to changes in the availability of all
individual metabolites). Negative shadow prices mean limiting metabolites for the reaction.
In this way, reactions with overrepresentation of altered limiting metabolites could be
those with an active role in the evolution of resistance. They observed that most of the
evolved metabolic characteristics were present in pathways not directly affected by the an-
timicrobial. For the chloramphenicol-glucose-evolved populations, the evolved metabolic
characteristics involved sugar transport, oxygen uptake, and CoA formation, while for
the ampicillin-glucose-resistant populations, they involved nucleotide metabolism, serine
biosynthesis, and cell wall recycling. The authors found an important difference between
the ampicillin-glucose-evolved and ampicillin-acetate-evolved populations, with the first
one being eight times more sensitive to fosfomycin, and the latter more tolerant to it.
Thus, apparently, metabolic adaptation to antimicrobial exposure strongly depends on the
nutritional context.

Recently, several groups have proposed the combination of GSMM and machine
learning (ML) in order to broaden the space of predictions. ML is a method that handles
the automatic learning of machines without explicit programming (black box) and has been
widely used in the field of bioinformatics, and recently, in systems biology as well [91].
For example, in 2020, Kavvas et al. [92] proposed the integration of these two methods to
obtain results to a higher resolution, i.e., not just to analyze gene presence–absence, but
also to analyze the links of allele variations to observed phenotypes, such as antimicrobial
resistance. Kavvas’ group worked with Mycobacterium tuberculosis (TB) and built a genetic
variant matrix (G) containing the information of all drug-tested TB strains and all their
allelic variants. The abundance of AMR genes in the latest TB model (iEK1011) [93]
justified the use of this model for their analysis. The Metabolic Allele Classifier (MAC),
as they named it, is an allele-parameterized form of FBA, which takes the following
as constraints: (i) an antimicrobial-specific objective function, (ii) a steady-state space,
and (iii) upper and lower bounds for each reaction flux, in function to the information
in G. The last two points describe strain-specific separate polytopes for resistance and
susceptible strains within the overall flux space, and the first point is defined by the
objective function that best separates both polytopes, where the optimal solution is the
orthogonal vector to the plane that divides them, which is calculated with ML instead of
the linear program. The MAC yields a drug susceptibility binary status as a final output:
“susceptible” or “resistance” phenotype to a particular drug. Kavvas et al. tested three
different AM compounds: pyrazinamide, para-aminosalicylic acid, and isoniazid, and
performed pathway enrichment analysis out of the 197 alleles obtained, resulting in the
identification of processes that were known AM mechanisms. Overall, Kavvas’ group’s
work shed light on the possibility of studying allele variations–phenotype relations in
a determined strain using just one GSMM of the same bacterium. Another example of
the integration of the two methods (GSMM + ML) was reported by Pearcy et al. [94].
These authors aimed to reveal and describe the systemic relationship between the genetic
determinants of AMR and metabolic evolutionary adaptations in E. coli. Using a set of
unique E. coli genomes to analyze the AMR phenotypic variability, they developed a
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ML-integrated k-mer and SNP approach: they scanned entire genomes against selected
phenotypes, allowing for the identification of arbitrary numbers of genomic features ranked
on the strength of the correlation with the AMR and the susceptible phenotype (named the
Gradient Boosting Classifier). These genetic determinants, such as AMR genes and specific
mutations and alleles to specific phenotypes, were assessed using the GSMM: they used
FBA to constrain the model and predict the effects (different metabotypes, see Figure 1)
of the genetic determinants previously identified by performing gene deletion analysis in
the metabolic network. Pearcy’s group identified 20 genes essential for growth under rich
environment conditions, and the ones that had the highest importance depicted by the
ML method may be promising dual-mechanism antimicrobial targets: they would inhibit
essential metabolic pathways while reducing the bacterium’s ability to adapt.

A problem that is sometimes difficult to address is the impact of the combinations
of different drugs and/or how the drug efficacy (or the efficacy of drug combinations)
changes depending on the growth conditions. To address this issue, Chung et al. [95]
proposed an approach named Condition-specific Antibiotic Regimen Assessment using
Mechanistic Learning (CARAMeL). This method simulates context-specific metabolic fluxes
using GSMMs, constrained with environmental conditions, -omics data, and metabolite
composition from control and mono- or multi-treatments. Obtained (simulated) fluxes are
then used to train a ML model to predict interaction outcomes for novel drug combinations
(using the Random Forests algorithm). Using E. coli’s and M. tuberculosis’ GSMMs, Chung’s
group assessed their methodology using several scenarios with multiple drugs and clinical
trials, inferring a set of differentially regulated genes by calculating the differential fitness
(from chemogenomic data) and expression (from transcriptomic data). Then, they assigned
four scores for each condition and trained ML models to associate the described profiles
to drug combination outcomes, as interaction scores. After comparing the predictions
with experimental data (-omics and literature) and assessing the performance for synergy
and antagonism scenarios, the authors’ approach revealed to be accurate in predicting
combination therapy outcomes. Afterwards, they assessed how a pathogen adapts to a
first drug and how this, in turn, influences its sensitivity to a subsequent drug. Using data
from evolved E. coli in single-drug treatments over different timespans and subsequent
treatments, CARAMeL once again yielded robust predictions, also when addressing the
model sensitivity to a broad range of drug combinations and growing media.

Even when there have been other methodologies that do not use GSMMs [96], the
joint effort of each of the approaches described in this review gives a broad perspective of
the relationship between the metabolic state of bacteria and the effect of an antimicrobial.
As described in the previous section, the nutrient contents of the bacterial medium can alter
the metabolic state of bacteria, inducing different responses under AM stress, just as the
results of 81,93] showed. Additionally, integrating different types of -omics data, GSMM,
and ML, defining a context-specific objective function [92,97], and/or performing GE and
ME analysis not only helps to understand the different AM metabotypes in bacteria, but
also helps to shed light on the drug development and drug repurposing areas [71,74,78,79],
in order to find antimicrobials able to kill bacteria with active metabolism, even if there
is no growth. However, there are still some scenarios to address, such as the study of
non-protein-coding regions, since it has been found that they can confer resistance as
well [94,98].

Lastly, we would like to refer to a case study that used GSMMs predictions to enhance
the killing activity of antibiotics. Brynildsen et al. [67,99] exploited the link existing be-
tween ROS production and antibiotic killing activity and used genome-scale metabolic
modeling to identify metabolic targets that could lead to the overproduction of such ROS
species and that could potentiate the action of several different antibiotics. Specifically,
the metabolic network of E. coli was systematically perturbed (through the simulation of
single-gene knockouts), and its flux distribution was analyzed to identify targets predicted
to increase ROS production, i.e., genes whose removal from the WT would increase the
intracellular ROS concentration. Remarkably, such computationally predicted targets were
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experimentally validated and demonstrated to confer increased susceptibility to oxidants
and to killing by antibiotics. A schematic representation of the overall pipeline used in this
work is reported in Figure 2B.

3. Future Directions
The use of genome-scale metabolic modeling has improved our understanding of

the intertwined relationship between metabolism and antimicrobials. We believe that the
most useful application of GSMMs resides in using them as scaffolds for the interpretation
of -omics datasets, as this helps in reducing the space of possible solutions, for example,
after an FBA simulation, and to identify the most likely set of active reactions in a specific
condition. Indeed, the speed and ease-of-use of constraint-based simulations comes at
the cost of many (sometimes unrealistic) constraints that must be imposed on the model
to make it mathematically solvable. Among them, the one that most impacts the use of
genome-scale metabolic modeling for studying the response of microbial cells to cellular
perturbation is probably the identification of a proper objective function, i.e., the reaction in
the metabolic network that describes the primary objective of the cell in a specific growth
condition [100]. While it seems reasonable to assume that, in laboratory conditions (e.g.,
growth in a bioreactor), the generation of new biomass would be the main cellular objective
of the population, we think that this prerequisite is hardly met in a stressful condition such
as the exposure to antimicrobials. For this reason, FBA simulations that encompass the
use of a biomass-oriented objective function to mimic an antimicrobial-exposed/tolerant
metabotype might not be capable of adequately representing the pool of active reactions in
the cell. While the majority of the studies (also reviewed in this work) have not directly
tackled this issue up to now, others have observed that the exposure to antimicrobials and
the evolution of resistance may introduce novel and still unexplored metabolic constraints
and cellular objectives. This, in turn, hampers the identification of the actual objective
function(s) that drive metabolic adaptation to antimicrobial exposure [23]. Computational
approaches can be used to mitigate this effect, for example, by assuming that altered
metabolite concentrations in antimicrobial-resistant strains may reflect an attempt to redi-
rect intracellular fluxes toward specific but unknown metabolic objectives to drive and
compensate for resistance [23,101]. In [92], the problem of correctly capturing the cellular
objective of the antimicrobial-resistant phenotypes was circumvented by integrating GWAS
information with the E. coli metabolic model and deriving an “antimicrobial-specific objec-
tive” function that provides novel insights regarding the metabolic basis of the mutations
involved in antimicrobial resistance. This was achieved by determining the set of potential
constraints imposed by an allele through discretization of the flux solution space; thus,
deriving the metabotypes that more closely resemble the stressful conditions faced by cells.
To tackle the same issue, i.e., the definition of a proper objective function under stressful
conditions, Montezano et al. [97] studied the response of the M. tuberculosis bacterium
when exposed to mefloquine, and integrated condition-specific proteomic data with its
GSMM model to derive an antimicrobial-informed biological objective function, i.e., the
actual cellular overall objective when facing antimicrobial-induced stress.

When experimental information on the cellular state in the presence of antimicrobials
are not available, the exploration of the possible solution space through sampling methods
(e.g., random flux sampling [101–104]) allows to define the possible set of active reactions
without the necessity of defying a biomass-oriented objective function. In particular,
random flux sampling can be used to characterize the solution space within a GSMM,
allowing the identification of a statistically significant number of solutions that have been
uniformly distributed throughout the entire solution space. In this way, an estimated
probability distribution for each reaction’s flux in the network can be obtained without
necessarily assuming growth as the primary objective function. Accordingly, random flux
sampling might be a more reliable approach to simulate the metabolism of bacteria that
are exposed to challenging conditions, such as the presence of antimicrobial molecules, in
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which the survival and the maintenance of basic metabolic functions with minimal cost
may be more realistic objectives.

Population-level metabolic heterogeneity (i.e., cell-to-cell variation in metabolism
within an isogenic population) is known to play a key role in the response of microbes to
antimicrobial stress [105], and several pathogens have been shown to take on a distinct
metabolic state in vivo to tolerate antimicrobials. Canonical genome-scale metabolic mod-
eling approaches typically represent the averaged metabolic state of entire populations
and, as such, are not suited to capture single-cell metabolic differences. Additionally,
this within-population variability seems to have a stochastic basis [106], another feature
whose modeling with a constraint-based approach has been seldomly attempted in the
past. Recently, however, computational methods to tackle both the metabolic heterogeneity
within a population and the stochastic nature of certain cellular processes and their impact
on metabolism have been developed [107,108]. Besides revealing important basic insights
into the possible consequences of the stochasticity that is implicit in some biological cir-
cuits, these methods pave the way for their exploitation in the study of the metabolic state
of bacterial cells in a population in the presence of antimicrobials. Since, for example,
persisters are known for their lowered metabolic state, such an approach could indicate
which pathways should be revived to reduce the fraction of dormant persister cells, and
thus to develop metabolic-oriented and more effective therapies. Indeed, there could
be different and independent ways through which metabolic dormancy is reached (i.e.,
downregulation of different metabolic pathways) within a population, and genome-scale
metabolic modeling might help in identifying which of them is/are actually playing a role
in persisters’ survival. In this context, methods such as BacDrop [109] that permit to eluci-
date the heterogeneous responses of microbial cells to antimicrobial stress using single-cell
RNA-sequencing on millions of single bacterial cells could permit adding a further layer of
information (constraints) to the model, thus refining the predictions. Overall, there seems to
be a methodological gap in the repertoire of computational approaches able to simulate the
(sub-optimal) metabolic landscape of persister cells. Additional effort is thus required to de-
velop tolls and theoretical frameworks to generate testable hypotheses on the mechanisms
through which tolerance/persistence is achieved at the whole population level.

As we saw in the case studies, the modeling of antimicrobial-induced metabolic
changes has recently been boosted by the combination of ML methods with GSMMs.
There are (at least) three different ways for integrating ML with constraint-based metabolic
modeling (see Sahu et al. [110] for a thorough review), and ML can be used to identify
those cellular components (e.g., genes, transcripts, metabolites) that should actually be
included in the corresponding metabolic model [111,112]. Other ML methods can be
directly integrated with the FBA algorithm [113]. Finally, the outcomes (flux distributions)
of an FBA simulation can be analyzed and further refined by using ML. In the context of
antimicrobial stress, a flux-based ML model was recently used to simulate the impact of
metabolic heterogeneity on drug interactions and to predict the outcomes of novel and
unseen combinations of drugs in E. coli and M. tubercolosis. It is important to stress that
the relevance of such hybrid models (and of GSMMs in general) resides in their capability
of providing a mechanistic understanding of how biological circuits (metabolism in this
case) respond to environmental stresses/fluctuations, and which strategies are the most
promising in preventing antimicrobial resistance/tolerance/persistence [114].

Supplementary Materials: The following supporting information can be downloaded at: https:
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in this work and that have been used in antimicrobial resistance studies. References [23,68–71,74–
76,78–80,82,87,92,94,95] are cited in the Supplementary Materials.
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3.2.2 GSMM of cold adapted bacteria

Genome-scale metabolic models can be constrained using -omic data, that is in-

formation that describe how the genes are influenced by certain conditions. In

other words, the models are being contextualized in order to have a better repre-

sentation of the bacterial metabolism in specific cases.

Since microbial communities are constantly subjected to environmental chan-

ges, with temperature variations being among the most significant factors influ-

encing their behavior, studying their metabolism in specific scenarios is crucial.

This is particularly relevant in the context of global warming, but it is also evident

in cyclic scenarios, such as seasonal changes in sea-surface temperatures. Here is

where we can use -omic data to gain insights into how microorganisms respond

at the cellular level to these changes, so we can deepen our understanding of their

strategies for adapting to fluctuating environments.

In this study, we explored the mechanisms by which a cold-adapted marine

bacterium maintains metabolic homeostasis when grown at two distinctly differ-

ent temperatures, 15°C and 0°C. To achieve this, we quantified both its intracellu-

lar and extracellular central metabolomes and analyzed transcriptomic changes

under these conditions, the two growth temperatures.

Using MATLAB 2019a, COBRA toolbox and REMI method we integrated the

transcriptomic data as TPM gene expression and the metabolomic data as relative

concentration values for metabolites into the genome-scale metabolic reconstruc-

tion of Pseudoalteromonas haloplanktis TAC125. This is an Antarctic bacterium that

has received much attention in the last decade due to the interest in characteriz-

ing its cold-adaptation and nutritional adaptation strategies. In this way, we esti-

mated the differences between conditions by predicting the flux of each reaction

present in the pathways TCA cycle, glycolsis, PPP and fatty acids metabolism.

The resulted fluxes of our constrained models showed a remarkable robust-

ness in the bacterium’s central metabolism, with the concentrations of key metabo-

lites remaining relatively stable despite the substantial temperature difference. In
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other words, there were more than 600 differentially expressed genes, belong-

ing to different functional categories, however the intracellular concentrations of

circa 90% of the analyzed metabolites (34 in total) were statistically similar in both

temperature conditions (Spearman correlation, P value>0.05). These striking re-

sults suggests that P. haloplanktis TAC125 has a remarkable capability to buffer the

temperature shifts, producing a stability supported by extensive transcriptomic

reprogramming, involving significant changes in the expression of hundreds of

metabolic genes.

Additionally, our findings pointed out that the metabolic adaptation is mainly

happening due to shifts in a small number of critical intermediates, such as phos-

phoenolpyruvate (PEP), and to the interactions between TCA cycle and fatty

acids metabolism pathways. These results highlighted the complex interplay

between gene expression and metabolic processes, which contributes to the re-

silience of core metabolism. Our study also emphasizes the value of combining

advanced multidisciplinary approaches to shed light on the molecular mecha-

nisms underlying microbial responses to environmental changes, especially when

facing a global warming scenario.
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ABSTRACT Microbial communities experience continuous environmental changes,
with temperature fluctuations being the most impacting. This is particularly impor-
tant considering the ongoing global warming but also in the “simpler” context of
seasonal variability of sea-surface temperature. Understanding how microorganisms
react at the cellular level can improve our understanding of their possible adapta-
tions to a changing environment. In this work, we investigated the mechanisms
through which metabolic homeostasis is maintained in a cold-adapted marine bacte-
rium during growth at temperatures that differ widely (15 and 0°C). We have quanti-
fied its intracellular and extracellular central metabolomes together with changes
occurring at the transcriptomic level in the same growth conditions. This information
was then used to contextualize a genome-scale metabolic reconstruction, and to pro-
vide a systemic understanding of cellular adaptation to growth at 2 different tempera-
tures. Our findings indicate a strong metabolic robustness at the level of the main
central metabolites, counteracted by a relatively deep transcriptomic reprogramming
that includes changes in gene expression of hundreds of metabolic genes. We inter-
pret this as a transcriptomic buffering of cellular metabolism, able to produce overlap-
ping metabolic phenotypes, despite the wide temperature gap. Moreover, we show
that metabolic adaptation seems to be mostly played at the level of few key inter-
mediates (e.g., phosphoenolpyruvate) and in the cross talk between the main central
metabolic pathways. Overall, our findings reveal a complex interplay at gene expres-
sion level that contributes to the robustness/resilience of core metabolism, also pro-
moting the leveraging of state-of-the-art multi-disciplinary approaches to fully compre-
hend molecular adaptations to environmental fluctuations.

IMPORTANCE This manuscript addresses a central and broad interest topic in envi-
ronmental microbiology, i.e. the effect of growth temperature on microbial cell physiol-
ogy. We investigated if and how metabolic homeostasis is maintained in a cold-adapted
bacterium during growth at temperatures that differ widely and that match measured
changes on the field. Our integrative approach revealed an extraordinary robustness of
the central metabolome to growth temperature. However, this was counteracted by
deep changes at the transcriptional level, and especially in the metabolic part of the tran-
scriptome. This conflictual scenario was interpreted as a transcriptomic buffering of cellu-
lar metabolism, and was investigated using genome-scale metabolic modeling. Overall,
our findings reveal a complex interplay at gene expression level that contributes to the
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robustness/resilience of core metabolism, also promoting the use of state-of-the-art
multi-disciplinary approaches to fully comprehend molecular adaptations to environ-
mental fluctuations.

KEYWORDS cold-adaptation, genome-scale modeling, metabolomics, transcriptomics

Microorganisms are able to colonize virtually every environmental niche on Earth
(1). They have adapted for millions of years prospering under conditions such

extreme as water boiling or freezing points, high radiation, acidic or alkaline pH values,
heavy metal pollution, and high salinity (2). Growth temperature, in particular, is one of
the environmental parameters that mostly impact the physiology of microorganisms
and that is thought to have played a key role in their adaptation, selection, and diversifica-
tion (3). Given the geological history of our planet, it is reasonable to think that adaptation
to changing temperatures has independently occurred many times in evolution; conse-
quently, there exists a vast array of molecular strategies for this purpose, disseminated in
the microbial kingdom (4–6). Their characterization is key in this phase of Earth’s life, as
global change is imposing rapid/drastic modifications in basic environmental parameters
(including temperature) that, in turn, will solicitate the activation of such tempera-
ture-adaptation related pathways in microbial communities. Understanding which
genes get activated or which compounds get secreted in the environment following
an increase of water temperature will help us model and predict the scenarios of mi-
crobial communities in a changing environment.

Without necessarily invoking global change, the need to rewire cellular networks in
response to temperature shifts is likely a common feature in natural microbial com-
munities. The temperature in the Southern Ocean, for example, is anywhere from -2 to
10°C, since Antarctic water temperature fluctuation responds to the seasonal advance
and retreat of sea ice (7). Therefore, marine microorganisms are exposed to seasonal
oscillations in temperature. Upper-ocean microbes can experience a higher variability
in sea-surface temperature and their working temperatures exceed the in situ Eulerian
temperature range by up to 10°C (8). Recent findings demonstrate how even upper-
ocean microbes experience along-trajectory temperature variability up to 10°C greater
than seasonal fluctuations as a result of large-scale climate variability, indicating a re-
markable thermal tolerance by the drifting microbial populations in fluctuating marine
environments (8, 9). From a cellular viewpoint, previous studies of cold- and heat-
adapted microbes have revealed a variety of molecular adaptations that allow their ac-
tivity and survival under extreme conditions. These initially involve the change in the
expression of specific gene sets but, ultimately, the regulatory changes imposed by
temperature increase/decrease are mostly implemented at the metabolic level, since
this represents, in the words of Prof. Oliver Fiehn, “the ultimate response of biological
systems to genetic or environmental changes” (10). These variegate adaptation strat-
egies observed in temperature-stressed microorganisms indicate that: (i) each microor-
ganism may follow a peculiar route to maintain cellular homeostasis when facing tem-
perature fluctuations (11–13), and (ii) there exists intense cross talk between regulatory
and metabolic networks in the response thereof (14).

Here, we specifically investigate the molecular mechanisms through which meta-
bolic homeostasis is maintained in a marine bacterium that (in its natural settings) is
known to experience such broad seasonal temperature fluctuations. Indeed, rather
than studying the consequences of a cold shock event (a circumstance that rarely
occurs in nature), we here focus on the comparison of the main cellular networks in
cells growing at 2 different temperatures. This was performed through the integration
of metabolomic and transcriptomic data unitedly with genome-scale metabolic model-
ing of the Antarctic bacterium Pseudoalteromonas haloplanktis TAC125 (PhTAC125).
This bacterium (15) has been isolated from an Antarctic coastal seawater sample col-
lected in the vicinity of the French Antarctic station Dumont d’Urville, Terre Adélie (66°
40’ S; 140° 01’ E) and has received much attention in the last decade due to the interest
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in characterizing its cold-adaptation and nutritional adaptation strategies, as well as its
biotechnological potential (16–19).

We show that different growth temperatures induce broad transcriptional changes
that involve genes of many key metabolic pathways. This transcriptional rewiring, how-
ever, is scarcely reflected at the level of the core metabolism, as most key central
metabolites show overlapping trends at the 2 tested temperatures. The obtained
-omics data were used to compute the flux distributions sustaining growth at low and
high temperature, and this provided a mechanistic understanding of the possible ad-
aptation strategies to temperature fluctuations.

RESULTS
We cultivated PhTAC125 cells in a bioreactor and sampled the 0 and 15°C growth

curves at 5 different time points (Fig. 1A and B) that overall resembled the same physi-
ological conditions for the 2 experiments. For the 0°C growth, we sampled the follow-
ing time points: 70, 141, 179, 190, and 240 h. The 15°C curve was sampled at 6, 14, 20,
25, and 39 h. The average growth rate of the 2 cultures varied, being 0.11 (standard
deviation (s.d.) 0.011) h21 and 0.016 (s.d. 6.4e205) h21 at 15° and 0°C, respectively. The
same calculation was repeated and limited to the exponential phases of the two cul-
tures, yielding 0.27 (s.d. 0.006) h21 and 0.027 (s.d. 0.0009) h21 at 15° and 0°C, respec-
tively. The samples obtained were used for intracellular and extracellular metabolites
quantification through nuclear magnetic resonance (NMR) (see Materials and
Methods). For 2 of these time points (Fig. 1A and B, labeled as “1”), we also per-
formed quantified gene expression levels using RNA-Seq.

PhTAC125 metabolome is qualitatively and quantitatively robust to tempera-
ture shift. Overall, we assigned and analyzed the concentration of 34 intracellular
metabolites in the 2 growth curves. These metabolites represented key intermediates
of central metabolic pathways, such as the TCA cycle, amino acids biosynthesis, glycoly-
sis, Pentose Phosphate Pathway (PPP), and nucleic acids biosynthesis. Our NMR metabo-
lomic approach was not able to discriminate between the oxidized and reduced forms
of NAD and NADP, so we generally refer to NADX and NADPX in the rest of the manu-
script. First, we monitored the overall trends of their intracellular concentrations with
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respect to the beginning of the growth experiment (Fig. 2A) by computing the Pearson
product moment for each metabolite across the five time points and the relative statisti-
cal support (Spearman correlation, P value , 0.05 (Fig. 2B)). Strikingly, for about 90% of
the analyzed metabolites, we found a positive correlation between the variation of their
concentrations during the 2 separate growth experiments (at 0 and 15°C). These positive
values ranged from 0.21 in the case of aspartate to 0.96 in the case of malate. Ethanol
and thymidine displayed a Pearson product moment correlation (PPM) quite close to
zero (-0.16 and -0.1, respectively), thus showing no correlation in the two experiments.
Finally, the concentrations of PEP and ribose were negatively correlated in the 2 growth
experiments, with PPM of -0.9 and -0.57, respectively. The negative correlation of PEP
was supported statistically (Spearman correlation, P value = 0.03692).

To qualitatively assess the change in concentration of each metabolite against each
other, we computed the all-against-all correlation among the metabolites identified in
our study. The results of this analysis are reported in Fig. 2D. We observed 2 main
blocks of metabolites: 1 embedding amino acids (with the exception of glutamate and
glutamine), and 1 mostly including intermediates of the main central metabolic path-
ways (TCA, PPP, nucleic acids biosynthesis). Each of these clusters was characterized by
a strong (and statistically supported) correlation among the representatives of the
same cluster, and an equally relevant anti-correlation with the members of the other
cluster. Overall, the intracellular concentration of amino acids was shown to increase
over time, whereas the level of, for example, TCA and PPP intermediates was shown to

FIG 2 (A) Normalized intracellular metabolites concentration across the 5 time points. (B) Correlation of each intracellular metabolite at 0 and 15°C
(asterisks indicate Spearman correlation P value , 0.05). (C) Comparison of the concentration of each intracellular metabolite at 0 and 15°C (asterisks
indicate statistically significant correlations, i.e., P value , 0.05). (D) All-against-all correlations between intracellular metabolites at 0 and 15°C.
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decrease throughout the growth experiment. To assess whether the growth tempera-
tures had a role in determining the observed trends in metabolite concentrations, we
computed an all-against-all correlation for each metabolite at 0° and 15°C separately,
and then evaluated whether these 2 correlation matrices differed significantly. The
t-tests performed supported no significant differences between the means of these
2 comparisons (P values = 0.74 and 0.89, respectively) suggesting that, despite the
large difference in growth temperatures, the overall dynamics of intracellular core
metabolites were maintained, pointing to an apparent structural metabolic robust-
ness to growth temperature. This robustness was also conserved quantitatively, as
the average concentration of each metabolite was maintained similar across the 2
different growth experiments (Fig. 2C). Indeed, except for 6 metabolites out of 34
(acetate, glutamine, glucose, PEP, NADX, and NADPX, t test, P value , 0.05, but
P value . 0.05 after correction for multiple testing with the Bonferroni method), no
other average metabolite concentration showed a significant difference at 0 and
15°C (Fig. 2C and Fig. S1).

A similar scenario was observed for the pool of (17) quantified extracellular metabo-
lites (Fig. 3A). Consistently with growth conditions, glutamate and gluconate concen-
trations decreased over time until their exhaustion from the growth medium (Fig. 3A),
a trend that (i) indicated the almost simultaneous consumption of these 2 nutrients
and (ii) was observed at both 0 and 15°C. Out of the 17 extracellular metabolites that
were quantified in our experiments, 16 showed a positive correlation between their
trends at 0 and 15°C (Fig. 3B). In particular, 10 of them displayed a PPM above 0.5. The
only metabolite whose trend differed in the 2 experiments was 2-oxoglutarate (PPM =
20.4). This situation was mirrored at the quantitative level (Fig. 3C). Indeed, none of
the extracellular metabolites showed a statistically significant difference between 0°

FIG 3 (A) Normalized extracellular metabolites concentration across the 5 time points. (B) Correlation of each intracellular metabolite at 0 and 15°C
(asterisks indicate Spearman correlation P value , 0.05) (C) Comparison of the concentration (in a.u.) of each extracellular metabolite at 0 and 15°C
(asterisks indicate statistically significant correlations, i.e., P value , 0.05). (D) All-against-all correlations between extracellular metabolites at 0 and 15°C.
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and 15°C growth experiments. Finally, metabolomic data allowed us to evaluate the
uptake kinetics of glutamate and gluconate in the tested conditions (Fig. 1C and D),
revealing that the 2 carbon sources were taken up almost simultaneously in the 2
experiments, and were depleted/exhausted around T4.

The 0 and 15°C transcriptomes of PhTAC125.We next characterized the transcrip-
tomes of PhTAC125 at 0 and 15°C. We sampled both curves during exponential growth
(Fig. 1A and B, sample points “1”), and sequenced the transcriptome using RNA-Seq
technology (see Materials and Methods section). The main features of transcriptomic
data are shown in Table S1 and Fig. S2 and S3.

Differentially expressed genes (DEGs) were identified using a log2 fold change of 1
(or -1) and an adjusted P value of 0.05 as thresholds. Overall, we identified 607 differen-
tially expressed genes in the comparison between growth at 15° and 0° C, with an
almost identical amount of up- and downregulated genes at 15°C (304 and 303 genes,
respectively). The outliers of up- and downregulated genes are shown in Fig. 4A and
described in Table 1. Remarkably, out of 607 DEGs, 359 were metabolic protein-coding
genes (roughly 59%).

Here we first describe specific features of outlier DEGs, and then focus our attention
on broader functional categories that embedded the highest fraction of differentially
expressed genes. Among the top 5 downregulated genes, 2 lacked a clear functional
annotation (PSHA_RS12380 and PSHA_RS08940), and further experiments are required
to understand their role in the adaptation to growth at warmer temperatures. Two of
them (PSHA_RS07950 and PSHA_RS06965) were annotated as TonB-dependent recep-
tors, suggesting their involvement in the uptake and transport of large substrates, pos-
sibly siderophores complexes and/or vitamins. The remaining gene (PSHA_RS11830) is
annotated as NAD-dependent succinate-semialdehyde dehydrogenase, responsible for
the conversion of succinate-semialdehyde to succinate. The downregulation of this
gene is in line with the lower intracellular concentration of succinate at 15°C, as dis-
cussed later in the text. Strikingly, among the over-expressed genes during growth at
15°C, we found a prevalence of cold shock related proteins (4 out of 5) and a RNase R
encoding gene (PSHA_RS14645). Although no functional studies have been done on
cold shock responses and cold shock proteins (CSPs) from psychrophilic bacteria,

FIG 4 (A) Volcano plot of up- and downregulated genes. (B) COG categories of up- and downregulated genes (asterisks indicate significantly enriched
functional categories). (C) Percentage of differentially expressed genes over the total gene of a subset of PhTAC125 central metabolic pathways.
Differentially expressed genes are represented in green (downregulated) or red (upregulated).
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similarities with the CSPs that are produced in mesophiles have been observed. In par-
ticular, the over-expressed CSPs in PhTAC125 share an amino acid sequence identity
ranging between 63.8% and 65.6% with the mesophilic cspE of E. coli. Furthermore,
these proteins contain highly conserved RNA-binding motifs, RNP1 (K-G-F-G-F-I) and
RNP2 (V-F-V-H-F) (20, 21), indicated by a black box in Fig. S4.

PSHA_RS14630, PSHA_RS14635, PSHA_RS14640 and PSHA_RS16715 contain 1 highly
conserved nucleic acid-binding domain, called cold shock domain (CSD, http://pfam.xfam
.org/family/PF00313), which is annotated as RNA chaperone/anti-terminator. Moreover,
the NCBI identifies both genes PSHA_RS14635 and PSHA_RS14640 as encoding for the
same protein (WP_011329604.1), while the others encode for proteins with a different
identifier but virtually same sequence. Cold shock proteins would normally counteract the
deleterious effects of temperature drop, enabling the cells to grow at low temperatures
(22). Jiang et al. proposed the role of cspA as an RNA chaperone capable of melting the
RNA secondary structure (23), thereby enhancing translation of mRNAs at low tempera-
tures. However, counterintuitively with their given name, not all members of the CSP fam-
ily are cold-inducible, and their expression is activated upon different stresses (24). For this
reason, CSPs might be required for bacterial adaptation to environmental changes. The
fifth upregulated protein, RNase R, belongs to the RNR family. In Escherichia coli, the RNase
R consists of a central nuclease domain, 2 cold shock (CSD) domains near the N-terminal
region of the protein, an S1 domain and a highly basic C-terminal region (25). Cairrão et al.
showed that the rnr gene is co-transcribed with flanking genes as an operon induced
under cold shock in E. coli (locus tag b4179) (26). There is an important analogy here since,
although PhTAC125’s operon map isn't available, its top 4-upregulated genes are mapped
consecutively on the genome, with coding sense on the same strand (1), spaced by an av-
erage distance of 216 nucleotides. The homology to a variety of domains involved in stress
response, together with our observation of a strong upregulation during growth at 15°C,
may indicate that PhTAC125 strives to mediate the elimination of detrimental secondary
structures and a temperature rise promotes the expression of enzymes that are required
for the correct processing of rRNA precursors.

Extending the analysis to a broader functional level, we identified significant differ-
ences in 12 COG categories. Specifically, intracellular trafficking, secretion and vesicular
transport, signal transduction mechanisms, cell motility, cell wall/membrane/envelope
biogenesis, replication, recombination and repair and cell cycle control, cell division, and
chromosome partitioning functional categories were found to be over-represented among
upregulated genes during growth at 15°C. This matches the results from recent works on
the characterization of the evolutionary pathways responsible for thermal adaptation, and
the overall notion that one of the main effects of temperature increases on cell physiology
consists in the disruption of membrane integrity caused by increased fluidity (27, 28).
Overexpression of cell wall and membrane biogenesis-related genes might help overcome
this feature associated with growth at higher temperatures.

Conversely, genes involved in post-translational modification, protein turnover,

TABLE 1 The list of the top-five down- and upregulated genes and their functions

Locus tag log2FC Padj value Annotation
PSHA_RS12380 26.58 2.43e-100 Hypothetical protein
PSHA_RS07950 25.99 1.52e-65 TonB-dependent receptor
PSHA_RS06965 25.53 6.72e-07 TonB-dependent receptor
PSHA_RS11830 24.44 2.64e-27 NAD-dependent succinate-semialdehyde

dehydrogenase
PSHA_RS08940 -4.33 1.85e-53 PA2169 family four-helix-bundle
PSHA_RS14635 7.93 1.99e-63 Cold-shock protein
PSHA_RS14640 6.73 4.02e-13 Cold-shock protein
PSHA_RS14630 5.94 2.03e-38 Cold-shock protein
PSHA_RS14645 5.48 9.73e-31 Ribonuclease R
PSHA_RS16715 3.94 1.25e-21 Cold-shock protein
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chaperones, translation, ribosomal structure and biogenesis, lipids, nucleic acids and
amino acids transport and metabolism, as well as energy production functional catego-
ries, were over-represented among downregulated genes during growth at 15°C (Fig. 4B).
We believe that this analysis depicts the system-level adaptation of bacterial life to diverse
growth temperatures, and is in line both with the physiological features observed in this
work and with previously obtained data on cold/warm adaptation. Indeed, the significant
over-expression of genes broadly related to cell replication (COG categories L, M, and D)
is in line with the higher growth rate observed at 15°C in respect to 0°C, over the entire
growth period (Fig. 1 and B), and in the specific time interval where RNA was sampled.
Further, the over-expression of cell motility at warmer temperatures is in perfect agree-
ment with previous assays on PhTAC125 motility that had shown a reduced swimming
capability of this strain at 0°C (18).

Surprisingly, the upregulation of cell growth related processes is counteracted by a
general downregulation of cellular metabolism. Key processes of PhTAC125 core me-
tabolism such as amino acid, lipid, and nucleotide metabolism together with energy
production/conversion, were found to be downregulated (Fig. 4C). As mentioned pre-
viously, among 607 DEGs, 359 (59.14%) were metabolic genes. Zooming in at the level
of the single pathways (Fig. 4C) revealed that the downregulation affected most of the
key central pathways of PhTAC125 metabolic network (including, for example, glycoly-
sis, TCA cycle, PPP, and amino acids biosynthesis genes). In these pathways, the num-
ber of downregulated genes strongly outpaced that of upregulated genes (Fig. 4C).
Thus, despite consistent intracellular and extracellular metabolic profiles between the
2 tested growth temperatures, the underlying expression of metabolic genes showed
an opposite trend, with a remarkable number of DEGs in the 2 growth conditions. For
example, the intracellular pools of key TCA intermediates (fumarate and malate)
(Fig. 2C) were shown to be similar between 0 and 15°C, despite more than 50% of the
TCA genes being differentially expressed in the 2 conditions (Fig. 4C). Similarly, the in-
tracellular concentration of amino acids was shown to be comparable between the 2
conditions (Fig. 2C), whereas the level of expression of their corresponding biosyn-
thetic genes was shown to be significantly different (Fig. 4C).

Accordingly, we hypothesize that the transcriptional network of PhTAC125 provides
a buffering mechanism through which metabolic homeostasis is maintained, at least at
the level of the central metabolism. In the next section we will combine metabolomic
and transcriptomic data with a genome-scale metabolic reconstruction of PhTAC125 to
unravel the intimate mechanisms through which this balance is achieved.

Genome-scale modeling of growth temperature adaptation. A genome-scale
metabolic reconstruction exists for the strain PhTAC125 (16). We, thus, exploited this
resource to get a mechanistic interpretation of metabolic homeostasis. First, we
checked whether the model was able to represent the experimentally determined phe-
notypes. We thus constrained the PhTAC125 genome-scale reconstruction with uptake
rates of glutamate and gluconate measured at 0 and 15° degrees, and ran an FBA simu-
lation to predict the cellular growth rates. Average uptake rates of glutamate and glu-
conate were respectively computed between T1 and T3 for both growth curves (that is
after 14 and 141 h for 15 and 0°C, see Materials and Methods), and resulted in 0.10 and
0.08 mmol/gCDW*h21 at 0°C and 0.47 and 0.62 mmol/gCDW*h21 at 15°C.

As shown in Fig. 5A, at 0°C the results of this simulation (0.021h21) were in line with
the measured growth rates (0.027h21). Conversely, at 15°C a discrepancy was observed
between the experimental growth rate and the one predicted in silico, 0.27 versus 0.13
h21, respectively. Although there could be many possible explanations for this, we
hypothesize that constraining the model only based on the uptake rates of the pro-
vided nutrients may not be enough to correctly represent the metabolic phenotype of
the cells exposed to different temperatures. For this reason, and to provide a more re-
alistic picture of how metabolic homeostasis is maintained at the level of the central
metabolism, we combined metabolomic and transcriptomic data with the genome-
scale modeling of PhTAC125 metabolism. We decided to focus on T1 (beginning of the
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exponential growth phase) as this time point should better resemble the cellular physi-
ological state in which FBA assumptions hold the most (i.e., metabolic steady state).
Then, we computed the log2 fold change (log2FC) of central intracellular metabolites in
the 2 conditions (Fig. 5C). Most (76%) of the metabolites showed a j log2FC j lower
than 1, confirming an overall robustness of the central metabolism to growth tempera-
ture. Only 8 metabolites displayed a j log2FC j lower/greater than 1 in the contrast
between 15° and 0°C metabolomic data, and for only 3 of them we obtained a statisti-
cal support (P value , 0.05) (Fig. 5C). More specifically, NADX and gluconate were the
2 metabolites showing a log2FC . 1 (thus being more abundant at 15°) whereas PEP,
succinate, UDP-GlcNAc, thymidine, acetate and X1- methyl-nicotinamide displayed a
log2FC , -1 (thus being more abundant at 0°).

We then constrained the model using all available experimental data obtained in
this work using REMI (29) (see Materials and Methods). Briefly, this approach allows
translating gene expression and metabolite abundance data resulting from a “pertur-
bation” experiment into differential flux distributions among the 2 resulting conditions.
In our case, we used data (metabolomes and transcriptomes sampled at the same time
point) from 15° and 0°C growths to analyze the systemic metabolic alteration(s) occur-
ring in this pair of conditions. FC and TPM values (Fig. 5B and C) were used to constrain
the model with metabolic and expression data, respectively. Further, the model was
also constrained by setting the boundaries of uptake reactions to represent the actual
medium used for the experiment (Schatz medium with glutamate and gluconate as
the sole carbon sources, see Materials and Methods). The outcome of data integration
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FIG 5 (A) Comparison between experimental and simulated growth rates. (B) Distribution of TPM values of gene expression at T1. (C) log2FC of metabolites
intracellular concentration at T1 during growth at 15°C versus growth at 0°C. (D) REMI output in terms of Maximal and Theoretical Consistency Scores following
transcriptomic and metabolomic data integration. (E) Genome-scale modeling prediction of metabolites log2FC concentration showing a jlog2FCj . 1 during the
metabolomic experiment. (F) Correlation between log2FC of simulated (y axis) versus measured (x axis) internal metabolites concentration. (G) Working model of
key metabolic adjustments at the 2 different temperatures. Blue and red arrows indicate fluxes predicted to increase during growth at 0° and 15°C, respectively.
Boxplots represent the average flux values for each pathway. Asterisks indicate a significative (i.e., P value , 0.05) Kolmogorov-Smirnov statistical test.
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into the metabolic reconstruction is summarized by REMI through the computation of
the theoretical maximum consistency score (TMCS) and the maximum consistency
score (MCS). The first indicates the number of available omics data (for metabolites
and reactions), whereas the latter represents the number of those constraints that are
consistent with fluxes, and could be integrated into REMI models. As a result, the MCS
is always equal to or smaller than the TMCS. In other words, MCS is the largest fraction
of available data (metabolomics and transcriptomics) that could be incorporated into
an FBA model from a given set of constraints (the abundance of metabolites and tran-
scripts), while ensuring that the model still achieves the required metabolic functional-
ities and remains feasible. TMCS indicates the number of genes and metabolites with
available relative abundance values that can potentially (either because above the
specified threshold or their actual inclusion in the metabolic reconstruction) be inte-
grated into the model. The proportion between TMCS and MCS obtained in this work
is comparable to that from other studies where REMI was used for the same purposes
(29) (Fig. 5D). Out of data integration and FBA simulations, we obtained 2 distinct flux
distributions, i.e., the flux distribution resembling growth at 0°C and the 1 theoretically
accounting for the growth at 15°C. The differences between the 2 will represent the
most likely metabolic alterations in response to growth temperature and, conse-
quently, will highlight those pathways/reactions that contribute the most to maintain-
ing the observed metabolic homeostasis. First, we checked whether our simulations
were accounting for the actual differences between 0° and 15°C intracellular metabo-
lomes. We, thus, computed a matching coefficient (Simple Matching Coefficient (SMC))
between the predicted and measured log2FC of each of the 34 internal metabolites,
accounting for how many times the model correctly predicted the increase (or decrease)
of its internal concentration. Overall, we found an SMC of 71% between simulated and
measured metabolic data, revealing that the model is capable of accounting for most of
the central metabolome rewiring in respect to growth temperature. Then, we focused
on those metabolites that showed a marked change between growth at 15 and 0°C (i.e.,
for which j log2FC j . 1) (Fig. 5C). Figure 5F shows that, except for 3 metabolites (UDP-
GlcNAc, Thymidine, and 1- methylnicotinamide) for which the model does not predict
any difference between the 2 growth conditions, for the remaining 5 metabolites the
model correctly predicts a higher (NADX and gluconate) or lower (acetate, PEP and succi-
nate) internal production at 15°. Overall, we found a significant, positive correlation of
0.72 between the measured and the predicted FC of internal concentrations of the 8
metabolites for which j log2FC j. 1 (Fig. 5F) (Spearman correlation, P value = 0.04).

Next, we examined to what extent the central, interconnected pathways showed
significantly altered flux distributions. While no clear signal could be identified for gly-
colysis and TCA cycle (mirroring what we observed with DEGs analysis), both PPP and
fatty acids metabolism showed significant differences in their fluxes between 0° and
15° growth simulations. As for fatty acids metabolism, fluxes representative of growth
at 0°C were significantly higher (Kolmogorov-Smirnov test, P value = 8.96210) than
those resembling metabolism at 15°C (Fig. 5F). The opposite was observed for PPP
simulated fluxes which displayed, on average, significantly lower values at 0° vs 15°C
(Kolmogorov-Smirnov test, P value = 0.0030). A sustained activity of PPP at 15° is in line
with the increased internal concentration of gluconate and ribose (2 key PPP inter-
mediates) at this temperature (Fig. 5C). Similarly, an increase in fatty acids biosynthesis
(and fatty acids metabolism in general) is in line with previous simulations and experi-
ments concerning the involvement of this process in the adaptation to growth at (rela-
tively) low temperatures (16).

We then focused on the analysis of simulated metabolic fluxes around the metabo-
lite that showed the highest degree of variation, PEP. We asked which metabolic rewir-
ing could lead to an increased production of this metabolite at 0°C. The analysis of
fluxes revealed an increased activity at 0°C with respect to 15°C of both the reaction
converting L-malate to 2-oxaloacetate ([S]-malate:NAD1 oxidoreductase) and the reac-
tion converting 2-oxaloacetate to PEP (phosphate:oxaloacetate carboxy-lyase). Also,
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ATP:pyruvate, H2O phosphotransferase reaction displayed an increase in flux at 0°.
Overall, this would allow the partial redirection of key TCA cycle intermediates to the
production of PEP. At the same time, we also recorded an increased flux at 0°C in the
reaction redirecting acetyl-CoA to fatty acids biosynthesis. Conversely, reactions leading
to the production of citrate from OAA and Acetyl-CoA resulted to be less active at 0°C.

Overall, our experimentally constrained simulations seem to suggest a working
model for the metabolic adaptation to growth at different temperatures. Considering
growth at 0°C, an increased level of intracellular PEP observed experimentally might be
functional to its conversion to acetyl-CoA and its consequent tunneling into fatty acids
metabolism (Fig. 5G), and might be the outcome of fluxes redirection from the TCA
cycle to PEP production, rather than from glycolysis or PPP. Consistent with this idea is
the overall increase of key TCA intermediates (Fig. 5A) measured during growth at 0°C
with respect to growth at 15°C that suggests an overall increased activity of this central
pathway in the 0°C growth condition.

DISCUSSION
In this work, we have studied how a cold-adapted bacterium rewires its central me-

tabolism when growing at 2 distinct temperatures that overall resemble a seasonal
shift. This was done by characterizing a pool of 34 intracellular and 17 extracellular cen-
tral metabolites during 5 different time points of its growth curves (i.e., at 0°C and
15°C) and by evaluating gene expression during the initial stages of its exponential
phases. To our surprise, the top 5 upregulated genes at 15°C contain a cold shock do-
main, which is usually recruited to counteract the deleterious effects of temperature
drop. A possible explanation for the apparent paradox where CspA is activated, not
only following cold stress, but also under non-stress and other stress conditions which
entail a downregulation of bulk gene expression and protein synthesis is presented in
(30). CSPs have been found in almost all types of bacteria and are mainly induced after
a rapid temperature downshift to regulate the adaptation to cold stress but are also
present under normal conditions to regulate other biological functions (31). For exam-
ple, in E. coli, only 4 (cspA, cspB, cspG, and cspI) of the 9 CSP genes are cold-induced
(32). Two of them, cspE and cspC, are constitutively expressed at physiological temper-
atures, and act as ‘housekeeping RNA chaperones’ to modulate the global gene
expression (33, 34). Furthermore, these CSPs are also involved in the transcription anti-
termination mechanism, which is based upon preventing the formation of secondary
structures on the nascent mRNA (35–37). In PhTAC125, four cold shock-like proteins
cspE are upregulated during growth at 15°C. This indicates that these CSP proteins
may not play a role in cold-adaptation in PhTAC125 but, analogously to E. coli, they may
act as chaperones by destabilizing secondary structures in target RNA at high tempera-
ture so that the single-stranded state of target RNA is maintained. This may then enable
efficient transcription and translation.

From a broader perspective, the comparison between the 0° and 15°C transcrip-
tomes produced more than 600 differentially expressed genes, assigned to a dozen of
different functional categories. On the other hand, the intracellular concentration of
nearly 90% of the analyzed metabolites correlates positively in the 2 conditions. We
interpret this as the capability of PhTAC125 regulatory network to buffer the tempera-
ture shift to produce strikingly similar metabolic phenotypes, despite the temperature
gap. This is also reflected in the conservation of the overall metabolic network struc-
ture (i.e., the presence of correlated clusters of metabolites) (Fig. 2C and Fig. 3C).
Remarkably, this conservation involved metabolites from many different pathways, such
as amino acids metabolism, TCA cycle, PPP, and glycolysis, suggesting that such robust-
ness is propagated at the level of the entire metabolism and is not restricted to specific
pathways. Studies on the metabolic response to growth at different temperatures in
other microorganisms have generally shown larger variability among intracellular pools
of metabolites (38), and/or the tendency to activate genetic mechanisms that shut down
metabolism under longer-term high temperature stress (39). This is not the case for
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PhTAC125 that, through a global transcriptional buffering, maintains very consistent
trends of its intracellular and extracellular metabolomes. This mirrors, for example, the
response of E. coli to genetic and environmental perturbations and its capability to main-
tain metabolite levels stable, reflecting the rerouting of fluxes in the metabolic network
(40). A few metabolites stood out in this conservation of metabolite pools, including PEP
and ribose (showing opposite trends at 0 and 15°C), and ethanol and thymidine (show-
ing no correlation between the 2 experiments). Also, NADX and NADPX levels differed in
the 2 conditions, as shown in Fig. 2A.

To unravel this complex interplay and produce a mechanistic interpretation of this
adaptation, -omics data (together with data on carbon sources uptake rates) were
used to constrain a genome-scale metabolic reconstruction and derive the most-likely
metabolic phenotypes at these 2 temperatures. This approach provided evidence that
most of the metabolic adaptation is probably played at the level of the phosphoenol-
pyruvate (PEP)–pyruvate–oxaloacetate node and specifically involves the increase of
TCA fluxes and their redirection to PEP production. Consistent with this idea, is the
overall reduction of key TCA intermediates at 15°C (Fig. 5A) and the observation that,
upon growth on non-glycolytic compounds (e.g., glutamate and gluconate) the cycle
intermediates malate or oxaloacetate must be converted to pyruvate and PEP for the
synthesis of glycolytic intermediates. In our case, however, the availability of an increased
pool of PEP would rather allow its conversion to acetyl-CoA, and its consequent tunneling
into fatty acids metabolism (Fig. 5G). Also the overexpression of genes involved in valine,
leucine, and isoleucine degradation (Fig. 4C) at 0°C can be associated with the higher ac-
tivity of fatty acids metabolism, as the degradation of these 2 amino acids leads to the
production of acetyl-CoA (41). Consistently with this observation, our model predicts an
increased activity of fatty acids metabolism at 0° (Fig. 5G). The importance of fatty acids
metabolism in growth at low temperatures is largely known. For example, the fluidity of
the rigidified membrane (42) imposed by low temperatures can be restored through the
modulation of the (i) saturated and unsaturated fatty acids, (ii) fatty acid chain length,
and (iii) the proportion of cis to trans fatty acids thus, ultimately, through the modulation
of fatty acids metabolism (as observed in this work). This also validates and extends previ-
ous findings on general cold-adaptation strategies (16, 43, 44), pinpointing the role of
specific metabolic reactions in this process.

We also found an increased PPP activity at 15° with respect to 0°C (Fig. 5G). Increased
PPP activity signifies increased NADPH production, and is linked with many biosynthetic
processes. Interestingly, high activity of the PPP pathway has been described as an adap-
tative mechanism (in soil bacteria) to temperature stress (45), in particular by linking the
requirement of sugar units for biofilm formation to the overall activity in this metabolic
pathway. We know for a fact from the work of (18) that PhTAC125 displays strong
propensity to form more biofilm at 15°C versus 0°C when grown in the same minimal
medium used in this work. Also, we found a remarkable fraction of overexpressed
biofilm-related genes (Fig. 4C), reinforcing the idea of a temperature-mediated switch
to this kind of lifestyle. Thus, we infer that a similar mechanism is at play in this ma-
rine bacterium where the redirection of fluxes in PPP at 15°C would be the metabolic
basis for the formation of cellular aggregates at higher temperatures. Moreover, the
increased PPP activity can respond to other cell requirements linked to the DNA replica-
tion recombination and repair, since the ribose produced by PPP is necessary for these
cellular activities that result more active at 15°C (Table S2), as suggested by transcriptomic
analysis (Fig. 5B).

Very recently, Macarena Toll-Riera et al. published (28) a work in which PhTAC125
was evolved at increasingly higher temperatures to study the evolutionary potential of
upper thermal tolerance, and characterize the genomic basis of temperature adapta-
tion. Interestingly, the authors found almost no metabolic genes among those that
apparently provided an increased fitness at higher temperatures. Indeed, clones that
were selected for their improved growth at higher temperatures (up to 30°C) had
mainly mutations in proteases-encoding genes or in genes involved in chromosome
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copy number reduction, energy production and conversion and cell wall biosynthesis.
Thus, apparently, the metabolism of PhTAC125 was not the primary target of muta-
tions that led to an increased fitness in the tested conditions. This, in turn, may indicate
the presence of an already optimized and plastic metabolism that allows growth in a
broad range of temperatures, in line with the metabolic robustness that we have char-
acterized in this work.

Conclusions. The aim of our experiments was to evaluate the effect of growth tem-
peratures on cellular homeostasis, particularly at the metabolic level. We have shown
that a cold-adapted marine bacterium expresses 2 very similar metabolic phenotypes in
response to 2 widely different temperatures, by adjusting the expression of key enzymes
and fine-tuning the intracellular concentration of key intermediates. This illuminated on
the possible molecular mechanisms that marine microbes may use to adapt to broad
(seasonal) temperature changes. In particular, we showed that specific changes at the
level of regulatory circuits can buffer such variations, and maintain the underlying meta-
bolic network robust to temperature fluctuations. In the future, it will be interesting to
investigate whether similar mechanisms are at play in natural microbial assemblages.

MATERIALS ANDMETHODS
Strains and growth conditions. PhTAC125 (46) cells were grown in a 1.5 L GG medium (47) in a

Stirred Tank Reactor 3 L fermenter (Applikon) connected to an eZ2 Bio Controller (Applikon) at 2 differ-
ent temperatures (0°C and 15°C). This medium contains glutamate and gluconate as the only carbon
sources. The bioreactor was equipped with the standard pH-, pO2-, level- and temperature sensors for
the bioprocess monitoring. For the growths of the PhTAC125 bacterium, the pre-culture was centrifuged
(6000 ! g, 20 min, 4°C); the cells were washed twice with fresh medium, and then used to inoculate the
bioreactor with a starting OD600 of 0.2, in aerobic conditions (50% and 30% dissolved oxygen at 15°C
and 0°C, respectively), in stirring (500 rpm at 15°C and 250 rpm at 0°C). The bacterial culture was carried
out at 15°C for 40 h or at 0°C for 240 h. Each culture condition was repeated three times. Cell growth
was monitored, measuring the OD600 about every 2 h in the experiments at 15°C, and every 8 h at 0°C.
Three different measurements were performed at each time point for each biological replicate. For intra-
and extracellular metabolites analysis, the samples were taken in triplicate at 5 different time points dur-
ing the growth in GG medium at 2 different temperatures (70 h, 141 h, 179 h, 190 h, and 240 h at 0°C,
and 6.5 h, 14 h, 20 h, 25 h, and 39 h at 15°C). For the analysis of extracellular metabolites, aliquots (1 mL)
of cell cultures were harvested during the growth and centrifuged for 15 min at 13,000g at 4°C; the su-
pernatant was recovered, filtered (Filtropur 0.2 mm, SARSTED AG & Co. KG) and stored at 280°C. The
analysis of intracellular metabolites was performed on 60 OD600 pellets recovered during the growth by
centrifuging for 20 min at 6,000 rpm at 4°C.

Transcriptomics. For the RNA-Seq experiment, 1 OD600 pellets were recovered during the exponen-
tial growth phase (;1/1.5 OD/mL) at 15°C and 0°C by centrifugation (10 min, 13,000g, 4°C). Cell pellets
were washed in RNase-free PBS three times and stored at 280°C. Total RNA was isolated from the cells
using the Direct-zol RNA Kit (Zymo Research) following the manufacturer’s instructions. Contaminating
genomic DNA was then removed through treatment with RNase-free DNase I (Roche).

RNA sequencing. RNA concentration was measured using Quant-IT RNA assay kit-high sensitivity
and a Qubit Fluorometer (Life Technologies), and its quality and integrity assessed with the Agilent 4200
Tapestation System (Agilent Technologies). Indexed libraries were prepared starting from 400 ng of total
RNA according to Universal Prokaryotic RNA-Seq Library Prep kit (Tecan). Final libraries were sequenced
at a concentration of 1.7 pM/lane on the NextSeq 500 platform (Illumina Inc) in paired mode 2 ! 75bp.
For each experimental condition, 3 biological replicates were prepared.

RNA-Seq data analysis. The 12 samples were assessed for base call quality and adapter content
using fastp (48), allowing down to a mean quality threshold of 20 (i.e., probability of incorrect base call
of 1 in 100) and minimum read length of 40 nucleotides. A median of 98.9% of the reads passed quality
check, indicating that sequencing was carried out pristinely, and our data were biologically reliable.
Salmon (49) index was built on PhTAC125’s transcriptome free of tRNA and rRNA sequences, providing
the entire genomic sequence as background decoy to account for possible underlying DNA contamina-
tion. CDS and genomic FASTA were retrieved on the NCBI, using assembly accession GCF_000026085.1.
Moreover, CDS and genomic files were concatenated with data from pMEGA plasmid (NZ_MN400773.1)
and pMtBL plasmid (NZ_AJ224742.1). The transcriptome quantification step was performed using the –
validateMappings flag, to ensure a sensitive selective alignment of the sequencing reads. The resulting
mapping rates ranged between 56.8% and 66.21% (average of 62.47%), whereas roughly half of the
reads represented ribosomal DNA sequences (discarded for downstream analyses). The integration of
transcript-level abundance estimates from Salmon with the data analysis pipeline was performed using
R package tximport (R Core Team, 2022, https://www.R-project.org/, R version 4.0.3). The testing of
changes in the overall transcriptional output was handled through the statistical engine in R package
DESeq2, with an expected proportion of false positives set at 5%. The volcano scatterplot showing statis-
tical significance versus magnitude of change for 607 differentially expressed genes was produced using
the library EnhancedVolcano from the R Bioconductor 3.14 suite.
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Metabolomics. 1H NMR-based metabolomic analyses were performed on cell lysates and growth
media to monitor the intracellular metabolites, and the uptake and release of the extracellular metabo-
lites, respectively, by measuring their concentration levels in samples collected at different time points
during the cell growth.

Medium samples were prepared in 5.00 mm NMR tubes by mixing 60 mL of a potassium phosphate
buffer (1.5 M K2HPO4, 100% (vol/vol) 2H2O, 10 mM sodium trimethylsilyl [2,2,3,322H4]propionate (TMSP),
pH 7.4), and 540 mL of each growth medium.

Cell lysate samples were prepared in 5.00 mm NMR tubes by mixing 60 mL of 2H2O and 540 mL of
samples. All the NMR spectra were recorded using a Bruker 600 MHz spectrometer (Bruker BioSpin) oper-
ating at 600.13 MHz proton Larmor frequency, and equipped with a 5 mm PATXI 1H-13C-15N and 2H-
decoupling probe including a z axis gradient coil, an automatic tuning-matching (ATM) and an auto-
matic and refrigerate sample changer (SampleJet). A BTO 2000 thermocouple served for temperature
stabilization at the level of approximately 0.1 K at the sample. Before measurement, samples were kept
for 5 min inside the NMR probe head, for temperature equilibration at 300 K.

1H NMR spectra were acquired with water peak suppression and a standard NOESY pulse sequence
using 128 scans, 65536 data points, a spectral width of 12019 Hz, an acquisition time of 2.7 s, a relaxation
delay of 4 s, and a mixing time of 0.1 s.

The raw data were multiplied by a 0.3 Hz exponential line broadening before applying Fourier trans-
formation. Transformed spectra were automatically corrected for phase and baseline distortions. All the
spectra were then calibrated to the reference signal of TMSP at d 0.00 ppm using TopSpin 3.5 (Bruker
BioSpin srl).

The metabolites, whose peaks in the spectra were well resolved, were assigned, and their levels ana-
lyzed using a dedicated R script developed in-house. In total, 34 and 17 metabolites were identified and
quantified in the cell lysate and in the growth medium spectra, respectively. The assignment was per-
formed using an internal 1H NMR spectral library of pure organic compounds (BBIOREFCODE, Bruker
BioSpin), stored reference NMR spectra of metabolites, and spiking experiments. Matching between new
NMR data and databases was performed using the Assure NMR software (Bruker BioSpin). The relative
concentrations of the various metabolites were calculated by integrating the corresponding signals in
defined spectral ranges, using in-house developed R 3.0.2 scripts. Similarly, downstream data analysis
was performed using R. Raw data, post-Raw data, and post-processing codes are made available at
https://github.com/combogenomics/MetRob015.

Uptake rates of gluconate and glutamate at the 2 different temperatures were computed as the ratio
between the average growth rate between T1 and T3 (m) and the biomass yield (l). The former was
computed as:

m ¼ logODT3 2 logODT1

T32T1

The latter was computed according to the following relationship:

l ¼
Biomass ðgLÞ

Consumed C source ðmolÞ

Biomass was obtained from OD values as described in (50), using 0.74 as a scaling factor for the
growth at 15° and 0.66 for the growth at 0°C.

Genome-scale metabolic modeling. The genome-scale metabolic reconstruction used in this work
is the one recently used in (51). All the simulations were run in MATLAB 2019a, using the COBRA toolbox
(52) version 2.7.4. Metabolomic and transcriptomic data were integrated using REMI method (29), pro-
viding TPM gene expression and relative concentration values for metabolites at time point T1. Both for
metabolites and gene expression, we selected the top 3% as upregulated and the bottom 3% as
downregulated (REMI default is 5%). Consistently with the original REMI publication, we used the 2-fold
change as the cutoff threshold to identify the significant gene expression and metabolite changes. All the
other parameters were left as default. The predicted internal concentration of each metabolite was com-
puted using the computeFluxSplits function implemented in the COBRA toolbox. This function computes
the relative contributions of fluxes to the net production and consumption of a specific set of metabolites
included in the model. Statistical tests on flux distributions were calculated using R.

To estimate the difference in the activity of the main central metabolic pathways at 0° and 15°C, we
computed the predicted flux of each reaction in these pathways (TCA cycle, glycolysis, PPP, and fatty
acids metabolism) at the 2 different temperatures, and averaged this number of reactions by the total
number of reactions included in that pathway. From this latter analysis, we excluded those reactions
that (i) had a flux equal to zero (were inactive) in both conditions and (ii) had a different sign (i.e.,
changed direction) at the 2 temperatures.

Data availability. The authors confirm that the data supporting the findings of this study are avail-
able within the article and/or its supplemental materials. Collection of sequence data produced in this
study is available under the BioProject PRJNA886636.

SUPPLEMENTAL MATERIAL
Supplemental material is available online only.
FIG S1, PDF file, 0.2 MB.

Transcriptomic Buffering of Metabolism mSystems

March/April 2023 Volume 8 Issue 2 10.1128/msystems.01124-22 14

D
ow

nl
oa

de
d 

fr
om

 h
ttp

s:
//j

ou
rn

al
s.a

sm
.o

rg
/jo

ur
na

l/m
sy

st
em

s o
n 

05
 N

ov
em

be
r 2

02
4 

by
 2

a0
2:

b1
21

:8
01

3:
b0

34
:1

d6
d:

fb
81

:e
d8

0:
dc

d5
.



FIG S2, PDF file, 0.1 MB.
FIG S3, PDF file, 0.04 MB.
FIG S4, PDF file, 0.1 MB.
TABLE S1, PDF file, 0.01 MB.
TABLE S2, PDF file, 0.02 MB.
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3.2.3 How to study COVID impacts with GSMM

In the last twenty years there have been developed several metabolic models

and not only of bacteria, but of a wide range of organisms, and their complexity

varies according to the complexity of the organism’s metabolism. In the present

study, the aim was to report a detailed and comprehensive characterization of the

metabolomic and lipoproteomic fingerprint of hospitalized COVID-19 patients,

hence, to use the GSMM approach, it was necessary to use the human metabolic

reconstruction. The latest human GSMM is based on the integrated metabolism

of 26 organs of the human body, plus six blood cells types, and there are two

reconstructions, since it provides sex-specific whole-body metabolism: Harvey is

the male GSMM while Harvetta the female one.

A total of 605 EDTA-plasma samples were collected during various waves of

the pandemic, each associated with the emergence of different SARS-CoV-2 vari-

ants, various disease severity and reflecting diverse vaccination statuses among

the patients. Most of the samples came from patients during the acute phase of

the infection, and a third of them (154 out of 510) were sampled after at least two

months after the first negative swab. The rest of the samples (95) came from pre-

viously hospitalized recovered subjects. As a result of the different samplings,

the data were classified as mild, severe or fatal infection.

Using the metabolomic information as input data, we contextualize both Har-

vey and Harvetta models to provide a systems-level understanding of the impact

of COVID-19 on human metabolism. The metabolomic data was divided between

male and female patients to have sex-specific datasets and then divided based on

disease condition. We defined a healthy condition by not constraining the GSMM

with metabolomic data. We calculated the fold change of each metabolite for the

following conditions: recovered vs. mild, recovered vs. severe, recovered vs. fa-

tal. We then assessed the significance of the changes by using the Wilcoxon test,

and those metabolites that resulted statistically different in the examined condi-

tions were used to constrain the models. More in detail, we modified the upper



156 CHAPTER 3. RESULTS

and lower bounds (UB and LB, respectively) of each ith exchange metabolite us-

ing the default boundary value (BV) and the fold change, as follows:

UB > 0 ^ LB < 0

8
>><

>>:

FC > 0; x
ub

= BV ⇤ FC and x
lb
= BV

FC

FC < 0; x
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lb
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Where xub and xlb represent actual upper and lower bounds of the constrained

reaction in the model after data integration.

This model revealed several set of pathways with different characteristics, i)

those with an increased activity concordantly with disease severity both in male

and female, ii) those with a higher metabolic activity in the comparison between

healthy and fatal states, iii) those that displayed sex-specific increase in their ac-

tivity and iv) those showing opposite trends in the sex-specific simulations. How-

ever, all these results suggested that the disease induces a metabolic signature

throughout the human body, with the severity of the condition determining the

extent of the metabolic disruptions. In other words, those showing the most pro-

nounced dysregulation exhibit concentration trends that strongly correlate with

disease severity. Another notable finding is the marked metabolic reprogram-

ming observed across multiple organs, which points out an increased overall en-

ergetic demand of the organism following infection. Furthermore, the metabo-

lites correlating the fatal outcome of the disease can be proposed as predictive

and prognostic biomarkers.

This integrative study not only provided insights into the biochemical foun-
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dations of COVID-19 but also highlighted, once again, the utility of multidisci-

plinary methods, such as metabolomics and computational modeling, in unrav-

eling the systemic effects of infectious diseases.



RESEARCH ARTICLE

COVID-19: A complex disease with a unique
metabolic signature
Veronica Ghini1,2, Walter Vieri1,3, Tommaso Celli4, Valentina Pecchioli1,2, Nunzia Boccia4,
Tania Alonso-Vásquez3, Lorenzo Pelagatti4, Marco Fondi3, Claudio Luchinat1,2,5,
Laura Bertini4, Vieri Vannucchi4, Giancarlo Landini4*, Paola TuranoID

1,2,5*

1 Department of Chemistry “Ugo Schiff”, University of Florence, Sesto Fiorentino Florence, Italy, 2 Magnetic
Resonance Center (CERM), University of Florence, Sesto Fiorentino, Florence, Italy, 3 Department of
Biology, University of Florence, Sesto Fiorentino, Florence, Italy, 4 Internal Medicine, Santa Maria Nuova
Hospital, Florence, Florence, Italy, 5 Consorzio Interuniversitario Risonanze Magnetiche di Metallo Proteine
(CIRMMP), Sesto Fiorentino Florence, Italy

* giancarlo.landini@uslcentro.toscana.it (GL); turano@cerm.unifi.it (PT)

Abstract

Plasma of COVID-19 patients contains a strong metabolomic/lipoproteomic signature,

revealed by the NMR analysis of a cohort of >500 patients sampled during various waves of

COVID-19 infection, corresponding to the spread of different variants, and having different

vaccination status. This composite signature highlights common traits of the SARS-CoV-2

infection. The most dysregulated molecules display concentration trends that scale with dis-

ease severity and might serve as prognostic markers for fatal events. Metabolomics evi-

dence is then used as input data for a sex-specific multi-organ metabolic model. This

reconstruction provides a comprehensive view of the impact of COVID-19 on the entire

human metabolism. The human (male and female) metabolic network is strongly impacted

by the disease to an extent dictated by its severity. A marked metabolic reprogramming at

the level of many organs indicates an increase in the generic energetic demand of the

organism following infection. Sex-specific modulation of immune response is also

suggested.

Author summary

Metabolites and lipoproteins are the main components of human plasma and their con-
centration can be determined by nuclear magnetic resonance. In COVID-19 patients
there are significant alterations in the concentration of several of these molecules. Using
the plasma of more than 600 subjects (510 patients sampled in the acute phase of the infec-
tion plus 95 independent recovered subjects), we demonstrate that the dysregulation of
these molecules is a function of the disease severity but it is not affected by either the
SARS-CoV-2 variants or the vaccination status. The disease signature is particularly evi-
dent in those cases that subsequently evolve towards a fatal outcome, and could have prog-
nostic value. Building on this large amount of data, we propose a metabolic
reconstruction of the disease using a sex-specific multi-organ metabolic model.
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Introduction

From the year 2020, the resilience of worldwide national health systems was profoundly chal-
lenged by the Coronavirus disease 2019 (COVID-19) pandemic caused by the severe acute
respiratory syndrome coronavirus 2 (SARS-CoV-2). The viral infection is characterized by a
broad spectrum of clinical manifestations from an asymptomatic or pauci-symptomatic dis-
ease (in more than 80% of subjects), to interstitial pneumonia and acute respiratory distress
syndrome requiring hospitalization and even ventilation of the patients [1–3]. Moreover, it has
been demonstrated that a significant subset of patients developed concomitant multi-organ
dysfunctions, including acute kidney and liver injuries, thromboembolism and sepsis that con-
tribute to a fatal outcome [4,5]. Additionally, some comorbidities have been proposed as risk
factors of disease severity and fatal outcome [6,7]. Although vaccines are now available and
have demonstrated high efficacy in decreasing the severity of SARS-CoV-2, vaccination does
not prevent SARS-CoV-2 transmission. The diffusion of the different viral variants as well as
the phenomenon of the so called “Long-COVID”, i.e. long-term effects associated to COVID-
19 infection [8], further complicate this scenario.

Massive worldwide efforts by research groups using omics sciences have been made to
unravel the disease mechanisms and to identify biomarkers of the disease severity [9–13]. In
this framework, 1H NMR [14–17] plays a role for its ability to reveal a complex blood plasma
signature exhibiting the presence of a strong fingerprint of the COVID-19 disease. Highly
reproducible alterations of a large number of blood metabolites and lipoprotein parameters
were identified as markers of the disease, suggesting the reprogramming of important meta-
bolic pathways aimed at the energy supply for viral replication and for host immunological
response [18–29]. However, how the administration of vaccines and the development of the
different viral variants impact on the disease fingerprint, remain poorly characterized aspects.

Here, we report a detailed and comprehensive characterization of the metabolomic and lipo-
proteomic fingerprint of plasma samples of> 500 hospitalized COVID-19 patients, with differ-
ent disease severities, infected with different viral variants and with different vaccination status.
Sex-specific differences as well as the contribution of several comorbidities are also analysed.
Our data deeply extend a first metabolomic/lipoproteomic characterization of the disease pub-
lished at the beginning of 2022 [18], performed on a smaller number of subjects of the same
cohort, infected before a significant spread of the δ variant and before widespread COVID-19
vaccination. While confirming previously identified severity markers [18–28], we establish for
the first time a correlation between the levels of a few metabolites and lipoproteins and the fatal
outcome of the disease. These molecules can therefore be proposed as predictive and prognostic
biomarkers. The observed changes are interpreted through simulations of the overall metabolic
state of the human body with a recently developed sex-specific multi-organ metabolic model
[30], which until now has been used to predict known biomarkers of inherited metabolic dis-
eases in different biofluids. Based on this reconstruction and using as input the changes in the
metabolome observed in our cohort, we obtained a comprehensive view of the impact of
COVID-19 on the entire human metabolism, which represents a step forward with respect to
previous models based on not cell type-specific and not sex-specific flux balance analyses [31].

Results

In this study, EDTA-plasma samples from 510 COVID-19 positive patients (COVID-19
group) were collected during the period 20/06/2020-17/06/2022. The demographic and clinical
data of the cohort are reported in S1 Table. This population well represents the incidence of
the disease in Tuscan hospitals along the course of the pandemic, in terms of sex, age, severity,
and main risk factors/comorbidities. One hundred and fifty-four of these individuals were also
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evaluated at a follow-up visit; this group is hereafter named as the “follow-up group”, S2
Table. The reference group COVID-19-R (S1 Table) is constituted by 95 recovered subjects
who had contracted the infection during the first wave and did not show any symptom of long
COVID at the follow-up visit, when they were sampled. Consistently their metabolite and lipo-
protein levels fall within the normality ranges [19].

Fingerprint of the main COVID-19 variants

To evaluate whether the metabolic and lipoprotein fingerprint of the disease was significantly
changed as a function of the different variants of the virus, we selected 3 groups of samples. Based
on the data of the statistical incidence of the various SARs-Cov-2 variants in the Tuscany Region
(TR) (TR does not systematically determine the variants of each patient through genomic sequenc-
ing), only patients infected in periods characterized by defined dominant variants were included.
In particular, we considered: i) 87 samples collected when the Wild-Type (WT), α, and � variants
were prevalent (01/2020-06/2021), the “wt-α-� group”–these samples are new with respect to those
included in our previous study [18]; ii) 91 samples collected when the δ variant was dominant, i.e.
the “δ group” (07/2021-12/2021); iii) 44 samples collected when the ο variant was dominant (01/
2022-02/2022), the “ο group”. Together, the three groups account for a total of 222 samples. The
detailed demographic and clinical characteristics of these subjects are reported in Fig 1A.

From the multivariate statistics (see Methods) no clear differences emerge among the meta-
bolomic fingerprints of the three groups of variants; instead, all of them can be almost perfectly
discriminated from COVID-19 recovered subjects (S1 Fig). The three groups show very simi-
lar trends for both metabolite and lipoprotein levels, Figs 1B–1C and 2. Conversely, eleven out
of 25 metabolites and 16 out of 30 lipoprotein main parameters and main fractions result to be
significantly different from the recovered subjects, regardless of the variant, Figs 1B–1C and 2.

The three ketone bodies (3-hydroxybutyrate, acetoacetic acid and acetone) along with the
amino acids Phe, Met and Ile, the sugars glucose and mannose, and the glycoproteins GlycA
and GlycB, are significantly increased in all COVID-19 groups. Citric acid and acetic acid,
instead, show decreased levels in all COVID-19 groups. Histidine is the only molecule that
shows a different direction of changes among the three groups with respect to the COVID-
19-R group; it decreased in the wt-α-� group while it increased in the δ and ο groups.

For a few other metabolites (Val, Tyr, lactic acid, creatine, Leu, Gln, formic acid, Ala) we
observe the same trends of changes among the three groups, although their variations are not
consistently significant. The lack of significance could result from different number of samples
in the various groups combined with relatively small fold changes (|Log2(FC)| < 1).

As for lipoproteins, all the parameters, except free cholesterol (Chol) and apolipoprotein
B100 (Apo B100) associated to IDL, show the same trends along all the variants, Fig 2. Signifi-
cantly decreased level of LDL- and HDL-Chol, total Apo A1 and Apo A2, Apo A1-HDL, Apo
A2-HDL, triglycerides (TG)-HDL and phospholipids (PhL)-LDL, -IDL and -HDL were
observed in all the COVID-19 groups with respect to the recovered subjects. Increased values
of the ratio Apo B100/Apo A1 and of TG-LDL are also coherently observed. Moreover, signifi-
cantly increased levels of free Chol-LDL are observed only in wt-α-� and δ groups, whereas
increased levels of the Apo B100-VLDL are observed only in the wt-α-� and o variants. A sig-
nificant decrement of ApoB-LDL is instead only reported for the δ group. Lipoprotein sub-
fractions and particle numbers are reported in S2 Fig.

Fingerprint of the disease as a function of the vaccination status

Among the 510 COVID-19 positive hospitalized subjects, 71 were vaccinated (with two or
more doses of DNA or RNA vaccine, administered at least 15 days before the first positive

PLOS PATHOGENS The unique metabolic signature of COVID-19

PLOS Pathogens | https://doi.org/10.1371/journal.ppat.1011787 November 9, 2023 3 / 26



swab). With the aim of characterizing if the vaccine introduces some important alterations in
the metabolomic/lipoproteomic fingerprint of the disease, we compared these samples (hereaf-
ter named “VAX group”) with the samples of 80 COVID-19 positive patients unvaccinated
collected in the same period (“NO-VAX group”). The demographic and clinical data of these
groups are reported in Fig 3A.

Fig 1. Metabolomic profiling of the main COVID-19 variants. (A) Main demographic and clinical characteristics of the enrolled subjects (right panel); for
each group of subjects, the sample collection period was reported (left panel). (B) List of the metabolites quantified in plasma samples. The p-values and Cliff’s
Delta effects size are reported for the comparison between each of the three groups of variants with respect to the COVID-19-R group; p-values<0.05 are
highlighted. (C) Values of Log2 fold change (FC) of quantified metabolites. Positive/negative values have higher/lower concentration in plasma samples from
each group of variants with respect to the COVID-19-R group. Colour coding: wt-α-� group (cyan); δ group (red); o group (orange).

https://doi.org/10.1371/journal.ppat.1011787.g001
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Neither a significant clustering between VAX and NO-VAX groups is observed by multi-
variate statistics (PCA and RF, S3 Fig) nor significantly different levels of metabolites or lipo-
proteins are found between the two groups. The two groups show the same metabolic and
lipoproteomic alterations when compared to the COVID-19-R group (Fig 3B–3C). Only suc-
cinate shows an opposite trend, being significantly increased when considering the VAX
group vs. the recovered subjects and decreased (but not significantly, p-value> 0.05) for the
comparison between the NO-VAX group vs. the recovered subjects. Lipoprotein sub-fractions
and particle numbers are reported in S4 Fig.

Fig 2. Lipoproteomic profiling of the main COVID-19 variants. A) List of lipoprotein parameters (main parameters, calculated features and main fractions)
quantified in plasma samples. The p-values and Cliff’s Delta effects size are reported for the comparison between each of the three groups of variants with
respect to the COVID-19-R group; p-values<0.05 are highlighted. B) Values of Log2 fold change (FC) of quantified lipoprotein parameters (main parameters,
calculated features and main fractions). Positive/negative values have higher/lower concentration in plasma samples from each group of variants with respect to
COVID-19-R group. Colour coding: wt-α-� group (cyan); δ group (red); o group (orange).

https://doi.org/10.1371/journal.ppat.1011787.g002
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Sex-specific differences in COVID-19 disease

Sex differences in the disease fingerprint are hereafter evaluated. Since our data did not show
significant differences in the metabolomic and lipoproteomic fingerprints associated with the
main variants of the virus or with the vaccination status, all the 510 samples (274 from the pre-
vious study plus 236 newly enrolled) collected from COVID-19 patients are analyzed together,
S1 Table.

The presence of sex-specific differences in the plasma metabolomic and lipoproteomic pro-
files of healthy subjects has been characterized in detail [32]. Thus, to extract only COVID-19

Fig 3. Metabolomic and lipoproteomic profiling of the VAX and NO-VAX groups. (A) Main demographic and clinical characteristics of the subjects. (B-C)
Values of Log2 fold change (FC) of quantified metabolites (B) and lipoprotein parameters (main parameters, calculated features and main fractions) (C).
Positive/negative values have higher/lower concentration in plasma samples from the VAX or NO-VAX groups with respect to COVID-19-R group; p-values
<0.05 are highlighted with coloured triangles. Colour coding: VAX group (green); NO-VAX (grey).

https://doi.org/10.1371/journal.ppat.1011787.g003
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related differences, 287 male and 223 female COVID-19 patients are compared to 52 male and
43 female recovered subjects, respectively, Fig 4A.

Again, the strong and solid metabolic fingerprint induced by the infection can be detected
in both male and female COVID-19 subjects, Fig 4B–4C. No significant differences in the dys-
regulation trends of either metabolites or lipoprotein parameters emerge between the two
groups, with the only exceptions of formic acid and Gln that are slightly but significantly
decreased only for male patients. Lipoprotein sub-fractions and particle numbers are reported
in S5 Fig.

Fig 4. Sex-related metabolomic and lipoproteomic profiling of COVID-19 subjects. (A) Number of samples used for the analysis. (B-C) Values of Log2 fold
change (FC) of quantified metabolites (B) and lipoprotein parameters (main parameters, calculated features and main fractions) (C). Positive/negative values
have higher/lower concentration in plasma samples from the male (M) or female (F) groups with respect to the M or F COVID-19-R group, respectively; p-
values<0.05 are highlighted with coloured triangles. Colour coding: male group (blue); female group (pink).

https://doi.org/10.1371/journal.ppat.1011787.g004
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Global metabolomic/lipoproteomic fingerprint of COVID-19 disease and
prognostic biomarkers

Since the previously tested potential confounding factors (variants, vaccination status, sex) did
not show any relevant influences on the metabolomic/lipoproteomic fingerprint of the disease,
we were prompted to perform a global and comprehensive characterization of the metabolic
dysregulation induced by the viral infection. Thus, all the 510 samples collected from the posi-
tive subjects are compared to the 95 COVID-19- recovered subjects (S1 Table). In parallel, the
impact of the disease severity was also evaluated. To this purpose all patients were classified as
mild or severe, according to the respiratory symptoms manifested in the acute phase of the
infection (see Methods).

Importantly, the RF model built on all samples shows a significant differential clustering
between the whole COVID-19 group and the COVID-19-R group with 93.4% accuracy, 94.3%
sensitivity, and 88.4% specificity (Fig 5A). This comparison highlights 17 significantly dysre-
gulated metabolites (Fig 5B–5C) and 77 lipoprotein parameters (Fig 6). The levels of
3-hydroxybutyrate, mannose, acetoacetic acid, creatine, Phe, acetone, GlycA-GlycB, Met, Ile,
glucose, lactic acid, Val, Tyr, Leu are increased in COVID-19 subjects with respect to the
COVID-19-R group; the levels of Gln, citric acid and acetic acid are, instead, decreased.
Among them, the concentrations of 8 metabolites result significantly increased/decreased in
the comparison between mild and severe COVID-19 subjects (Fig 5B–5C). This trend is par-
ticularly evident for mannose, phenylalanine, GlycA-GlycB and citric acid (S6A Fig). Regard-
ing the lipoprotein panel (Figs 6 and S6B), for the main parameters the COVID-19 group is
characterized by a significant increment of total TG and a decrement of total Chol, HDL-Chol,
LDL-Chol, as well as of ApoA1 and ApoA2. Looking at the level of the main- and sub-fraction
composition, the infection leads to: i) a decrement of all the components associated with HDL
(TG, Ph, Chol, Free Chol, ApoA1 and ApoA2), with HDL3 and, above all, HDL4, as the most
affected subfractions; ii) an increment of TG-LDL (all subfractions) and a decrement of Chol-,
free Chol- and Ph- in all LDL subfractions but LDL2 and LDL6 (LDL4 is the most affected sub-
fraction). iii) an increment of TG-VLDL (all subfractions) and of ApoB-VLDL. As in the case
of metabolites, several parameters show clear trends according to the disease severity; this is
shown in S6 Fig, which reports the metabolites and lipoprotein parameters (main parameters,
calculated figures and main fractions) that have a p-value < 0.05 and a large Cliff’s delta effect
size in the comparison between the COVID-19 and COVID-19-R groups, and whose levels are
also differentially altered between mild and severe patients.

The presence of clear trends in the concentration levels of some metabolites and lipopro-
teins according to the disease severity led us to consider the 40 severe subjects (28 wt-α-�, 6 δ,
5 ο and 1 not attributable to a specific variant) with a fatal disease as a separate group, hereafter
named “fatal group” (S3 Table). Interestingly, the levels of glucose, mannose, phenylalanine
and of the three ketone bodies (3-hydroxybutyriate, acetone and acetoacetate) significantly
increase going from the mild to the fatal group (Figs 7 and S7). Mild-to-fatal trends are also
observed for the concentration changes of several parameters associated to the lipoprotein
sub-fractions HDL4, LDL4, LDL5, LDL6 and VLDL5 (Figs 7 and S7). Among all of them, the
fatal group shows significantly higher levels of all parameters associated to LDL5 and LDL6
but TG, with LDL5 parameters having the highest Cliff’s delta values in the comparison
between severe and fatal groups.

Comorbidities-dependent variations

Finally, the contribution of the patient’s comorbidities on the dysregulated levels of metabo-
lites and lipoproteins was also evaluated. S1 Table lists the number of subjects affected by the
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Fig 5. Metabolomic alterations in COVID-19 patients associated with clinical severity. (A) Proximity plots of the RF model
discriminating COVID-19 patients (mild light red dots, severe red dots), and COVID-19-R subjects (yellow dots) using bucketed NOESY
spectra. The confusion matrix with accuracy, specificity and sensitivity values. Notably, the misclassified patients all belong to the mild
group. (B) List of the metabolites quantified in plasma samples. The p-values and Cliff’s Delta effect-size are reported for the comparison
between the COVID-19 group and the COVID-19-R group and for the comparison between mild and severe COVID-19 subjects; p-
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comorbidities that can be considered as the main risk-factors of severe prognosis [6,7], i.e.
asthma or chronic obstructive pulmonary disease (COPD), cardiovascular diseases (such as
coronary artery disease (CAD), congestive heart failure (CHF), hypertension, type 2 diabetes
(T2DM), dyslipidaemia, chronic kidney disease (CKD) and immune deficiency). Not unex-
pectedly, subjects affected by T2DM are characterized by higher glucose and mannose concen-
trations and those affected by CKD have high levels of creatinine (S8 Fig). Whereas creatinine
was not found significantly different between the COVID-19 and COVID-19-R groups, high
levels of mannose and glucose are very important markers of the COVID-19 signature and
even for the discrimination between severe and fatal patients. Importantly, the observed differ-
ences in the levels of these two sugars are preserved when diabetic subjects are discarded from
the analysis (S9 Fig). It is also important that the trend of increasing concentration for man-
nose and even more for glucose when going from mild to fatal is more evident for the T2DM
subjects that in the no-T2DM patients (S9 Fig).

The follow-up cohort

For 154 out of 510 COVID-19 patients, a plasma sample was also collected during the follow-
up visit, 2–6 months after the first negative swab (follow-up group S2 Table). Thus, for these
patients two plasma samples were available, one at the onset of the acute infection (T1) and the
second months after the negative swab (T2). They include 111 patients from the wt-α-� group
(including 72 subjects with T1 analyzed already in the previous study), 33 from the δ group, 7
from the ο group, and 3 not attributable to a specific variant. None of these subjects was diag-
nosed with long-COVID. The availability of two samples from the same individual allowed us
to use a paired test. The same results emerge as from the above-described comparisons
between the two independent groups of COVID-19 positive subjects and the COVID-19-R
subjects. Consistently, no significant differences in metabolite and lipoprotein concentrations
are detected when comparing the T2 samples with those from the COVID-19-R subjects.
Indeed, the dysregulated molecules during the infection (i.e., at T1), are essentially reverted to
within the normality range in samples collected at T2, S10 Fig. This behaviour is independent
of the SARS-CoV-2 variant.

Genome-scale metabolic modelling

To investigate the impact of COVID-19 on the potential system-level functional metabolic
shifts, we contextualized the most recent genome-scale metabolic model (GEM) of the human
metabolism with the data obtained in this work. This approach represents a step forward with
respect to the available literature data, because it is based on a multi-organ, sex-specific recon-
struction. We initially focus on the male model analysis due to the stronger support provided
by the higher number of fatal cases with respect to the female ones (27 vs. 13). Following the
procedure illustrated in Methods, we generated healthy- (recovered), mild-, severe- and fatal-
GEMs and used the underlying (predicted) flux distributions to understand the functional
metabolism and metabolic pathways activity that define the severity of the disease. Using the
metabolomic data and the most likely contribution of each organ (i.e. inputs and by-products)
to the overall blood circulation, we contextualized the human metabolic network.

In analysing the enrichment/depletion of a given metabolite in the blood with respect to a
specific organ, a key question arises: is the higher concentration of that specific metabolite in

values<0.05 are highlighted. (C) Values of Log2 fold change (FC) of quantified metabolites. Positive/negative values have higher/lower
concentration in plasma samples from mild or severe subjects with respect to the COVID-19-R group. Colour coding: mild (light red);
severe (red).

https://doi.org/10.1371/journal.ppat.1011787.g005
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Fig 6. Lipoproteomic alterations in COVID-19 patients associated with clinical severity. (A) List of lipoprotein parameters
(main parameters, calculated figures and main fractions) quantified in plasma samples. The p-values and Cliff’s Delta effect size
are reported for the comparison between the COVID-19 group with respect to the COVID-19-R group and for the comparison
between mild and severe COVID-19 subjects; p-values<0.05 are highlighted. (B-C) Values of Log2 fold change (FC) of
quantified lipoprotein main parameters, calculated features and main fractions (B) and lipoprotein subfractions (C). Positive/
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the plasma due to the reduced uptake by the corresponding organ or, conversely, it is due to
an increased secretion by the same organ? A similar reasoning could be formulated in the case
of lower metabolite concentration in the blood that could be the result of an increased uptake
or a reduced secretion. We adopted the approach proposed by Dillard et al. (2022)[31] in

negative values have higher/lower concentration in plasma samples from the COVID-19 group with respect to the COVID-
19-R group. Colour coding: mild (light red); severe (red).

https://doi.org/10.1371/journal.ppat.1011787.g006

Fig 7. Markers of fatal events. Box plots of the concentration levels for (A) metabolites and (B) lipoprotein parameters (main parameters, calculated figures
and main fractions) that have a p-value< 0.05 and a large Cliff’s delta effect size in the comparison between mild, sever and fatal COVID-19 groups. The
concentration levels in COVID-19-R subjects are also reported as control values. In each plot, the grey stripe embraces the concentration range in the reference
“healthy” population. Colour coding: mild (light red); severe (red); fatal (dark red) COVID-19-R (yellow). * indicates p-value< 0.05: the upper line indicates
the statistical significance between all the COVID-19 subjects and the COVID-19-R group; the lower lines indicate statistical significance between pairs of
severity groups.

https://doi.org/10.1371/journal.ppat.1011787.g007
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modelling COVID-19 with not cell-type specific Recon3D and according to which, in an active
disease state, increased metabolite production is expected to be more plausible than reduced
uptake. Thus, for example, they arbitrarily set to positive exchange bounds (thus simulating
secretion) all the model metabolites identified as significantly higher in the severe COVID-19
disease state in order to simulate forced production.

In the first place, we asked whether i) healthy-, mild-, severe- and fatal-GEMs differed
among each other and ii) metabolic dysregulation somehow followed the severity of the dis-
ease. Fig 8A shows that, at least in terms of active/inactive reactions (i.e. reactions carrying/not
carrying flux) broad differences exist among the simulated metabolic states. The clustering,
however, revealed a pattern that is compatible with a progressive dysregulation that matches
the underlying severity of COVID-19 disease (healthy<mild<severe<fatal).

We then focused our attention on those pathways that showed an increase in their activity
following the severity of the disease (Figs 8B and S11)). More in detail, we selected those path-
ways whose reactions showed, on average, an increase in their flux values from the mild to the
fatal states (in Fig 8B the healthy state is also included as an additional reference). Among
those pathways exhibiting relatively high flux values across all the conditions (lower cluster of

Fig 8. Genome-scale metabolic modelling of male subjects. A) Clustering of context-specific models. Each column
represents a reaction in the human metabolic network and its color accounts for the (normalized) activity of that
specific reaction in the corresponding context-specific model. Models are clustered according to their profile of active/
inactive reactions. B) Heatmap that includes those metabolic processes (subsystems) showing an overall flux increase
that paralleled that of disease severity (from mild to severe). Their activity in the healthy-model is also included in the
figure for clarity. C) Fold change of average metabolic activity for each subsystem in the healthy vs. fatal condition. D)
Heatmaps showing the clustering of the different organs according to the activity of each reaction (left healthy state,
right fatal state). As in in the panel A, each column represents a reaction in the human metabolic network and its color
accounts for the (normalized) activity of that specific reaction in the corresponding organ. In the heatmap on the left,
three main clusters are labelled with a red, green and orange dot and the organs belonging to each cluster are labelled
accordingly and this color code is maintained in the heatmap on the right. Organs changing clusters in the two
heatmaps are connected with a line.

https://doi.org/10.1371/journal.ppat.1011787.g008
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the dendrogram of Fig 8B), a few pathways stood out from this analysis, i.e. oxidative phos-
phorylation and the metabolic pathways of phenylalanine, pyruvate, galactose and
triacylglycerol.

The fact that fatal- and healthy-GEMs showed profoundly different metabolic states (Fig
8A) and that the activity of some metabolic pathways seems to correlate with COVID-19 sever-
ity (Fig 8B), prompted us to compare these two flux distributions and find those pathways
(possessing at least five metabolic reactions) that differ in the two most extreme conditions
(healthy vs. fatal Fig 8C). This analysis revealed the presence of 18 and 9 pathways that increase
and decrease their activity in the fatal state with respect to the healthy one, respectively. The
top three metabolisms that showed an increase in the fatal conditions with respect to the
healthy one included biotin metabolism, ubiquinone synthesis and hyaluronan metabolism.
On the contrary, the pathways that showed a marked decrease in their activity with respect to
the healthy condition were glycosphingolipid metabolism, androgen and estrogen metabolism
and chondroitin sulphate degradation.

The organ-specific structure of the human metabolic model adopted here offered the
possibility to investigate the impact of COVID-19 on the metabolism of each organ repre-
sented therein. We thus clustered the different organs based on the activity of their meta-
bolic reactions in the healthy and fatal states (Fig 8D). This analysis revealed a clear cut
between three main clusters whose structure is overall conserved in the two extreme states.
The first (red cluster in Fig 8D) embeds somehow peripheral organs, while the other two
clusters (labelled with green and orange colours) include, among the others, all the vital
organs (that are mostly included in the orange cluster, Fig 8D). Importantly, considering
the healthy state (left heatmap of Fig 8D), the fluxes in the first clusters appear, on average,
lower than in the second one, suggesting a lower metabolic activity in these organs with
respect to the ones included in the second cluster. In the fatal metabolic state (right heatmap
of Fig 8D) this situation appears to be more pronounced, with key organs showing an over-
all higher activity with respect to those embedded in the red cluster, compatibly with the
disease state that characterized these patients. More in general, besides the conservation of
the main clustering topology that subdivides the organs in three main clusters, we noticed a
marked reshuffling of the relative order of each organ-specific metabolic network within
these clusters, especially for some organs (thyroid gland, testis, lung, liver and muscle).
From an analogous comparison between severe and fatal states (S11 Fig), we can establish
that the main contribution to the metabolic dysregulation is associated to the progression
from severe illness to the fatal state.

Also, we compared the sex-specific models obtained by integrating male and female models
on the corresponding metabolic reconstructions. The overall structure of the models was
maintained between sexes, both when considering the overall flux distribution (Figs 8A and
S12) and the organ-level metabolic activity (Figs 8D and S12). Pathways increasing their activ-
ity concordantly with disease severity in both male and female models included N-glycan deg-
radation, keratan sulphate synthesis, oxidative phosphorylation, and phenylalanine
metabolism. We also found a pool of subsystems that showed a positive fold-change (i.e. higher
metabolic activity) in the comparison between healthy and fatal states, both in male and female
models. These were ubiquinone synthesis, vitamin D, C and B2 metabolism, and eicosanoid
metabolism. Interestingly, we also found pathways that displayed sex-specific increase in their
activity (e.g. arachidonic acid metabolism for male models and fatty acid oxidation, squalene
and cholesterol synthesis in female models) or that showed opposite trends in the sex-specific
simulations (e.g. androgen and estrogen synthesis and metabolism, decreasing in males and
increasing in females).
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Discussion

In this study we used an untargeted 1H NMR approach to assess the metabolomic/lipoproteo-
mic changes in the EDTA-plasma samples of a large Italian cohort of subjects (the COMETA
cohort) with mild to fatal COVID-19. The advantages of using NMR with respect to the more
sensitive mass spectrometry approach consist in being untargeted, highly reproducible, intrin-
sically quantitative and, in the case of blood derivative analyses, in allowing the automated pro-
filing of a large ensemble of lipoprotein subfractions.

In a previous study from this consortium, 274 samples of the COMETA cohort were col-
lected from COVID-19 patients hospitalized during the first wave of the pandemic (06/2020-
04/2021), i.e. before a significant spread of the δ variant and before a massive vaccination cam-
paign [18]. Here, samples from a much larger cohort (236 additional patients in the acute
phase of the infection) and collected in a more expanded time frame (06/2020-06/2022)
became available; they include 87 new patients from the wt-α-� group; 91 from the δ group; 44
from the ο group, and 14 not attributable to a specific variant. Together, they form a cohort of
510 patients. The new analyses contribute to the advancement of the state of the art in three
main aspects:

1. We demonstrate that the metabolomic/lipoproteomic signature of the disease is robust and
does not change in a large and heterogenous cohort of patients, sampled during the differ-
ent waves of COVID-19 infection corresponding to the spread of different variants and
having different vaccination status. Interestingly, most metabolites and lipoprotein parame-
ters show the same trends of changes along all the variants. The larger increase in ketone
bodies observed for the o variant can be attributed to the higher percentage of fatal events
in this subgroup. Histidine, together with IDL-associated Chol and Apo B100 are the only
molecules that increase in the δ and o groups but decrease in the wt-α-� group. No signifi-
cant correlations (Pearson test) were found among these molecules. The decrement of histi-
dine was already reported also in the other metabolomic studies based on samples collected
before the spread of the δ variant [19,20,27]; to our knowledge no detailed information is
yet available for the other variants. The signature of the disease is completely independent
from the vaccination status of the subjects; indeed, infected vaccinated subjects show the
same metabolic and lipoproteomic changes observed for non-vaccinated subjects (with the
only notable exception of succinate, which need to be further analyzed in future studies).
Independence of the metabolomic profile from the vaccination status has recently been
mentioned by other authors [29]. Notably, all the VAX subjects here considered had been
vaccinated since more than 2 weeks, thus ensuring that the specific changes of the lipopro-
teome observed following vaccination had become negligible [33].
The metabolomic/lipidomic signature of the disease does not show any relevant difference
between males and females, indicating that the strong disease signature overcomes any sex-
specific signature. The only relevant variation between the two sexes concerns a decrease in
formate and Gln in male patients; these two molecules are known to be important for the
modulation of the immune response [34,35].
Lastly, we could also confirm in a set of 154 subjects sampled at 2 different time points that,
after 2–6 months from negativization, in the absence of any clinical long-term symptoms,
the dysregulated features all revert toward their normal value, indicating the substantial
metabolic healing of COVID-19 clinically-recovered subjects.

2. The metabolomic and lipoproteomic changes induced by the SARS-CoV-2 infection that
are described here are largely coherent with those obtained in our previous studies and also
observed by other research groups worldwide [18–29]. The high reproducibility among all
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the published data demonstrates that they accurately reflect pathophysiological changes
associated to COVID-19. Additionally, here we can discriminate subjects who will progress
towards a fatal outcome based on the levels of some molecules, that can be considered as
prognostic markers. These subjects are characterized by the highest plasma levels of man-
nose and phenylalanine but also by very high levels of glucose and of the three ketone bod-
ies, along with the largest dysregulation of several lipoprotein parameters. Notably, the
highest fold changes for both glucose and mannose are observed for patients with T2DM, a
pre-existing comorbidity identified as an important risk factor for COVID-19 associated
mortality [7,36].

3. In the literature, the overall metabolic changes observed in COVID-19 have been tentatively
explained in terms of a complex host-virus interaction aimed at the energy supply for both
viral replication and host immunological response, leading to a dysregulation of carbohy-
drate and lipid metabolism and to mitochondrial dysfunction [18–28]. Also, metabolic
modelling has shown to be a useful tool to systemically explore the metabolic impact of
COVID-19 and to prioritize specific metabolic reactions in the search of novel treatment
strategies [31,37–41]. The release in 2021 of the first multi-organ and sex-specific genome-
scale human metabolic reconstruction offered us the possibility to i) more accurately con-
straint the model in a knowledge-based way; explore ii) the metabolic impact of COVID-19
on the entire metabolism and iii) the sex-dependent metabolic response to the disease.
Based on NMR metabolomic data, our reconstruction shows that, globally, the human
(male and female) metabolic network is strongly impacted by the disease, and that the
extent of changes in metabolic configuration follows the disease severity (Fig 8A). Also, we
found a marked metabolic reprogramming at the level of many organs embedded in our
reconstruction. Indeed, despite the three main clusters that were conserved in the two cases
(red, green, and orange clusters in Fig 8D) contained the same organs, i) the relative order
of this clustering is different in the two conditions (red and green clusters clustering
together in the healthy condition but not in the fatal one) and ii) the relative position of the
organs inside the same cluster differ significantly in the comparison between healthy and
fatal heatmap. Functionally speaking, a few pathways occurred multiple times, both among
those showing an overall activity trend that mirrored disease severity, and among those that
showed the highest fold change in the healthy vs. fatal comparison. These included oxida-
tive phosphorylation and the metabolic pathways of phenylalanine, pyruvate, galactose, and
triacylglycerol. Remarkably, i) these pathways include the possible disease markers experi-
mentally identified by our NMR approach (e.g. phenylalanine and mannose) and ii) a large
body of literature identified perturbations of the metabolites belonging to these pathways as
possible metabolic responses to the COVID-19 disease state [42–46]. Our data also suggest
the presence of system-level differences in the metabolic network of males and females in
response to COVID-19 disease. A few pathways, whose changes were consistent between
sexes (ubiquinone synthesis, vitamin D, C and B2 metabolism and eicosanoid metabolism),
indicate an increase in the generic energetic demand of the organism following the severity
of the disease (for both viral replication and host immunological response). Many other
pathways showed marked sex-related differences. This is the case for example of the meta-
bolic activities of reproductive steroid hormones that, in our sex-specific simulations,
showed opposite trends (decreasing in males and increasing in females, Figs 8C and S12,
respectively). Importantly, the immunomodulatory effects of estrogens in different viral
infections are largely known [47], as well as their involvement in the response to COVID-
19 [48,49]. Similarly, phenylalanine metabolism (despite following the same trend of disease
severity in both males and females) was shown to be more active in men with respect to
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women in healthy vs. fatal contrast (Figs 8C and S12C). This confirms previous findings
on the sex dependency of this metabolic pathway during COVID-19 disease and on its pos-
sible connection with increased inflammatory status [50,51]. On the one hand, these find-
ings highlight the importance of these specific metabolic pathways for monitoring disease
progression, and, on the other hand, they also promote the use of systems biology tools for
identifying non-trivial consequences of metabolic changes at the whole-body level.

Materials and methods

Ethics statement

The study was conducted in accordance with the Declaration of Helsinki; it was approved by
Comitato Etico Regionale per la Sperimentazione Clinica della Toscana—sezione Area Vasta
Centro, code “18436_bio”. Written informed consent for inclusion was obtained from each
subject before enrolment in the study.

Patients’ recruitment and sample collection

All the subjects included in this study were enrolled in the framework of the COMETA project,
funded by the Tuscany Region, Italy. A total of 605 subjects (S1 Table) were recruited at the
Santa Maria Nuova hospital of the Azienda USL Toscana Centro, in Florence (Italy) in the
period between 20/06/2020 and 17/06/2022, i.e. during the first three waves of the COVID-19
pandemic in Italy. They include two different groups of subjects, namely:

i. 510 COVID-19 hospitalized patients, that resulted positive for SARS-CoV-2 infection (with
molecular nasopharyngeal swab), infected with different variants of the virus and with vari-
ous disease severity; for all them a blood sample was collected during the acute phase of the
infection. Additionally, for 154 out of 510 COVID-19 patients, we collected a second plasma
sample during a follow-up visit (2–6 months after the first negative swab). This group is
named as the “follow-up group”, S2 Table.

ii. 95 COVID-19 recovered subjects (COVID-19-R group), previously hospitalized for
SARS-CoV-2 infection (all during the first wave of pandemic); the blood of these subjects,
who do not show any symptoms of persistent illness and could be considered as fully recov-
ered, was collected 2–6 months after test negativization, during the follow-up visit (for this
group we do not have the samples at the moment of the infection).

COVID-19 patients were classified as mild or severe according to the respiratory symptoms
in the acute phase of the infection. All the subjects not requiring treatment with oxygen (or
not requiring supplemental oxygen with respect to the treatment in progress before infection)
or requiring oxygen treatment mask (Ventimask, VM) or nasal prongs with FiO240% were
classified as mild; patients requiring non-invasive ventilation (NIV) or MV with high FiO2>
40% or requiring orotracheal intubation (OTI) were classified as severe. Blood withdrawal
occurred before NIV / VM (FiO2> 40%) or OTI. Forty of these patients had a fatal outcome
(S3 Table).

For COVID-19 recovered subjects, blood samples have been collected at the moment of
admission to the hospital, when patients were swabbed regardless of the cause of hospitaliza-
tion, and before the start of any therapy or other medical interventions (oxygen mask, ventila-
tion, parenteral nutrition).

All plasma samples were collected, processed and stored according to ISO standards (ISO
23118: 2021), designed for high quality biological samples for metabolomic analysis [52–54].
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The metabolomic analyses were performed on EDTA-plasma samples. Before analysis, the
EDTA-plasma samples were stored at -80˚C in the repository of the da Vinci European Bio-
bank, which offered a conservation service (daVEB, DOI: 10.5334/ojb.af, https://www.unifi.It/
vp-11370-da-vinci-european-biobank.html, Italy).

NMR analysis and spectral processing

NMR samples were prepared and recorded according to standard procedures for serum/
plasma samples for metabolomics analysis [14,15].

NMR spectra for all the samples were acquired using a Bruker 600 MHz spectrometer (Bru-
ker BioSpin) operating at 600.13 MHz of Larmor proton frequency and equipped with a
PATXI 1H − 13C− 15N and 2H decoupling probe including a z-axis gradient coil, automatic
tuning-matching (ATM) and an automatic, refrigerated sample changer (SampleJet, Bruker
BioSpin). A BTO 2000 thermocouple served to stabilize the temperature to a level of approxi-
mately 0.1 K in the sample. Before measurement, the samples were kept for 5 minutes inside
the NMR probe head, for temperature equilibration at 310 K. For each sample, three one-
dimensional 1H NMR spectra were acquired with water peak suppression and different pulse
sequences [14]: i) standard NOESY 1Dpresat ii) standard 1D CPMG iii) standard 1D diffu-
sion-edited. The parameters of each experiment are reported in S4 Table. Free induction
decays were multiplied by an exponential function equivalent to a 0.3 Hz line-broadening fac-
tor before applying Fourier transform. Transformed spectra were automatically corrected for
phase and baseline distortions and calibrated at the glucose doublet at δ 5.24 ppm using Top-
Spin 4.1 (Bruker BioSpin).

Statistical analysis

All the statistical analyses were performed using the R software (R. 3.0.2).
The multivariate analyses were applied on NOESY binned spectra. To this aim, each spec-

trum was segmented into 0.02 ppm chemical shift bins, from 10.00 to 0.2 ppm, with the exclu-
sion of EDTA resonances (regions: 2.53–2.60, 2.68–2.73, 3.07–3.24, 3.58–3.64 ppm) and water
signal (region: 4.40–5.00 ppm); the corresponding spectral areas were integrated (Assure-
NMR software, Bruker BioSpin). Unsupervised Principal Component Analysis (PCA) was
used as an exploratory analysis to obtain a preliminary outlook of the data (visualization in a
reduced space, presence of clusters or outliers).

Different types of multivariate statistics (i.e. Random Forest (RF) and Orthogonal Projec-
tions to Latent Structures-Discriminant Analysis (OPLS-DA)), were tested for supervised clas-
sification. Despite, the obtained models were essentially independent of the multivariate
method used, here we reported the results obtained by RF algorithm because it allows stratified
samplings, to ensure equal representation in the case of unbalanced groups [14].

The accuracy, sensitivity, and specificity of all calculated models were assessed according to
the standard definitions.

Twenty-five metabolites, were assigned in all the spectra and their concentrations analysed.
The assignment procedure was performed using an 1H NMR spectra library of pure organic
compounds (BBIOREFCODE, Bruker BioSpin), public databases, e.g. the Human Metabolome
Database (https://hmdb.ca/), and stored reference 1H NMR spectra of metabolites. Metabolites
were analysed using the In Vitro Diagnostics research (IVDr) B.I.-Quant PS tool (Bruker, BioS-
pin). For metabolites that are not present in the IVDr list, the respective areas were integrated
using a R script developed in-house. The IVDr Lipoprotein Subclass Analysis B.I.-LISA tool
(Bruker, BioSpin) was used to extract one hundred fourteen parameters associated to lipopro-
teins (main parameters, calculated features, main fractions, sub-fractions and particle numbers)
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[55]. As done in a previous work from the COMETA consortium [18], a reference population
of EDTA-plasma samples from 177 (86 males and 91 females) healthy subjects was used to cal-
culate the “healthy” deviation range (mean ± SD) for each metabolite and lipoprotein.

The non-parametric Wilcoxon-Mann-Whitney was used to determine the significantly dif-
ferent parameters between the different groups of subjects. The obtained p-values were
adjusted for multiple tests using False Discovery Rate Correction (FDR) according to the Ben-
jamini-Hochberg method; an adjusted p-value <0.05 was considered statistically significant.
Effect size (Ef) was also calculated; the magnitude is assessed using the thresholds provided in
Romano et al. [56], that is | Ef| <0.147 “negligible—1”, | Ef |<0.33 “small—2”, | Ef |<0.474
"medium—3", otherwise "large—4".

Genome-scale metabolic modelling

Metabolomics data were integrated with the most recent human GEM reconstruction, which
is based on the integrated metabolism of 26 main organs of the human body and 6 blood cells
types and provides sex-specific whole-body metabolism; in practice, two reconstructions are
currently available “Harvey” and “Harvetta” accounting for the male and female metabolic
models, respectively [30]. Here we apply this reconstruction to interpret the metabolic changes
observed in plasma as a function of COVID-19 severity. We took advantage of the fact that in
the updated human reconstruction the values of the exchange reactions (i.e. those reactions
that account for the uptake/release of the nutrients by each organ) are the result of extensive
literature search and accurately define the metabolic exchanges of each organ with the overall
blood circulation. Thus, the direction of the exchange reactions (uptake or release) were set
according to Thiele et al. (2020) [30]. The extent of the exchanges (i.e. the rates) were instead
defined according to the metabolomic data obtained in this work. More in detail, we post-pro-
cessed the metabolomic dataset as follows. The metabolomic data were first divided between
male and female patients in order to be able to integrate each of the two datasets in the corre-
sponding sex-specific metabolic reconstruction and then divided on the basis of the severity
condition (recovered, mild, severe and fatal); as for the rest of this study and in accordance to
previous findings [18], the recovered subjects are taken as healthy controls. Then, for each
metabolite/lipoprotein, the mean among each sample and the fold changes (FC) among each
of the following contrasts was computed: recovered vs. mild, recovered vs. severe, recovered
vs. fatal. This latter step was performed using the foldchange function of the R package gtool.
The Wilcoxon test was then used to assess the significance of the changes among the different
conditions and the R function p.adjust was used to compute the False Discovery Rate (FDR)
values. The FC of the plasma metabolites/lipoproteins that resulted to be statistically different
in the examined conditions were used to constraint the model as described below.

Using COBRApy [57] (version 0.26) and selecting the Gurobi solver (version 9), we used
Flux Balance Analysis (FBA) to create a standard “healthy” flux distribution by leaving the
model unconstrained, simulating a Mediterranean diet and optimizing for the biomass objec-
tive function of the model. The other flux distributions (mild, sever and fatal) were computed
modifying the upper and lower boundaries (UB and LB, respectively) using plasma metabolites
FCs. More in details, for each ith exchange metabolites, we set the UB and LB as follows:

UB > 0 ^ LB < 0

FC > 0; xub à BV � FC

xlb à BV � 1=FC
FC < 0; xub à BV � 1=jFCj

xlb à BV � jFCj

8
>>>>>><

>>>>>>:
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UB ^ LB < 0
FC > 0; xub ^ xlb à BV � 1=FC
FC < 0; xub ^ xlb à BV � jFCj

(

UB ^ LB > 0
FC > 0; xub ^ xlb à BV � FC

FC < 0; xub ^ xlb à BV � 1=jFCj

(

Where UBi and LBi represents the upper and lower boundaries for the ith metabolite of all
the exchange metabolites in the reconstruction, FC represents the fold change of the ith metab-
olite in a specific contrast, xub and xlb represent the actual upper and lower values of the con-
strained reaction in the model after metabolomic data integration, BV represents the default
boundary value in the original model [30], respectively. From the four hypothetical flux distri-
butions that we obtained (healthy, mild, severe and fatal) we pruned those reactions that dis-
play no flux in any of the four conditions. We used the remaining reactions to investigate the
metabolic changes at the whole-body level that better account for the measured metabolic
changes. To efficiently summarize our data, we took advantage of the model-embedded associ-
ation between each reaction and its corresponding subsystem (i.e. cellular process) and com-
puted a subsystem average metabolic activity (S.A.M.A.) as follows:

S:A:M:A: à
PN

ià1 jfij
N

Where fi represents the function of the ith of the N reactions included in a given subsystem.
Similarly to what described above for each metabolite in the metabolomic dataset, FC and

p-values were computed for each subsystem in the contrasts recovered-mild, recovered-severe
and recovered-fatal. Heatmaps were reconstructed using pheatmap, and selecting the Ward’s
(ward.D) clustering method.

Supporting information

S1 Table. Demographic and clinical characteristics of the COMETA cohort. List of abbrevi-
ations: M: Males; F: Females; COPD: Chronic Obstructive Pulmonary Disease; CAD: Coro-
nary Artery Disease; CHF: Congestive Heart Failure; T2DM: Type 2 Diabetes; CKD: Chronic
Kidney Disease.
(XLSX)

S2 Table. Demographic and clinical characteristics of the follow-up group. List of abbrevia-
tions: M: Males; F: Females; COPD: Chronic Obstructive Pulmonary Disease; CAD: Coronary
Artery Disease; CHF: Congestive Heart Failure; T2DM: Type 2 Diabetes; CKD: Chronic Kid-
ney Disease.
(XLSX)

S3 Table. Demographic and clinical characteristics of the COVID-19 patients with a fatal
outcome. List of abbreviations: M: Males; F: Females; COPD: Chronic Obstructive Pulmonary
Disease; CAD: Coronary Artery Disease; CHF: Congestive Heart Failure; T2DM: Type 2 Dia-
betes; CKD: Chronic Kidney Disease.
(XLSX)
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S4 Table. Parameters of the NMR experiments acquired for each plasma-EDTA samples at
600 MHz spectrometers.
(XLSX)

S1 Fig. Multivariate analysis of the main COVID-19 variants. A) PCA Score Plot based on
bucketed NOESY spectra of the main three COVID-19 variant groups and COVID-19-R
group. B) Proximity plots of the RF model discriminating the COVID-19 variant groups and
COVID-19-R subjects using bucketed NOESY spectra. The confusion matrix and the accuracy
value are reported. Colour coding: wt-α-� group (cyan); δ group (red); o group (orange);
COVID-19-R (yellow).
(TIF)

S2 Fig. Lipoproteomic alterations (subfractions and particle numbers) in the main
COVID-19 variants. Values of Log2 fold change (FC) of quantified lipoprotein parameters
(particle numbers and HDL, LDL, and VLDL subfractions). Positive/negative values have
higher/lower concentration in plasma samples from each of the three variant COVID-19
groups with respect to COVID-19-R group. p-values <0.05 are highlighted with colored
squares. Colour coding: wt-α-� group (cyan); δ group (red); o group (yellow).
(TIF)

S3 Fig. Multivariate analysis of the VAX and NO-VAX groups. A) PCA Score Plot based on
bucketed NOESY spectra. B) Proximity plots of the RF model discriminating the COVID-19
VAX group and the COVID-19 NO-VAX group using bucketed NOESY spectra. The confu-
sion matrix and the accuracy value are reported. Colour coding: VAX group (green);
NO-VAX group (grey).
(TIF)

S4 Fig. Lipoproteomic alterations (subfractions and particle numbers) in the VAX and
NO-VAX groups. Values of Log2 fold change (FC) of quantified lipoprotein parameters (parti-
cle numbers and HDL, LDL, and VLDL subfractions). Positive/negative values have higher/
lower concentration in plasma samples from the VAX or NO-VAX groups with respect to the
COVID-19-R group; p-values <0.05 are highlighted with coloured triangles. Colour coding:
VAX group (green); NO-VAX (grey).
(TIF)

S5 Fig. Sex-related lipoproteomic alterations (subfractions and particle numbers) of
COVID-19 subjects. Values of Log2 fold change (FC) of quantified lipoprotein parameters
(particle numbers and HDL, LDL, and VLDL subfractions). Positive/negative values have
higher/lower concentration in plasma samples from male (M) or female (F) groups with
respect to M or F COVID-19-R subjects, respectively; p-values <0.05 are highlighted with col-
oured triangles. Colour coding: male group (blue); female group (pink).
(TIF)

S6 Fig. Markers of clinical severity. Box plots of the concentration levels for (A) metabolites
and (B) lipoprotein parameters (main parameters, calculated figures and main fractions) that
have a p-value < 0.05 and a large Cliff’s delta effect size in the comparison between COVID-19
and COVID-19-R groups and whose levels are also significantly altered between mild and
severe patients. In each plot, the grey stripe embraces the concentration range in the reference
“healthy” population. Colour coding: mild (light red); severe (red); COVID-19-R (yellow).
*indicates p-value < 0.05: the upper line indicates the statistical significance between all the
COVID-19 subjects and the COVID-19-R group; the lower line indicates statistical
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significance between mild and severe subjects.
(TIF)

S7 Fig. Markers of fatal events. Box plots of (A) metabolites and (B) lipoproteins concentra-
tion levels in COVID-19 positive subjects grouped according to disease severity. The concen-
tration levels in COVID-19-R subjects are also reported. Colour coding: mild (light red);
severe (red); fatal (dark red); recovered subjects (yellow). * indicates p-value < 0.05: the upper
line indicates the statistical significance between all the COVID-19 subjects and the COVID-
19-R group; the lower lines indicate statistical significance between pairs of severity groups.
(TIF)

S8 Fig. Comorbidities-dependent variations. Box plots of Mannose, Glucose and Creatinine
concentration levels in the 510 COVID-19 positive subjects grouped as a function of the main
comorbidities. The concentration levels in COVID-19-R subjects are also reported as control val-
ues (yellow bar). In each plot, the grey stripe covers the concentration range in a "healthy" popu-
lation. * indicates p-value< 0.05: the upper line indicates the statistical significance between all
the COVID-19 subjects and the COVID-19-R group; the lower line indicates that at least one of
the comorbidity groups (circled in red) is significantly different from all the others. List of abbre-
viations: COPD: Chronic Obstructive Pulmonary Disease; CAD: Coronary Artery Disease; CHF:
Congestive Heart Failure; T2DM: Type 2 Diabetes; CKD: Chronic Kidney Disease.
(TIF)

S9 Fig. Comorbidities-dependent variations of severity markers. Box plots of (A) mannose
and (B) glucose concentration levels in COVID-19 positive subjects grouped according to the
grade of the disease severity. The concentration levels in COVID-19-R subjects are also
reported. Left panels: all the subjects; middle panels: the T2DM subjects were excluded from
the analysis; right panels: only T2DM subjects. In each plot the grey stripe covers the concen-
tration range in a "healthy" population. Colour coding: mild (light red); severe (red); fatal
(dark red); recovered subjects (yellow). * indicates p-value < 0.05: the upper line indicates the
statistical significance between all the COVID-19 subjects and the COVID-19-R group; the
lower lines indicate statistical significance between pairs of severity groups.
(TIF)

S10 Fig. Time-dependence of the severity markers in the follow-up group (S2 Table).
Box plots of the concentration levels for (A) metabolites and (B) lipoproteins that have a p-
value< 0.05 and a large Cliff’s delta effect size in the comparison between the plasma samples col-
lected at the moment of the acute infection (T1) and the samples collected at the follow-up visit
(T2). The concentration levels in COVID-19-R subjects are also reported as control values. In
each plot, the grey stripe embraces the concentration range in the reference “healthy” population.
Colour coding: T1 (red); T2 (blue); COVID-19-R (yellow). * indicates p-value< 0.05: the upper
line indicates the statistical significance between all the COVID-19 subjects and the COVID-19-R
group; the lower line indicates statistical significance between T1 and T2.
(TIF)

S11 Fig. Comparison between severe and fatal states through genome-scale metabolic
modelling. Heatmaps showing the clustering of the different organs according to the activity
of each reaction (left severe, right fatal state). Each column represents a reaction in the human
metabolic network and its color accounts for the (normalized) activity of that specific reaction
in the corresponding organ. In the heatmap on the left, three main clusters are labelled with a
red, green and orange dot and the organs belonging to each cluster are labelled accordingly
and this color code is maintained in the heatmap on the right. Organs changing clusters in the
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two heatmaps are connected with a line.
(TIF)

S12 Fig. Genome-scale metabolic modelling of female subjects. A) Clustering of context-
specific models. Each column represents a reaction in the human metabolic network and its
color accounts for the (normalized) activity of that specific reaction in the corresponding con-
text-specific model. Models are clustered according to their profile of active/inactive reactions.
B) Heatmap that includes those metabolic processes (subsystems) showing an overall flux
increase that paralleled that of disease severity (from mild to severe). Their activity in the
healthy-model is also included in the figure for clarity. C) Fold change of average metabolic
activity for each subsystem in the healthy vs. fatal condition. D-E) Heatmaps showing the clus-
tering of the different organs according to the activity of each reaction (D- healthy state, E-
fatal state). As in in the panel A, each column represents a reaction in the human metabolic
network and its color accounts for the (normalized) activity of that specific reaction in the cor-
responding organ.
(TIF)
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3.2.4 Dynamics of persister resuscitation

The study of resistance, tolerance, and persistence to antibiotics has traditionally

focused on single microbial isolates. In recent years, there is growing recogni-

tion that interactions among microbes could significantly influence the outcomes

of antibiotic treatments. In fact, there is evidence that suggests that these inter-

actions are particularly important in shaping the emergence of persistence and

tolerance within microbial populations. It has been described that persister cells,

after reached a dormancy state and survived the antibiotic treatment, they may

start a resuscitation process. In other words, after the antibiotic treatment, per-

sister cells exit from the persistence state and start re-population (at a lower rate

than before antibiotic treatment) (Mohiuddin et al. 2020). The processes of resus-

citation and pathogen clearance are intricately tied to the dynamics of small pop-

ulations size of the pathogen (persister) species. Several studies have suggested

that even when the pathogen population decreases considerably, this might not

be enough to eradicate these bacteria (Jones et al. 2006; Hara-Kudo et al. 2011;

Gullberg et al. 2011). While the behavior of large populations is largely determin-

istic, small populations are subject to stochastic fluctuations, introducing unpre-

dictability into their dynamics.

In this work, we explore how interactions within microbial communities affect

the timing, mechanisms, and success of persister resuscitation, as well as how

noise influences these processes. To investigate these dynamics, we developed a

theoretical model of a three-member microbial community, focusing on how cell-

to-cell interactions influence pathogen clearance. We use the generalized Lotka-

Volterra framework and modeled it from a deterministic point of view, however,

to examine the interplay between ecological relationships, population size, and

the stochastic processes that dominate small populations, we describe the gLV

model as a set of stochastic rules.

Briefly, the stochastic framework describes that in the time interval [t, t + dt),

where t is time and dt an infinitesimally small time step, the transition rate of
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the system going from a state x to a new state y will change by no more than

one cell. Since we have several possible transitions (depending on how many

species we have in our community), the probability of each to happen depends

on the interaction coefficient and a random number in the interval (0, 1). This

probability is a Markovian stochastic process, i.e. at a given time t the conditional

probability of a future state y depends only on the immediate previous state x

(Erban et al. 2020).

Using this mathematical framework, we modeled the fluctuations happening

in the persisters’ population. Our findings emphasize the critical role of micro-

bial interactions in determining the resilience of populations following antibi-

otic treatment. While loose interactions generally resulted in the presence of

the persisters-generating species in the final communities, stronger interactions

were able to completely eradicate such species from the community. On the other

hand, we saw that population fluctuations, driven by stochasticity, could shape

the capacity of microbes to persist, recover, and ultimately resist clearance, i.e.

eventually dominate the community after the antibiotic treatment. This scenario

was never observed using the determinist framework.

These insights underscore the importance of considering microbial communi-

ties as dynamic and interconnected systems when studying antibiotic efficacy

and designing therapeutic strategies. By integrating ecological and stochastic

perspectives, this study provides a deeper understanding of the factors driving

microbial survival and recovery in the face of antibiotic challenges. Furthermore,

this study highlights the crucial role of mathematical models to study and under-

stand the dynamics of microbial communities.
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Resistance, tolerance, and persistence to antibiotics have mainly been studied at the level of a single microbial 
isolate. However, in recent years it has become evident that microbial interactions play a role in determining the 
success of antibiotic treatments, in particular by influencing the occurrence of persistence and tolerance within a 
population. Additionally, the challenge of resuscitation (the capability of a population to revive after antibiotic 
exposure) and pathogen clearance are strongly linked to the small size of the surviving population and to the 
presence of fluctuations in cell counts. Indeed, while large population dynamics can be considered deterministic, 
small populations are influenced by stochastic processes, making their behaviour less predictable. Our study 
argues that microbe-microbe interactions within a community a�ect the mode, tempo, and success of persister 
resuscitation and that these are further influenced by noise. To this aim, we developed a theoretical model of a 
three-member microbial community and analysed the role of cell-to-cell interactions on pathogen clearance, using 
both deterministic and stochastic simulations. Our findings highlight the importance of ecological interactions 
and population size fluctuations (and hence the underlying cellular mechanisms) in determining the resilience of 
microbial populations following antibiotic treatment.

1. Introduction

For a long time, antibiotic resistance, tolerance and persistence have 
been studied from the point of view of single organisms and how each 
drug could a�ect their genome, metabolism and growth rate. However, 
in recent years, the study of microbial communities and how their eco-
logical interactions could alter the e�cacy of antibiotics has gained 
ground. In fact, mounting evidence suggests that such interactions play 
a crucial role in the emergence and maintenance of antibiotic persis-
tence/tolerance and in the actual e�ciency of antibacterial treatments 
[1–6]. The work by De Vos et al. (2017), for example, characterised a 
large set of cooperative and competitive interactions in polymicrobial 
urinary tract infections, showing that Proteus mirabilis predominantly 
protect some isolates from antibiotics while harmed others in the ab-
sence of them. They highlighted the importance of interactions in i) 
maintaining the stability of the underlying population and ii) a�ect-
ing the survival of community members during antibiotic exposure [1]. 
Mizrahi et al. (2023) showed that the biggest benefit usually goes to the 
more sensitive strains, allowing them to grow in concentrations higher 
than the minimum for inhibition. Hence, the evolution of antibiotic-

* Corresponding author.
E-mail address: marco.fondi@unifi.it (M. Fondi).

resistant and tolerant bacteria can be modified depending on the type 
and strength of interspecies interactions. Sensitive strains that manage 
to grow under antibiotic stress tend to have a decrease in the death 
rate, coupled with a decrease in the growth rate, leading to tolerance; 
i.e. lower growth rate, more tolerance. However, we need to consider 
that there must be a slow antibiotic degradation in the environment 
for the tolerance to evolve [5]. While resistance is inherited and may 
be acquired by horizontal gene transfer of resistance-encoding genes or 
mutations, tolerance is the general ability of a population to survive 
longer to antibiotic treatments by having a lower death and survival 
rate, without any genetic modifications. There are cells that not only 
exhibit tolerance to antibiotics but also persist in their presence without 
undergoing genetic changes. These persister cells are a subpopulation of 
a growing bacterial population that survives antibiotic treatment by en-
tering a dormant state, which is a reversible, non-inherited phenomenon 
[7–9]. Recent evidence suggests that low ATP levels induce protein ag-
gregation and thus non or slow-growing bacterial cells, stochastically 
favouring persisters formation [10]. Although this low-energy mech-
anism may be present in several, if not all, bacterial species, this is 
not the only mechanism that produces persister cells. Toxin-antitoxin 
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(TA) loci, such as the HipA system in Escherichia coli, have been impli-
cated in the formation of persister cells [11–14]. Although its role in 
this process has been controversial, with conflicting evidence regarding 
the exact mechanisms involved, HipA might indeed be correlated with 
persistence [15,16]. The activation of the bacterial SOS response is yet 
another mechanism that has been associated with bacterial persistence 
[17]. Overall, it has been estimated that the fraction of persisters within 
a microbial population may be typically less than 1-2%, depending on, 
among other factors, the antibiotics used, the growth phase and the 
taxonomy of the microbes under study [18,19,9,20,21,16]. Once cells 
have reached a dormancy state of persistence and survived the antibiotic 
treatment, they may start a resuscitation process: their exit from the per-
sistent state to repopulate, upon cessation of antibiotic exposure [22]. 
The phenotypic features that allow persister resuscitation are starting to 
gain attention, since this process may represent an attractive target for 
antibiotic treatments [23]. Although resuscitation dynamics of a group 
of persisters has long been considered to be constant over time [24], a re-
cent work suggested that cells resuscitate exponentially rather than with 
a fixed rate [25]. In 2023, Fang and colleagues modelled the dynamics 
of resuscitation by single-cell tracking and showed that, in most cases, 
this does not depend on the treatment duration but only on the antibiotic 
concentration (tested with ampicillin, imipenem and ciprofloxacin). One 
essential characteristic that may help the cell is its ability to detoxify the 
intracellular environment by coupling the inner-membrane ABC trans-
porters with the outer-membrane protein TolC. In other words, changes 
in the e�ux strongly delay the resuscitation process. Interestingly, they 
observed that persister partitioning is antibiotic-specific. They described 
two processes that changes the resuscitation of persisters cells: depletion 
of drug-target binding proteins (cell-wall targeting antibiotics) and the 
activation of SOS-response (quinolone antibiotics), resulting in triangu-
lar structural defects and filamentation/polar partitioning, respectively 
[26,27,25]. This leads to a population formed by healthy, damaged and 
failed cells (their proportion depending on the antibiotic treatment) 
that, as a whole, display a reduced growth rate in respect to the pre-
antibiotic exposure phase [25].

The problem of resuscitation and, more in general, pathogens clear-
ance, is strongly connected to the small population size of the pathogen 
species. There are evidences that suggest that, even if the pathogen pop-
ulation has been drastically reduced by the antibiotic treatment, this 
may not be enough as failure to completely eradicate a population of 
bacteria may lead to undesired consequences. The reduced population 
can lead both to i) infection relapse [28,29] and ii) antibiotic resistance 
development [30]. Clearly, both scenarios complicate the subsequent 
treatments. While the dynamics of large populations can be thought of 
as a deterministic process, the dynamics of small populations may be 
less predictable and a�ected by factors that are negligible in the first 
scenario. The underlying probability of these stochastic processes has 
been described in di�erent ways [31–33].

Here, we argue that microbe-microbe interactions in a microbial 
community represent an additional factor a�ecting the mode, tempo and 
success of persisters resuscitation. Since antibiotic exposure drastically 
reduces the size of sensitive species (virtually to the size of persisters 
pool), even mildly negative interactions may impede the resuscitation of 
persisters once their population size has dropped under a certain thresh-
old. At the same time, noise may contribute to this complex scenario, 
as stochastic fluctuations in cell numbers could interfere with the dy-
namics of the ecological network and influence the resuscitation of the 
persister pool. To investigate these issues, we developed a theoretical 
model of a simple microbial community that includes one pathogenic, 
antibiotic-sensitive and persisters-generating species together with two 
other interacting community members and analysed how the interplay 
among the three players (as well as other model parameters) a�ects the 
resuscitation of the persisters, also when considering the role of noise.

2. Theory

In this work, we model a theoretical community made of three inter-
acting species, namely species A, B and C (Fig. 1A). Each member of 
the community grows according to a specific growth rate (�) and dies 
according to a specific death rate (�). Species C represents a hypothet-
ical pathogen, sensitive to a given antibiotic X (ABX) while A and B
represent two other species that are not sensitive to ABX. Species A, B
and C interact with each other and the strength of these interactions is 
given by coe�cients of the type ↵i,j , accounting for the e�ect of species 
i on species j (Fig. 1B). During growth, species C generates persisters 
P with a rate � . Persisters P do not grow (�P =0), are not sensitive 
to antibiotic and do not interact with species A and B. We then con-
sider the scenario in which the community is exposed to antibiotic for 
a given amount of time (from tstart to tend ). During this time period, 
the growth rate of species C is set to 0 (�C=0), an antibiotic killing 
rate is introduced (⇠), all the interactions a�ecting species C are set to 
0 (↵A,C=↵C ,A=↵B,C=↵C ,B=0) and persisters production rate is set to 
0 (�=0). After the exposure to the antibiotic treatment (i.e. when sim-
ulation time t > tend ) we simulate the resuscitation of persisters P by 
converting P into C with a rate equal to ↵rese�t as reported in [25] 
for ampicillin treatment in E. coli and Salmonella enterica and setting 
back to their original values all the interaction parameters (↵i,j ) and 
the persisters generation rate (�). As for C growth rate after antibiotic 
exposure, we considered the fact that cells resuscitated from the pool 
of persisters sometimes manifest a damaged phenotype [25] and set the 
post-antibiotic growth rate �C to the 75% of its original value �C . Simu-
lations then are continued until all the species have reached their steady 
state (if any). We used this simple and general modelling framework to 
evaluate the role of specific parameters (e.g. the duration of the antibi-
otic treatment, the persisters production rate and, more importantly, the 
e�ect of species interactions) on the capability of pathogen species C to 
restore normal growth after the antibiotic-induced perturbation.

The model can be formalised by the following set of equations. We 
report here the case for species A, which is analogous for species B and 
C :

A
�
,,⇤ 2A (1)

2A
↵AA
,,,,,,,,,,,,⇤

T
3A, if ↵

AA
> 0

A, if ↵
AA

< 0
(2)

A+B
↵BA
,,,,,,,,,,,,⇤

T
2A+B, if ↵

BA
> 0

B, if ↵
BA

< 0
(3)

A+C
↵CA
,,,,,,,,,,,,⇤

T
2A+C , if ↵

CA
> 0

C , if ↵
CA

< 0
(4)

A
�
,⇤ Á (5)

Clearly if any of the above mentioned ↵ is equal to 0, no changes in A
will occur. In particular, for species C we also have persisters formation 
with rate � :

C
�
,⇤ P (6)

Furthermore, during antibiotic exposure, we include the following 
equations to the system to account for the antibiotic killing rate ⇠:

C
⇠
,⇤ Á (7)

Finally, after the exposure to the antibiotic, we modelled persisters 
resuscitation as follows:

P
�
,⇤ Á (8)

P
↵rese�t
,,,,,,,,,,,,,,,,,,,,⇤ C (9)

This set of equations leads to the following set of four ordinary dif-
ferential equations (ODEs):
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Table 1
Values of the model parameter together with their source.

Parameter Description Value Unit Reference 
� Growth rate 0.7 h*1 [35] 
tstart, tend Time of ABX exposure 12, 18 h -
� Death rate 0.1 h*1 [36] 
� Persisters generation rate 0 - 0.1 h*1 [21] 
⇠ ABX killing rate 0 - 2.0 h*1 [37] 
↵res Resuscitation rate 0.2 - [25] 
⇢ Growth defect of resuscitation rate 0.75 - [25] 

Ü[A] = �[A] + ↵
BA

[AB] + ↵
CA

[AC] + ↵
AA

[A]2 * �[A] (10)

Ü[B] = �[B] + ↵
AB

[BA] + ↵
CB

[BC] + ↵
BB

[B]2 * �[B] (11)

Ü[C] = �[C] + ↵
AC

[CA] + ↵
BC

[CB] + ↵
CC

[C]2 * �[C]* �[C] (12)

Ü[P ] = �[C]* �[P ] (13)

When tstart < t < tend , i.e. during antibiotic exposure, equation (12) 
changes to:

Ü[C] = �[C] + ↵
AC

[CA] + ↵
BC

[CB] + ↵
CC

[C]2 * �[C]* �[C]* ⇠[C] (14)

And when t > tend , i.e. after antibiotic exposure, equations (12) and 
(13) change to:

Ü[C] = ↵rese�t[P ]+⇢�[C]+↵
AC

[CA]+↵
BC

[CB]+↵
CC

[C]2* �[C]* �[C]

(15)

Ü[P ] = �[C]* �[P ]* ↵rese�t[P ] (16)

where ⇢ is a scaling factor to account for the growth defect of resusci-
tated C cells. The values of the parameters are reported in Table 1. We 
also formulated the deterministic model of the community represented 
by the Eqs. (1) - (9) as an ensemble of stochastic rules in a hypothetical 
volume (V ) of 1000 µl, a value that is in line with previous experi-
ments/models on microbial community dynamics [34]. Mathematically, 
at each time t the system is fully described by x = (n

A
,n

B
,n

C
,n

P
), a 

vector whose components are discrete quantities that identify the total 
number of elements of species i (for i = A,B,C ,P ). To proceed in the 
analysis, it is necessary to introduce the transition rates T(yx) from the 
state x to the new state y, where y is a state compatible with the equa-
tions listed above. These transitions originate from Eqs. (1) - (9) and 
their explicit forms are as follows.

T1(nA + 1n
A
) = � � n

A
(17)

T2(nB + 1n
B
) = � � n

B
(18)

T3(nC + 1n
C
) = � � n

C
(19)

T4(nA * 1n
A
,n

B
) =

↵
BA

V
� n

A
� n

B
, if ↵

BA
< 0 (20)

T5(nA + 1n
A
,n

B
) =

↵
BA

V
� n

A
� n

B
, if ↵

BA
> 0 (21)

T6(nA * 1n
A
,n

C
) =

↵
CA

V
� n

A
� n

C
, if ↵

CA
< 0 (22)

T7(nA + 1n
A
,n

C
) =

↵
CA

V
� n

A
� n

C
, if ↵

CA
> 0 (23)

T8(nB * 1n
B
,n

A
) =

↵
AB

V
� n

B
� n

A
, if ↵

AB
< 0 (24)

T9(nB + 1n
B
,n

A
) =

↵
AB

V
� n

B
� n

A
, if ↵

AB
> 0 (25)

T10(nB * 1n
B
,n

C
) =

↵
CB

V
� n

B
� n

C
, if ↵

CB
< 0 (26)

T11(nB + 1n
B
,n

C
) =

↵
CB
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where, in the definition of each T(ni ± 1ni), we included only those 
species actually taking part in the corresponding equation. Clearly, as 
in the deterministic formulation of the model, if any of the above men-
tioned ↵ is equal to 0, no changes in the corresponding species will 
occur. Once the transition rates have been defined, we can define the 
master equation accounting for the probability of observing the system 
in its state x at time t, given the transition rates that describe the proba-
bility of passing from state x to state y. In its general form, the chemical 
master equation can be written as follows:

d
dt

P (x, t) =
…
yëx

T (xy)P (y, t)* T (yx)P (x, t) (45)

We will now introduce one step operator ✏ (or van Kampen opera-
tor) for each species in the model in order to be able to compact the 
formulation of the chemical master equation shown in Eq. (45).
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P
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where f is an arbitrary function that depends on the state x. The sub-
script of each step operator ✏ embeds in the pedix the information on 
which model species increases or decreases following the corresponding 
chemical reaction (e.g. ✏A for species A).

Accordingly, the explicit form of the chemical master equation gov-
erning the evolution of the discrete stochastic model assumes the fol-
lowing form:

d
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Fig. 1. Schematic representation of the three-member community modelled herein. (A) Network describing the dynamics of the species A (in green), B (in purple) 
and C (in orange), and the possibility of the persister P formation (in yellow). (B) Random interaction matrix that produces a stable non-zero steady state. (C) 
Sample simulation with a final co-existence of all the three species. (D) Dynamics of the community with di�erent initial abundances for each species lead to the 
same steady state. (E) Dynamics of the community under antibiotic (ABX) stress in the interval 12-18 h. (F) Changes in the final composition of abundances resulting 
from varying the strength of the interactions among the three community members (i.e. changing the interaction matrix; line opacity indicates interaction strength). 
(G) Percentage of communities in which species C disappears when the interaction strength increases.
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3. Results and discussion

3.1. The role of microbe-microbe interactions in persisters resuscitation

Microbial interactions can profoundly a�ect the dynamics of a mi-
crobial community, leading to very di�erent end-points of each species 
[38]. We started by testing the e�ect of di�erent interaction matrices 
on the final steady state of the community. We thus randomly sam-
pled 100K interaction matrices in the interval [-1,1] and, for each of 
them, computed the end-point of the community. We found that, as ex-
pected [38], di�erent interactions matrices led to di�erent community 
end-points and to very di�erent dynamics of each species in the model 
described by Eq.s (10)-(13) (Fig. 1F).

Among all the (randomly assembled) matrices, we identified and pre-
liminary selected a matrix that could produce i) a stable steady state, 
ii) a community in which each species reached a non-zero final state 
and iii) where the pathogenic species showed the highest abundance at 
the end of simulations (Fig. 1B and C). Not surprisingly, this matrix was 
composed by negative interactions, as positive interactions are generally 
thought to be rare and to destabilise microbial communities [39,40] (al-
though recent evidence suggests that positive interactions may be less 
rare than we think [41]). Also, the values of these interaction matrices 
fall well in the range of other interaction matrices derived from other 

works [42,1]. Finally, consistent with the underlying biology, the di-
agonal of this matrix is composed of negative entries as each of these 
species would eventually reach carrying capacity even in the absence of 
other species. Importantly, the final composition of the community did 
not change regardless of the initial abundance of each species (Fig. 1D). 
We then simulated the exposure to the antibiotic in the interval tstart = 
12 h and tend = 18 h. According to the model implementation (Fig. 1E), 
species C is a�ected by such perturbation and reaches a very low level 
of (relative) abundance. The other species react to such change by in-
creasing (A and B) or decreasing (P ) their abundance, as determined by 
the model structure. After antibiotic exposure, species C starts increas-
ing again and the community gets to its new steady state. Using the 
end-points of such perturbed community as the initial points for a new 
simulation (without exposing it to the antibiotic) led to a final steady 
state identical to that of the initial simulation shown in Fig. 1C (See Fig-
ure S1). We next asked whether the structure of the community, i.e. the 
strength of the interactions among the three members, influenced the 
new steady state reached by species C following antibiotic exposure. 
We thus tested a wide range of possible interaction matrices in the in-
terval [-1,0). As shown in Fig. 1F, the final composition of species C
is profoundly a�ected by variations in the strength of the interactions 
among the members of the community. We analysed this aspect more 
thoroughly by sampling random interaction matrices in an increasingly 
narrower range and computing the final community composition for 
each of them (as the percentage of steady state communities including 
species C). We found that species C gets progressively excluded from 
the community with the increasing of the overall strength of microbe-
microbe interactions (Fig. 1G). So, according to our model, the strength 
of the interactions of two other community members over a pathogenic, 
persisters-generating species may be enough to prevent the resuscitation 
of persisters following antibiotic treatment. This suggests that ecologi-
cal interactions may play a role in determining the success of persisters 
resuscitation.

We then tested whether changes in the main parameters of the model 
(namely antibiotic exposure time tend , antibiotic killing rate ⇠ and per-
sister generation rate �) could have any impact on the end-point values 
of species C . Furthermore, as we have previously shown that the in-
teraction matrices can have a role in determining the final state of the 
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Fig. 2. Changes in the main parameters of the model. A) Changes in antibiotic exposure time tend , antibiotic killing rate ⇠ and persister generation rate � have no 
impact on the end-point values of species C . B-D) Impact on the post-antibiotic dynamic of species C of antibiotic exposure time (B), its strength (C) and persister 
generation rate (�) (D). E) The e�ect of di�erent antibiotic killing rate on the optimal resuscitation time. F) The e�ect of antibiotic exposure time on the optimal 
resuscitation time.

corresponding community, we tested the impact of each parameter’s 
value on a random sample of 1000 interaction matrices. As shown in 
Fig. 2A, changes in antibiotic time exposure, antibiotic killing rate and 
rate of persister formation did not significantly alter the final end-point 
of species C . However, what seemed to be a�ected was the so-called re-
suscitation time of persisters [22,25], i.e. the time it takes for persister 
cells to start growing again after the antibiotic e�ect has vanished. In-
deed, some di�erences among the e�ects of the tested parameters could 
be observed when considering the post-antibiotic dynamic of species C
(Fig. 2A). To investigate this aspect more thoroughly, we measured the 
e�ect of the same three parameters on the time it took for the species 
C to get back to its steady state after exposing the community to the 
antibiotic. As shown in Fig. 2B and C, varying two of the three pa-
rameters led to expected consequences. Indeed, increasing the exposure 
time of the antibiotic (Fig. 2B) and its strength (Fig. 2C) is reflected 
in a progressively longer resuscitation time. When considering persis-
ters generation rate, instead, we noticed a di�erent trend: resuscitation 
time was maximal with � equal to zero (no generation of persisters) 
and reached similarly high levels with a � value of 0.1 h*1. In between, 
we identified the most e�cient response (i.e. the fastest of resuscita-

tion time) with � values ranging between 0.02 and 0.03 h*1 (Fig. 2D). 
This suggests the presence of an optimum in persister generation rate, 
i.e. in the fraction of the population that is stochastically converted to 
persisting (dormant) cells. Higher values are not optimal likely because 
they reduce the population to extremely low values so that only persis-
ter cells are responsible for the resuscitation process and, as previously 
mentioned, their growth restart is likely to be impaired in respect to 
healthy cells [25]. Conversely, � values that are too low to prevent the 
generation of enough persister cells to ensure the resuscitation after the 
exposure to the antibiotic treatment. Interestingly, among all the per-
sisters generation rates tested, those that correspond to the apparently 
optimal resuscitation strategies fall in the range of the common persis-
ters formation rate found in a wide range of microbial species [22].

Next, we asked whether the presence of an optimal resuscitation time 
was somehow linked to the values we chose for the other two parameters 
(⇠ and tend ). Fig. 2E shows the e�ect of di�erent antibiotic killing rate on 
the optimal resuscitation time. While we found that the presence of such 
an optimum was maintained regardless of the antibiotic killing rate, we 
also found that the optimal range narrows as the antibiotic killing rate 
increases. In other words, the stronger the killing power of the antibiotic, 
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Fig. 3. The e�ect of fluctuations in a three-member community. A-B) A sample of deterministic (straight line) and stochastic (step line) simulations. It is shown 
the overlap between the two models, both in a non-antibiotic (A) and antibiotic (B) scenario. However, stochastic e�ects may become relevant when the size of 
species C population reaches very low values. C) Deterministic simulation of nine communities using di�erent interaction matrices that resulted in the extinction 
of species C . D) Using the same interaction matrices, species C reappears when modelling the community dynamics stochastically while A and B disappear from 
the community. Not all interaction matrices led to persister resuscitation, and thus to species C reappearance. Here we show in E) the average ↵ values that lead 
to it (n=11,288 for each ↵), and in F) the average ↵ values that lead species C to extinction even under the fluctuation system (n=16,391 for each ↵). In both 
matrices the standard deviation is reported. Furthermore, on G) we show the number of interaction matrices that led to the survival of species C when modelling the 
dynamics stochastically, and the number of simulations that used that specific matrix. In other words, there is a set of interaction coe�cients that are more common 
than others (Species A: green, B: purple, C : red, P : yellow).

the more important it is to maintain the fraction of persister cells in 
the optimal range in order to provide a faster resuscitation time. While 
moving from this optimal range could have no e�ect (or even positive 
e�ects) in the presence of a weak antibiotic, doing so in the presence of a 
strong one may lead to significantly longer resuscitation times (Fig. 2E). 
We noticed the same trend also when examining the role of di�erent �
values with varying antibiotic exposure time (Fig. 2F).

3.2. Accounting for noise in population dynamics a�ects persisters 
resuscitation

Up to now, we have modelled our antibiotic-perturbed community 
using a deterministic approach. Next, we simulated the same commu-
nities using a stochastic framework in which random fluctuations of 
species abundances are taken into account. A sample of such simula-
tions is reported in Fig. 3, where we show that the stochastic simulations 
overlap with the deterministic ones both in a non-antibiotic and an-
tibiotic scenario (Fig. 3A and B, respectively). While this agreement 
between stochastic and deterministic models was expected for large bac-
terial populations, when the size of species C population reaches very 
low values, stochastic e�ects may become relevant in determining C re-
suscitation. Thus, we reasoned that, when species C reaches very low 
population values following antibiotic exposure, stochasticity may be-
gin to play an important role in determining the final end-point of the 
community. More specifically, we asked whether noise could impact 
the clearance of species C from the community when the deterministic 

model predicted so (i.e. a “no resuscitation” scenario). In other words, 
can random fluctuations in bacterial density counteract the e�ect of so-
cial interactions? In this regard, we specifically focused our attention 
on those simulation runs in which, following antibiotic exposure, the 
pathogen species C got extinct or approached very low abundance value 
(relative abundance lower than 1%). We explored 105 di�erent inter-
action matrices randomly sampled in the interval [-0.01,-1] and kept 
only those matrices that, following a 6 hours exposure to the antibiotic 
(tstart=12 and tend=18), deterministically predicted a species C steady 
state with a relative abundance lower than 1%. These represent very 
interesting cases in which the structure of the community (i.e. the in-
teractions among its members) are key to prevent the resuscitation of 
persisters. However, when dealing with low population sizes, stochastic 
fluctuations may lead to unpredictable steady states. In the present con-
text, this may translate into a non zero probability of pathogen clearance 
and, in the worst case scenario, in the revival of the susceptible popu-
lation. Let M be the set of such matrices (i.e. those that lead to the 
extinction of species C using the deterministic approach) and nC the 
number of cells of species C :

M = {M = [↵ij ] where i, j =A,B,C  ndetC < 1%} (50)

We identified a total of 26,116 of such matrices and a snapshot of 
the deterministic dynamics of some of the underlying communities is 
reported in Fig. 3C. Then, to account for fluctuations in the number of 
cells for each species, we performed 100 simulations for each of the 
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26,116 interaction matrices using the stochastic rules described above. 
Each simulation had one interaction matrix and specific transition prob-
abilities, i.e. the probability of each reaction to happen. In other words, 
when considering an infinitesimal time interval, we can assure that only 
one of the Eq. (17) - (44) will take place, accounting for the increase or 
decrease in A, B, C or P population by one cell. Once we had a simu-
lation using one of the interaction matrices in M, we checked whether 
the stochastic end-points for the species C matched those predicted by 
the deterministic simulations. Interestingly, while in the vast majority 
of the simulations this turned out to be the case, we found instances in 
which the stochastic end-point of C was higher than that predicted by 
the deterministic model (Fig. 3D and C, respectively). Approximately, 
1% of these simulations resulted in persisters’ resuscitation and the sur-
vival of the antibiotic-sensitive species C . Let S be the subset of M that 
lead species C to survive using the stochastic framework:

S = {S ÀM  nstoC > 0} (51)

The average ↵ij values in S showed that the self-interactions of A
and B tend to be stronger than C self-interaction, i.e. ↵A,A, ↵B,B < ↵C ,C , 
since they are negative interactions (Fig. 3E). On the other hand, aver-
age ↵ij values in Sc, i.e. the interaction matrices that led species C to 
the extinction and to the overlap with the deterministic model, showed 
the opposite trend. Self-interaction of species C was stronger than the 
others, as well as the interactions between species A and B. In other 
words, there was an increase of ↵C ,C , ↵A,B and ↵B,A (Fig. 3F). These 
results highlight the importance of self-interactions in the fate of the 
perturbed species. From a biological stand point, since self-interactions 
account for the capability of a species to regulate its own abundance 
and/or a larger or smaller carrying capacity, this might underscore the 
importance of population-level features such as quorum sensing and/or 
nutrients exploitation in determining the relapse of species C in our 
community. However, S is not conformed by unique S matrices since 
there are several repeated elements, due to the di�erent transition prob-
abilities. In Fig. 3G we show the number of matrices that described the 
interactions of more than one simulation and let species C to survive. 
There were several interaction matrices S that described a small num-
ber of simulations where species C survived, and a small number of S
that described a large number of them. The distribution of these matri-
ces described how the interactions between the three members of the 
community have to be in order for species C to reappear, regardless the 
transition probabilities of each reaction. In Figure S2 we can see the S
matrices that described the interactions of more than 94% of the com-
munities simulated for each matrix, showing the ↵ij values. In general, 
these matrices are characterised by a loose self interaction of species C , 
especially the ones that led C to survive 99% or 100% of the times, with 
↵C ,C ˘ 0.

We next tested whether the state of the system, i.e. whether it has 
reached an equilibrium or not, may influence the dynamics of the en-
tire community. Indeed, providing the antibiotic in the initial stages of 
species growth may result in the simultaneous application of two tran-
sient e�ects (antibiotic exposure and exponential growth of the species). 
We thus performed an additional set of simulations in which we allowed 
the system to get to the equilibrium (around t = 70 h) before adding 
the antibiotic (maintaining the exposure length as in previous simula-
tions, i.e. 6 hours). Results of these simulations are shown in Figure 
S3 and were in good agreement with those shown in Fig. 3. However, 
one interesting features emerged. Postponing the antibiotic treatment 
to a time point where the species have reached an equilibrium point 
apparently reduces the probability of pathogen relapse in the commu-
nity (see Figure S3A). Indeed, we found more instances in which the 
final community still embeds the pathogenic species in respect to sim-
ulations where the antibiotics was introduced from time t=12 to t=18 
hours (see Figure S3E). Recent research has shown that early, aggressive, 
and sustained antibiotic regimens are often more e�ective at reducing 
relapse rates because they minimize the window of opportunity for per-
sisters to repopulate. Infections involving pathogens like Pseudomonas 

aeruginosa demonstrate that improper timing of treatment can lead to 
the evolution of persister-enriched populations, complicating eradica-
tion e�orts [43,44].

4. Conclusions

In this work, we have assembled a simple theoretical community and 
studied the role of i) ecological interactions, ii) stress-related parame-
ters and iii) stochastic fluctuations on the fate of persisters following 
a simulated antibiotic treatment. Our simulations indicated a key role 
of ecological interactions on the outcome of persisters once the stress 
(the antibiotics) vanished. While loose interactions generally resulted 
in the presence of the persisters-generating species in the final commu-
nities, tighter interactions concurred at the complete eradication of such 
species from the community. Interestingly, while antibiotic strength 
(e�cacy) and treatment exposure correlated positively with persisters 
resuscitation, the rate at which persisters are formed displayed an opti-
mum around the value commonly found in nature for this phenomenon. 
Finally, we specifically analysed those communities in which the eco-
logical interactions concurred to the eradication of the pathogen using 
a stochastic framework that accounted for fluctuations at the level of 
cell counts. In this case, we observed that, in some cases, the pathogen 
species could resuscitate and eventually dominate the community fol-
lowing antibiotic treatment, a scenario that was never observed using 
the deterministic model. The relapse of bacterial infections due to per-
sisters resuscitation is known to occur during real microbial infections 
eradication [25,45,16] and our simulations indicate that population 
size fluctuations might have a role therein and, more in general, in 
the resilience of microbial populations following a stressful perturba-
tion. This work represents a first attempt to quantify the impact of the 
bacterial “social network” [46] on the survival and resuscitation of per-
sisters in natural communities. In strictly clinical settings, the patterns 
we observed match our current knowledge derived from available ex-
perimental data. Overall, studies on antibiotic susceptibility that take 
microbial interaction networks and polymicrobial ecosystems into con-
sideration are illuminating new bacterial survival strategies and ther-
apeutic targets [47], including, for example, the observation that the 
persistence of one specific strain is negatively correlated with a close 
relative that shares the same metabolic necessities, i.e. both strains nega-
tively interact one with the other [48,49]. Other relevant cases in which 
the importance of microbial interactions on infection relapse has been 
shown experimentally include the interaction between the gut micro-
biota and Clostridioides di�cile [50–52], Pseudomonas aeruginosa and 
Stenotrophomonas maltophilia in Cystic Fibrosis (CF) [53], Helicobacter 
pylori and Lactobacillus spp. in the stomach [54,55] and polymicro-
bial infections of urinary tract [56,57]. All these examples underscore 
the importance of providing a theoretical background to the dynamics 
of poly-microbial infections and on the consequences of perturbations 
therein. While we have obtained preliminary results that confirm the 
key role of microbe-microbe interactions in community dynamics, fur-
ther work will be necessary to upscale our model to resemble real-world 
communities and/or to set up a mock community that resembles the 
one modelled here. Indeed, for example, we here assumed that the non-
pathogenic members of the community (A and B) were not a�ected by 
the ABX treatment and this clearly biased the outcomes of our simula-
tions. What if some of the interacting members of the community are 
also a�ected by the antibiotics (as it may happen with broad-range an-
tibiotic treatments)? Further, it will be interesting to address the role 
of ecological interactions in persisters resuscitation when the size of the 
community (including the number of pathogenic, persister-generating 
species) increases. Indeed, species richness and the strength of species 
interactions have been shown to regulate community dynamics [58]. 
Moreover, varying the antibiotic treatment strategy in a more drastic 
way could produce di�erent outcomes from those that we obtained here. 
Antibiotics with a broad spectrum of action (or the use of multiple an-
tibiotics) and/or the manipulation of antibiotic killing time have been 
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shown to induce di�erent responses in the target microbial community 
[59,60]. Similarly, stochastic modelling has shown that the scenario of 
density regulation and the mode of action of the drug influence the sur-
vival of a resistant subpopulation [33]. Would these features hold true 
also when ecological interactions and stochastic fluctuations are consid-
ered at the same time? Finally, the modelling framework developed here 
is general enough to be used, in the future, for the study of microbial 
communities dynamics in other contexts in which the anthropogenic im-
pact, among the others, is known to cause significant alterations to the 
community profile. These could include, for example, waste water treat-
ment plants [61], the gut microbiota [62,63], agroecosystems [64] and 
natural systems in general [64].
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Chapter 4

Conclusions and perspectives

We can tell a story about microbial communities by integrating genetic informa-

tion from bacteria with contextual data, such as where the DNA comes from,

when it was retrieved, and their ecological roles, according to literature. All this

information is generally derived from the analysis of Next-Generation Sequenc-

ing (NGS) data, complemented by metadata and previous studies. While we are

confident in our ability to extract meaningful knowledge from these analyses, it

has become evident that there is still more to understand, and that further studies

require more advanced tools.

4.1 Mathematical modeling

Throughout my doctoral project, I worked extensively with NGS data and no-

ticed there are many unanswered questions that could be addressed through the

use of mathematical modeling. These models allow us to make predictive analy-

ses, describe and forecast microbial behaviors and interactions, and thus expand

our understanding of microbial ecosystems. In other words, microbial modeling

provides a framework to interpret and predict simple and complex interactions

within these systems.
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A significant aspect of this thesis was the integration of modeling approaches

to enhance our understanding of microbial community dynamics. By applying

mathematical models, from gLV or Consumer-Resource, to Individual-based or

genome-scale metabolic models (GSMM) (see section 3.2), and analyzing inter-

actions at community-level, we can link microbial metabolism with ecological

behaviors. These models can provide quantitative or qualitative insights into

how microbial communities respond to perturbations, such as shifts in nutrient

loads or exposure to antimicrobial agents. Furthermore, dynamic community

modeling frameworks, together with deterministic or stochastic setups, facilitate

predictions of community stability and resource utilization.

One example is the Generalized Lotka-Volterra (gLV) model. It has shown to

be an adaptable and valuable tool in this field (Dedrick et al. 2023). By analyz-

ing the interaction coefficients ↵ij between the species present, we can determine

whether a microbial community is likely to return to its original state after per-

turbations, such as changes in nutrient availability, temperature shifts, or expo-

sure to antibiotics. As methodologies and computational techniques evolve, the

gLV model will remain useful for our understanding of microbial ecosystems,

due to its flexibility to include more species and its capability of implementing

a stochastic framework (see section 3.2.4), driving innovations in biotechnology

and sustainability.

As gLV models, mathematical modeling in general has shown to have the abil-

ity to capture complex interactions. This has made it essential across various ar-

eas, such as lake ecosystems, human health, food-associated microbiota and, as

this thesis shows, wastewater treatment microbial communities.

4.2 Understanding wastewater treatment plants

I had the opportunity to work together with a wastewater treatment plant in

Prato, Italy. In the context of the two major plants of G.I.D.A. S.p.A. (Gestione
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Impianto Depurazione Acque), we conducted a bi-monthly sampling over two

years. We focused on microbial compositions and functions characterization, the

tanks’ dynamic behaviors, ecological interactions, and potential biotechnological

applications.

NGS of the 16S rRNA gene, lead us to the identification of a core microbial

community comprising 51 families responsible for key metabolic processes such

as nitrification, denitrification, and organic matter degradation. Interestingly,

these processes corresponded to the functionality of the specific tanks. The find-

ings revealed that these communities are shaped by both deterministic factors,

such as nutrient availability and pH, and stochastic processes, including environ-

mental fluctuations (seasonality).

Our results suggest a complex set of interactions between microbial diversity

and WWTP functionality. Stable subcommunities demonstrated resilience to en-

vironmental perturbations, highlighting the robustness of wastewater treatment

systems. Variable subcommunities, in contrast, exhibited sensitivity to environ-

mental changes, reflecting their role in maintaining adaptability. This duality in-

dicate the importance of microbial diversity in ensuring consistent and efficient

wastewater processing, even under fluctuating operational conditions.

This work is a good starting point to explore the broader implications of mi-

crobial research in WWTPs since it has the potential to address global challenges

such as antimicrobial resistance and resource recovery. For instance, identify-

ing microbial strains capable of phosphorus removal and methane production

suggests novel approaches for improving resource recovery processes. Addition-

ally, we could also focus on antimicrobial resistance genes to explore the role of

WWTPs as reservoirs and transmission pathways for resistant bacteria, propos-

ing new techniques for monitoring and mitigation strategies.
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4.3 Future perspectives

Despite its contributions, this thesis encountered several challenges. The reliance

on 16S rRNA sequencing, while powerful, provides limited functional resolu-

tion. Future studies could be improved from integrating shotgun metagenomics

or transcriptomics for a more comprehensive understanding of microbial activi-

ties. Furthermore, to accurately picture the complexity of microbial interactions,

we could enhance spatial and temporal resolution in sampling since this could

ensure a more representative dataset of community dynamics.

This research opens several promising directions. One of them could be the

development of synthetic microbial consortia, informed by the core and variable

community structures identified in this study. This could provide targeted solu-

tions for optimizing WWTP performance. Additionally, the application of differ-

ent modeling frameworks to analyze temporal microbial data may uncover hid-

den patterns, forecasting ecological behaviors and driving innovations in main-

tenance and operational efficiency.

In conclusion, this thesis highlights two valuable points: i) microbial commu-

nities as an essential part of wastewater treatment and their broader environmen-

tal significance, and ii) mathematical models as a useful tool to gain understand-

ing of different biological scenarios. By bridging experimental and computational

approaches, it provides a robust framework for understanding and exploiting mi-

crobial dynamics. As global challenges related to water management, pollution,

and antimicrobial resistance intensify, the insights gained from this work will

play a crucial role in driving sustainable and innovative solutions in microbial

ecology and biotechnology.
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