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1 INTRODUCTION

Rapid advances in transcriptomic and proteomic technologies, together with improved
bioinformatic workflows, have significantly expanded the scope of questions that can be
addressed in biofilm research. Despite these developments, a synchronized time-resolved
transcriptome and proteome analysis of uropathogenic E. coli biofilm development, has not
yet been performed, leaving a gap in understanding of molecular and evolutionary biology
of uropathogenic Escherichia coli (UPEC) biofilm.

Urinary tract infections (UTIs) are among the most prevalent bacterial infections, and
uropathogenic Escherichia coli account for around 85% of cases (Hadjifrangiskou et al.,
2012). The UPEC strain E. coli UTI189 is a widely used model for UTI pathogenesis and is
capable of transitioning between extracellular and intracellular lifestyles, including
biofilm-like intracellular communities in bladder epithelial cells (Zagaglia et al., 2022).
Biofilms are communities of genetically identical bacterial cells that display phenotypic
heterogeneity, division of labor, and coordinated production of extracellular matrix, thereby
enhancing stress tolerance and protection from host immune defenses (VIamakis et al.,
2013). In UPEC, biofilm formation is closely associated with persistence and recurrence of
urinary tract infection (Reigstad et al., 2007; Rijavec et al., 2008; Tajbakhsh et al., 2016;
Zagaglia et al., 2022). A deeper understanding of molecular logic of UPEC biofilm
development is therefore both clinically relevant and conceptually important for microbial

biology.

Beyond their medical significance, biofilms provide a suitable system to research general
principles of multicellular organization. While traditionally viewed as simple, unicellular
organisms, when forming biofilms bacteria have increasingly been conceptualized as
multicellular systems over the last several decades. This paradigm shift is driven by
evidence of bacterial communication, which enables coordinated decision-making, division
of labor, collective motility, and metabolic synchronization (Shapiro, 1998). These
cooperative behaviors afford distinct advantages to respective populations, from metabolic
efficiency and resource acquisition to collective defense. Although in nature biofilms are
predominantly multi-species communities (Reder et al., 2016), single-species models have
proved to be indispensable in dissecting the core mechanisms of biofilm biology (VIamakis

etal., 2013). Multicellular behaviors in biofilms are widespread and constitute an important
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part of the bacterial life cycle. Biofilms represent the most common form of bacterial
existence in nature (Flemming & Wuertz, 2019), and thus exhibit cellular heterogeneity
similar to that of multicellular eukaryotes (Claessen et al., 2014; Penesyan et al., 2021; Jo
et al., 2022; Sauer et al., 2022).

Although multicellularity arose independently across diverse eukaryotic lineages (Rensing,
2016), it was found that the correlation between phylogeny and ontogeny remains
remarkably uniform across the eukaryotic tree of life (Domazet-Loso & Tautz, 2010b;
Quint et al., 2012; Cheng et al., 2015; Lotharukpong et al., 2024; Koska et al., 2025). This
shared evolutionary hourglass pattern is reflected at the molecular level, where
evolutionarily younger and more divergent genes are expressed during early and late
development, whereas evolutionary older and more conserved genes are predominantly
expressed during mid-development (Domazet-Loso & Tautz, 2010b; Quint et al., 2012;
Cheng et al., 2015; Lotharukpong et al., 2024; Koska et al., 2025). In Futo et al. (2021)
study, Bacillus subtilis biofilm was approached as a multicellular organism by applying
phylotranscriptomics and phyloproteomics as it would be used for studying ontogeny of an
embryo-forming eukaryote (Domazet-Loso & Tautz, 2010a). This study showed that
phylostratigraphy, linking evolutionary and developmental data, can be used in simple
multicellular formations, such as biofilms (Futo et al., 2021). Phylotranscriptomic and
phyloproteomic analyses demonstrated that biofilm development proceeds through distinct
ontogenetic stages and shows a recapitulation evolutionary pattern: evolutionarily younger
and more diverged genes contribute increasingly at later stages of biofilm development
(Futo et al.,, 2021). These results proposed that biofilm formation is a bona fide
developmental process whose organization can be examined using tools originally
developed for eukaryotic evolutionary developmental biology (Domazet-Loso & Tautz,
2010a; Futo et al., 2021). Given that biofilm development is thought to involve broadly
conserved strategies across bacterial species (O’Toole et al., 2000; Stoodley et al., 2002;
Lappin-Scott et al., 2014; Sauer et al., 2022), it is important to determine whether
ontogeny—phylogeny correlations also occur in gram-negative pathogens such as UPEC,

rather than being limited to non-pathogenic gram-positive bacteria such as B. subtilis.

The evolutionary patterns identified in B. subtilis were derived from bulk biofilm
expression profiles (Futo et al.,, 2021), even though spatial heterogeneity is a key
determinant of biofilm physiology (Serra et al., 2013a, 2013b; Dragos et al., 2018; Silva et
al., 2016). Biofilm spatial heterogeneity is known to play a critical role in community
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organization and function (Dragos et al., 2018; Serra et al., 2013a, 2013b), influencing key
processes such as antibiotic resistance and virulence (Silva et al., 2016). Although several
studies have characterized region-specific transcription in E. coli biofilms (Beebout et al.,
2019; Diaz-Pascual et al., 2021; Wang et al., 2023), these analyses typically focus on a
single developmental time point and do not connect spatial expression patterns to

macroevolutionary imprints.

In this doctoral thesis, we aim to determine whether uropathogenic E. coli UTI89 biofilm
development is stage-organized process and whether this process exhibits evolutionary and
functional patterns across time and biofilm regions. To accomplish this aim, we defined

these objectives:

O1: Determine whether E. coli UTI89 biofilm ontogeny is stage-organized at the
transcriptome and proteome levels by profiling biofilms across one month

developmental time period.

02: Analyze phylogeny—ontogeny correlations by integrating expression profiles
with phylostratigrapic gene age and divergence based indices throughout biofilm

development of E. coli UTI89.

03: Evaluate how biological functions are deployed across biofilm ontogeny by
performing functional enrichment analyses and defining stage-specific functional

programs, including the contribution of poorly annotated genes.

0O4: Assess whether developmental, functional, and evolutionary organization is
spatially stratified within biofilms by comparing transcriptome and proteome
profiles between inner, middle, and outer biofilm regions at key developmental

stages.

To address these gaps, we generated a spatio-temporal transcriptomic and proteomic data
from E. coli UTI89 biofilm development on agar plates, spanning a one month

developmental trajectory sampled from eleven timepoints.



2 LITERATURE REVIEW

2.1 Biofilms

2.1.1 Bacterial biofilms

Bacterial biofilms are complex multicellular systems comprising surface-adhered microbial
communities enveloped in a self-produced extracellular matrix. Characterized by their
ubiquitous distribution, bacterial biofilms colonize diverse biotic and abiotic niches that
offer sufficient moisture and minimal nutrient thresholds (Singh et al., 2006). This
multicellular mode of bacterial growth provides robust protection against environmental
fluctuations, including extremes in temperature, pH shifts, UV exposure, and nutrient
scarcity (Hall-Stoodley et al., 2004). Bacterial biofilms are considered problematic in many
medical and industrial settings, where biofilm-mediated resistance to antimicrobials
remains a critical challenge (Hall-Stoodley et al., 2004). Biofilm resistance to antibiotics
and antimicrobial agents is driven by the physical diffusion barrier imposed by the
extracellular polymeric matrix, the presence of localized microenvironments harboring
dormant, stationary-phase cells, and the emergence of highly resistant phenotypes (Hall-
Stoodley et al., 2004). For example, biofilms are associated with persistent infections of the
oral cavity, skin, and urinary tract (Lopez et al., 2010). Despite their pathological
detriments, the unique properties of biofilms have been successfully harnessed for
industrial and agricultural utility. For instance, their metabolic versatility is exploited in
microbial fuel cells to convert organic waste into green energy (Logan, 2009), as well as in
eco-efficient bioremediation pipelines for effluent treatment (Singh et al., 2006).
Additionally, in sustainable agriculture, rhizosphere-dwelling biofilms act as effective
biocontrol barriers, actively shielding plant root systems from devastating fungal, bacterial,
and nematode pathogens (VIamakis et al., 2013). Furthermore, in industrial biotechnology,
productive biofilms are increasingly recognized as robust, immobilized biocatalysts
capable of driving continuous bioprocesses for the synthesis of platform chemicals, organic
acids, and diverse fermented products (Morikawa at el., 2006). Their structural stability and
metabolic resilience also render them highly effective in environmental biotechnology,
particularly in marine bioremediation systems. Here, biofilms play a critical role in the
metabolic degradation of complex hydrocarbons and the mitigation of toxic oil spills in
aquatic ecosystems (Head et al., 2006; Gertler et al., 2009).



In laboratory settings, bacterial biofilms can be cultivated under diverse physical
conditions, yielding structurally distinct formations: macrocolony biofilms (air-agar
interface), pellicles - floating biofilms (air-liquid interface), and submerged, surface-
adhered biofilms (liquid-solid interface) (Vlamakis et al., 2013). Although biofilms in
nature are predominantly multi-species communities (Rgder et al., 2016), clinical relevance
historically prompted the use of monospecies models. Consequently, gram-negative
pathogens such as Escherichia coli and Pseudomonas aeruginosa became the primary
models for biofilm research (VIamakis et al., 2013). Bridging clinical pathology with
developmental molecular biology, this study leverages the uropathogenic Escherichia coli
(UPEC). This clinical isolate UT189 was originally harvested from an acute cystitis patient
(Chen et al., 2006). UTI89 strain serves as a model for investigating host-pathogen
dynamics, intracellular bacterial community (IBC) development, and complex biofilm
developmental programs both in vitro and in vivo (Reigstad et al., 2007; Hadjifrangiskou
etal., 2012; Beebout et al., 2019; Zagaglia et al., 2022).

2.1.2 Medical relevance of uropathogenic E. coli biofilms

Urinary tract infections (UTIs) are among the most prevalent bacterial infections
worldwide, with uropathogenic Escherichia coli (UPEC) acting as the primary etiological
agent responsible for up to 85% of community-acquired and 25% of nosocomial UTIs
(Foxman, 2010). It is thought that pathogenic UPEC strains have evolved from commensal
E. coli strains through acquiring virulence-associated genes via horizontal gene transfer of
transposons, plasmids and bacteriophages (Leimbach et al., 2013). They express a variety
of virulence factors including adhesins, invasins, capsules, iron-acquisition systems, and
toxins, which are interconnected in the development of acute or persistent urinary tract
infections (Zagaglia et al., 2022). Biofilm production by E. coli is considered to be an
important virulence factor that plays a key role in the persistence of UPEC and the
recurrence of UTI in the human body (Rijavec et al., 2008). Typically, UPEC strains reside
as commensals within the human gastrointestinal tract, from which they can
opportunistically colonize the periurethral area and ascend into the urinary tract and cause
disease (Kaper et al., 2004; Foxman, 2010). During urinary tract infection, E. coli UTI89
can transition between extracellular and intracellular lifestyles, including biofilm-like
intracellular bacterial communities (IBCs) within bladder epithelial cells (Zagaglia et al.,
2022). Upon entering the bladder, UPEC utilizes type 1 fimbriae to bind to superficial



umbrella cells of the bladder epithelium (Foxman & Brown, 2003). This binding triggers
host-cell invasion, allowing the bacteria to escape extracellular immune surveillance and
antibiotic exposure by replicating within the bladder cells’ cytoplasm. Inside host cells,
UPEC can assemble into highly organized, biofilm-like structures known as intracellular
bacterial communities (IBCs) (Zagaglia et al., 2022). The clinical relevance of these
intracellular structures is supported by the detection of intact IBCs in exfoliated urothelial
cells shed in the urine of patients suffering from acute cystitis (Rosen et al., 2007). In both
extracellular and intracellular environments, the capacity of UPEC to assemble biofilms is
a critical determinant of pathogenesis. The structured community lifestyle of biofilms
enables them to persist under intense environmental and host-derived stress (Flemming &
Wingender, 2010).

2.1.3 Biofilm as multicellular organism

Biofilms, previously considered as collections of individual bacterial cells, are now being
studied as multicellular aggregates (Futo et al., 2021, Claessen et al., 2014, Hung et al.,
2013). When observing the morphology of a macrocolony biofilm on agar plate, it
immediately becomes apparent that biofilms are not simply random clusters of cells and
display behaviours similar to multicellular organisms (Futo et al., 2022; Serra et al., 2013b).
Although cells within a single-species biofilm are genetically identical as they arise from a
single cell, they express different genetic programs that produce subpopulations of
functionally and phenotypically distinct cell types (Lopez et al., 2010; Vlamakis et al.,
2013). In vitro biofilm formation on agar plate reveals morphological rearrangements that
occur at specific stages of biofilm development (Futo et al., 2022; Serra et al., 2013b). The
development of macrocolony biofilm is a complex process involving cellular
differentiation, that forms elaborate three-dimensional structures, such as radial ridges,
concentric rings, labyrinth networks and branching wrinkles (Serra et al., 2013a). Different
morphological forms of macrocolony biofilms arise from the interplay of transcriptional
and environmental signals, leading to the specialization of subpopulations within the

biofilm across spatial and temporal scales (Dragos et al., 2018; Stoodley et al., 2002).

Spatio-temporal gene expression regulation is one of the important conditions to be met for
the development of multicellular organism, and E. coli fits this developmental criterion by
generating distinct, spatially organized subpopulations of cells (Lépez et al., 2010; Serra et
al., 2013a, 2013b). Linked to this spatio-temporal organization are gene regulatory
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networks, which serve as driver for transitions through biofilm developmental stages
(Monds & O’Toole, 2009). In E. coli, this network is centred around the regulator CsgD,
which acts as a molecular switch. Under the control of the stationary-phase sigma factor
sigma S (rpoS) and the second messenger cyclic-di-GMP, CsgD regulates motility and
sessility by repressing flagellar genes while activating the synthesis of curli fimbriae and
cellulose (Pesavento et al., 2008). Because this system integrates numerous environmental
and physiological inputs, such as osmolarity, temperature, and nutrient status through
regulators like OmpR and CpxR, it enables E. coli to execute coordinated and region-
specific decisions (Jubelin et al., 2005; Ogasawara et al., 2010). In non-pathogenic E. coli
biofilms, arginine metabolism is spatially organized across the biofilm regions.
Specifically, biosynthesis genes (arg operon) are highly enriched at the nutrient-accessible
biofilm periphery, whereas catabolic and utilization genes (ast operon) are predominantly
expressed within the biofilm interior (Wang et al., 2023). This expression regulation
ensures that cells at the biofilm’s periphery and those deep within its core express distinct,
specialized transcriptomes and proteomes, reinforcing the developmental characteristic of

multicellular organisms.

In E. coli biofilms, the production of extracellular matrix components (such as curli fibers),
outer membrane vesicles (OMVs), and autoinducers represent a form of intercellular
cooperation characteristic for multicellular behavior. These components function as public
goods, while their synthesis is metabolically costly for an individual cell, they provide
structural integrity and chemical protection to the entire community (Nadell et al., 2016).
Phenotypic heterogeneity dictates that only a specific subpopulation of E. coli cells actively
expresses regulator csgD to produce curli fibers, while neighboring non-producing cells
benefit from the shared matrix (Serra et al., 2013a). This division of labor is heavily
coordinated by autoinducer-2 (Al-2) mediated quorum sensing, where self-produced
signaling molecules orchestrate collective behavior (Laganenka et al., 2016). When
specialized sub-populations secrete signals or metabolic byproducts that direct the behavior
of distinct, non-producing neighboring cells without stimulating the emitter, it establishes

a signaling network similar to that observed in multicellular eukaryotes (L6pez et al., 2009).

Furthermore, coordinated survival in E. coli biofilms extends to metabolic signaling. Under
localized nutrient limitation, E. coli communities balance the metabolic demands of the
peripheral and interior cells to prevent the starvation and death of the cells from the biofilm

interior, maintaining overall biofilm viability (Cole et al., 2015). Nutrient gradients within
7



the biofilm lead to cell differentiation that reflects two fundamentally different
physiological strategies of bacteria: growth and survival (Stewart & Franklin, 2008).
Bacteria at the outer edges and in the lower layer of E. coli macrocolonies, close to the
nutrient-providing agar surface, remain actively growing, dividing, and flagellated,
whereas cells in the upper and central regions enter a stationary-phase-like state and
become embedded in an extracellular matrix composed mainly of curli fibers and cellulose
(Serra et al., 2013a, 2013b). This metabolic coordination is dynamically integrated with
membrane potential dynamics; shifts in metabolic states correlate with changes in
potassium ion-channel activity and electrical signaling across the biofilm, which
synchronizes metabolic activity and stress tolerance between distant cells (Humphries et
al., 2017; Martinez-Coronado et al., 2020). Through these chemical cues, E. coli
communities dynamically regulate their architecture and stress responses, exhibiting a
primitive form of collective decision-making analogous to multicellular organisms
(Shapiro, 1998). Microscale chemical gradients, adaptation to local environmental
conditions (Drago$ et al., 2018), stochastic gene expression and genotypic variation
through mutation and selection (Besharova et al., 2016; Stewart & Franklin, 2008) are all

contributing to genetic and physiological heterogeneity within biofilm.
2.1.4 Biofilm formation as developmental process

The biofilm field remains divided over a fundamental question: is biofilm maturation a
reproducible, highly regulated developmental process, or is it an emergent phenomenon
shaped entirely by local microenvironmental cues? Bonner (2001) views polarity and
heritable pattern formation, including cell differentiation with division of labor, as

fundamental properties of multicellular development.

Based on this concept, bacterial biofilms fit the criteria of a multicellular organism (Futo et
al., 2021). Bacillus subtilis biofilm growth has been determined to be a highly regulated
multicellular developmental process organized into discrete ontogenetic stages (Futo et al.,
2021). Gene expression profiles were found to be temporally organized during B. subtilis
biofilm development (Futo et al., 2021), mimicking the progression of early developmental
stages in animals (Tomancak et al., 2007). However, while some aspects of biofilm
development point to strictly encoded genetic programs, the extent to which these systems
rely instead on flexible, local physiological responses to environmental cues remains to be

determined (Monds and O'Toole, 2009). Classical developmental concepts from eukaryotic
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systems, such as irreversible cellular commitment, checkpoint-mediated progression, and
strict hierarchical gene regulation, are foundational to embryogenesis and stem cell
differentiation, but they do not map onto the inherent plasticity of biofilms, at least not in
a strict sense. Biofilm development is more flexible and environmentally responsive than,
for example, stem cell differentiation in embryogenesis. Instead, the stringency of a
bacterial developmental program appears to scale directly with environmental risk. In high-
stakes survival scenarios, such as Bacillus subtilis sporulation (Higgins and Dworkin, 2012)
and Myxococcus xanthus fruiting-body formation (Zusman et al., 2007), bacteria rely on
tightly regulated developmental programs. By contrast, biofilm development under less
restrictive conditions can involve more flexible and environmentally responsive
differentiation, allowing cells to adjust to local microenvironmental gradients without

compromising community-level function (Jo et al., 2022).

Recent research demonstrates that rather than aggregating randomly, E. coli cells assemble
into rosettes to initiate multicellular development process that leads to the biofilm
formation (Puri et al., 2022; Puri et al., 2024). Rosettes are self-organizing, circular
multicellular communities that were first discovered to initiate developmental processes,
like organogenesis and embryogenesis, in complex organisms (Puri et al., 2024). This
discovery suggests that E. coli possesses a multicellular life cycle rooted in rosette-initiated
development, an adaptation previously thought to be exclusive to multicellular eukaryotes
(Puri etal., 2022; Puri et al., 2024). Rosette formation is far from a passive aggregation and
starts with active mechanism of repositioning of adhered sister cells and was thought to
distinguish multicellular organisms from unicellular ones (Puri et al., 2024). Upon clonal
division at the 2- and 4-cell stages, cells actively reposition and reorient themselves relative
to one another. Rather than separating, they pivot and sweep through an angular random
walk until they align radially around a shared, matrix-filled central focus, generating rosette
with a characteristic quatrefoil configuration (Puri et al., 2024). Genetic analyses
demonstrate that this complex multicellular behavior is strictly regulated by specific genes.
The flu gene, which encodes the autotransporter adhesin Antigen 43 (Ag43), acts as the
intercellular glue required for self-recognition, ensuring sister cells remain physically
tethered to maintain the clonality of the emerging community (Puri et al., 2022; Puri et al.,
2024). This rosette folding process also requires active flagellar propulsion, where de novo
synthesis of the flagellar filament via fliC and functional flagellar motor rotation via motA

provide the mechanical torque needed for cells to physically push and pivot into the radial
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rosette shape (Puri et al., 2024). Once this active folding process is complete, structural
matrix genes like fimA for Type 1 fimbriae and csgA for curli fibers become essential to
anchor, stabilize, and lock the final three-dimensional geometry of the rosette community
before it transitions into elongated multicellular chains (Puri et al., 2022). Furthermore, the
stress-response regulator rpoS acts as a downstream developmental gatekeeper, as proper
rosette formation is required to trigger subsequent rpoS expression, which coordinates the
maturation of these rosette-derived chains into tissue-like biofilms (Puri et al., 2024). This
highly ordered, genetically programmed formation appears to be a widespread multicellular
phenomenon across the E. coli lineage, extending beyond commensal laboratory strains to
include highly virulent uropathogenic isolates (Puri et al., 2022; Justice et al., 2004). These
findings indicate that the rosette phase serves as a crucial, reproducible checkpoint in E.
coli development, providing the necessary architectural foundation for subsequent biofilm

formation.

2.2 Evolutionary patterns

2.2.1 Phylogeny-ontogeny correlation in eukaryotes

The relationship between phylogeny and ontogeny has been a central question in
evolutionary developmental biology since the nineteenth century. Early interpretations
proposed a close parallel between organismal development and evolutionary history, most
prominently Haeckel’s recapitulation theory, summarized as “ontogeny recapitulates
phylogeny” (Haeckel, 1868; Abzhanov, 2013). In contrast, von Baer’s laws emphasized
that embryos develop from general toward more specialized forms and do not pass through
the adult stages of other species (Abzhanov, 2013). These ideas gave rise to two major
models of developmental conservation: the early conservation or “funnel” model, which
predicts strongest conservation at early developmental stages, and the developmental
“hourglass” model, which predicts maximal conservation during mid-development, often
corresponding to the phylotypic period when the basic body plan is established (Slack et
al., 1993; Duboule, 1994; Kalinka & Tomancak, 2012; Abzhanov, 2013). With the
development of transcriptomics and phylostratigraphy, these classical morphological
concepts were extended to the molecular level by linking gene expression patterns with
gene evolutionary age and sequence divergence (Domazet-Loso et al., 2007; Domazet-
LoSo & Tautz, 2010a; Quint et al., 2012). Although some comparative transcriptome

studies supported early conservation or reverse-hourglass patterns, phylostratigraphic
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analyses across animals, plants, fungi, and algae repeatedly revealed a molecular hourglass
pattern, in which older and more conserved genes are preferentially expressed during mid-
development, whereas younger and more divergent genes are more strongly expressed
during early and late development (Domazet-Loso and Tautz, 2010a; Quint et al., 2012;
Cheng et al., 2015; Lotharukpong et al., 2024; Koska et al., 2025). This repeated
evolutionary pattern is particularly notable because animals, plants, and fungi evolved
multicellularity independently, suggesting that similar system-level principles may shape
developmental programs across distant eukaryotic lineages (Rensing, 2016). Extending this
framework beyond eukaryotes, Futo et al. (2021) applied phylotranscriptomic and
phyloproteomic approaches to bacterial biofilm development, providing the basis for
examining whether comparable phylogeny—ontogeny correlations also occur in one of the
simplest forms of multicellular development, as discussed in the next chapter.

2.2.2 Phylogeny-ontogeny correlation in bacteria

Macrocolony biofilms exhibit a remarkably high level of structural organization during
development, making them a suitable model for examining whether phylogeny—ontogeny
correlations also occur outside eukaryotic development (Futo et al. 2021). Agar-grown
macrocolony biofilms are especially useful in this context because they develop
reproducible architecture over time and show pronounced spatial and temporal organization
(van Gestel et al., 2015; Ackermann et al., 2015; Dragos et al., 2018; Serra et al., 2013a).
Building on phylotranscriptomic and phyloproteomic approaches originally developed for
eukaryotic developmental systems, Futo et al. (2021) demonstrated that Bacillus subtilis
biofilm ontogeny is organized into discrete developmental stages and exhibits a
recapitulation-like evolutionary pattern. In contrast to the molecular hourglass pattern
commonly observed in eukaryotes, B. subtilis biofilms showed progressive expression of
evolutionarily younger and more divergent genes during later stages of biofilm growth,
suggesting that bacterial biofilm development also carries macroevolutionary patterns
(Futo et al., 2021). This finding indicates that phylogeny—ontogeny correlations may reflect
broader system-level principles of multicellular organization rather than being restricted to
animal, plant, or fungal development. The usefulness of phylostratigraphic approaches in
bacteria is further supported by the identification of previously uncharacterized sporulation
genes in B. subtilis, whose function was inferred from their shared evolutionary origin with

known sporulation genes rather than from sequence homology alone (Shi et al., 2020).

11



However, the macroevolutionary patterns described in B. subtilis were recovered from
temporal samples of bulk biofilms, leaving open question of how such evolutionary patterns
are organized within spatially heterogeneous biofilm communities. Because spatial
organization plays an important role in biofilm structure, metabolism, antibiotic resistance,
and virulence (Dragos$ et al., 2018; Silva et al., 2016; Andersson et al., 2019; El-Halfawy
et al., 2015), examining expression profiles across distinct biofilm regions may reveal an
additional layer of developmental and evolutionary organization. Although spatial
transcriptome studies have already shown regional expression differences within E. coli
biofilms, these analyses have mostly focused on single developmental time points rather
than spatio-temporal changes during biofilm formation (Wang et al., 2023; Diaz-Pascual et
al., 2021; Beebout et al., 2019). Therefore, combining temporal and spatial transcriptome
and proteome analyses provides an opportunity to test whether evolutionary imprints are
present not only across biofilm ontogeny, but also within distinct regions of developing

bacterial biofilms.
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3 MATERIAL AND METHODOLOGY

3.1 Cultivation of Escherichia coli biofilms

All experiments in this study were conducted using the uropathogenic Escherichia coli
(UPEC) strain UTI89, a widely recognized in vitro model for investigating biofilm
development and urinary tract pathogenesis. (Hadjifrangiskou et al., 2012; Beebout et al.,
2019; Garcia et al., 2021). This clinical isolate, originally derived from a patient with an
acute bladder infection (Chen et al., 2006), was obtained from the Technical University of

Denmark, Biosustain.

The starting liquid culture (LC) was prepared by cultivating E. coli UTI89 in liquid LB
medium (1% Bacto tryptone, 0.5% Bacto yeast extract, 0.5% NaCl) at 37 °C for 16 h.
Biofilms were grown using a modified version of the protocol described in Serra and
Hennge (2017). The original NaCl-free LB agar medium was replaced with YESCA agar
medium (1% casamino acids, 0.1% yeast extract, 2.0% agar), which supported more robust
biofilm formation. For biofilm cultivation, YESCA agar plates were inoculated by pipetting
10 pL of the starting liquid culture onto the agar surface. The plates were then closed, sealed
around the edges with Parafilm, and incubated at 27 °C. Bulk biofilm samples were
harvested at multiple developmental time points: 6 and 12 hours, and at 1, 1.5, 2, 3, 5, 7,
14, 21, and 30 days post-inoculation (Figure 1a). Biofilm samples were labelled as 6H,
12H, 1D, 1.5D, 2D, 3D, 5D, 7D, 14D, 21D, and 1M. All samples for RNA and protein

extraction were collected in three biological replicates per time point.

To assess spatial dynamics during biofilm development, additional samples were collected
at three key developmental stages: 1D (early stage), 3D (mid stage), and 14D (late stage).
We dissected biofilms at 1D and 3D stages into two parts (inner, outer) and at 14D stage
into three parts (inner, middle, outer) using a sterile scalpel (Figure 17a). For each spatial
region, samples from multiple biofilms were pooled to ensure adequate biomass for RNA
and protein extraction. Three biological replicates were collected for each spatial region to

support reproducibility and statistical analysis.

3.2 Transcriptome data

3.2.1 RNA extraction

E. coli UTI89 liquid culture (LC) sample grown in LB medium was centrifuged at 5,000 x
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g for 10 minutes prior to RNA extraction. For spatial sampling of biofilms, the inner,
middle, and outer regions were carefully dissected using a sterile scalpel and the upper parts
of pipette tips. Both bulk biofilms and their sectioned spatial regions were collected from
agar plates using plastic spreaders and placed into 2 mL tubes with 1.5 mL of stabilization

buffer, RNAprotect Bacteria Reagent (Qiagen) diluted with PBS at a 2:1 volume ratio.

Total RNA was extracted using a modified protocol based on the RNeasy Protect Mini Kit
(Qiagen). Biofilm samples were disrupted and homogenized using a Tissue Ruptor rotor-
stator homogenizer (Qiagen) equipped with a 7 mm probe, operating at level 3 for 10 s.
Homogenized samples were then vortexed for 10 s and incubated at room temperature (RT)
for 5 min. Following incubation, the samples were divided equally into three sterile 2.0 mL
tubes for lysis. Subsequent centrifugation at 5,000 x g for 10 min at RT resulted in pellet
formation, and the supernatants were discarded. Each pellet was resuspended in 220 pL of
a lysis solution consisting of 200 pL of TE buffer (30 mM TrisHCI, 1 mM EDTA)
containing lysozyme (15 mg/mL), and 20 uL of Proteinase K (200 mg/mL). The lysis
process was carried out by incubating the tubes in a shaker at 25 °C for 20 min and 550

rpm.

Following the lysis incubation, three volumes of RLT buffer (Qiagen) were added to each
tube, and the mixtures were vortexed thoroughly. Samples were then centrifuged at 8,000
x g for 10 min, after which the supernatants were transferred into fresh 2.0 mL tubes. To
each sample, 0.5 volumes of chloroform were added, followed by a 10 min incubation at
RT. Phase separation was achieved by centrifugation at 13,000 x g for 15 min at 4 °C. The
upper phase was pipetted into new tubes, and an equal volume of 80% ethanol was added.
Samples were gently mixed by pipetting and were transferred into mini spin columns
(Qiagen). After centrifugation at 10,000 x g for 15 s, the flow-through was discarded. The
step was repeated until the entire volume of each sample was processed through the column.
Columns were then washed with 700 pL of RW1 buffer (Qiagen) and centrifuged at 10,000
x g for 15 s. After discarding the flow-through, the column was washed twice with RPE
buffer (Qiagen), each wash followed by centrifugation at 10,000 x g for 1 min. Collection
tubes were replaced with new 1.5 mL tubes, and RNA was eluted by adding 50 pL RNase-
free water directly to the column membrane. After a 1 min incubation at RT, total RNA

was recovered from the membrane by centrifuging for 1 min at 10,000 x g.

In the following step, DNase | stock solution (Qiagen) was mixed with RDD buffer

(Qiagen) according to manufacturer’s instructions. The DNase I mix was then added to
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each RNA sample and incubated for 10 min at RT to digest residual genomic DNA.
Afterward, LiCl was added to each sample in a final concentration 3.75 M. The mixtures
were incubated over-night at -20 °C to facilitate RNA precipitation. Following an over-
night incubation, samples were centrifuged for 15 min at 16,000 x g at 4 °C, with an in-
between washing using 80% ethanol. Supernatants were discarded, and the pellets were
dried before adding 30 uL RNase-free water. Samples were maintained on ice during
quantification using a NanoDrop 2000 spectrophotometer (Thermo Fisher Scientific) and
during assessment of RNA integrity via agarose gel electrophoresis. Purified RNA samples

were stored at -80 °C until sequencing.

3.2.2 RNA sequencing

For total RNA sequencing, ribosomal RNA (rRNA) was first depleted, and the remaining
RNA was used to prepare libraries with the TruSeq Stranded kit combined with NEB rRNA
depletion kit (lllumina). Sequencing was performed bi-directionally on the Illumina
NovaSeq 6000 S4 platform at Macrogen Europe BV (Maastricht, the Netherlands). This
approach yielded between 65 and 90 million reads per run for both entire and partial biofilm
samples.

3.2.3 Transcriptome data analyses

We evaluated sequence quality using FastQC v0.11.9 (Andrews, 2010). Paired-end
sequences (100 bp read length) were then mapped to the E. coli UTI89 reference genome
(NCBI Assembly: ASM1326v1l; GCA_000013265.1) using BBMap v38.39 (Bushnell,
2014). Across samples, an average of 86,846,330 read pairs per sample were generated,
with an average mapping of 98.3% reads per biofilm sample. One biological replicate from
the 21D time point was excluded due to failure during RNA sequencing library preparation.
In addition, one biological replicate from the liquid culture (LC) time point was removed
from downstream analysis due to a low number of counts. Consequently, analyses for both
LC and 21D were performed using two biological replicates rather than three. For spatial
biofilm samples, paired-end sequences (100 bp read length) were mapped to the same
reference genome (NCBI Assembly: ASM1326v1; GCA _000013265.1) with an average of
76,080,157 read pairs per sample, achieving an average of 99.6% mapped reads per sample.
We applied default settings for mapping, with the option enabled to trim read names

following the first whitespace.
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SAMtools package v1.9 (Li et al. 2009) was used to generate, sort, and index BAM files.
We processed RNAseq data in R v4.2.2 (R Development Core Team 2008) using custom
scripts published by Futo et al. (2021). Read quantification for each E. coli UTI89 open
reading frame (ORF) was performed using the rsamtools package v2.14.0 (Morgan et al.,
2017). Raw count data were obtained for 5,087 ORFs from entire biofilm data, and for
5,081 ORFs from spatial biofilm data, using the GenomicAlignments package v1.34.1

(Lawrence et al., 2013) (see Data and code availability).

To assess differential expression across time points or biofilm regions and biological
replicates, Principal Component Analysis (PCA) was performed using the DESeq2 VV1.38.3
R package (Love et al. 2014), with visualizations generated by the R ggplot2 package
V3.5.0 (Wickham, 2016) (Figure 1bd, Figure 17bd). Raw read counts from the entire
biofilm and spatial biofilm datasets were normalized by calculating the fraction of
transcripts (t) (Li et al., 2010). Following the methodology outlined in the Futo et al. (2021)
paper, the multiplication step was omitted, and t values were used directly for calculating
evolutionary measures. Normalized expression values for biological replicates were
resolved by calculating their median. Replicates with zero raw counts were excluded from
further analysis. These normalized transcript expression values were used as input for

phylotranscriptomic analyses (see Phylostratigraphic analysis).

For RNA expression profile correlation and visualization, genes with zero expression
values across multiple samples were removed from both datasets, yielding 4,961 genes for
the entire biofilm and 4,989 genes for the spatial biofilm dataset. When a gene showed zero
expression at only a single stage, the missing value interpolated using the mean of the two
adjacent stages. For zero-expression values occurring at the first or last stages of biofilm
ontogeny, interpolation was performed by substituting the missing value with that of the
directly adjacent stage (Futo et al., 2021). To normalize gene expression profiles across
samples, each gene was scaled to its median expression level and subjected to log:
transformation, yielding per-gene standardized expression values. Visualization of
expression dynamics was performed using the ggplot2 package v3.5.0 in R. Transcriptome
similarity across biofilm developmental stages and spatial regions was assessed by
calculating Pearson’s correlation coefficients (R) for all-against-all comparisons, which
were then represented as heatmaps (Figure 1ce, Figure 17ce). To delineate distinct
developmental phases across biofilm stages (Figure 2a), we quantified stage-to-stage
dissimilarity as 1 — R, where R is the Pearson correlation coefficient. These dissimilarities
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were then used for hierarchical clustering using the hclust() function in R.

We estimated overall differential gene expression across biofilm developmental stages and
spatial regions within biofilm using the likelihood ratio test (LRT) implemented in the
DESeq?2 package v1.38.3 (Love et al., 2014).

Pairwise differential expression analysis between successive biofilm samples as well as
between inner, middle, and outer biofilm region of 1D, 3D, and 14D biofilms was also
performed using DESeq?2 package v1.38.3 (Love et al. 2014). In all these analyses, a gene
was considered differentially expressed if the adjusted p-value, corrected for multiple

comparisons using the Benjamini—Hochberg procedure, was below 0.05.

3.3 Proteome data

3.3.1 Protein extraction

E. coli UTI89 liquid culture (LC) sample grown in liquid LB medium was centrifuged for
10 min at 5,000 x g prior to protein extraction. Entire and spatial biofilm samples grown on
agar plates were harvested using sterile plastic spreaders, following the same procedure as
for RNA extraction. The collected biomass was transferred into 2.0 mL tubes containing 1
mL of cell lysis buffer composed of 4% w/v SDS, 100 mM Tris pH 8.5, 5 mM beta-
glycerophosphate, 5 mM NaF, 5 mM NasVOs, 10mM EDTA, and 1/10 tablet of Mini
EDTA-free Protease Inhibitor Cocktail from Sigma Aldrich. Samples were then
resuspended in the cell lysis buffer and incubated at 95 °C for 10 min to facilitate initial
cell disruption. To ensure complete lysis, samples were sonicated on ice using an Ultrasonic
processor (Cole Parmer) set at 40% amplitude, applying 10 pulses per cycle and repeating

three times.

Cellular debris was removed by centrifugation at 10,000 x g for 30 min at 4 °C. Soluble
proteins present in the resulting supernatant were precipitated using a chloroform-methanol
precipitation. Specifically, four volumes of 99.99% methanol, one volume of chloroform,
and three volumes of milliQ water were added to each sample, followed by vortexing.
Samples were then centrifuged at 5,000 x g for 10 min at 4 °C. The upper aqueous phase
was discarded to preserve the protein-containing interphase. To further purify the protein
fraction, an additional four volumes of methanol were added to each tube. After vortexing,
samples were centrifuged again at 5,000 x g for 10 minutes at 4 °C. The resulting

supernatant was discarded, and the protein pellet was air-dried for 10 min. The dried protein
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pellet was dissolved in denaturation buffer (6 M urea, 2 M thiourea, 10 mM TrisHCI pH
8.0).

Protein concentrations were determined using the Bradford protein assay. For each sample,
50 ug of total protein was reduced with 20 mM dithiothreitol (DTT) for 30 min at room
temperature (RT). Following reduction, protein samples were alkylated with 40 mM
iodoacetamide (IAA) for 30 min at RT protected from light. To quench the alkylation
reaction, DTT was added to a final concentration of 10 mM. Samples were then diluted in
50 mM ammonium bicarbonate (ABC) buffer (pH 7.5) to reduce the urea concentration to
below 1 M. Proteins were digested in-solution by adding 1 pg of Pierce™ Trypsin/Lys-C

Protease (Thermo Scientific) per sample and incubating over-night at 37 °C.

Prior to mass spectrometry analysis, peptides were purified using SOLAu™ SPE cartridges
(Thermo Scientific). Between each load, the column was spun through at 1,500 rpm for 1
min. Columns were first activated with 200 pL of 100% methanol, followed by
equilibration with 200 pL of 80% acetonitrile (ACN) containing 0.1% formic acid (FA),
and then two sequential loads of 200 pL of 3% ACN with 1% trifluoroacetic acid (TFA).
Peptide samples were then loaded onto the columns and washed with two volumes of 200
pL of 0.1% FA to remove non-specifically bound material. Elution was performed in two
steps using 30 pL of 40% ACN with 0.1% FA. The eluates were dried in a vacuum
centrifuge and analyzed using mass spectrometry.

3.3.2 Mass spectrometry

The mass spectrometry analyses for the biofilm samples were conducted at The Proteomics
Core Facility at the Danish Technical University, Denmark. Dried peptides were
resuspended in 0.1% formic acid (FA) and loaded onto a 2 cm C18 trap column (Thermo
Fisher Scientific, 164946), which was connected in-line to a 15 cm C18 reverse-phase
analytical column (Thermo EasySpray, ES904). Peptide separation was performed using
the Thermo EasyLC 1200 HPLC system with 100% 0.1% FA in water at a pressure of 750
bar, and the column oven maintained at 30 °C. Peptides were eluted over a 140-minute
gradient from 6% to 60% of 80% ACN in 0.1% FA at a flow rate of 250 nL/min. Eluted
peptides were analyzed using an Exploris 480 mass spectrometer (Thermo Fisher
Scientific) equipped with a FAIMS Pro™ |nterface. The FAIMS interface alternated
between compensation voltages of —-50 V and —70 V, cycling through 38 and 28 scans,

respectively. Full MS1 spectra were acquired at a resolution of 60,000, with an automatic
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gain control (AGC) target of 300%, a scan range of m/z 375 — 1,500, and maximum
injection time set to "auto.” Precursors with an intensity above 5 x 103 and charge states of
2 to 6 were selected for MS2 analysis. Dynamic exclusion was enabled for 60 s, with the
exclusion list shared across compensation voltage (CV) settings. Advanced Peak
Determination was activated. MS2 precursor ions were isolated using the quadrupole with
a 1.6 m/z window. Fragmentation was carried out with a normalized AGC target of 75%,

and the maximum injection time was set to "auto."”

Fragmentation was executed using higher-energy collisional dissociation (HCD) with a
normalized collision energy of 28%, and MS2 spectra were recorded at a resolution of
15,000. The acquired MS spectra were processed using the MaxQuant software suite
v2.4.2.0 (Cox & Mann, 2008; Tyanova et al., 2016), integrated with the Andromeda search
engine (Cox et al., 2011). Database searches were performed against a target-decoy
database of E. coli UTI89 (NCBI Assembly accession: ASM1326v1; GCA _000013265.1),
which includes 5,211 protein entries. The protease setting was specified as Endoprotease
Trypsin/P, allowing for a maximum of two missed cleavages. Carbamidomethylation (Cys)
was specified as a fixed modification. Label-free quantification was applied, with a
minimum ratio count of two. A false discovery rate (FDR) of 1% was enforced at both the
peptide and protein levels to ensure accurate identification, with initial mass tolerance set
to 20 ppm. The intensity-based absolute quantitation (iBAQ) option was enabled, with the
log fit feature turned off. All other parameters were left at their default settings. These
analyses provided iBAQ values for 2,525 protein entries in the entire biofilm data and 2,355
protein entries in the spatial biofilm data. In the entire biofilm dataset, the third biological
replicate at the 12H time point was excluded from analysis due to a low number of predicted
proteins. Similarly, in the proteome dataset for spatial biofilm samples, the third biological
replicates for the 3D and 14D time points of the inner biofilm region were excluded due to

an uncharacteristically low number of predicted proteins.

3.3.3 Proteome data analyses

Expression similarity across time points and biological replicates for 2,518 proteins in the
entire biofilm dataset, and across biofilm regions and replicates for 2,355 proteins in the
spatial dataset, was assessed using Principal Component Analysis (PCA) implemented via
the stats package in R v4.2.2 (R Development Core Team, 2008). PCA plots were generated
using the ggplot2 package v3.5.0 (Wickham, 2016), based on raw iBAQ values (Figure 1d
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and Figure 17d; see Data and code availability). Proteomic data were normalized by
dividing each iBAQ value by the total sum of iBAQ values within the corresponding
sample, thereby yielding partial concentration values. Median values were calculated
across replicates, excluding any with zero iBAQ values. The resulting normalized protein
expression data were used for downstream evolutionary analyses (see Phylostratigraphic

analysis).

To prepare the proteome data for protein expression profiling, transcriptome—proteome
correlation, and visualization, we excluded genes with zero-expression values at more than
one stage. This filtering step resulted in a final set of 1,910 proteins for the entire biofilm
dataset and 2,057 proteins for the spatial biofilm dataset. For proteins with a zero-
expression value in only one stage, missing values were interpolated by averaging the
values of the two adjacent stages. In cases where the zero-expression value occurred at the
first or last stage of biofilm ontogeny, the missing value was imputed using the value of the
only neighboring stage. To bring protein expression profiles to the same scale, each gene’s
expression was normalized to its median value and subsequently subjected to log.
transformation, resulting in standardized per-gene expression values. To evaluate
transcriptome—proteome correlation, we calculated Pearson’s correlation coefficients (R)
for 1,858 matched genes/proteins, comparing normalized expression values across biofilm

time points (Figure 2b, Appendix 1).

To estimate the overall differential expression of each protein across all biofilm
developmental stages and spatial regions within biofilm, we employed open question of
how such evolutionary signatures are organized within spatially heterogeneous biofilm
communities. The likelihood ratio test (LRT) using the DESeq2 v1.38.3 (Love et al., 2014).
Pairwise differential expression analysis between successive biofilm samples as well as
between inner, middle, and outer biofilm region of 1D, 3D, and 14D biofilms was also
performed using DESeq2 package v1.38.3 (Love et al. 2014). A protein was considered
differentially expressed if the adjusted p-value, corrected for multiple comparisons using
the Benjamini—Hochberg procedure, was below 0.05.

3.4 Phylostratigraphic analysis

The phylostratigraphic analysis conducted in this study builds upon previously established
methodologies (Domazet-Loso et al., 2007; Domazet-Loso & Tautz, 2010a; Domazet-Loso
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& Tautz, 2010b; Domazet-Loso et al., 2017; Futo et al., 2021). Phylotranscriptomic and
phyloproteomic approaches aim to trace the evolutionary origin of genes and proteins
through similarity searches across genomes and proteomes representing the phylogeny of
an organism of interest. This enables the construction of a phylogenetic scale in which each
gene and protein from the focal organism is assigned to a specific phylostratum,
corresponding to its most ancient detectable homolog in the phylogeny tree (Domazet-Loso
etal., 2007; Domazet-Loso & Tautz, 2010a). Following the relevant phylogenetic literature
(Zaremba-Niedzwiedzka et al., 2017; Mukherjee et al., 2017; Hug et al., 2016; Wu et al.,
2009; Brandis, 2021; Brown & Volker, 2004; Sharma et al., 2022; Williams et al., 2010;
Adelou et al., 2016; Janda et al., 2021; Dunne et al., 2017; Denamur et al., 2020; Yu et al.,
2021), we constructed a consensus phylogeny covering the lineage from the last common
ancestor of cellular organisms to our focal species, E. coli UTI89 (Figure 4). Clade selection
was guided by their representation in the literature, their roles in key evolutionary

transitions, and the availability of high-quality reference genomes and proteomes.

We obtained the complete set of protein sequences for 922 terminal taxa represented in our
consensus phylogeny from the NCBI database. These proteomes collectively served as the
reference database for phylostratigraphic analysis. To construct the E. coli UTI89
phylostratigraphic map of E. coli UTI89 (Domazet-Loso et al., 2007; Domazet-Loso &
Tautz, 2010a), we performed a comparative analysis of 5,211 E. coli protein coding genes
against the reference database. This comparison utilized the blastp algorithm v2.9.0
(Altschul et al., 1990) with an e-value threshold of 107. Following the established
phylostratigraphic methodology (Domazet-LoSo et al., 2007; Domazet-Loso & Tautz,
2010a; Futo et al., 2021), we assigned 5,206 protein sequences that met the threshold
criteria to one of the nine phylostrata defined in the consensus phylogeny. Each protein was
placed in the oldest phylostratum in which a significant homologous hit was detected,
representing its earliest traceable evolutionary origin (Domazet-Loso et al., 2007,
Domazet-Loso & Tautz, 2010b).

Transcriptome age index (TAI) represents the weighted mean of phylogenetic ranks
(phylostrata), whose statistical properties and the biological interpretation have been
previously described (Domazet-Loso & Tautz, 2010a):

TAI = Y psie;

n ’
Zi:l e

where psi is an integer indicating the phylostratum of the protein i, €; is the normalized
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transcript expression value of the gene i, and n is the total number of genes analyzed. Using
expression values for 4,984 protein coding genes, we calculated the TAI for each
developmental stage (entire biofilm dataset) using myTAI package v0.9.3. (Drost et al.,
2018) (Figure 5a). In the dataset for spatial biofilms, TAI was calculated using expression

values of 4,979 protein coding genes.

To analyze the proteome data in similarly, we introduced the Proteome age index (PAI),
which is the weighted mean of phylogenetic ranks (phylostrata) using normalized protein
expression values and assigned protein phylostratum, considering the total number of

proteins analyzed:

Y psiq;
PA| = 212
i=14i

where psi represents an integer-coded phylostratum assigned to protein i, ¢i is the
normalized protein expression value of the protein i, and n corresponds to the total number
of proteins analyzed. From the bulk biofilm dataset, we used 2,518 proteins for PAI
calculation and from spatial biofilms dataset, we obtained 2,355 proteins for PAI
calculation (Figure 5b)

TAl and PAI profiles used to assess the phylogeny-ontogeny correlation were evaluated for
statistical significance using the ‘Early conservation test’ (Drost et al., 2018). This test
requires the predefinition of developmental modules corresponding to early, middle, and
late biofilm developmental stages. Based on principal component analysis (PCA) and
Pearson’s correlation patterns derived from both transcriptome and proteome datasets
(Figure 1), we defined the developmental stages as follows: the early stage from 6H to 1D,
the mid stage from 1.5D to 3D, and the late stage from 5D to 1M. These module definitions
were used to test for evolutionary conservation patterns across biofilm ontogeny. The
statistical significance of differences in mean TAI and PAI values between the inner and
outer regions of 1D and 3D biofilms, and among pairs of regions (inner—middle, inner—
outer, and middle—outer) in 14D biofilms, was assessed using the myTAI pairwise test
(Figure 23).

We estimated evolutionary divergence rates of E. coli UTI89 proteins with regard to
Klebsiella pneumoniae and Yersinia pestis. Comparison to these two bacterial species gave
the best results in terms of the sufficient number of detected orthologues and the suitability

of the evolutionary distances for estimating evolutionary rates. We identified orthologous

22



pairs by reciprocal best hits using blastp v2.13.0 with an e-value threshold of 107°. We
obtained 3,137 orthologs for comparison with Klebsiella pneumoniae MGH78578 (NCBI
Assembly accession: GCA_000016305.1; ASM1630v1) and 2,530 orthologs for
comparison with Yersinia pestis biovar Microtus str. 91001 (NCBI Assembly accession:
GCA _000007885.1; ASM788v1). We globally aligned E. coli UTI89 and each bacterial
strain to obtain orthologous pairs using the Needleman—Wunsch algorithm, followed by
codon alignments in pal2nal (Suyama et al., 2006). The non-synonymous (dN) and
synonymous (dS) substitution rates were estimated for each bacterial species independently
using Comeron’s method (Comeron, 1995). The entire workflow to calculate dN and dS

was performed using R package orthologr v0.4.0 (Drost et al., 2015).

Using the calculated dN values, we calculated the transcriptome non-synonymous
divergence index (TdNI), which represents the weighted mean of non-synonymous gene
divergence:

n
i=1 dN;e;

n
i=1€i

TdNI =

TdNI profiles are calculated using a real number representing the non-synonymous
divergence of the gene i (dN;), normalized transcript expression value of the gene i (&), and

the total number of genes analyzed (n) (Futo et al., 2021).

Similarly, dS values were used to compute the transcriptome synonymous divergence
indices (TdSI), which represents the weighted mean of synonymous gene divergence:

Y, dSie;
n

i=1€i

TdSI =

where dS; is a real number that represents the synonymous divergence of gene i, €; is the
normalized transcript expression value of the gene i, and n is the total number of genes
analyzed (Futo et al., 2021).

For proteome analysis, we introduced the proteome non-synonymous gene divergence
index (PdNI) and the proteome synonymous gene divergence index (PdSl), using
normalized protein expression values instead of normalized transcript expression values,
as done for TdNI and TdSI. Using dN and dS values for the above-mentioned bacterial
strains, we calculated the PdNI and PdSI, representing the weighted mean of non-

synonymous and synonymous divergence:
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PANI = 2= Nidi
Zi=1 qi

where dN; is a real number representing the nonsynonymous divergence of protein i, g
denotes the normalized expression level of protein i, and n refers to the total number of

proteins included in the analysis, and:

PdsI = Zi=1954i
i=14i

where dSi represents the synonymous divergence value of protein i, g is the normalized

protein expression value of protein i that acts as weight factor and n is the total number of
proteins analyzed.

Transcriptome codon usage bias index (TCBI) represents a weighted arithmetic mean of
4,984 transcriptome expression values and the measure independent of length and
composition (MILC) (Supek & Vlahovicek, 2005, Futo et al., 2021):

Y MILCie;

n | ]
i=1€i

TCBI =

where MILC is a real number which represents the codon usage bias of gene i, e is the
normalized transcript expression value of the gene i, and n is the total number of genes
analyzed. MILC is a real number representing the codon usage bias of a gene and was
calculated using R package coRdon v1.16.0 (Elek et al., 2019), in relation to codon usage
bias of E. coli UTI89 ribosomal genes. Proteome codon usage bias index (PCBI) was
similarly calculated using 2,518 protein expression values and MILC values (Futo et al.,
2021):
PCBI = 2= MILCia:
Yie14i

PCBI is weighted arithmetic mean of codon usage bias, where MILC is a real number which
represents the codon usage bias of protein i, e; is the normalized protein expression value

of the protein i, and n is the total number of proteins analyzed.
We calculated the relative expression of genes (Figure 7) for each phylostratum (ps) and

developmental stage (s) as follows:

fs,s_f s,min
RE(ps)s = —>—F=—

fps,max‘fps,min’
where ﬁ,S,S is the mean normalized transcription value of genes assigned to phylostratum
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(ps) at the given stage (s), and ﬂ,s,min and ﬂ,s,max are the minimal and maximal mean
normalized transcription values of genes from the same phylostratum (ps) across all stages
(Domazet-Loso & Tautz, 2010Db).

To assess the similarity of relative expression values (RE) between phylostrata, we
calculated Pearson’s correlation coefficients in an all-against-all manner across phylostrata
(ps1-ps9) (Figure 7). To test whether biofilm ontogeny recapitulates gene phylogeny at the
level of relative expression, we calculated the relative expression transcriptome age index

(reTAI) for each developmental stage (s) using the equation:
reTAly = YL ps; X RE; s,

where ps; is the integer-coded phylostratum i and RE;; is the relative expression of
phylostratum i at stage s and n is the total number of phylostrata. Pearson’s correlation
coefficients were then calculated between reTAls and the ordinally coded biofilm

developmental stages.

To characterize the relative expression of genes within each phylostratum (ps) by functional
category, we assigned Gene Ontology (GO) functional categories to each gene as described
below. For each GO category (func), we calculated the mean normalized transcription value
within each phylostratum (ps) and developmental stage (s). Using these values, we
computed the relative expression of functional categories for each phylostratum and stage
as follows:

RE(func)pss = M’

fps,max‘fps,min

where f;S,S is the mean normalized transcription value of a given functional category (func),
at the given phylostratum (ps) and stage (s). f,,smin and fps,max represent the minimum and
maximum mean normalized transcription values of the given functional category (func)
within the same phylostratum (ps) across all stages (Domazet-Loso & Tautz, 2010b). To
identify which functional categories best correspond to the relative expression profile in a
given phylostratum, we calculated Pearson correlation between the RE(func)pss and the

RE(ps)s for every functional category.

To control for the potential influence of horizontal gene transfer (HGT) on our evolutionary
age estimates, we recalculated the TAI and PAI indices after filtering out candidate HGT-

derived genes (Figure 6, Table S1, Appendix A). Candidate HGT-derived genes for E. coli
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UTI89 were identified using the HGTree database, utilizing both its 'standard' and 'strict’

classification thresholds, which are defined by reference database size (Choi et al., 2023).

3.5 Enrichment analysis and functional annotation

Gene Ontology (GO) functional annotations for the Escherichia coli UTI89 strain were
obtained by identifying orthologs using the eggNOG v5.0 database (Huerta-Cepas et al.,
2019) through eggNOG-mapper v2.1.9 (Cantalapiedra et al., 2021). Annotations were
generated using the default search parameters, with the taxonomic scope restricted to
Bacteria. This resulted in GO term assignments for 3,108 genes. GO term names and
definitions used for functional enrichment analyses were downloaded from the Gene
Ontology  Resource  (https://geneontology.org/docs/download-ontology/,  accessed
February 9, 2023). Prior to enrichment analysis, synonyms and obsolete GO terms were
removed to unify the terminology. Genes without annotations from eggNOG-mapper were
manually labelled with a custom tag: "GO:no_ID no annotation”. To identify enriched
biological functions in transcriptome and proteome datasets, we performed one-tailed
hypergeometric tests. P-values from these enrichment analyses were corrected for multiple

testing using the Benjamini—Hochberg procedure (Benjamini & Hochberg, 1995).

We performed functional enrichment analysis of Gene Ontology (GO) annotations at
individual developmental stages for both transcriptome and proteome data (Figure 9; Figure
10). Enrichment of GO categories was assessed for genes with standardized expression
values > 0.5 (log: scale) above the median and a fold change (FC) > 2 during biofilm
development. For the proteome dataset, enrichment analysis was conducted on proteins
with standardized expression values > 0.15 (log: scale) above the median and FC > 0.
Additionally, we investigated the distribution of functionally uncharacterized, yet

expressed, genes across phylostrata during biofilm development (Figure 11; Appendix B).

We analyzed Gene Ontology (GO) enrichment profiles for differentially expressed
transcripts and proteins across spatial regions of biofilms. Pairwise differential expression
analyses between the inner, middle, and outer biofilm regions at 1-day (1D), 3-day (3D),
and 14-day (14D) biofilm time points were performed using the DESeq2 package v1.38.3
(Love et al., 2014). GO functional enrichment was conducted on transcripts showing
significant differential expression (p-value < 0.05) with FC > 2, and on proteins with
significant differential expression (p-value < 0.05) and FC > 0 (Figures 18-21).
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Visualization of the enrichment results was done using custom R scripts built on the ggplot2
package v3.5.0 (Wickham, 2016).

Structural support for annotated versus unannotated E. coli UTI89 proteins was evaluated
using AlphaFold predictions (Jumper et al., 2021). Local prediction confidence score was
assessed by extracting the mean AlphaFold confidence values from the B-factor fields,
while secondary structural composition (helices and sheets) was defined using the DSSP
algorithm (Appendix C). Statistical differences in structural confidence and secondary
structure density between annotated and unannotated protein groups were assessed via a
two-sided Mann—Whitney U test with continuity correction (Figure 15, Appendix D).

3.6 Data and code availability

The transcriptome datasets generated in this study were submitted to the NCBI Gene
Expression Omnibus and can be accessed under the GEO Series accession number
GSE272617. The mass spectrometry-based proteomics datasets were deposited in the
ProteomeXchange Consortium through the PRIDE partner repository and are available
under the identifier PXD053727.

The datasets supporting the results presented in this doctoral thesis are available in the

Supplementary Material of Tusar et al. (2026).

The custom code used for data processing and analysis are publicly available in the GitHub
repository: https://github.com/bacillus-biofilms/biofilm-data-analysis
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4 RESULTS

4.1 Biofilm development is a stage-organized process

To determine whether E. coli UTI89 biofilm development is stage-organized process, we
sampled entire biofilms at 12 time points covering a full span of biofilm ontogeny, from a
liquid starting culture to a 1-month old biofilm (Figure 1a). We first sampled bulk biofilms
across successive developmental stages, treating biofilm as an individual organism to
obtain organism-level view of biofilm growth. Unlike approaches that focus on specific
biofilm subpopulations, this view allows evolutionary indices to be calculated at the entire-
biofilm level, facilitating direct comparison with prior phylotranscriptomic studies in
Bacillus (Futo et al., 2021) and in various eukaryotes (Domazet-Loso & Tautz, 2010a;
Quint et al., 2012; Cheng et al., 2015; Koska et al., 2025; Lotharukpong et al., 2024).

We recovered transcriptome data for 4,866 (93%) E. coli UTI89 genes, which revealed a
time-resolved principal component analysis (PCA) profile with three main phases of
biofilm ontogeny: early (6H — 1D), mid (1.5D — 3D), and late stage (14D — 1M), with a
transitional mid-Ilate stage (5D — 7D) (Figure 1c).
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Figure 1. E. coli UTI89 biofilm development reveals stage-organized transcription and

translation. (a) Representative morphology of E. coli UTI89 biofilms on solid agar plates during
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biofilm growth at different time points: 6 hours (6H), 12 hours (12H), 1 day (1D), 1.5 days (1.5D),
2 days (2D), 3 days (3D), 5 days (5D), 7 days (7D), 14 days (14D), 21 days (21D), and 1 month
(1M) after inoculation with liquid culture (LC). (b, d) Principal component analysis (PCA) of (b)
transcriptome and (d) proteome data across time points. Colors on the PCA indicate different time
points; biological replicates share the same color and are connected by dotted lines. Black arrows
indicate the temporal order of sampled time points. Boxed time points (1D, 3D, and 14D) were used
for spatial biofilm experiments. (c, €) Pearson’s correlation coefficients between biofilm ontogeny
time points were calculated all-against-all comparison for (c) transcriptome data and (e) proteome
data. Early (6H-1D), mid (1.5D-3D), mid-late (5D-7D), and late (14D—1M) stages of biofilm
growth are depicted in different colors on the x-axis. Supplementary data provided in TuSar et al.

(2026).

Pearson’s correlation analysis (Figure 1c) and hierarchical clustering of the transcriptome
data (Figure 2a) further supported the presence of distinct developmental stages and
identified three main phases of biofilm ontogeny. Notably, transcriptome profiles of the
liquid culture (LC) sample showed higher correlation with late biofilm stages (14D-1M).
This is consistent with the LC sample being collected during stationary phase planktonic
growth, a non-proliferative state associated with reduced metabolic activity under nutrient
limitation. Such nutrient depleted conditions resemble those experienced by late stage

(14D-1M) biofilms grown on agar plates.

30



0 _
e |
0
=}
< - —
I I o o o o @] o o o = (@]
Early stage Mid stage Migtéé%te Late stage
Biofilm stages
b
06 ® Early stage
: o Mid stage
® Mid - late stage
Late stage
0.5
0.4
)
=
<I§ 0.3
o
0.2
0.1 \
/
0.0

LC 6H 12H 1D 1.5D 2D 3D 5D 7D 14D 21D 1M
Biofilm stages

Figure 2. Stage-specific grouping of E. coli UTI89 biofilm expression profiles. (a) Hierarchical
clustering of biofilm transcriptomes based on stage-to-stage dissimilarity, defined as 1 minus R,
where R is the Pearson correlation coefficient between two biofilm stages. The scale bar indicates
the distance between clusters (see Methods). The clustering supports the evidence for four temporal
groups corresponding to early (6H-1D), mid (1.5D-3D), mid-late (5D-7D), and late (14D—1M)
biofilm stages. (b) Variation in transcriptome—proteome correlation across biofilm development,
expressed as Pearson correlation coefficients (R) between matched transcriptome and proteome
profiles at each stage. Correlations were moderate at early stages (6H, 12H, 1D), lower at LC, 5D,
and 7D, and very low at 1.5D, 2D, 3D, 14D, 21D, and 1M. These patterns support four broad phases
of biofilm development: early (6H-1D), mid (1.5D-3D), mid-late (5SD-7D), and late (14D—1M).
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Pearson's correlations coefficients were calculated from normalized transcript and protein
expression values on a —log ,scale; corresponding p-values are provided in Appendix 1. Genes or
proteins with zero expression in either transcriptome or proteome dataset were excluded from the

analysis. Supplementary data provided in Tusar et al. (2026).

Additional analyses that included datasets with unresolved biological replicates supported
the robustness of our results, as biological replicates showed consistently high correlation
coefficients. These findings indicate strong biological reproducibility of the biofilm
developmental program (Appendix 2). A comparable ontogeny progression has been
reported for biofilm development of non-pathogenic bacterium Bacillus subtilis (Futo et
al., 2021). Together with previous work, this finding is consistent with the view that key
biofilm-forming strategies may be, at least in part, conserved across bacterial species
(O’Toole et al., 2000; Stoodley et al., 2002; Lappin-Scott et al., 2014; Sauer et al., 2022).

Furthermore, we evaluated differential expression along all ontogeny time points which
revealed 4,464 (92%) differentially expressed genes. By filtering differentially expressed
genes with minimum two-fold expression change, the number of genes decreased to 1,639
(34%). To explore dynamics of expression between successive ontogeny time points, we
compared transcriptomes with pairwise comparison analysis (Figure 3). On average, 7% of
expressed genes were significantly upregulated by more than two-fold during transitions
between successive stages (Figure 3). While the expression shifts observed here are
substantial, their overall extent appears lower than reported for Bacillus subtilis biofilm
development, where 99% of genes (without a fold-change cutoff) and 59% (with a twofold-
change cutoff) were differentially expressed across time points (Futo et al., 2021).
Nevertheless, these results indicate that biofilm ontogeny involves extensive transcriptional
reprogramming, with dynamics that are comparable to those described in complex
developmental systems such as animal embryogenesis (Domazet-Loso & Tautz, 2010a;
Yanai et al., 2018). For example, during plant somatic embryogenesis, 84.1% of genes were
reported as differentially expressed, and 43.2% of these genes exhibited changes greater
than two-fold (Koska et al., 2025).

Consistent with observations in Bacillus subtilis biofilms (Futo et al., 2021), the most
pronounced transcriptional shift occurred immediately after inoculation of agar plates with
liquid culture (Figure 3). This transition from liquid culture (LC) to the early biofilm stage
(6H), also apparent in the PCA (Figure 1b), was associated with significant upregulation

(more than two-fold) of 26% of expressed E. coli genes (Figure 3). In B. subtilis, a
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comparable transition was accompanied by more than two-fold upregulation of ~30% of
genes (Futo et al., 2021). These findings support the view that the shift from planktonic
growth to a surface-attached community entails extensive transcriptome reprogramming in
bacteria (O’Toole et al., 2000; Futo et al., 2021; Sauer et al., 2022). The second most
dynamic increase in gene upregulation occurred later in development, during the 7D-14D
transition, when ~18% of expressed E. coli genes were significantly upregulated by more
than two-fold (Figure 3). Overall, the transcriptome data indicate that E. coli UT189 biofilm
development proceeds in discrete phases (early, mid, mid-late, and late), each marked by
characteristic shifts in gene expression.
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Figure 3. Differential expression in pairwise comparison between successive biofilm samples.
A burst of up-regulated differentially expressed genes are observed at biofilm inoculation (LC—6H)
in both (a) transcriptome and (b) proteome datasets. Numbers above each time point indicate the
total number of differentially expressed genes or proteins. Pairwise differential expression was
assessed using DeSeq2, with p-values adjusted for multiple comparisons testing using the
Benjamini and Hochberg procedure (cut off set at 0.05). Up-regulated (a) genes and (b) proteins are
defined by a fold-change greater than two (FC > 2). Supplementary dataset is provided in TuSar et
al. (2026).

Transcriptome and proteome data show generally low correlation (Figure 2, Appendix 1;
Liu et al., 2016; Futo et al., 2021), underscoring the value of assessing both molecular
layers to capture expression dynamics. At the same time, current mass spectrometry—based
proteomics typically provides lower genome-wide coverage and reduced sensitivity for
low-abundance proteins than RNA sequencing (Buccitelli & Selbach, 2020). Thus, while

33



RNA sequencing offers a more comprehensive view of global expression changes,
integrating transcriptome and proteome datasets yields a more complete picture by linking
transcriptional regulation to protein-level output (Futo et al., 2021; Buccitelli & Selbach,
2020).

Therefore, we quantified proteome data from the same E. coli biofilm stages used for
transcriptome sequencing (Figure 1a). In total, we identified 2,518 predicted proteins,
corresponding to 48% of the theoretical E. coli UTI89 proteome. Although proteome
coverage was lower than transcriptome coverage, principal component analysis (PCA) and
Pearson's correlation analyses revealed similar temporal patterns across the two datasets
(Figure 1d,e), including a stage-ordered trajectory in PCA (Figure 1d) and discrete
ontogenetic phases (Figure 1le). These findings are consistent with the developmental
progression identified in the transcriptome data (Figure 1b,c) and indicate that biofilm
development follows a structured, stage-specific program at both the transcriptome and

proteome levels.

Compared with the transcriptome data, the proteome data displayed fewer differentially
expressed proteins across biofilm ontogeny (1,301 proteins; 68%). Nevertheless, the
fraction of upregulated proteins showing at least a two-fold change (711 proteins; 37%)
was similar to that observed in the transcriptome dataset. In pairwise comparisons of
successive stages, an average of 8% of proteins were significantly upregulated with a
minimum two-fold change (Figure 3b), which is lower than the corresponding proportion
at the transcript level (Figure 3a). Consistent with the transcriptome data (Figure 3), the
largest shift in protein expression occurred during the transition from liquid culture (LC) to

the early biofilm stage (6H) (Figure 3).

Overall, the proteome profiles also support a structured developmental progression and
delineate distinct ontogeny stages, despite generally low transcriptome—proteome
correlations and the lower coverage inherent to protein quantification (Figure 2). Notably,
the correspondence between mRNA and protein levels decreased at later stages of biofilm
maturation (Figure 2b; Appendix 1). This pattern reflects increased contributions of post-
transcriptional and post-translational regulation, differences in mRNA turnover and protein
stability, and greater metabolic heterogeneity in mature biofilms. Together, these factors
can weaken the relationship between transcript abundance and protein levels, thereby
reducing overall transcriptome—proteome correlation (Figure 2b, Appendix 1).
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4.2 Phylogeny-ontogeny correlation reveals recapitulation pattern

Evolutionary gene age estimates were derived through a phylostratigraphic procedure
(Domazet-Loso et al., 2007; Futo et al., 2021; Corak et al., 2023), based on consensus
phylogeny. We linked transcriptome and proteome profiles to evolutionary age estimates
to test whether E. coli UTI89 biofilm development follows an evolutionary logic in the
form of phylogeny-ontogeny correlations. We constructed consensus phylogenetic tree
spanning from the last common ancestor of cellular organisms to the focal strain E. coli

UTI89 (Figure 4, Supplementary dataset is provided in Tusar et al. (2026)).

This phylostratigraphic approach resulted in assignment of 5,206 (99.9% of 5,211 predicted
genes) E. coli UTI189 genes to nine phylostrata (PS); with PS1 representing the oldest and
PS9 the youngest phylostratum (Figure 4). Consistent with phylostratigraphic results
reported for Bacillus subtilis (Futo et al., 2021), older phylostrata contained the largest
fraction of E. coli UTI89 genes, whereas younger phylostrata were comparatively sparsely
populated. Specifically, 2,871 genes (55.1%) were assigned to PS1 (Cellular organisms)
(Figure 4). In contrast, only 73 genes (1.4%) mapped to PS8 (Escherichia coli group B2/F)
and 162 genes (3.1%) to PS9 (Escherichia coli UTI89) (Figure 4).
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Figure 4. The consensus tree covers the evolutionary divergence from the last common
ancestor of cellular organisms to the focal species E. coli UTI89. The tree was constructed for
phylostratigraphic analysis to reflect the evolutionary trajectory of the focal strain and the
availability of reference genomes. The nine internodes (phylostrata) from the root to E. coli UTI89)
were labelled by PS1-PS9. For each phylostratum, the number and percentage of E. coli UTI89

genes assigned to that phylostratum are indicated following the phylostratum label. Supplementary
dataset is provided in Tusar et al. (2026).

To assess whether biofilm development follows an evolutionary pattern, we integrated

transcriptome and proteome expression values with gene age estimates to calculate the
36



transcriptome age index (TAI) and proteome age index (PAI) (Figure 5). TAl and PAI are
cumulative measures for the evolutionary age of transcriptome and proteome data
(Domazet-Loso & Tautz, 2010a; Futo et al., 2021). As reported for B. subtilis biofilms
(Futo et al., 2021), E. coli UTI89 biofilms showed a positive correlation between biofilm
ontogeny stage and the evolutionary age of expressed genes and proteins. This was evident
in both the transcriptome (Figure 5a) and proteome (Figure 5b) dataset. Evolutionarily
younger genes contributed increasingly to the expression profile as biofilms progressed to
later stages (Figure 5). This trend corresponds to a recapitulation pattern observed in

evolutionary developmental studies of B. subtilis biofilm (Futo et al., 2021).

Notably, at the transcriptome level the trend reverses in the late stages of biofilm: TAI
increases between 7D and 1M, indicating a shift toward relatively older transcriptomes
during maturation (Figure 5a). A similar decrease in transcriptome “youthfulness” has been
reported during aging in animals and plants (Domazet-Loso & Tautz, 2010b; Koska et al.,
2025).

To isolate the evolutionary dynamics unique to biofilm ontogeny, we restricted our primary
analyses to solid-agar growth stages (Figure 5), excluding the initial liquid culture (LC)
which serves as a pre-inoculation reference rather than a part of biofilm development.
Although including the LC yields a false hourglass-like (older—younger—older) pattern at
the onset of cultivation (Appendix 3), we do not interpret this as an early developmental
phase. Rather than representing a surface-attached developmental program, the elevated
TAI and PAI values of the LC reflect a shared physiological state between planktonic cells
in stationary phase and late stage Escherichia coli biofilms, both of which are characterized

by maximal cell density and decelerated growth rates (Appendix 3).
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Figure 5. Escherichia coli biofilms exhibit positive phylogeny-ontogeny correlation. (a)
Transcriptome age index (TAI) and (b) proteome age index (PAI) profiles of E. coli UTI89 biofilm
ontogeny indicate a recapitulation pattern: early stages are enriched for expression of evolutionarily
older genes, whereas later stages show relatively higher expression of younger genes
(Supplementary dataset is provided in TusSar et al. (2026)). Statistical support for these evolutionary
patterns was assessed using the early conservation test (p-values) (see Methods). Grey shading
indicates & one standard deviation derived from permutation analyses. Biofilm stages are color-

coded as early (red), mid (blue), mid-late (purple), and late (green).

Horizontal gene transfer (HGT) represents a potential confounding factor in bacterial
phylostratigraphy, as it can cause recently acquired genes to be erroneously assigned to
older evolutionary strata. This typically occurs when a gene is transferred from the focal
lineage to a phylogenetically distant group, whereas the reverse scenario (genes acquired
via HGT from remote lineages into focal lineage) is minimized by comprehensive reference
database coverage. To rigorously account the potential impact of HGT on our
phylostratgraphical analysis, we systematically filtered the E. coli UTI89 gene set using
HGT candidates predicted via phylogenetic tree reconciliation (Choi et al., 2023). HGT-
derived genes accounted for only a minor fraction of the genome, 0.4% using standard
criterion and 0.1% using strict criterion (Table 1, Appendix A). Recalculation of the TAI
and PAI metrics following the exclusion of HGT-derived genes produced patterns highly
congruent with the complete dataset (Figure 5, Figure 6), confirming that horizontal gene
flow has a negligible impact on our developmental profiles.
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Table 1. Distribution of all genes and HGT-derived genes (number n and percentage %) across
phylostrata using strict and standard methods for HGT gene detection (Appendix A). Percentages
indicate the proportion of HGT-derived genes within each phylostrata. Supplementary dataset is
provided in Tusar et al. (2026).

PS1 PS2 PS3 PS4 PS5 PS6 PS7 PS8 PS9 Total

All genes, n 2871 996 183 154 300 210 257 73 162 5,206

method, n (%) (0.1) (05) (1.6) (0.0) (L7) (1.9) (04) (0.0) (1.2) (0.5)

Strict HGT 0 1 1 o 1 0 0 0 0 3
method, n (%) (0.0) (0.1) (05) (0.0) (0.3) (0.0) (0.0) (0.0) (0.0) (0.1)
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Figure 6. Phylostratigraphic profiles of biofilm development after removing HGT-derived
genes. (a, b) Transcriptome age index (TAI) and (c, d) proteome age index (PAI) profiles of E. coli
UTI8Y biofilm ontogeny computed using an HGT-depleted gene set (Appendix A). Excluding
candidate HGT genes yields evolutionary profiles that closely mirror the original, unfiltered profiles
(Figure 5). The statistical significance (p-value) of the observed evolutionary trends was assessed
using the early conservation test (see Methods). Grey shaded areas indicate + one standard deviation
based on permutation analysis. Distinct stages of biofilm development are represented by color:

early (red), mid (blue), mid-late (purple), and late (green).

To identify which evolutionary intervals contribute most strongly to the recapitulation-like
ontogeny—phylogeny correlations (Figure 5a), we quantified phylostratum-specific relative
expression patterns from the transcriptome data (Figure 7; Domazet-Loso & Tautz, 2010a).
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These profiles clustered into three major groups of phylostrata with shared temporal
dynamics (Figure 7a—d). Genes assigned to the oldest phylostratum (PS1; cellular
organisms) and to the youngest stratum (PS9; E. coli UTI189) exhibited a U-shaped pattern,
with elevated relative expression at the earliest biofilm stage (6H) and again during late
stage biofilm development (21D-1M) (Figure 7a; Figure 4). In contrast, genes originating
at PS2 (Bacteria), PS3 (Proteobacteria), and PS5 (Enterobacterales) reached their highest
relative expression predominantly during the mid stages of biofilm development (1.5D—
7D) (Figure 7b). A third set of comparatively younger phylostrata, PS4
(Gammaproteobacteria), PS6 (Enterobacteriaceae), and PS7-PS8 (E. coli group), showed
a more progressive increase across ontogeny, with maximum during the mid-late (5D-7D)
and late (14D—1M) phases (Figure 7c). To quantify the overall relationship between relative
expression dynamics and biofilm development progression, we correlated the relative
expression transcriptome age index (reTAl; see Methods) with ordinally coded biofilm
stages (Figure 7e). This analysis revealed a strong positive correlation (Pearson: R=0.76,
p-value=0.007), providing additional support for a recapitulation-like pattern in the
transcriptome data.
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Figure 7. Relative expression per phylostratum across stages of E. coli biofilm ontogeny.
Relative expression values were scaled to the maximum (1) and minimum (0) expression values
observed across biofilm time points (see Methods). (a) The oldest (PS1) and youngest (PS9) gene
sets display similar hourglass-like relative expression profiles. (b) Genes assigned to Bacteria (PS2),
Proteobacteria (PS3), and Enterobacterales (PS5) show peak relative expression during the mid
stages of biofilm ontogeny. (c) Genes originating in Enterobacteriaceae and younger phylostrata
(PS4, PS6-PS8) exhibit elevated relative expression at late stages. (d) Similarity of relative
expression values (RE) between phylostrata was quantified by calculated all-against-all Pearson

correlation coefficients among phylostrata (PS1-PS9). (e) Relative expression values across biofilm
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ontogeny stages and phylostrata are visualized as a bubble plot using black—white gradient. The
association between reTAI and ordinally coded developmental stages was assessed using Pearson
correlation; the corresponding Rand p-values are reported on Figure (see Methods). Supplementary

dataset is provided in Tusar et al. (2026).

We derived TAI and PAI from a phylostratigraphic framework to summarize the
cumulative evolutionary age of transcriptomes and proteomes by mapping genes to their
most ancient detectable homologs across the tree of life (Domazet-Loso et al., 2007,
Domazet-Loso & Tautz, 2010a; Futo et al., 2021). An additional way to quantify
evolutionary patterns in expression datasets is to focus on sequence divergence, estimating
evolutionary rates of coding sequences rather than the age of entire genes (Quint et al.,
2012; Futo et al., 2021; Koska et al., 2025). To capture these evolutionary patterns while
accounting for codon usage effects, we introduced transcriptome- and proteome-based
divergence indices: nonsynonymous (TdNI, PdNI) and synonymous (TdSl, PdSI)
divergence indices (Futo et al., 2021). These indices were derived from alignments of E.
coli UTI89 coding sequences with those of the closely related Enterobacteriaceae species
Klebsiella pneumoniae MGH78578 (Figure 8). Using a closely related strain for
comparison is important for robust estimation of protein-coding genes sequence
conservation and for reliable inference of synonymous and nonsynonymous divergence
rates. In the transcriptome, both TdNI and TdSI showed a significant recapitulation-like
pattern, with divergence at nonsynonymous and synonymous sites increasing toward later
stages of biofilm development (Figure 8ac). A similar trend was observed in the proteome
for PANI and PdSI (Figure 8bd). To evaluate sensitivity to the choice of bacterial species
for comparison, we repeated the analysis using the more distantly related Yersinia pestis

(within order Enterobacterales) and obtained highly consistent results (Appendix 4).

The transcriptome codon bias index (TCBI) and proteome codon bias index (PCBI) also
showed a significant recapitulation pattern with codon bias decreasing toward later stages
of biofilm development (Figure 8). Taken together, evolutionary indices derived from both
transcriptome and proteome data indicate that biofilm ontogeny is shaped by evolutionary
constraints acting at multiple depths, from gene age (TAI, PAI) to more recent sequence
and codon-level divergence (TdNI, TdSI, TCBI, PdNI, PdSI, PCBI) (Figure 5; Figure 8).
Across all these measures, later biofilm stages are characterized by relatively higher

expression of more diverged genes, consistent with a recapitulation pattern.
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Figure 8. Ontogeny-phylogeny correlation in uropathogenic E. coli biofilms at (non)-
synonymous sites and codon usage bias. (a) Transcriptome non-synonymous divergence index
(TdNI), (b) proteome non-synonymous divergence index (PdNI), (c) transcriptome synonymous

divergence index (TdSI), and (d) proteome synonymous divergence index (PdSI) show a similar
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recapitulation pattern: early biofilm stages express conserved genes at synonymous and non-
synonymous divergence sites, while later stages express more diverged genes. Synonymous and
non-synonymous divergence rates were estimated from comparisons of E. coli UTI89 with
Klebsiella pneumoniae (Enterobacteriaceae). Analyses using the more distantly related Yersinia
pestis (Enterobacterales) yielded comparable results (Appendix 4). Codon usage bias indices for
the transcriptome (TCBI) and proteome (PCBI) were calculated using MILC (see Methods) and
both exhibited a significant recapitulation pattern. Statistical support (p-value) for these
evolutionary patterns was assessed using the early conservation test (see Methods). Grey shading
indicates + one standard deviation derived from permutation analysis. Stages of biofilm ontogeny
are color-coded as early (red), mid (blue), mid-late (purple), and late (green) stage. Supplementary
dataset is provided in Tusar et al. (2026).

4.3 Stage resolved functions distribution in E. coli biofilm development.

To characterize functional dynamics during E. coli UTI89 biofilm development, we
performed GO (Gene Ontology)-based functional enrichment analysis for upregulated
transcripts and proteins (Figure 9, Figure 10). The resulting enrichment profiles indicate
stage-dependent functional specialization, with each developmental stage showing
enrichment for a distinct set of biological functions (Figure 9). These profiles parallel
observations in B. subtilis biofilms, which likewise progress through functionally discrete
stages (Futo et al., 2021).

During early biofilm development (6H-1D), enriched GO terms were dominated by
biosynthetic pathways, energy generation, ribosome biogenesis/translation, iron
homeostasis, and motility, consistent with rapid growth and biofilm establishment (Figure
9). In the mid phase (1.5D-3D), enrichment shifted toward locomotion, bacterial-type
flagella, and energy production, suggesting continued expansion at the biofilm periphery
and the contribution of flagellated cells as structural elements (Figure 9; Serra et al., 2013a,
2013b). During mid-late (5D-7D) and late (14D-1M) stages, enriched functions were
associated with regulation of metabolic processes, post-replication repair, and stress
responses (Figure 9). For example, enrichment of SOS response and DNA repair terms at

21D is consistent with increased environmental stress at this stage (Figure 9).

Proteome-based enrichment analyses revealed broadly comparable stage-dependent
functional patterns (Figure 10), indicating that biofilm development follows a stepwise
functional program at both transcriptome and proteome levels, despite generally modest

transcriptome—proteome correspondence (Figure 2).
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Figure 9. E. coli UTI89 biofilm development is temporally organized into functionally discrete

stages in transcriptome data. Functional enrichment analysis of GO annotations was performed
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for genes whose expression at a given stage exceeded the median of their overall expression profile
by at least 0.5 (log2 scale). Enrichment significance was tested using a one-tailed hypergeometric
test and corrected for multiple comparisons with the Benjamini—-Hochberg procedure. Only
functional enrichments with adjusted p < 0.05 were retained. The complete set of enriched GO
terms is provided in TusSar et al. (2026), whereas the figure shows a non-redundant subset of GO
functions. The magnitude of functional enrichments is shown as log-odds (circle size), and
significance (p-value) is indicated by color intensity. Biofilm developmental stages are color-coded
as liquid culture (grey), early (red), mid (blue), mid-late (purple), and late (green). Supplementary
dataset is provided in Tusar et al. (2026).

These functional profiles indicate that E. coli biofilm development is organized into
discrete, temporally ordered stages that correspond to the transcriptome and proteome stage
structure. In this respect, E. coli biofilm ontogeny resembles other developmental
systems—including animals (Domazet-Loso & Tautz, 2010a; Levin et al., 2012; Yanali,
2018), plants (Quint et al., 2012; Koska et al., 2025), and B. subtilis biofilms (Futo et al.,
2021)—in exhibiting a stage-organized developmental architecture.
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Figure 10. Temporal distribution of functional categories in the E. coli UTI89 biofilm
proteome. Functional enrichment of GO categories was performed for upregulated proteins with

expression levels at least 0.15 (log: scale) above the median during biofilm development.
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Significance of enrichment was assessed using a one-tailed hypergeometric test and corrected for
multiple comparisons using the Benjamini-Hochberg procedure (significance threshold: p-value <
0.05). Functional enrichment magnitude is visualized as log odds (circle sizes), while significance
is represented by color intensity corresponding to p-values. Biofilm developmental stages are color-
coded as follows: liquid culture (grey), early stage (red), mid stage (blue), mid-late stage (purple),
and late stage (green). GO terms were grouped into broader functional categories, as indicated in

the top legend. Supplementary dataset is provided in Tusar et al. (2026).

Transcripts annotated as “unknown function” were significantly enriched from mid to late
biofilm stages (2D—1M), suggesting that important components of the E. coli UTI89
biofilm program remain uncharacterized (Figure 11). Mapping these unannotated genes
onto the phylostratigraphic map further showed increasing enrichment from Bacteria (PS2)
toward E. coli—specific strata (PS9), indicating that they are disproportionately represented
among younger phylostrata (Figure 11). This pattern is reminiscent of animal development,
where phylogenetically restricted (orphan) genes are often expressed in later ontogenetic
stages and can contribute to clade-specific traits (Domazet-Loso & Tautz, 2010a; Tautz &
Domazet-Loso, 2011; Xia et al., 2025).
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Figure 11. Phylostratigraphic distribution of functionally uncharacterized genes expressed
during E. coli UTI89 biofilm development. (a) Numbers and percentages of expressed genes
across phylostrata are summarized for two sets: all expressed genes and the subset without
functional annotation (unannotated genes). (b) Distribution of unannotated genes across the
phylostratigraphic map. Enrichment of unannotated genes within phylostrata was tested using a
one-tailed hypergeometric test with multiple-testing correction (*** p-value < 0.001) (Appendix

B). Supplementary dataset is provided in Tusar et al. (2026).
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The recently discovered rosette-initiated multicellular life cycle in Escherichia coli is
governed by a highly coordinated transcriptional program (Puri et al., 2022; Puri et al.,
2024). During early morphogenesis, newly divided sister cells actively reposition and fold
into a rosette configuration. This biophysical motion is driven by flagellar activity that
requires de novo flagella synthesis, suggesting coordination between adhesion and motility
during morphogenesis (Puri et al., 2024). To determine whether the molecular logic of this
rosette-driven program is conserved during biofilm development, we systematically
profiled the temporal expression of its key genes across our biofilm developmental time
course (Figure 12, Figure 13). These genes showed a clear temporal succession during
biofilm ontogeny that closely mirrored the developmental ordering observed during free-
floating rosette assembly (Figure 11, Figure 12). Early stage biofilms were characterized
by peak expression of genes encoding flagellar components and type 1 fimbriae (Figure
11bc, Figure 12bc), aligning with their early roles in driving sister-cell folding and
stabilizing initial cellular chains. Similarly, the outer membrane adhesin Antigen 43
(Ag43), which facilitates the initial cell-to-cell adhesion required to initiate rosette
formation, was highly expressed during these early biofilm stages (Figure 11a, Figure 12a).
As development progressed to the mid stages, we observed a transitional shift: curli-
associated genes reached their maximum expression levels, reflecting their role in
reinforcing mature rosette structures and stabilizing the emerging biofilm matrix (Figure
11bc, Figure 12bc). This cascade culminated in a regulated transition toward stress-
associated states, highlighted by the late stage up-regulation of the stationary phase sigma
factor rpoS (Figure 11e, Figure 12e), a transcriptomic shift that parallel the rpoS, dependent
maturation and chain morphogenesis phases of the rosette life cycle. Collectively, while
the absolute timescales differ between our experimental system of biofilm development
and the rosette life cycle (Puri et al., 2022; Puri et al., 2024), the conserved ordering of
transcript and protein modules is consistent with deployment of related developmental logic

under distinct environmental and temporal regimes (Figure 11, Figure 12).
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Figure 12. Transcript-level expression dynamics of genes associated with rosette-initiated

biofilm development. (a) Antigen 43 (flu) (n = 1), (b) flagella (fli operon) (n = 20), (c) type-1
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fimbriae (fim operon) (n = 10), (d) curli production (csg operon) (n = 7), (€) stress response (rpoS)
(n = 1), and (f) polysaccharide matrix (ycdSRQP operon) (n = 4). Gene expression profiles were
standardized to the same scale: expression values were normalized to the median and log2
transformed, resulting in per-gene standardized expression values. The complete gene list and
underlying expression values are provided in Tusar et al. (2026). The black horizontal line denotes
the median of standardized transcriptome expression values. Differential expression across all
developmental stages was tested for each gene using DESeq2 v1.38.3 (Love et al., 2014) with a
likelihood ratio test (LRT). Asterisks indicate statistical significance (* p-value <0.05, ** p -value<

0.01, *** p-value < 0.001). Supplementary dataset is provided in Tusar et al. (2026).
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operon) (n = 1), (d) curli production (csg operon) (n = 3), and (e) stress response (rpoS) (n = 1).
Proteins encoded by ycdSRQOP operon (polysaccharide matrix) were not detected in our proteome
data. Protein expression profiles were standardized to the same scale: expression values were
normalized to the median and log2 transformed, resulting in per-protein standardized profiles. The
complete protein list and underlying protein expression values are provided in TuSar et al. (2026).
The black horizontal line denotes the median of standardized proteome expression values.
Differential expression across all developmental stages was assessed for each protein using DESeq?2
v1.38.3 (Love et al.,, 2014) with a likelihood ratio test (LRT). Asterisks indicate statistical
significance (* p-value < 0.05, ** p-value < 0.01, *** p-value < 0.001). Supplementary dataset is

provided in Tusar et al. (2026)

We analyzed the expression of individual genes to select representative examples of
evolutionary older genes that dominate early biofilm stages and younger genes that increase
expression in late stages of biofilm development (Figure 14). In the early development of
biofilm (6H — 1D), highly expressed genes that map to the oldest phylostrata (PS1-PS2)
and encode functions linked to host colonization and resource acquisition. A prominent
example is the chu heme transport system (Mey et al., 2021) which is strongly upregulated
at the 6H stage (Figure 14a). The chu pathway is a well-characterized heme acquisition
module in E. coli, in which the outer membrane receptor chuA recognizes hemoglobin-
derived heme and supports iron scavenging under iron limitation (Mey et al., 2021).
Notably, recent work shows that chuA can rapidly extract heme from hemoglobin prior to
import, underscoring the efficiency of this pathway in host-associated environments (Fox
et al., 2025). Within the same operon, chuS functions as a heme oxygenase, and chuS-
dependent carbon monoxide production has been linked to modulation of host innate
immune responses and changes in gut microbiota composition that favor expansion of E.
coli strains carrying chuS (Maharshak et al., 2015). A second early stage (6H) example of
highly expressed old genes is the neu operon (PS1-PS2), which contributes to sialic acid
(polysialic acid) capsule biosynthesis (Figure 14b). Components of the neu gene cluster are
required for sialic acid synthesis and capsule formation, and this capsule can act as an anti-
phagocytic, host-mimicking barrier that promotes immune evasion (Vann et al., 2004). The
strong early expression of chu and neu operons is therefore consistent with rapid
deployment of host-relevant functions during initial biofilm establishment, when iron

availability and immune pressures are expected to be key constraints.
Although many old genes (PS1-PS2) peak early in the biofilm development, a subset also
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shows elevated expression in late biofilm stages (14D-1M), consistent with the U-shaped
relative expression patterns observed for the oldest strata (Figure 7a). The gene ygfA (PS1)
is an example (Figure 14c), as ygfA is involved in the formation of persister cells that may
facilitate relapsing infections (Hansen et al., 2008) and is known to be highly expressed in
E. coli biofilms (Ren et al., 2004). This interpretation aligns with the idea that late stage
biofilms increasingly emphasize stress tolerance and phenotypic heterogeneity, potentially

including persistence-associated states.

In contrast, the functional landscape of evolutionarily younger genes (PS7—PS9), which are
preferentially expressed in late stages, is harder to summarize because majority of them
remain poorly annotated (Figure 11). One young gene with a defined role, which maps to
the Escherichia/Shigella phylostratum (PS7), is dinQ (UTI89_C4020; PS7; Figure 14d). A
LexA/RecA-regulated SOS gene dinQ encodes a small, single-pass transmembrane peptide
whose expression is tightly controlled by antisense small RNAs and can affect membrane-

associated processes under DNA damage stress (Weel-Sneve et al., 2013).
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Figure 14. Representative genes with peak expression in early and late biofilm stages.
Standardized expression profiles of (a) the chu operon, phylostratum 1-2; (b) the neu operon,
phylostratum 1-2; (c) the ygf4 gene, phylostratum 1; and (d) the dinQ gene, phylostratum 7. To
identify genes that contribute strongly to early and late biofilm stages, we examined stage-resolved
expression profiles of individual genes and selected representative examples with annotated
functions and high expression in either early (6H) or late (21D-1M) biofilm development.
Supplementary dataset is provided in Tusar et al. (2026).

To evaluate structural differences between annotated and unannotated proteins, we
collected AlphaFold predictions for 4,960 E. coli UTI89 proteins (Jumper et al., 2021). We
compared protein length normalized frequencies of secondary structural elements (helices
and sheets) and AlphaFold fold confidence scores between annotated and unannotated

proteins (Figure 15). Annotated proteins generally displayed slightly higher frequency of
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secondary structures and higher prediction confidence (Appendix C, D). When stratified
by evolutionary age, both structural metrics decreased progressively toward young
phylostrata in both annotated and unannotated proteins (Figure 15). This pattern indicates
that evolutionarily young proteins tend to possess fewer predicted structural elements and
lower fold-prediction confidence, consistent with a higher prevalence of intrinsic
disordered regions (Wilson et al., 2017) that may explain the challenges surrounding their

experimental and computational annotation (Figure 11).
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Figure 15. Comparison of structural properties and evolutionary age trends between

annotated and unannotated E. coli UTI89 proteins. Differences between annotated and
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unannotated proteins were assessed for (a) the number of helix structures per protein length, (b) the
number of sheet structures per protein length, and (c) average fold confidence. Pairwise statistical
significance was assessed via a two-sided Mann—Whitney U test with continuity correction (W, p-
value, and effect size r are shown) (Appendix D). X symbols indicate means, bars represent
medians, the lower and upper hinges correspond to the first and third quartiles, and whiskers extend
to the most extreme values within 1.5 times the interquartile range from the hinges. Violin plots
represent the density distribution of data points. Correlations between protein age and (d) the
number of helices per protein length, (e) the number of sheets per protein length, and (f) average
fold confidence were also calculated separately for annotated and unannotated proteins. Pearson
correlation coefficients (d—f) were calculated using the cor() function in R. Functional annotations
were assigned via eggNOG-mapper, where 'unannotated' designates proteins lacking any Gene

Ontology (GO) terms. Supplementary dataset is provided in Tusar et al. (2026).

To better understand the functions linked to the recapitulation pattern in the transcriptome
data (Figure 5a), we linked phylostratum-level relative expression profiles to expression
profiles of Gene Ontology (GO) functional categories. Specifically, for each phylostratum
we compared its overall relative expression profile (Figure 7a) with the relative expression
profiles of GO-defined functional subsets within that phylostratum (see Methods). This
analysis identified functional categories whose temporal dynamics most closely matched
the corresponding phylostratum profile (Figure 16). Functions associated with the oldest
phylostratum (PS1; cellular organisms) were dominated by core cellular processes,
including basic metabolism, biosynthesis, and transport. In contrast, phylostrata of
intermediate evolutionary origin (PS2-PS5; Bacteria to Enterobacterales) were
preferentially associated with regulatory functions, homeostasis, stress responses, and
biofilm-related processes, including pathways involved in colanic acid biosynthesis
(Prigent-Combaret et al., 2000; Hanna et al., 2003). In the youngest phylostrata (PS7-PS9;
Enterobacteriaceae to Escherichia coli UTI89), the phylostratum-specific relative

expression profiles were driven largely by genes lacking functional annotation (Figure 16).
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Figure 16. Functional categories associated with phylostratum-specific relative expression
profiles. To identify Gene Ontology (GO) categories whose dynamics best matched the relative
expression profile of each phylostratum, we calculated Pearson correlations between RE(func)ps
and RE(ps) for each functional category (see Methods). Significant Pearson correlation coefficients
R (p-value < 0.05) are shown on the x-axis, and phylostrata (PS1-PS9) are shown on the y-axis.
GO terms enriched in older phylostrata are highlighted in red, those predominant in intermediate
phylostrata in blue, and those associated with younger phylostrata in green. In the youngest
phylostrata, “unknown function” showed the strongest correspondence with the observed relative

expression profiles. Supplementary dataset is provided in TuSar et al. (2026).



4.4 Spatially resolved transcription and translation in E. coli biofilm

In previous chapters, we described developmental regularities in expression patterns using
bulk biofilm samples. However, the question remains whether resolved expression
imprints, evolutionary patterns, and functional distribution also exists across spatial regions
within individual biofilms. To address this question, we recovered region-resolved
transcriptomes and proteomes at three developmental stages (Figure 17). Biofilm collection
for spatially resolved samples was done for 1-day-old biofilm (1D, early stage), 3-days-old
biofilm (3D, mid stage), and 14-days-old biofilm (14D, late stage) (Figure 17). We sampled
inner and outer regions from 1D and 3D biofilms, and inner, middle, and outer regions from
14D biofilms (Figure 17a).

Transcriptome data for spatial samples was recovered for 4,989 (96%) and proteome data
for 2,355 (45.2%) E. coli UTI89 genes. Principal component analysis (PCA) showed
distinct transcriptome and proteome profiles across biofilm regions and developmental time
points in E. coli UTI89 biofilm, with three biological replicates grouped together (Figure
17bd). However, PCA patterns together with all-against-all Pearson correlation analyses
(Figure 17ce) indicated that developmental time is a stronger driver of expression variation

than spatial position within the biofilm.

Among the genes detected in the spatial samples, 32% (1D), 44% (3D), and 9% (14D)
showed significant differential expression between biofilm regions, pointing to spatial
organization of transcription within the biofilm. Spatial differentiation between the inner
and outer regions was most pronounced in 3D biofilms. Notably, the 3D outer region
clustered more closely with both inner and outer regions of 1D biofilms than with the 3D
inner region (Figure 17ce). To further characterize this spatial heterogeneity, we performed
functional analyses of differentially expressed genes, which revealed a spatially structured
distribution of functional categories in E. coli UTI89 biofilms (Figure 18, Figure 19, Figure
20).
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outer biofilm regions were determined based on biofilm morphology and are indicated by circles.
(b, d) Principal component analysis (PCA) of (b) transcriptome data and (d) proteome. Biofilm
stages are represented in different colors: 1D (red), 3D (blue), and 14D (green). Symbols denote
parts of the biofilm: inner (filled circle), middle (filled triangle), and outer (empty circle). Biological
replicates sharing the same color are connected with dotted lines. Black arrows show the
consecutive order of biofilm samples in the experimental timeline. (c, ¢) Pearson’s correlation
coefficients calculated across biofilm regions and developmental time points in all-against-all
comparison for (c) transcriptome and (e) proteome data. Early (1D), mid (3D), and late (14D) stages
are marked with different colors on the x-axis. Supplementary dataset is provided in TuSar et al.

(2026).

In 1D biofilms, the outer region was enriched for transcripts involved in iron acquisition,
ribosome biogenesis and translation, cell motility, and carbohydrate metabolism (Figure
18). This profile is consistent with metabolically active cells at the biofilm periphery, which
are likely exposed to fluctuating nutrients and oxygen availability. The prominence of iron
uptake functions suggests that iron limitation is already a relevant constraint at this early
stage, potentially due to rapid growth and competition for micronutrients. In contrast, the
inner region of 1D biofilms showed enrichment for amino acid biosynthetic pathways and
stress-response  functions (Figure 18), pointing to a more resource-limited or
physiologically challenged microenvironment in the biofilm interior, where cells may
invest in biosynthetic self-sufficiency and protective responses.
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between regions of 1-day old E. coli UTI89 biofilms. Region-specific differentially expressed genes
were identified by pairwise DESeq2 comparisons of each 1D region against the other 1D region.
Genes were considered to be differentially expressed if the shift in its expression was statistically
significant (p-value < 0.05) and filtered for the magnitude of change to be at least two-fold (FC >
2). Significance of enrichment was tested using a one-tailed hypergeometric test for upregulated
genes, corrected for multiple-testing correction. The effect of functional enrichments is depicted by
real log odds (circle sizes), while their significance is indicated by color shades corresponding to p-
values. GO terms were grouped into broader functional categories, as shown in the top legend.

Supplementary dataset is provided in Tusar et al. (2026).

A comparable spatial division was observed in 3D biofilms (Figure 19). The outer region
was enriched for functions related to nucleotide production, amino acid catabolism, and
multiple transporter systems, indicating sustained metabolic activity and active uptake of
diverse substrates at the biofilm edge. By comparison, the inner region of mid stage (3D)
biofilms, also the most transcriptionally distinct sample (Figure 17c), was characterized by
enrichment of genes with unknown function and genes implicated in social and
environmental interactions (Figure 19). This suggests that, as the biofilm matures, the
interior becomes a specialized niche in  which intercellular signaling,
competitive/cooperative behaviors, and currently uncharacterized processes gain
prominence, potentially reflecting increased physiological heterogeneity and localized

microenvironments within the biofilm.
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Figure 19. Spatial organization of functional categories in the mid stage (3D) biofilm. Shown
are enriched GO functional annotations for upregulated genes that are differentially expressed
between regions of 3-day old E. coli UTI89 biofilms. Region-specific differentially expressed genes
were identified by pairwise DESeq2 comparisons of each 3D region against the other 3D region.
Genes were considered to be differentially expressed if the shift in its expression was statistically
significant (p-value < 0.05) and filtered for the magnitude of change to be at least two-fold (FC >
2). Significance of enrichment was tested using a one-tailed hypergeometric test for upregulated
genes, corrected for multiple-testing correction. The effect of functional enrichments is depicted by
real log odds (circle sizes), while their significance is indicated by color shades corresponding to p-
values. GO terms were grouped into broader functional categories, as shown in the top legend.

Supplementary dataset is provided in Tusar et al. (2026).

In late stage (14D) biofilms, the outer region was enriched for functions linked to
polysaccharide metabolism, biofilm formation, cellular pH homeostasis, and protein
folding, consistent with active matrix production and stress adaptation at the biofilm
periphery (Figure 20). Relative to the outer region, the middle region showed higher
transporter-related activity, whereas the inner region was dominated by amino acid

catabolic functions, suggesting distinct metabolic strategies across biofilm regions.
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Figure 20. Spatial organization of functional categories in the late stage (14D) biofilm. Shown
are enriched GO functional annotations for upregulated genes that are differentially expressed
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between regions of 14-day old E. coli UTI89 biofilms. Region-specific differentially expressed
genes were identified by pairwise DESeq2 comparisons of each 14D region against the other 14D
region. Genes were considered to be differentially expressed if the shift in its expression was
statistically significant (p-value < 0.05) and filtered for the magnitude of change to be at least two-
fold (FC > 2). Significance of enrichment was tested using a one-tailed hypergeometric test for
upregulated genes, corrected for multiple-testing correction. The effect of functional enrichments
is depicted by real log odds (circle sizes), while their significance is indicated by color shades
corresponding to p-values. GO terms were grouped into broader functional categories, as shown in

the top legend. Supplementary dataset is provided in TusSar et al. (2026).

Proteome-based enrichment analyses broadly mirrored these spatial trends, but the fraction
of proteins showing significant regional differences was substantially lower than for
transcripts (6% at 1D, 7% at 3D, and 10% at 14D). This reduced signal likely reflects the
lower proteome coverage and narrower dynamic range of mass spectrometry compared

with RNA sequencing (Figure 21).

These results indicate pronounced functional heterogeneity between the inner and outer
regions of biofilms during development. At the same time, several metabolic programs are
spatially dynamic rather than fixed, with their regional enrichment shifting across biofilm
ontogeny. For example, amino acid biosynthesis is enriched in the inner region at the early
(1D) stage, whereas amino acid catabolism is most prominent in the outer region at the mid
(3D) stage. By the late (14D) stage, enrichment of amino acid catabolic functions shifts

toward the inner region.
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Figure 21. Spatial organization of functional categories in the proteome data of early stage
(1D), mid stage (3D), and late stage (14D) E. coli biofilm development. Shown are enriched GO

functional annotations for upregulated proteins that are differentially expressed between regions of
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E. coli UTI89 biofilms. Region-specific differentially expressed genes were identified by pairwise
DESeq2 comparisons of each 1D region against the other 1D region. Proteins were considered to
be differentially expressed if the shift in its expression was statistically significant (p-value < 0.05)
and filtered for the magnitude of change to be at least two-fold (FC > 2). Significance of enrichment
was tested using a one-tailed hypergeometric test for upregulated proteins, corrected for multiple-
testing correction (Supplementary dataset is provided in Tusar et al. (2026)). The effect of functional
enrichments is depicted by real log odds (circle sizes), while their significance is indicated by color
shades corresponding to p-values. GO terms were grouped into broader functional categories, as

shown in the top legend. Supplementary dataset is provided in Tusar et al. (2026).

An unexpected difference emerged when we compared the spatial organization of arginine
metabolism in our biofilms with results reported for a non-pathogenic E. coli strain (Wang
et al., 2023). It was observed that genes involved in arginine biosynthesis were enriched at
the biofilm periphery, whereas genes associated with arginine utilization were
predominantly expressed in the interior (Wang et al., 2023). In contrast, we observed the
opposite spatial pattern during early (1D) and mid (3D) stage development, with arginine
biosynthesis and utilization showing reversed regional enrichment (Figure 22). By the late
(14D) stage, this spatial separation was no longer evident, suggesting that arginine-

associated functions become more spatially diffuse as the biofilm matures (Figure 22).

Given that the spatial enrichment patterns we detected for the majority of functional
categories align closely with the patterns reported by Wang et al., (2023), the specific
divergence in arginine metabolism is likely attributable to differences in experimental
conditions (e.g., media composition, oxygen and nutrient gradients, surface properties) and
strain-specific regulatory architecture.
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genes are shown in (a,c,e), and arginine utilization genes in (b,d,f). To standardize gene expression
profiles on a common scale, expression values were normalized to the median and log2 transformed,
resulting in per-gene standardized expression values. Differential expression across developmental
stages and spatial regions was tested using DESeq2 v1.38.3 (Love et al., 2014) with a likelihood
ratio test (LRT). Statistically significant results are indicated with asterisks (* p-value < 0.05, ** p-

value < 0.01, *** p-value < 0.001). Supplementary dataset is provided in TuSar et al. (2026).

4.5 Evolutionary imprints in the E. coli biofilm regions

Identifying a recapitulation pattern during the biofilm ontogeny of uropathogenic E. coli,
similar to evolutionary patterns reported for non-pathogenic B. subtilis biofilm (Futo et al.,
2021), motivated us to further investigate whether evolutionary imprinting is also spatially
structured within individual biofilms. Based on the observations that unannotated genes are
biased toward younger evolutionary origins (Figure 11) and display marked spatial
enrichment in the inner regions of 3-day-old biofilms (Figure 19), we reasoned that the
spatial compartmentalization of a biofilm reflects localized variations in macroevolutionary

age profiles.

To test this, we compared TAI and PAI values across different regions of early (1D), mid
(3D), and late (14D) stage biofilm (Figure 23). In 1D (early) biofilms, the inner region
showed a non-significant tendency toward a younger transcriptome and proteome in
comparison to the outer region (Figure 23ad). This regional contrast became stronger and
statistically significant at 3D (mid stage), indicating a younger molecular profile in the inner
region of more mature biofilms (Figure 23be). At 14D (late stage), the TAI pattern reversed,
with the inner region exhibiting an older transcriptome and the outer region a younger
transcriptome (Figure 23c). This reversal was not mirrored at the proteome level (Figure
23f), likely reflecting the lower coverage and narrower dynamic range of the proteomics

dataset.

In summary, these results show that macroevolutionary patterns are both temporally
structured across biofilm ontogeny and spatially partitioned within biofilm regions, with
this spatial stratification manifesting most prominently in mid stage (3D) biofilms (Figure
23be).
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Figure 23. Evolutionary imprints in the E. coli biofilm regions. (a—c) Transcriptome age index
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boxplots. Supplementary dataset is provided in Tusar et al. (2026).
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5 DISCUSSION

Our findings show that biofilm development in uropathogenic Escherichia coli UTI89 is
not an unorganized, continuous cell accumulation, but rather a structured multicellular
process defined by distinct temporal and spatial expression programs. By integrating
transcriptomic, proteomic, phylotranscriptomic, and phyloproteomic analyses, we revealed
macroevolutionary imprints in E. coli biofilm that closely parallel those previously
identified in Bacillus subtilis (Futo et al., 2021).

The presence of these shared ontogeny—phylogeny correlations across evolutionary divides
implies that such patterns reflect a fundamental, generalized principle of bacterial biofilm
development rather than a species-specific artifact. Furthermore, the pronounced spatio-
temporal organization of E. coli biofilms reveals striking system-level analogies with
developmental processes in multicellular eukaryotes (Domazet-Loso & Tautz, 2010b;
Quint et al., 2012; Koska et al., 2025). Despite their independent evolutionary origins and
vast phylogenetic divergence across the tree of life, both bacterial biofilms and eukaryotic
organisms exhibit punctuated expression dynamics, spatial functional stratification, and
coordinated ontogenetic trajectories (Domazet-LoSo & Tautz, 2010a, Quint et al., 2012;
Koska et al., 2025). These cross-kingdom parallels likely stem from shared ecological
constraints. Diverse biological systems frequently encounter similar selective pressures
that, when acting on genetic networks and cellular machinery, drive convergent
adaptations. In support of this concept, the sequential functional transitions observed across
E. coli UTI189 biofilm maturation mirror the developmental shifts documented in B. subtilis
(Futo et al., 2021; Puri et al., 2023, 2024). This functional conservation suggests that the
transition to a collective, biofilm-bound state has repeatedly evolved under common
environmental drivers (O’Toole et al., 2000; Stoodley et al., 2002; Lappin-Scott et al.,
2014; Sauer et al., 2022).

The correlation between transcriptome and proteome data was relatively weak across
biofilm developmental stages (Figures 2b, Appendix 1). Technical differences in RNA and
protein extraction from biofilm samples likely contributed to poor data correlation (see
Methods and Materials). Biologically, weak correlation also reflects fundamental
differences in RNA and protein molecule stability. Bacteria rapidly reconfigure their
transcriptome to cope with microenvironmental shifts, whereas proteomic adjustments

occur on a slower, more conservative timescale (Bathke et al., 2019). These discrepancies
76



did not confound our broader conclusions; phylostratigraphy patterns remained consistent
across both transcriptome and proteome datasets, demonstrating that evolutionary imprints

are deeply ingrained in biofilm ontogeny regardless of regulatory lags.

5.1 Stage-organized transcription and translation during E. coli biofilm

development

Based on transcriptome and proteome data, we first established that E. coli biofilm growth
follows a stage-organized developmental process rather than a continuous and uniform
temporal progression (Figure 1). This provides an essential foundation for interpreting
biofilm formation as a regulated multicellular process. Similar temporal organization was
previously observed in developing Bacillus subtilis biofilms, suggesting that stage-
structured biofilm ontogeny is not restricted to a single bacterial species or strain (Futo et
al., 2021).

The strongest transcriptional shift occurred during the transition from liquid culture to early
biofilm formation, when 28% of E. coli genes were significantly upregulated with a fold
change greater than 2 (Figure 3). This transition marks the shift from a planktonic lifestyle
to a surface-attached community and supports previous observations that bacteria undergo
major transcriptional reprogramming during the onset of biofilm formation (O’Toole et al.,
2000; Futo et al., 2021). Thus, the earliest stages of biofilm development are not a passive
consequence of growth on a surface but reflect an active and coordinated reprogramming

of cellular state.

Functional enrichment analysis further supports the interpretation of biofilm growth as a
stage-organized process (Figure 9, Figure 10). Distinct functional categories were enriched
at different developmental time points, indicating that successive phases of biofilm
ontogeny are associated with specific biological programs (Figure 9, Figure 10). This stage-
specific distribution of functions resembles developmental organization observed in both
microbial biofilms and animal embryos (Monds & O’Toole, 2009; Levin et al., 2012;
Yanai, 2018; Futo et al., 2021). During the early stages of biofilm growth, from 6 hours to
1 day, enriched functions were mainly associated with active growth and initial biofilm
formation. These included biosynthetic processes, energy generation, ribosomal synthesis,
iron homeostasis, and cell motility. In the mid stages, from 1.5 to 3 days, enrichment shifted
toward functions related to cell projection and bacterial-type flagella, suggesting active

expansion of the biofilm across the agar surface. This is consistent with earlier work
77



showing that flagella, motility, and chemotaxis contribute substantially to biofilm
formation (Pratt & Kolter, 1998). The mid stages, therefore, appear to represent a critical
developmental phase during which the biofilm actively expands and reorganizes. At mid-
late and late stages, from 5 days to 1 month, enriched functions shifted toward regulation
of metabolic processes, post-replication repair, and the SOS response. This transition
suggests that mature biofilms increasingly experience physiological stress, nutrient
limitation, and the need for repair and persistence mechanisms. Such a shift from growth-
associated processes to stress-response functions is consistent with the broader biofilm life
cycle, in which starvation responses and persistence-related adaptations become
increasingly important as the bacterial community matures (O’Toole et al., 2000). The
presence of both early growth-associated programs and late stress-associated programs
indicates that the experimental design captured a broad developmental trajectory of biofilm

formation.

Defining a developmental process strictly as a genetically encoded process involving
irreversible commitment and checkpoint-controlled progression is too narrow for biofilm
biology. Such concepts were largely derived from specialized bacterial developmental
systems, such as fruiting-body formation in Myxococcus, which is triggered by starvation
and follows a highly regulated developmental program (Monds & O’Toole, 2009; Zusman
et al., 2007). Comparable programs also occur in spore-forming bacteria such as Bacillus
(Tocheva et al., 2016; Riley et al., 2020; Futo et al., 2021), but these represent only one
form of bacterial multicellular development. Biofilm formation occurs under a broader
range of environmental conditions and is more flexible than these specialized
developmental programs. For this reason, Bonner’s definition of multicellular
development, which emphasizes polarity, heritable pattern formation, and cell
differentiation with division of labor, better captures the biological reality of biofilm growth
(Bonner, 2001). The stage-specific transcriptional, translational, and functional changes
observed in E. coli UTI89 biofilms are consistent with this broader developmental

framework.

Therefore, the stage-organized expression patterns described here provide the
developmental basis for the following evolutionary analyses. If biofilm formation is a
genuine multicellular developmental process, then its temporal organization may also carry
macroevolutionary signatures. By mapping evolutionary gene age onto successive stages
of biofilm ontogeny, phylostratigraphic analysis can reveal developmental logic that is not
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apparent from expression data alone, and may help identify principles shared across diverse
biofilm-forming bacteria (Monds & O’Toole, 2009; Domazet-Loso & Tautz, 2010b; Quint
etal., 2012; Futo et al., 2021; Koska et al., 2025).

5.2 Phylogeny-ontogeny correlation in E. coli reveals recapitulation

pattern

The evolutionary patterns observed during E. coli UTI89 biofilm development provide
further support for the view that bacterial biofilms follow a structured developmental logic.
Recapitulation was the first proposed model of ontogeny—phylogeny correlation
(Abzhanov, 2013). However, most current evidence from eukaryotic developmental
systems supports the molecular hourglass model, in which mid-development represents the
most evolutionarily conserved phase, whereas early and late developmental stages show
greater contributions of younger and more divergent genes (Domazet-Loso & Tautz, 2010a;
Kalinka et al., 2010; Irie & Kuratani, 2011; Kalinka & Tomancak, 2012; Quint et al., 2012;
Cheng et al., 2015; Uesaka et al., 2022; Lotharukpong et al., 2024; Koska et al., 2025).

Both B. subtilis biofilms and E. coli UTI89 biofilms exhibit a recapitulation model,
characterized by the progressive expression of evolutionarily younger and more divergent
genes during later stages of biofilm development (Figure 5; Futo et al., 2021). The recovery
of similar ontogeny—phylogeny correlations in these two bacterial systems is particularly
notable because they are ecologically and evolutionarily distinct. B. subtilis is a free-living,
spore-forming, soil-dwelling member of the Firmicutes phylum, whereas E. coli UTI89 is
a uropathogenic, non-sporulating member of the Proteobacteria phylum with a
saprophytic/parasitic lifestyle (Galperin et al., 2022; Yu et al., 2021). Despite these
differences, both species display stage-organized biofilm development and comparable
evolutionary expression patterns, suggesting that common developmental and evolutionary
principles may underline biofilm formation across divergent bacterial lineages. This
interpretation is consistent with the concept of a broadly conserved biofilm developmental
strategy (Stoodley et al., 2002; Hall-Stoodley et al., 2004; Lappin-Scott et al., 2014).
However, whether these patterns reflect an ancestral feature of bacterial multicellularity or
independently evolved solutions to similar ecological challenges remains unresolved.
Addressing this question will require comparative analyses across a wider range of biofilm-
forming bacteria that differ in ecology, phylogeny, lifestyle, and developmental

complexity.
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The difference between eukaryotic hourglass patterns and bacterial recapitulation patterns
may reflect fundamental differences in the architecture of multicellularity. In complex
eukaryotes, development often involves irreversible cell-fate commitment, integrated
three-dimensional morphogenesis, and strong constraints during mid-development. By
contrast, bacterial biofilms represent a more plastic and environmentally responsive form
of multicellularity. Differentiation within biofilms is often reversible, strongly influenced
by local environmental gradients, and shaped by changes in nutrient availability, waste
accumulation, oxygen limitation, and stress exposure. Such conditions may favor a
recapitulation pattern, in which early stages rely primarily on ancient core cellular
functions, whereas later stages increasingly activate lineage-specific and environmentally
responsive genes. This explanation is supported by the functional transitions observed
during E. coli UTI89 biofilm development. Early biofilm stages are dominated by core
metabolic functions, exhibiting an evolutionarily older and more conserved transcriptome
and proteome profile. As the biofilm matures, nutrient limitation and ecological stress
induce expression shifts toward bacteria-specific and eventually Escherichia-specific
genes, many of which remain functionally uncharacterized. This transition from general
cellular processes to increasingly lineage-specific functions may explain why the

evolutionary age of the expressed transcriptome decreases over biofilm ontogeny.
5.3 Evolutionary imprints in the E. coli biofilm regions

Previous studies of spatial gene expression in biofilms have primarily focused on single
developmental time points (Wang et al., 2023; Diaz-Pascual et al., 2021; Beebout et al.,
2019). In contrast, our analysis captures spatial organization across multiple stages of
Escherichia coli UTI189 biofilm development, revealing that regional expression patterns
are not fixed but change over time. Cells occupying different biofilm regions appear to shift
their functional and developmental roles as the macrocolony biofilm matures. One notable
example is the preferential expression of evolutionarily younger biofilm-associated genes
in the inner region of mid stage biofilms, a pattern that is not observed in early or late
biofilms (Figure 23). These findings indicate that the spatial distribution of biofilm-related
functions is developmentally dynamic, consistent with previous reports of morphologically
distinct subpopulations and functional stratification within biofilm communities (Beebout
et al., 2019; Heacock-Kang et al., 2017; Yannarell et al., 2023).

While temporal progression serves as the primary driver of biofilm expression profiles,
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dissecting the biofilm into distinct spatial regions (inner, middle, and outer zones) adds an
additional developmental resolution. Biofilm growth in Escherichia coli UTI89 is
characterized by polarity, discrete regional functionalities, and localized gene expression
along the center-to-periphery axis. Rather than behaving as a homogenous cell mass, the
macrocolony biofilm organizes into dynamic subpopulations with distinct transcriptomic
and proteomic profiles across early (1-day), mid (3-day), and late (14-day) stages (Figure
17). Such spatial compartmentalization likely contributed to the coordination of stress
responses, metabolic division of labor, and biofilm-associated functions across
macrocolony microenvironments. Interestingly, cells situated in the outer region of mid
stage (3-day-old) biofilms exhibit transcriptome profiles remarkably similar to those of
young (1-day-old) biofilms (Figure 17). This suggests that bacteria at the expanding
periphery retain features of an active colonization state, including processes associated with
surface expansion, motility, and matrix production. In this sense, the outer edge of a more
mature biofilm may preserve developmental characteristics typical of younger biofilm

stages, while the inner regions undergo a different functional trajectory.

An additional spatial pattern was uncovered when our results were compared with those
reported for non-pathogenic E. coli biofilms. Wang et al. (2023) found that genes involved
in arginine biosynthesis were more highly expressed at the biofilm periphery, whereas
genes associated with arginine utilization were primarily expressed in the interior. In
contrast, we observed the opposite pattern during the early and mid stages of E. coli UTI189
biofilm development (Figure 22). By the late stage, this spatial separation was no longer
evident, suggesting that arginine metabolism becomes more diffusely distributed as the
biofilm matures. Since our enrichment results for other functional categories are broadly
consistent with those of Wang et al. (2023), this discrepancy is likely explained by

differences in experimental conditions, or strain-specific biology.

Biofilm developmental dynamics differ from the logic of many eukaryotic developmental
systems. In animal development, cell fate specification often leads to terminal
differentiation and the establishment of stable body plans (Tomancak et al., 2007). By
contrast, spatial differentiation in bacterial biofilms appears to remain more plastic and
environmentally responsive. Unlike animal embryonic stem cells, which undergo
irreversible lineage commitment (Gunne-Braden et al., 2020), bacterial subpopulations can
respond rapidly to local changes in nutrient availability, waste accumulation, and other

microenvironmental conditions. Consequently, spatial organization in biofilms is dynamic
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rather than fixed, producing a less rigid but highly adaptive form of multicellular

organization.

Differences in transcriptome age indices (TAI) across spatial zones uncover distinct
evolutionary signatures that emerge during biofilm development (Figure 23). In early
biofilms, the inner and outer regions show little or no divergence in transcriptome age,
suggesting that young macrocolonies have not yet formed evolutionarily distinct
subpopulations. By the mid stage, spatial evolutionary stratification becomes more
pronounced, with the outer region displaying an evolutionarily older transcriptome than the
inner core. In late biofilms, this pattern changes again, indicating that the evolutionary
identity of each region depends on developmental stage rather than on spatial position
alone. These shifts in evolutionary signatures correspond to changes in regional functional
demands during biofilm maturation (Figures 18-21). Functional enrichment analyses show
that regions with relatively younger transcriptomic profiles, including the inner regions of
early and mid stage biofilms and the outer region of late stage biofilms, are enriched for
processes associated with biofilm development, such as motility, cell wall biogenesis,
signal transduction, intracellular transport, and extracellular structure formation. Together,
these results support the view that E. coli UTI89 biofilm development involves both
temporal progression and spatial differentiation, with functional and evolutionary

organization emerging through the interaction of these two dimensions.
5.4 Future directions

We examined biofilm ontogeny using a solid—air macrocolony biofilm model on agar plates
(Figure 1a). While this controlled laboratory setup effectively models critical ecological
stressors, such as localized nutrient limitation and starvation, it does not fully capture the
complexity of natural environments. It lacks the hydrodynamic flow, host immune factors,
and complex multi-species dynamics characteristic of clinical urinary tract infections.
Nevertheless, the broad spectrum of observed functional categories in our analyses,
spanning fundamental metabolic pathways to specialized virulence mechanisms (Figure 9,
Figure 10), suggests that the identified ontogeny—phylogeny correlations remain relevant
to natural biofilms. Future research incorporating multi-species bacterial cultures and
dynamic host-mimicking models will be crucial to assess how temporal ecological

fluctuations and interspecies interactions modulate these baseline evolutionary trajectories.
Our spatial analysis focused on expression patterns variation across the horizontal two-
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dimensional plane of bulk biofilm macrocolonies (Figure 17a). However, biofilms also
display pronounced physiological, metabolic, and structural stratification along their
vertical axis (Serra et al., 2013a, 2013b; Klauck et al., 2018; Serra & Hengge, 2019; Diaz-
Pascual et al., 2021; Wang et al., 2023). Given that vertical microgradients drive spatial
organization reminiscent of multicellular tissues, evolutionary system-level imprints are
likely encoded along this vertical dimension as well (Serra et al., 2013a; Klauck et al.,
2018). Although sampling along thin vertical profiles presents technical challenges,
resolving 3D phylotranscriptomic and phyloproteomic architecture represents a next step

for understanding biofilm spatial stratification.

Functional enrichment analysis of differentially expressed genes in E. coli showed that
many evolutionarily young genes expressed during biofilm development remain
functionally uncharacterized, limiting their biological interpretation (Figure 11). A primary
limitation in functional enrichment analysis stems from the high proportion of
evolutionarily young genes that lack functional annotation due to the absence of sequence
similarity with characterized homologs (Weisman et al., 2020). In our dataset, 1,823 genes
expressed during biofilm maturation currently lack assigned functions (Figure 11),
highlighting critical gaps in the molecular understanding of uropathogenic E. coli
pathogenesis (Torres-Puig et al., 2022). In this context, stratifying unannotated genes
according to their evolutionary origin, as performed by Shi et al. (2020), could provide a
useful framework for annotating new genes essential for E. coli biofilm development. Shi
etal. (2020) demonstrated the value of phylostratigraphy approach in B. subtilis by showing
that sporulation genes cluster at specific evolutionary time points and that uncharacterized
genes from the same phylostrata can have related developmental functions. To bypass the
limits of sequence homology, future efforts can utilize integrated non-homology
frameworks, combining developmental co-expression profiling, cluster analysis, and
phylotranscriptomic mapping (Shi et al., 2020). Similarly, studies on E. coli biofilms could
target highly expressed, functionally unknown genes from relevant phylostrata, inactivate
them, and examine whether these gene knockouts affect biofilm morphotype formation.
Such analyses would help assign functions to previously unannotated genes involved in E.

coli biofilm development.
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6 CONCLUSION

This doctoral thesis addresses whether biofilm development in uropathogenic Escherichia
coli represents a structured developmental program comparable to multicellular
development of eukaryotes and Bacillus subtilis biofilms. By extending phylostratigraphic
profiling beyond eukaryotic model systems to an uropathogenic bacterium, this study
delivers an integrated multi-omics analysis of Escherichia coli UTI89 biofilm
development. Through combined transcriptomic and proteomic profiling, we demonstrate
that biofilm development is governed by distinct evolutionary and developmental patterns

across both temporal stages and spatial regions.
Our key findings include:

e Transcriptomic and proteomic profiles spanning across 12 time points covering the
full trajectory from planktonic culture to one month old biofilms, show coordinated
and punctuated shifts, supporting a model in which E. coli biofilm development
proceeds through discrete ontogenetic phases (early, mid, mid-late, and late), each

characterized by a distinct molecular signature.

e Biofilm development in uropathogenic, gram-negative bacteria is not
macroevolutionarily naive. Similar to gram-positive, soil-dwelling Bacillus subtilis,
E. coli shows positive phylogeny-ontogeny correlation through recapitulation
pattern in which early biofilm stages are dominated by expression of evolutionarily
older genes, whereas later stages show increased expression of younger genes.
Evolutionary and developmental regularities between gram-negative E. coli and
gram-positive B. subtilis suggests that such macroevolutionary patterns represent a
broader feature of bacterial biofilm development rather than an idiosyncrasy of a

single species.

e Functional enrichment analyses indicate a stage-punctuated functional architecture,
with distinct stage-specific programs and an enrichment of poorly annotated genes
in mid-to-late development, highlighting gaps in our understanding of mature

biofilm states in this uropathogenic strain.

e While temporal progression remains the dominant driver of variation in E. coli
UTI89 expression profiles and evolutionary patterns during biofilm ontogeny,

spatially resolved sampling demonstrates an additional layer of region-specific
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evolutionary and functional organization that is most pronounced during mid stage

development.

Future studies across additional bacterial species, diverse environmental conditions, and
spatial dimensions will be essential to determine whether these patterns reflect universal

principles of bacterial multicellularity.
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8 APPENDICES
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Appendix 1. Transcriptome—proteome correlations in E. coli UTI89 biofilm samples.

Correlation strength varies across temporal samples, ranging from moderate (6H, 12H, 1D; panels
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b—d), to low (LC, 5D, 7D; panels a, h, i), to very low (1.5D, 2D, 3D, 14D, 21D, 1M; panels e-g, j—
). Pearson’s correlation coefficients (R) were calculated from normalized transcriptome and
proteome expression values on a —log2 scale, and the corresponding p-values are reported. Genes
or proteins with zero expression in either the transcriptome or proteome dataset were excluded from

the analysis. Supplementary dataset is provided in Tusar et al. (2026).
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Appendix 2. Correlation analysis of expression values across biofilm time points and spatial
regions using unresolved biological replicates. For these analyses, biological replicates were
treated as independent samples. Pearson's correlation coefficients between biofilm ontogeny time
points are shown for the (a) transcriptome and (b) proteome datasets. Pearson's correlation
coefficients across spatial regions (inner, middle, outer) and developmental stages (1D, 3D, 14D)
are shown for the (¢) transcriptome and (d) proteome datasets. Replicates are indicated by numerical

suffixes (1, 2, 3) in the sample labels. Supplementary dataset is provided in Tusar et al. (2026).
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Appendix 3. Evolutionary indices calculated including the starting liquid culture sample (L.C).
(a) Transcriptome age index (TAI) and (b) proteome age index (PAI) profiles of E. coli UTI89
biofilm ontogeny reveal a recapitulation pattern, in which early biofilm stages predominantly
express evolutionarily older genes, whereas later stages express younger genes (Appendix ). The
significance of these evolutionary patterns was evaluated using the early conservation test (see
Methods). Grey shaded areas indicate = one standard deviation based on permutation analysis.
Biofilm developmental stages are color-coded as follows: early (red), mid (blue), mid-late (purple),

and late (green). Supplementary dataset is provided in TuSar et al. (2026).
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Appendix 4. Synonymous and non-synonymous rates estimated from pairwise comparisons
between Escherichia coli UTI89 and Yersinia pestis. (a) Transcriptome non-synonymous
divergence index (TdNI) and (b) transcriptome synonymous divergence index (TdSI) exhibit an
early conservation pattern. (c) Proteome non-synonymous divergence index (PdNI) shows a similar
early conservation pattern, consistent with (d) proteome synonymous divergence index (PdSl).
Reported p-values were obtained using early conservation test, and grey shading indicates + one
standard deviation estimated by permutation analysis. Biofilm stages are color-coded as early (red),
mid (blue), mid to late (purple), and late (green). Supplementary dataset is provided in Tusar et al.
(2026).
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8.2 Tables

Appendix A. Distribution of HGT-derived E. coli UTI89 genes across phylostrata using strict and standard methods for horizontal gene transfer (HGT)

genes detection. The table shows the distribution of candidate HGT-derived genes across phylostrata. Candidate HGT-derived genes were identified using the

HGTree database, applying both the standard and strict classification thresholds, which differ according to reference database size (Choi et al., 2023). This

analysis was used to evaluate whether horizontal gene transfer could influence the inferred evolutionary age distribution of genes and the resulting TAI and PAI

profiles. The table was adapted from Tusar et al. (2026).

Target Method type Query Locus_tag Protein_ID PS
WP_000104291 standard,strict pid|0000000000364106931|tx|364106| UTI89_C0956 ABE06441.1 5
WP_000123468 standard,strict pid|0000000000364106924|tx|364106| UTI89_C0949 ABE06434.1 3
WP_000127029 standard pid|0000000003641062261|tx|364106| UTI89_C2303 ABEO07771.1 1
WP_000153208 standard pid|0000000000364106280|tx|364106| UTI89_C0288 ABE05790.1 1
WP_000158968 standard pid|0000000000364106936|tx|364106| UTI89_C0961 ABE06446.1 6
WP_000206716 standard pid|0000000000364106917|tx|364106| UTI89_C0942 ABE06427.1 7
WP_000211273 standard pid|0000000000364106922[tx|364106| UTI89_C0947 ABE06432.1 6
WP_000219338 standard pid|0000000003641062635|tx|364106| UTI89_C2679 ABE08145.1 6
WP_000386637 standard pid|0000000003641062624[tx|364106| UTI89_C2668 ABE08134.1 5
WP_000389073 standard pid|0000000003641065031[tx|364106| UTI89_C5141 ABE10541.1 3
WP_000431541 standard pid|0000000003641062597|tx|364106| UTI89_C2641 ABE08107.1 5
WP_000623548 standard pid|0000000003641062263|tx|364106| UTI89_C2305 ABEO07773.1 1

108



Appendix A. - continued.

Target Method type Query Locus_tag Protein_ID PS
WP_000632354 standard pid|0000000000364106911[tx|364106| UTI89_C0936 ABE06421.1 3
WP_000697342 standard pid|0000000003641062262|tx|364106| UTI89_C2304 ABEQ07772.1 1
WP_000741755 standard pid|0000000003641065025|tx|364106| UTI89_C5135 ABE10535.1 2
WP_000767115 standard pid|0000000003641064994|tx|364106| UTI89_C5104 ABE10504.1 2
WP_000776265 standard pid|0000000000364106937|tx|364106| UTI89_C0962 ABE06447.1 5
WP_000853458 standard,strict pid|0000000000364106893|tx|364106| UTI89_C0918 ABE06403.1 2
WP_000954672 standard pid|0000000003641065030|tx|364106| UTI89_C5140 ABE10540.1 9
WP_000972139 standard pid|0000000000364106898|tx|364106| UTI89_C0923 ABE06408.1 5
WP_001036814 standard pid|0000000000364106929|tx|364106| UTI89_C0954 ABE06439.1 6
WP_001163786 standard pid|0000000000364106921|tx|364106| UTI89_C0946 ABE06431.1 2
WP_001555908 standard pid|0000000003641061704|tx|364106| UTI89_C1736 ABE07214.1 9
WP_011478365 standard pid|0000000003641065022[tx|364106| UTI89_C5132 ABE10532.1 2
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Appendix B. Functional enrichment of functionally uncharacterized genes within phylostrata (PS) expressed during biofilm development was assessed
using the hypergeometric test: quant = the number of unannotation genes expressed during biofilm development per phylostratum, sample = the number of
all unannotated genes expressed during biofilm development, hit = the number of all expressed genes per phylostrata, total = the number of all expressed genes

in all phylostrata. P values were adjusted for multiple comparisons using the Benjamini and Hochberg procedure (FDR _p_value).

PS PS _name guant sample hit total log_odds raw_p_value
1 Cellular_organism 552 1823 2819 4863 —1,909944827 4,16E-205

2 Bacteria 431 1823 942 4863 0,426820906 4,47E-09

3 Proteobacteria 97 1823 174 4863 0,771301233 4,87E-07

4 Gammaproteobacteria 78 1823 151 4863 0,597046171 0,000220844
5 Enterobacterales 199 1823 277 4863 1,537568472 5,01E-33

6 Enterobacteriaceae 147 1823 175 4863 2,244422384 4,69E—38

7 Escherichia_Shigella_group 181 1823 186 4863 4,203355532 4,33E-72

8 Escherichia_coli_group_B2_F 57 1823 58 4863 4,58586268 1,086—23

9 Escherichia_coli_UTI89 81 1823 81 4863 Inf 9,82E-36
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Appendix C. Calculated averages for GO-annotated and unannotated genes across phylostrata for secondary-structure measures and AlphaFold
confidence scores. The table summarizes average structural properties of E. coli UTI89 proteins assigned to each phylostratum (PS), comparing proteins
encoded by GO-annotated genes with those encoded by genes without GO annotations. Structural support was evaluated using AlphaFold predictions (Jumper
et al., 2021). Mean local prediction confidence scores were extracted from the B-factor fields of AlphaFold models, while the number of helices and sheets was
determined using the DSSP algorithm. These measures were used to assess whether unannotated genes, particularly evolutionarily younger genes, show

comparable structural support to annotated genes. Supplementary data supporting this analysis are provided in Tusar et al. (2026).

Proteins with GO-annotation

PS helix sheet mean_confidence median_confidence
1 16,09 11,50 90,77 94,40

2 11,49 8,90 86,13 90,72

3 7,95 7,91 82,31 86,24

4 5,78 6,83 81,13 86,16

5 4,56 3,84 76,78 80,09

6 3,85 3,23 76,72 80,70

7 3,55 2,36 76,51 79,99

8 2,00 0,00 76,84 80,88

9 NA NA NA NA
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Appendix C. - continued.

Proteins without GO-annotation

PS helix sheet mean_confidence median_confidence
1 15,15 10,19 88,89 92,81
2 10,76 9,73 83,80 88,38
3 7,05 7,17 79,61 84,53
4 6,32 5,95 82,13 87,41
5 4,93 5,00 79,33 83,12
6 3,76 2,07 67,10 68,95
7 2,49 1,07 61,20 62,09
8 3,26 2,28 62,88 63,81
9 2,32 1,10 53,50 53,562
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Appendix D. Differences between proteins with known functional annotation and proteins without GO annotation tested using Mann—Whitney tests.

The table summarizes statistical comparisons between GO-annotated and unannotated E. coli UTI89 proteins for AlphaFold prediction confidence and

secondary-structure measures. Differences between the two protein groups were tested using Mann—Whitney U tests, with the alternative hypothesis that values

were lower in the unannotated group. Tested measures included AlphaFold confidence scores and the number or density of secondary structures, including

helices and sheets. P-values were corrected for multiple testing using the Benjamini—-Hochberg false discovery rate procedure. This analysis was used to assess

whether unannotated proteins show reduced structural confidence or lower secondary-structure content compared with proteins with known functional

annotation. Supplementary data supporting this analysis are provided in Tusar et al. (2026). knownF = known functional annotation; unknownF = unknown

functional annotation

measure  n_unknownF n_knownF median_unknownF median_knownF mean_unknownF mean_knownF w p_adj
mean
_ 1823 3383 82,81 90,56 76,61202874 88,67435066 1405601 4,16E—152
confidence
median
_ 1823 3383 88,75 95,12 79,77084146 92,51026308 1407415 5,72E-152
confidence
helix 1823 3383 5 13 8,137751787 14,12160187 1453238 2,26E—141
sheet 1823 3383 4 9 6,249512671 10,37065186 1768556  6,52E-78
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