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Abstract

Phytoplankton are the foundation of marine ecosystems and a major driver of global

biogeochemical cycles. Their composition and productivity are shaped by environmen-

tal gradients, physical mixing, and nutrient availability, while at the cellular level, their

life-cycle transitions are controlled by complex gene regulatory programs. Understand-

ing these processes across ecological and molecular scales is crucial for predicting how

marine primary producers respond to environmental change. This thesis addresses

these two complementary dimensions: the large-scale spatial and seasonal organiza-

tion of phytoplankton communities along the Italian coastline, and the regulation of

gene expression underlying sexual competence in the pennate diatom Pseudo-nitzschia

multistriata.

In the first part, We analyzed an extensive dataset comprising over 2,000 phytoplank-

ton samples collected between 2015 and 2017 across the Italian coastline. By inte-

grating taxonomic counts with concurrent environmental variables, We characterized

patterns of richness, abundance, and community composition. Species accumulation

and indicator-taxon analyses revealed marked biogeographical structuring, primarily

driven by nutrient availability and hydrographic connectivity. The northern Adriatic

emerged as a high-abudance, diatom-dominated system with clear diatom–dinoflagellate

succession, whereas the Ligurian and Tyrrhenian coasts displayed more oligotrophic,

low-diversity assemblages. Constrained ordination analyses identified temperature,

salinity, and nutrient gradients as the main drivers of community turnover, though to-

gether they explained only a modest portion of variance, which suggest additional un-

resolved influences such as episodic mixing, trace-metal inputs, or local hydrodynam-

ics. These results provide one of the most comprehensive, process-oriented portraits of

Italian coastal phytoplankton communities and highlight the strengths and limitations

of monitoring data for ecological inference.
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The second part explores transcriptional regulation in Pseudo-nitzschia multistriata, a

model species for studying diatom sexual reproduction. By integrating published and

newly processed RNA-seq libraries from both mating types and from cells above and

below the sexualization size threshold, We constructed gene co-expression networks

using the Weighted Gene Co-expression Network Analysis framework. We identified

robust modules of co-regulated genes and linked them to traits of interest. Several

modules were consistently associated with mating type and enriched in genes related

to metabolism, redox homeostasis, and calcium signaling, while modules related to size

were fewer and less stable. The known mating-type determinants exhibited expected

expression biases but limited co-clustering, suggesting independent regulatory path-

ways or condition-specific activation.

Together, the two parts of this thesis connect ecosystem-scale phytoplankton dynam-

ics with the molecular mechanisms governing life cycle regulation in diatoms. At the

community level, they reveal how nutrient gradients and hydrography shape coastal

biodiversity; at the cellular level, they potentially delineate mating type–specific tran-

scriptional programs coordinating sexualization. By combining large-scale ecological

analyses with systems-level transcriptomics, this work provides a multiscale view of

phytoplankton, from population assemblages to gene regulatory networks.
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Chapter 1

Introduction

1.1 On phytoplankton

Marine ecosystems are among the most complex and dynamic environments on Earth

[153]. Through a suite of biological and physical processes, they regulate the exchange

of gases, most notably carbon dioxide (CO2), between the ocean and the atmosphere,

thereby exerting a major influence on global climate [98, 256]. The ocean acts as a

central component of the Earth’s climate system, absorbing a substantial fraction of an-

thropogenic CO2 emissions and redistributing heat and energy across the planet [317].

These processes are embedded within the broader framework of global biogeochemical

cycles: the interconnected pathways through which essential elements such as carbon,

nitrogen, phosphorus, and silicon circulate among the biosphere, atmosphere, hydro-

sphere, and lithosphere [261]. By mediating these elemental fluxes, marine ecosys-

tems sustain biological productivity and help maintain both the chemical balance of

the oceans and the stability of Earth’s climate [16].

At the root of these processes lies plankton: a collective term for organisms that lack

sufficient motility to counteract water movements and are thus passively transported

by currents. This assemblage spans nearly eight orders of magnitude in size, from

viruses (∼ 0.02 µm) to large gelatinous animals such as jellyfish (up to ∼ 2 m) [273]. A

fundamental ecological distinction is made by separating the photosynthetic algae de-

nominated phytoplankton from the animal organisms called zooplankton. Phytoplankton

are predominantly autotrophic, performing photosynthesis convert co2 and inorganic

nutirents in organic matter, with the concurrent use of light. In doing so, they rep-

resent the largest biological sink for atmospheric CO2 and contribute roughly half of

global net primary production [99]. As primary producers, they form the energetic and

biogeochemical foundation of marine and freshwater ecosystems, sustaining nearly all

1
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heterotrophic life. Conversely, zooplankton feed on phytoplankton and act as a key

trophic link, transferring energy and organic carbon to higher consumers [33, 153].

Phytoplankton are mostly single-cell organisms encompassing an extraordinary taxo-

nomic and functional diversity, each differing in cellular morphology, pigment compo-

sition, life-history strategies, and ecological roles [239]. This diversity is reflected in the

roughly 50,000 described species of marine and freshwater microalgae [121], including

about 4,000 morphologically distinguishable marine species. Among these, diatoms

(1,700 species), dinoflagellates (1,600 species), and coccolithophores (300 species) repre-

sent the most ecologically significant groups [279]. Diatoms are siliceous algae enclosed

within intricate glass-like frustules, responsible for ∼20% of global primary production

and major contributors to carbon export to the deep ocean [295, 228]. Dinoflagellates,

characterized by their cellulose thecal plates and motility via two flagella, display com-

plex behaviors such as diel vertical migration and bioluminescence. Coccolithophores,

unicellular haptophytes that produce calcareous plates (coccoliths), contribute simulta-

neously to organic carbon fixation and to the formation of biogenic calcium carbonate

[239]. Molecular surveys suggest that the true diversity of these groups is likely an

order of magnitude higher than morphological estimates indicate [82]. Their remark-

able diversity makes the very concept of phytoplankton somewhat ill-defined: many

species are not strictly autotrophic but exhibit mixotrophy, switching between photosyn-

thetic and heterotrophic modes of nutrition depending on light or nutrient availability

[284]. This metabolic flexibility further blurs classical trophic boundaries and under-

scores the ecological versatility that characterizes planktonic life.

The ecological role of phytoplankton extends far beyond supporting higher trophic

levels. The organic matter they produce fuels microbial processes through the microbial

loop—a network of interactions among bacteria, archaea, viruses, and protists that re-

cycles dissolved organic matter back into the food web [21, 319]. Within this network,

phytoplankton function simultaneously as sources and recipients of nutrients and or-

ganic substrates, tightly coupling primary production with microbial remineralization

and nutrient regeneration [317, 261]. From a biogeochemical perspective, phytoplank-

ton are the primary mediators of global carbon and nutrient fluxes. Their interactions

within the microbial loop are intimately connected to the biological carbon pump, as both

processes represent complementary pathways within the ocean’s carbon cycle. While

the microbial loop retains carbon and nutrients in the euphotic zone through rapid recy-

cling, the biological pump transfers a fraction of organic matter to deeper layers, where

it can be sequestered from the atmosphere on timescales ranging from decades to mil-

lennia [310, 93]. When phytoplankton cells die or are grazed upon, some of their carbon

is respired in surface waters, while the remainder sinks as detritus or aggregates, con-

tributing to long-term carbon sequestration [317, 261, 51]. Phytoplankton also regulate

the cycling of key nutrients such as nitrogen, phosphorus, and silicon, as well as trace
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metals like iron and zinc that act as essential cofactors in photosynthetic and respira-

tory metabolism [317, 261, 51]. Differences among taxa in nutrient uptake strategies, el-

emental stoichiometry, and storage capacities influence not only species’ ecological suc-

cess but also global nutrient availability and carbon export efficiency [168]. For exam-

ple, diatoms contribute disproportionately to vertical export, while picocyanobacteria

dominate oligotrophic regions where nutrient recycling prevails [106, 330]. Contempo-

rary trait-based and functional-group approaches have helped elucidate how variation

in cell size, metabolism, and life-history traits shapes global biogeochemical fluxes and

climate feedbacks [107, 313]. Together, these intertwined microbial and biogeochemical

processes govern the balance between carbon retention and export in the ocean, ulti-

mately modulating marine productivity and Earth’s climate system.

Because of their rapid generation times and high growth potential, phytoplankton re-

spond swiftly to environmental changes, acting as both regulators and sentinels of

ecosystem dynamics [87, 280]. Phytoplankton-rich waters often reflect eutrophic condi-

tions resulting from excessive nutrient inputs of terrestrial origin [311, 299] , and shifts

in light, nutrient supply, or grazing pressure can rapidly alter community composition

and biomass, with cascading effects throughout food webs and biogeochemical cycles

[317, 153]. Their tight coupling with environmental conditions also makes them reliable

indicators of ecological status, as recognized in marine monitoring frameworks such as

the Marine Strategy Framework Directive (MSFD) [89, 203, 96].

The remarkable coexistence of numerous phytoplankton species in seemingly uniform

environments poses the classical ecological puzzle known as the “paradox of the plank-

ton” [133]. According to the competitive exclusion principle, only a few species should

persist when competing for a limited set of resources, yet natural waters often har-

bor tens to hundreds of coexisting taxa. This paradox has inspired extensive research

into the mechanisms maintaining biodiversity in such systems, ranging from temporal

environmental variability to nonlinear population dynamics and complex species in-

teractions, but a definitive resolution remains elusive [266, 249]. The complex and non-

linear interactions between phytoplankton, their predators, and the environment have

also prompted investigations into the dynamical properties of phytoplankton commu-

nities, particularly the potential presence of chaotic behavior [18, 122], which appears

to be widespread in natural ecosystems, especially in planktonic systems [245, 246].

Understanding the origin and implications of such chaotic dynamics is central to in-

terpreting the variability observed in field observations and experimental studies [122,

242, 212].
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1.2 Mechanisms shaping phytoplankton spatial and temporal

variability

Phytoplankton distributions vary enormously across both space and time, forming

complex, non-uniform patterns rather than homogeneous fields. Surface chlorophyll

organizes in swirling filaments and patches at kilometer scales [317, 164]. Indeed,

patchiness is recognized as a ubiquitous feature of plankton in the ocean [298]. This

spatial and temporal variability arises from the intricate coupling between biological

processes such as growth, mortality, and grazing and physical drivers that acting at

mesoscale and submesoscale to deform, concentrate, and disperse plankton fields [231,

175, 269, 244, 192]. Horizontal transport by currents, eddies, and fronts stretches and

folds water masses, deforming phytoplankton distributions into filaments and patches

[116, 180]. This lateral stirring acts on pre-existing gradients in biomass and nutri-

ents, sharpening contrasts and generating fine-scale spatial heterogeneity [192]. At

Fronts (sharp boundaries separating water masses of contrasting temperature, salinity,

or density) horizontal convergence enhances both nutrient supply and cell accumula-

tion, while divergence and velocity gradients disperse or dilute existing patches [164,

162]. The scale of this heterogeneity is governed by the interplay between stirring,

which intensifies gradients, and diffusion, which tends to smooth them [192]. Tur-

bulence further modulates nutrient fluxes and cell distributions, with different effect

based on the scale of the process [85]. At small scales, turbulent diffusion homoge-

nizes concentration differences, while at intermediate scales, vortices and intermittent

velocity gradients can transiently concentrate nutrients or cells in short-lived patches

rapidly smoothened out by diffusion [52]. The ecological expression of these physical

processes depends on biological response times: fast-growing populations can exploit

brief nutrient pulses, whereas slower-growing ones experience spatial homogenization

before significant growth occurs.

Turbulent and mixing processes strongly influence vertical heterogeneity as well. In

stratified waters, phytoplankton often concentrate at specific depths where light and

nutrient conditions are balanced, forming a deep chlorophyll maximum (DCM) layer

below the surface [75, 102]. In subtropical gyres, for example, a pronounced DCM fre-

quently develops near the base of the euphotic zone, where residual nutrients sustain

growth under reduced light exposure, creating vertically confined layer of phytoplank-

ton largely invisible to satellites [99]. Physical mixing processes such as internal waves,

shear instabilities, and eddy-driven upwelling can perturb these vertical distributions,

periodically lifting deep phytoplankton toward the surface or mixing them downward

[52, 196]. The resulting vertical structure depends on the stability of the water column:

a well-mixed upper layer produces a more uniform biomass profile, whereas strong
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stratification promotes sharp subsurface peaks in chlorophyll and biomass [75, 102,

52]. Such events create transient hotspots of growth that, through advection, evolve

into broader spatial contrasts across the seascape [111, 317].

Phytoplankton communities exhibit marked temporal fluctuations across a continuum

of timescales, from diel to interannual and decadal variability [144]. In temperate

seas, these fluctuations are dominated by a strong seasonal cycle driven by the an-

nual rhythms of light availability, stratification, and nutrient dynamics [317, 261, 153].

During winter, the several processes describe above mix water masses and replenish

surface nutrients from deeper layers, but low irradiance, short photoperiods, and in-

tense turbulence constrain phytoplankton growth. As spring advances, increasing so-

lar radiation and the gradual stabilization of the upper water column create conditions

favorable for rapid biomass accumulation. This creates an environment where phyto-

plankton population can exponentially grow, a phenomenon called bloom [130]. The

collapse of the spring bloom is mainly due to nutrient exhaustion and to the top-down

control exerted by concurrent population growth of zooplankton [32]. As the season

progresses into summer, thermal stratification isolates nutrients stored in the deeper

layers from the resource-depleted surface. The result is an oligotrophic regime which

favors smaller phytoplankton and regenerated production [317, 261]. In autumn, sur-

face cooling, stronger winds, and episodic storms deepen the mixed layer and rein-

troduce nutrients into the euphotic zone, occasionally supporting a secondary bloom

before winter conditions return [172]. Beyond seasonal cycles, short-term perturba-

tions can either benefit or hinder phytoplankton dynamics on days to weeks timescales.

Storms, wind events and internal waves, for example, can mix the water colum and in-

troduce nutrients into the euphotic zone, thus triggering short-lived blooms [170, 125,

176, 199]. Conversely, storms can also increase turbidity thus reduce the light flux for

phytoplankton, which are not able to grow despite a huge supply of nutrients [272]; in-

ternal waves or upwelling relaxations that can cause rapid changes in nutrient supply.

Overall, these episodic disturbances contribute to high-frequency variability superim-

posed on the smoother seasonal cycle. Conversely, storm events can enhance water-

column mixing and turbidity, thereby reducing light availability and flushing phyto-

plankton cells out of productive coastal zones, leading to transient declines in biomass

and shifts in community structure as species with slower growth or sinking tenden-

cies are selectively removed. [283, 291, 71, 272]. Similarly, internal waves can perturb

the vertical distribution of nutrients and light, occasionally transporting phytoplankton

into suboptimal depth layers or reducing nutrient availability in the euphotic zone [308,

178]. Upwelling–relaxation cycles can also cause rapid fluctuations in nutrient inputs:

during relaxation periods, stratification strengthens and nutrient replenishment weak-

ens, temporarily constraining phytoplankton growth [200]. Overall, these short-term
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events illustrate how physical forcing can not only stimulate but also suppress primary

production, depending on the balance between light and nutrient perturbations.

1.3 The diatom life cycle

While phytoplankton communities deploy diverse strategies to cope with environmen-

tal variability, diatoms are notable for a life cycle that couples size-dependent vegeta-

tive growth with periodic sexual reproduction. Grasping this cycle is essential to inter-

pret their ecological success, bloom dynamics, and long-term population renewal. We

therefore provide a concise overview of the diatom life cycle before turning, in later

chapters, to species-specific sexualization processes such as those of Pseudonitzschia

multistriata.

Most diatoms share a two-stage life cycle comprising a vegetative and sexual phase.

During the vegetative phase, mitotic division supports rapid exploitation of nutrients,

leading to their characteristic rapid blooms [97]. Mitosis yields two diploid daughters

(bearing two copies of the genome) genetically identical to the parent. The silica cell

wall (frustule) comprises two differently sized thecae, the larger epitheca and smaller

hypotheca, thus each daughter inherits one parental theca (becoming its epitheca) and

must synthesize a new hypotheca [97]. This constraint causes progressive size reduc-

tion in lineages: across generations, mean cell size declines and the size distribution

broadens. Sex reproduction restores cells to maximal size. Small cells become sexually

competent, undergo meiosis to produce haploid gametes, and their conjugation forms

a zygote that expands into an auxospore, which can grow to the species-specific ini-

tial size due to the absence of the frustule. Details of gamete conjugation differ across

diatoms. Centric diatoms (phylogenetically older) are often homothallic: a single clone

can produce both eggs and sperm. In contrast, most pennate diatoms are heterothallic:

sexual reproduction requires pairing of opposite mating types (MT+ and MT–, typi-

cally referred as male and female, respectively). In both cases, cells must be below

a species-specific sexualization size threshold (SST) to become sexually competent. The

onset of the sexual phase is purely physical: microsurgery experiments showed that

cells shrunk below their SST acquire sexual competence [285, 248, 67]. How diatoms

sense their own size remains unclear [103, 34] and is a major open question in diatom

life cycle regulation. Although this cycle is broadly conserved, environmental triggers

vary among taxa: light appears to influence sex in some species of Chaetoceros [110],

while salinity is implicated in others [115, 201] (see [97] for review). Notably, some

model species—T. pseudonana and P. tricornutum—have not been observed to undergo

size reduction or meiosis in laboratory conditions [123, 80] . In P. multistriata, successful

sexual reproduction in culture initially requires a threshold cell concentration, leading
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to the hypothesis that high density facilitates exchange of pheromones between mat-

ing types [265]. The presence of chemical signals was previously demonstrated in the

freshwater araphid Pseudostaurosira trainorii [262] and the marine benthic pennate S.

robusta [113]. In S. robusta, L-proline–derived diproline is released by MT– upon per-

ceiving SIP+ (sexually induced pheromones) from MT+; MT+ then becomes respon-

sive to diproline and glides toward its source [113, 205]. Pheromone exposure induces

pronounced transcriptional changes and triggers sexual competence [42]. Analogous

pheromone-responsive behaviors and transcriptional changes have been documented

in P. multistriata [29, 187] and C. closterium [147]. In heterothallic pennates, pheromones

serve both to locate partners and to coordinate the transition from vegetative growth

to meiosis; cell–cell communication is therefore essential for mutual recognition, syn-

chronized cell-cycle arrest, meiotic entry, and gamete exchange.

1.4 Data and methodologies for studying phytoplankton diver-

sity and dynamics

The investigation of phytoplankton communities has historically drawn on multiple

methodological traditions, each offering distinct but complementary insights into com-

munity composition, dynamics, and ecological function. Over recent decades, the

methodological frontier has shifted from purely morphology-based enumeration to-

ward a fusion of optical, molecular, and -omics approaches.[145, 114]. A comprehen-

sive understanding of phytoplankton ecology thus requires integrating these diverse

data sources, acknowledging both their complementarity and their limitations.

Microscopy remains the historical cornerstone of phytoplankton research. Conven-

tional light microscopy, often using the Utermöhl sedimentation method [302, 177], en-

ables identification and enumeration of phytoplankton based on morphological traits.

This approach has generated decades of long-term datasets that underpin much of our

knowledge on seasonal succession, species composition, and size-structured commu-

nity dynamics [239], and remains crucial for understanding phytoplankton dynamics,

ecological interactions, and responses to environmental changes [9]. Despite its robust-

ness, microscopy has well-known constraints: taxonomic resolution is limited for small

or morphologically similar species, cryptic diversity remains unresolved, and the pro-

cess is time-consuming and dependent on expert taxonomists [114, 290]. As with all
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count-based approaches, purely numeric measures can misrepresent ecological signifi-

cance. In particular, when species differ markedly in cell size or carbon density, abun-

dance alone may under- or overemphasize the role of particular taxa. Biomass pro-

vides a better proxy for the ecological and biogeochemical significance of phytoplank-

ton communities, as it accounts for cell size and carbon content [124, 198]. Large, less

numerous species—such as diatoms or dinoflagellates—may dominate total biomass

even when numerically rare, whereas smaller picophytoplankton can dominate abun-

dance but contribute less to total carbon stocks.

Advancements in imaging technology have enabled automated, high-frequency mon-

itoring of plankton communities. Instruments such as the FlowCAM and Underwater

Vision Profiler capture large numbers of particle images and allow semi-automated

classification of taxa . These systems have greatly improved temporal and spatial

resolution, allowing for near real-time observation of plankton dynamics[217, 227].

Machine-learning algorithms—particularly convolutional neural networks—are increas-

ingly applied to classify plankton images, reducing reliance on manual annotation and

expanding analytical throughput [114].

From the earliest DNA-focused studies of plankton [8, 126], genetic resources have

expanded dramatically and now complement microscopy-based observations [145].

Metagenomic studies have enabled increasingly detailed exploration of community

structure [181, 226], unprecedented assessments of taxonomic richness [206], functional

diversity [282], biogeography [173], and clarified the contributions of plankton to car-

bon export and ocean biogeochemistry [119, 49]. In parallel, metatranscriptomics, metapro-

teomics, and metabolomics have expanded our capacity to link community composi-

tion to function, offering functional snapshots of gene expression and metabolic activity

[7]. These integrative omics approaches allow reconstruction of metabolic pathways

[289], inform reconstructions of evolutionary history [91, 204], and refine our under-

standing of plankton metabolism by identifying genes and pathways involved in envi-

ronmental responses, both in natural assemblages [53, 207] and controlled laboratory

experiments [92, 19]. Together, they provide a comprehensive view of phytoplankton

diversity, function, and evolution, illuminating their central roles in nutrient cycling,

primary production, and global biogeochemical processes [173].

Falling costs for collecting and analyzing omics data have fostered global initiatives,

from early large-scale efforts [250] to those led by the Tara Ocean Foundation [229, 135,

257], and have even enabled the emergence of omics-based biogeochemical models

[237, 163, 73]. In parallel, the development of model microalgae has further advanced

our understanding of phytoplankton biology. The first diatom models—Thalassiosira

pseudonana [14] and Phaeodactylum tricornutum [50]—were later joined by T. oceanica
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[171], Fragilariopsis cylindrus [204], Seminavis robusta [66], Cylindrotheca closterium [303],

Skeletonema marinoi [140], and Pseudo-nitzschia multistriata [29]. The goal is now to se-

quence 100 species to better probe their ecological and evolutionary roles in the ocean

[1], while large-scale initiatives such as the Marine Microbial Eukaryotic Transcriptome

Sequencing Project (MMETSP) have released 650 assembled, functionally annotated

transcriptomes spanning 210 eukaryotic genera [146].

Beyond field-based meta-omics approaches, controlled laboratory experiments have

increasingly employed RNA sequencing (RNA-seq) to investigate gene expression dy-

namics in phytoplankton under specific environmental or physiological conditions [41,

40]. While metatranscriptomics captures community-level activity in natural assem-

blages, laboratory RNA-seq provides a targeted means to dissect cellular responses and

molecular regulation within single species or strains, linking genotype to phenotype

under experimentally defined stimuli [204]. In addition to physiological acclimation,

RNA-seq analyses have become pivotal for exploring life-cycle transitions and cellular

differentiation in phytoplankton. In particular, diatoms undergo a complex life cycle

alternating between mitotic cell division and a sexual reproduction phase triggered by

cell-size reduction and environmental cues [68, 15]. The sexualization phase involves

profound transcriptional reprogramming, including the activation of meiosis-related

genes, signaling molecules, and sex-specific transcription factors [205]. RNA-seq ex-

periments in model species such as Pseudonitzschia multistriata and Seminavis robusta

have illuminated the molecular basis of this transition, identifying sex-specific gene

networks and signaling cascades associated with gametogenesis and mate recognition

[103, 66].

1.5 Statistical approaches in marine ecology and genetics

Previous sections elucidate the inherent complexity of marine ecosystems, character-

ized by high variability across spatial and temporal scales and by the interaction of

multiple biotic and abiotic processes. Statistical analyses in marine ecology aim to dis-

entangle this complexity by identifying patterns, quantifying relationships, and testing

ecological hypotheses derived from observational or experimental data. The choice of

statistical methods depends on both the type of data available (e.g., time series, spatial

surveys, community composition matrices, molecular profiles) and on the ecological

questions being addressed.

Broadly speaking, relevant questions in marine ecology are:

• Which are the fundamental species in a community?
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• What are the main environmental drivers shaping community composition and

diversity?

• How do species distributions vary in space and time?

• Are there detectable long-term trends or regime shifts in ecological indicators?

• Can we infer causal mechanisms and predict system responses?

To address such questions, marine ecologists employ a wide spectrum of statistical

tools. Descriptive and exploratory analyses (e.g., summary statistics, diversity indices,

and correlation analyses) provide initial insights into data structure and variability.

This initial process help first of all to identify outliers, redundant information such

as highly correlated variables and can give clues of the presence (or absence) of pattern

in the data. When the focus lies on testing ecological hypotheses, linear models (LM)

are extremely used, given they simplicity, ability to include multiple predictors and

their interaction, and most importantly their explainability [331]. Strictly related, anal-

ysis of variance (ANOVA) and similar tests (Kruskall-Wallis, Mann-Whitney) are also

used for their ability of assessing differences in the distribution of any quantity. Linear

models however are hardly applied to raw data because neither the response nor pre-

dictors are normally distributed [159]. A possible approach is to apply specific trans-

formation to the data to reduce the non-gaussianity, as an example log-transform abun-

dances greatly helps [159, 47]. Another possible path is instead to use more advanced

techniques such as generalized linear models (GLMs) or generalized additive models

(GAMs) which are able to capture nonlinear relationships and can accomodate diverse

kind of responses (presence/absence data modelled as ones and zeros, and abundance

data which are discrete) [318]; also mixed model, allowing a more complex structure

of the covariates, are widely used [332]. Though widely used, these methods fall short

when dealing with ecological communities, as the response consists of multiple taxa.

However, there are multiple methods to address questions. On one hand it is possible

to clusterize samples according to the observed species using a specific dissimilarity or

distance measure. Clusters are extremely helpfull to determine subcommunities inside

the entire dataset (by looking which taxa are more relevant inside a cluster) which can

be indirectly associated to possible drivers by looking at the properties of the samples

belonging to any cluster. On the other, if there is the interest of a more direct asso-

ciation between a communitiy and possible response variables, ordination methods are

quite the standard approach. Redundancy analysis (RDA), canonical correspondance

analysis (CCA) and non-metric multidimensional scaling (nMDS), and several others

method, allow to display the community data matrix in a low-dimensional space (gen-

erally 2D) and at the same time to find statistically meaningful associations with possi-

ble response variables [159, 47, 235, 222]. However, this is just an overview of the most
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Software/Package version

R 4.4.1

car 3.1
caret 7.0
clevr 0.1.2

clusterProfiler 4.14.6
DESeq2 1.46.0
fastqc 0.11.9

ggplot2 4.0.0
indicspecies 1.8.0

iNEXT 3.0.2
MASS 7.3

Rsubread 2.12.3
star 2.7.9
sva 3.54.0

trimmomatic 0.39
vegan 2.7

WGCNA 1.73

TABLE 1.1: List of software and packages used in this thesis alongside their version.

standard techniques used, but many other have been implemented to answer similar

or related problems (see [235, 159, 47, 222, 120, 10]).

As briefly explained above, RNA-seq now allows researchers to investigate how organ-

isms respond to controlled environmental perturbations at the transcriptional level.

Rather than focusing on community structure or biomass, these approaches quantify

changes in gene expression, revealing the molecular mechanisms underlying physio-

logical responses, acclimation, and adaptation. From a statistical perspective, RNA-

seq data require specialized analytical pipelines that differ from those used for eco-

logical count data, yet share conceptual similarities in dealing with multivariate, high-

dimensional, and often noisy datasets [149]. Differential expression analysis is used to

identify genes whose expression levels significantly change under experimental treat-

ments, and they are tipically teated with GLM with negative binomial error distribu-

tions [174, 65]. Apart from this, multivariate ordination and network inference meth-

ods are increasingly applied to RNA-seq datasets to detect co-regulated gene modules

and to explore functional connectivity within cellular systems. Gene co-expression net-

works and clustering algorithms (e.g., Weighted Gene Co-expression Network Analy-

sis, WGCNA) provide insights into coordinated biological responses, linking transcrip-

tional patterns to physiological states or life-cycle transitions [154].

To keep track of all the different methods and associated packages used in this thesis,

we list all of them, with their version, in Tab. 1.1.
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1.6 Structure of the thesis

Chap. 2 presents the first set of results and focuses on the ecological and temporal dy-

namics of phytoplankton communities along the Italian coast. It characterizes patterns

of abundance, diversity, and taxonomic composition across space and time, and investi-

gates the environmental drivers influencing community structure. Emphasis is placed

on how physical forcing and nutrient regimes shape the variability of coastal phyto-

plankton assemblages and how these patterns inform our understanding of ecosystem

functioning. Chap. 3 shifts the perspective from the community to the molecular scale,

exploring the global regulation of gene expression in the diatom Pseudo-nitzschia mul-

tistriata. Using RNA sequencing and Weighted Gene Co-expression Network Analy-

sis, it reconstructs transcriptional networks underlying mating-type identity and the

transition across the sexualization size threshold. The chapter highlights asymmetries

between mating types, the organization of co-regulated gene modules, and the inte-

gration of known regulators such as the MRP/MRM genes. Finally, in Chap. 4, we

summarize the entire work, highlight its strengths and limitations, and discuss possi-

ble directions for future research.



Chapter 2

Characterization of phytoplankton

communities along Italian coast

2.1 Introduction

2.1.1 Oceanographic characteristics of the Italian coastline

The Italian peninsula is surrounded by the Adriatic, Ionian, and Tyrrhenian basins,

each characterized by distinct hydrographic, morphological, and biogeochemical fea-

tures. Contrasts in riverine inputs, bathymetry, circulation patterns, and water-mass

exchanges drive the spatial and temporal variability of phytoplankton productivity and

community structure along the Italian coasts.

Extending along Italy’s eastern coastline, the Adriatic Sea exhibits a pronounced north–south

depth gradient, ranging from the shallow northern shelf (average depth ∼35 m) to the

deep South Adriatic Pit (∼ 1, 200 m) [260]. The Strait of Otranto (maximum depth

∼ 780–800 m) partially restricts water exchange with the Ionian Sea, creating distinct

sub-basins with contrasting hydrographic regimes: a shallow, river-influenced north-

ern zone; a transitional central sector (average depth ∼ 140 m); and a deep, quasi-

oceanic southern basin [17].

The Adriatic receives substantial freshwater input, most notably from the Po River

(mean annual discharge 1500–1700 m3/s), which alone accounts for roughly one-third

of the total Mediterranean riverine inflow [100, 20]. Additional rivers (e.g., Adige,

Brenta, Piave) and lagoonal discharges further enrich the northwestern shelf with nu-

trients [20, 38, 208]. The basin’s dominant cyclonic circulation sustains the Western

Adriatic Current (WAC), a persistent coastal flow that transports riverine waters and

13
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plankton southeastward along the Italian coast toward the Strait of Otranto [179]. This

southward transport extends the influence of northern nutrient inputs, producing a

marked trophic gradient from the eutrophic northwestern Adriatic to the oligotrophic

southern and eastern sectors [186, 100]. Associated inshore–offshore gradients favor

large phytoplankton (e.g., diatoms) and elevated chlorophyll concentrations near the

coast, while offshore waters remain nutrient-poor and clear [43, 277].

During winter, strong cooling and wind-driven mixing frequently result in complete

vertical mixing of the northern and central shelves, replenishing surface nutrients and

resetting the system for subsequent productivity cycles [208]. Wind-driven upwelling

events can further enhance nutrient supply under favorable atmospheric conditions.

Northeasterly Bora or along-shore Sirocco winds, for instance, induce offshore Ekman

transport that brings deeper, nutrient-rich waters to the surface along portions of the

Adriatic coast [219]. These episodic upwellings often trigger transient phytoplankton

blooms [100].

Consequently, the northern Adriatic sustains high primary productivity and frequent

diatom-dominated blooms, which can occasionally lead to eutrophication and mu-

cilage formation [267, 20, 208, 260]. In winter, turbulent and nutrient-rich conditions

favor diatom dominance, whereas in summer, stratification and nutrient depletion pro-

mote smaller phytoplankton and subsurface chlorophyll maxima. The interplay of

freshwater forcing, vertical mixing, and episodic upwelling makes the Adriatic one

of the most productive regions of the Mediterranean [208].

In contrast, the Ionian Sea is among the deepest Mediterranean basins, with depths

exceeding ∼3, 000–4, 000 m in several areas [150]. This sea lies at a hydrographic cross-

roads of major Mediterranean water masses: relatively fresh, nutrient-influenced Adri-

atic water enters from the north, saline and nutrient-poor Levantine Intermediate Water

(LIW) flows westward from the Levantine Basin, and Modified Atlantic Water (MAW)

enters from the west via the Sicily Channel [36, 37, 150]. Its great depth and strong con-

nectivity with the Eastern Mediterranean contribute to its overall oligotrophic charac-

ter: the water column is highly stratified and stable for most of the year, with nutrients

largely confined to deep layers well below the euphotic zone[76, 189]. Only water-

mixing events such as cyclonic gyres or upwelling transport LIW or other nutrient-rich

subsurface waters to the upper layers [70].

Along southern Sicily, a persistent upwelling cell driven by the Atlantic–Ionian Stream

(AIS) and often reinforced by summer winds produces a ribbon of cold, nutrient-rich

water that supports elevated phytoplankton biomass relative to the typically oligotrophic

offshore waters [243, 241]. Another key hotspot is the Strait of Messina, where strong
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tidal currents and abrupt topography induce intense turbulence and intermittent deep-

water upwelling [57]. Phytoplankton productivity in this area can be an order of mag-

nitude higher than in adjacent stratified waters, with subsurface nutrient injection fu-

eling recurrent local blooms and supporting abundant fish populations [61].

West of Italy, the Tyrrhenian Sea is a deep (∼ 3, 600 m) and morphologically complex

basin, bounded by the Sardinia and Corsica Channels to the west and the Strait of

Sicily to the southeast [36]. Its irregular coastline, with embayments such as the Gulfs

of Naples and Gaeta, interacts with local bathymetry to steer currents and generate lo-

calized upwelling zones [190, 304]. The basin receives surface inflow of MAW via the

Sardinia Channel and intermediate inflow of LIW through the Strait of Sicily at depths

of ∼ 200–400 m [79, 134]. These water masses circulate cyclonically along the Italian

margin, generating strong west–east gradients across the basin [54].

The open Tyrrhenian Sea is largely oligotrophic to mesotrophic [183]. Productivity in-

creases locally in dynamic coastal zones—near major river mouths (e.g., Arno, Tiber)

and within semi-enclosed embayments such as the Gulfs of Naples and Gaeta [69, 188,

240] The Tiber River, the second largest in Italy, exhibits elevated winter discharge that

correlates with increased coastal phytoplankton abundance [305]. Wind forcing also

modulates vertical fluxes: depending on wind direction, downwelling or upwelling

events may occur along the Tyrrhenian coast [190, 188]. Seasonally, a northwestward-

flowing current develops along the Italian coastline during winter and spring, connect-

ing the Tyrrhenian to the Ligurian Sea before weakening in summer and autumn [81].

Overall, the Adriatic—particularly its northwestern region—exhibits mesotrophic to

eutrophic conditions, sustained by strong riverine inputs and vertical mixing. The

Ionian remains persistently oligotrophic, with productivity limited to localized up-

welling zones, while the Tyrrhenian is generally oligotrophic but punctuated by mesotrophic

coastal hotspots.

2.1.2 Phytoplankton communities in Italian seas

As previously discussed, phytoplankton dynamics in temperate marine coastal zones

result from the complex interplay of environmental drivers and anthropogenic pres-

sures. The major natural factors shaping these communities include solar irradiance,
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water temperature, nutrient availability, stratification and mixing dynamics, and phys-

ical transport processes (e.g., upwelling, advection, and currents). In parallel, human-

induced influences—particularly nutrient enrichment (eutrophication) and coastal de-

velopment—can markedly alter phytoplankton distribution, abundance, and commu-

nity structure. Together, these processes determine the spatio-temporal variability of

phytoplankton in coastal waters, from seasonal blooms to biogeographic gradients in

species composition. Observations across the Adriatic, Ionian, and Tyrrhenian seas

reveal distinct community structures, bloom timings, and controlling mechanisms, re-

flecting the strong influence of physicochemical gradients and anthropogenic impacts

in these environments.

Such hydrographic variability promotes taxonomic compositions and turnover pat-

terns typical of temperate coastal zones [275, 296, 239]. Phytoplankton species are of-

ten classified along a continuum between r- and K-strategists, reflecting adaptations

to contrasting environmental regimes. r-strategists thrive under high-nutrient, turbu-

lent, and light-variable conditions, taking advantage of rapid growth and opportunis-

tic reproduction. In contrast, K-strategists are better suited to stable, stratified, and

oligotrophic waters, where they compete efficiently for limited resources. Diatoms are

typical r-strategists, making them well adapted to the late-winter and early-spring pe-

riods, when nutrient-rich and well-mixed waters coincide with increasing solar irradi-

ance. Under such conditions, they can form intense blooms that rapidly deplete avail-

able nutrients within a few weeks. Dinoflagellates, by contrast, represent K-strategists:

they exhibit slower growth rates, favor nutrient-limited conditions, and are often neg-

atively affected by strong mixing. Many species are motile and/or mixotrophic, al-

lowing vertical migration and grazing on other phytoplankton [239, 35]. Additionally,

numerous bloom-forming dinoflagellates display warm-temperature optima and grow

poorly under cold conditions [322, 24]. Consequently, dinoflagellates dominate dur-

ing stratified, warm-water periods and can persist in nutrient-depleted environments.

This ecological contrast results in a well-known diatom–dinoflagellate seasonal succes-

sion: diatoms dominate in late winter and early spring, dinoflagellates prevail in late

spring and summer, and diatoms reappear in autumn [275, 296, 239]. Their differing

life-history strategies thus make each group better adapted to specific environmental

conditions and underpin the temporal turnover observed in phytoplankton communi-

ties.

In the Adriatic Sea, phytoplankton abundance follows alternating peaks and troughs

closely associated with the Po River’s flood–drought cycles, underscoring the strong

hydrological control on community biomass and seasonality [38]. Assemblages are

overwhelmingly dominated by cosmopolitan diatoms, which account for most of the
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biomass and abundance, while small phytoflagellates prevail during inter-bloom peri-

ods. Despite the overall similarity in species composition across the basin, local abun-

dance patterns vary substantially according to nutrient input, hydrodynamics, and

stratification intensity [20, 38].

The northern Adriatic exhibits three main growth phases that recur annually: late

winter (February), spring (April), and mid-summer (July) [20]. The most pronounced

bloom typically occurs between February and April, driven by increasing light avail-

ability and nutrient inputs from river runoff and winter mixing. This bloom is domi-

nated by Skeletonema marinoi, followed by smaller peaks in spring and autumn. Other

common diatoms thriving under nutrient-rich conditions include multiple species of

Chaetoceros and Pseudonitzschia, and Lauderia annulata, whereas coccolithophores, no-

tably Emiliania huxleyi, form a minor but persistent component in winter [38, 294].

As nutrients—particularly silicate and phosphorus—become depleted, diatom biomass

declines and dinoflagellates (e.g., Prorocentrum minimum, Ceratium furca, Scrippsiella tro-

choidea) become dominant under stratified, low-nutrient conditions. Secondary blooms

often occur in autumn when mixing and rainfall restore nutrient levels, although these

tend to be smaller and more species-specific [225].

In the Venice Lagoon and adjacent coastal stations, a extensively studied section of

the norther Adriatic, a consistent seasonal succession has been observed: Chaetoceros

spp. dominate throughout the year; S. marinoi peaks in late winter; Pseudo-nitzschia spp.

in summer–autumn; E. huxleyi in autumn–winter; and cryptophytes in colder months

[39]. Harmful or toxic taxa also follow seasonal trends: domoic acid-producing Pseudo-

nitzschia strains regularly constitute approximately ∼ 15% of diatom abundance in the

Gulf of Trieste, peaking in spring and autumn [300]. In this area, species from the

P. delicatissima complex typically peak in spring–summer, whereas those of the seriata

complex occur mainly in autumn–winter [300]. Although toxicity is generally low, au-

tumn blooms can occasionally comprise up to 80% of total phytoplankton biomass.

Along the Romagna–Marche coast, potentially harmful taxa represent about 8% of

total phytoplankton, with abundance linked to phosphate enrichment and low salin-

ity—conditions indicative of nutrient stoichiometry imbalances and Po-derived fresh-

water inputs [225]. Overall, the northern Adriatic remains a high-biomass, diatom-

dominated system characterized by marked seasonality and strong interannual vari-

ability modulated by river discharge, stratification–mixing cycles, and episodic meteo-

rological events [38].

In the mid-Adriatic, WAC maintains a pronounced coastal–offshore gradient in nutri-

ent concentration, biomass, and cell size structure [208]. Coastal waters, under greater

riverine influence, typically experience bloom in winter, whereas offshore sites peak in

early summer under more oligotrophic, stratified conditions. Coastal assemblages are
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thus more bloom-prone and variable, while offshore communities exhibit higher taxo-

nomic stability and diversity [208]. Therefore, this area shares the basin-scale season-

ality of diatom-dominated blooms interrupted by smaller flagellate phases, but with

decreasing riverine influence and more frequent summer maxima offshore. Stratifi-

cation–mixing dynamics and the magnitude and timing of river plumes remain the

principal drivers of phenology and interannual variability in this area [208].

Microphytoplankton (diatoms and dinoflagellates) contribute significantly to spring

blooms along the Puglia coast, where winter blooms (January–February) are typically

followed by bacterial peaks (February–March), indicating strong microbial loop cou-

pling in an otherwise nutrient-poor system [281]. Urbanized and port areas such as

Brindisi show locally enhanced diatom biomass, whereas offshore waters remain low

in chlorophyll-a but display distinct winter maxima [281]. In the Ionian sector near

Taranto, community composition is highly variable and structured by phosphorus and

nitrogen availability. Larger phytoplankton such as the diatoms Chaetoceros spp., Cylin-

drotheca closterium, and Pseudo-nitzschia spp., together with the dinoflagellates Alexan-

drium spp., Ceratium furca, and Prorocentrum minimum, coexist with abundant picophy-

toplankton, particularly Synechococcus, which shows strong seasonal correlations with

temperature and nitrogen compounds [56].

Compared with the Adriatic, the Ionian and Tyrrhenian seas remain relatively under-

studied, except for specific sites such as the Gulf of Naples and nearby areas [328, 184,

45]. Consequently, information on community structure and temporal variability is still

limited.

The northern Ionian (Puglia coast) exhibits a heterogeneous community despite its rel-

atively small spatial extent [56]. Some sites display a winter–early spring bloom dom-

inated by diatoms (Pseudo-nitzschia spp., Guinardia striata, Detonula confervacea) and di-

noflagellates (Protoperidinium spp.), whereas adjacent locations lack similar patterns.

A secondary bloom in September is typically dominated by Prorocentrum minimum, a

recurrent HAB species. Similarly, [254] observed in the same region that Chaetoceros

affinis, C. curvisetus, Leptocylindrus danicus, Guinardia delicatula, and Thalassionema nitzs-

chioides prevail in winter–spring, while dinoflagellates (Prorocentrum micans, Scrippsiella

trochoidea, Tripos furca, Protoperidinium granii) and small flagellates dominate during

summer–autumn. On the eastern coast of Sicily, [83] reported that in early autumn, the

surface layer supports a dinoflagellate-rich community (Tripos furca, Scrippsiella acumi-

nata, Gonyaulax spp.), whereas the deep chlorophyll maximum (DCM) is dominated

by diatoms (Chaetoceros laciniosus, C. lauderi, Leptocylindrus danicus complex, Pseudo-

nitzschia complex, Thalassionema bacillare, Guinardia striata) and transient pulses of Pro-

rocentrum cordatum.
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Limited studies on the Tyrrhenian Sea [191] reveal a typical annual cycle characterized

by spring and autumn diatom blooms, followed by a predominance of dinoflagellates

during the warmer months. However, most available data concern lagoonal systems

rather than open coastal waters, making the verification of large-scale patterns chal-

lenging [232, 88]. Finally, studies conducted in the Sardinia region focused on lagoons

rather than open coastal waters [232, 88].

2.1.3 Structure of the chapter

The introduction depicts the complex dynamics surrounding the italian coastaline and

hints how thw phytoplankton communities are weel characterized only in the Adriatic

and in some parts of the Mediterranean. In this chapter we will address this problem

by analyzing a national-wide campaign of microscopy-based taxonomic observation of

phytoplankton, with the aim of determining the general strcuture of the phytoplankton

community, which taxa are more relevant in various sections of the italian coasts and

in which period of the year, ans finally we will try to understand to what extent the

physico-chemical drivers at disposal are sufficient at describing the overall community.

In Sec. 2.2 we describe the dataset, highlighting the limitation it possess; in Sec. 2.3 we

desribe all the statistical methods used to answer the questions mentioned above; in

Sec. 2.4 we present the results and finally in Sec. 2.5 compare our results with literature

and interprest the observed succession and the community-environment relations.

2.2 MSFD data set description

The dataset was collected within the European Marine Strategy Framework Directive

(MSFD) program [89, 96]. In Italy, sampling was conducted by the regional Agenzie

Regionali per la Protezione Ambientale (ARPAs) [137], operating independently under a

shared protocol [203]. Sampling occurred between July 2015 and December 2017. The

15 Italian coastal regions—Friuli - Venezia Giulia, Veneto, Emilia-Romagna, Marche,

Abruzzo, Molise, Puglia, Basilicata, Calabria, Campania, Lazio, Toscana, Liguria, Si-

cilia, and Sardegna—are hereafter referred to by the abbreviations in Table 2.1. A total

of 162 stations were distributed along 54 transects, each consisting of three stations po-

sitioned approximately 3, 6, and 12 nautical miles (NM) from the coast (Fig. 2.1). The

number of transects per region scaled with coastline length. Seawater was collected

with Niskin bottles; subsamples (250, 500, or 1000 mL) were fixed with acid Lugol’s

iodine [203]. Phytoplankton cells were counted using inverted light microscopy at

20×–400× magnification [302]. Taxonomic identification was performed by different
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operators across regions, potentially introducing variability in accuracy and consis-

tency. Although the protocol recommended bimonthly sampling at the surface and

at the deep chlorophyll maximum (DCM, typically 25–30 m), effort was highly hetero-

geneous across regions. For example, EMR sampled the surface in 29 of 30 months,

whereas VEN started only in 2016. BAS did not sample for a total of 17 months. In this

time window, not all stations were sampled consistently in the same month (Fig. 2.2).

Depth sampling showed similar inconsistencies: some regions sampled more depths

than yhe minimum, others only the surface. Data were downloaded from the MSFD

portal [136] and merged into a single dataset. The original records included sampling

date, station and region identifiers, phytoplankton community composition. Taxon

names were not always consistent across or within regions; therefore, all names were

matched against the World Register of Marine Species (WoRMS; tool match taxa) [320]

and corrected accordingly. WoRMS also provided complete taxonomic hierarchies.

Samples with missing spatial or temporal metadata that could not be reconstructed

were excluded. Concurrently to phytoplankton sampling, measures of physical vari-

ables and collection of water samples for the identification of chemical variables in the

laboratory, were performed. These variables included: temperature [◦C], salinity [psu],

Secchi depth [m], electrical conductivity [S/m], nitrate, nitrite, ammonia, total nitro-

gen, orthophosphate, total phosphorus, chlorophyll-a, dissolved oxygen (all [µmol/L]),

oxygen saturation [%], and pH. Temperature, salinity, dissolved oxygen, conductivity

and chlorophyll-a were obtained using a multiparameter CTD probe while the other

chemical compounds were collected with a Niskin bottle and subsequently analyzed

[203]. Each measurement carried a flag indicating whether the value was below the

limit of detection (LOD) or the limit of quantification (LOQ). Values flagged as LOQ

indicate the analyte was present but below instrumental sensitivity; LOD indicates

presence cannot be confirmed. Thresholds depended on the analyte and instrument.

For measurements flagged LOD/LOQ, the corresponding instrument sensitivity was

reported. Because sub-threshold values constituted a substantial fraction of the data,

we substituted them by drawing a random number from a uniform distribution on

[0, sensitivity]. All variables underwent quality control, and values outside acceptable

ranges were discarded.

Prior to analysis, we applied the following harmonization steps. (1) Taxa labelled sp.

were standardized to spp. and interpreted as unidentified cells at the genus level, ac-

counting for inconsistency in species-level identification among regions. (2) Only sur-

face samples were retained for the final dataset. (3) One LIG sample with extremely

high abundance (∼ 1 × 106 cells/L) relative to all other samples in the region was re-

moved. The resulting harmonized dataset comprised 2219 surface samples.
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FIGURE 2.1: Map of stations, basin extents, and administrative-region abbreviations.
Colours indicate the basin assigned to each station for statistical analyses.

2.3 Statistical analysis

We first examined spatial patterns in total cell abundance along the coast (Fig. 2.5).

Unless otherwise specified, differences in abundance were tested using ANOVA on

log-transformed data [47]. We also assessed systematic differences in taxonomic reso-

lution by computing, for each region, the average relative contribution of identification

levels to total abundance. For simplicity, all identifications above the genus level were

pooled into a “Higher category” (Fig. 2.6).

To enable fair comparisons of richness among regions, we constructed species accu-

mulation curves (SACs) using the R package iNEXT [129, 63]. SACs estimate site rich-

ness at a standardized number of individuals or samples, allowing comparisons under

unequal sampling effort. iNEXT applies a combinatorial approach for rarefaction and
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Region Abbreviation Station No. of samples

Friuli-Venezia Giulia FVG 6 90
Veneto VEN 6 70

Emilia-Romagna EMR 9 270
Marche MAR 6 126

Abruzzo ABR 6 87
Molise MOL 3 45
Puglia PUG 18 270

Basilicata BAS 3 36
Calabria CAL 18 95

Campania CAM 12 180
Lazio LAZ 12 142

Toscana TOS 12 144
Liguria LIG 12 180
Sicilia SIC 18 216

Sardegna SAR 21 269

TABLE 2.1: region-related information: name, name abbreviation, number of stations
and total number of surface samples
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FIGURE 2.2: Temporal distribution of sampling by region. Green squares: all stations
sampled in that month; yellow: only a subset of stations sampled (number indicates

the fraction); red: no samples collected.

an analytical approach for extrapolation; 95% confidence intervals were obtained by a

bootstrap method. We report hypothetical richness at a standardized effort of 50 sam-

ples.

To understand the general composition of phytoplankton communities, we calculated:

(1) Frequency distributions of the 10 most abundant taxa, classes, genera, and species;
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(2) The 10 most species-rich classes and genera. For a broader spatial perspective,

we divided Italian waters into nine basins: Northern Adriatic (NA), Central Adri-

atic (CA), Southern Adriatic (SA), Southern Mediterranean (SM), Sicily (SIC), Southern

Tyrrhenian (ST), Northern Tyrrhenian (NT), and Sardinia (SAR) 2.1. These basins were

adapted from Copernicus Marine Service sub-regions [258] and modified to avoid split-

ting coherent areas and to reflect sharp abundance changes (e.g., lower abundances in

CA relative to NA and SA).

To identify taxa characterizing basins, we used the Indicator Value (IndVal) index [94,

78], suitable for non-overlapping site groups with frequency and abundance data. For

taxon i in group k:

IndValik = Aik · Bik,

Aik =
Nik

N+k
, Bik =

Fik

F+k
,

where Aik is specificity, Bik is fidelity; Nik is the mean abundance of taxon i within group

k, N+k is the sum of mean abundances of all taxa within group k, Fik is the number of

sites in group k where taxon i occurs, and F+k is the total number of sites in group k. The

overall IndVal for a taxon is the maximum across groups. A taxon is considered char-

acteristic if its IndVal exceeds a threshold.We used the R package indicspecies [77] to

calculate IndVal and its associated p-value (extracted via a resampling procedure); the

threshold for characteristic taxa was 0.25.

Constrained ordination relates a response matrix Y (sites × community abundances)

to a matrix X of explanatory variables (sites × abiotic factors) and projects this rela-

tionship onto a low-dimensional space (generally 2) for interpretation [159]. The two

most widely used methods in community ecology are Redundancy Anlysis (RDA) and

Canonical Correspondance Analysis (CCA). Both essentially perform multiple linear

regression followed by a principal component analysis (PCA), with the most relevant

difference being that in CCA abundance data are first chi-square transformed [161].

Although RDA does not require transforming the responses, it is customary to apply a

Hellinger transformation is commonly used to improve performance [26, 195]. Gener-

ally, RDA should be used when species–environment relationships are approximately

linear, which is often the case when the observed environmental gradients are short,

while CCA when unimodal responses, which is the most likely situation if a sufficiently

long gradient is observed [159].

Spatially structured data can exhibit autocorrelation that disturbs the underline ecolog-

ical signals [292]. It is therefore necessary to take into account the spatial component

and ideally to remove its effect when performing a species-environment regression.
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Many methods are available, but one of the best suited for ordination analysis is to use

Moran’s Eigenvector Maps (MeMs), a set of vectors that can be readily used as addi-

tional explanatory variables in a model [159, 47]. MEMs are obtained by metric multi-

dimensional scaling (MDS) of a predefined spatial weighting matrix W. W is a symmetric

matrix encoding spatial connectivity: smaller values indicate stronger correlations and

zero entries indicate no correlation. We computed W as the matrix of shortest-path

geographic distances (km) on the minimum spanning tree (MST) of stations and set

as distance threshold maximum MST distance (default behaviour of dbmem in the R

package adespatial). The MST was computed using the function costDistance from the R

package gdistance which allows to account for geographical barriers emerging from the

Italian peninsula. MDS yields n − 1 eigenvectors (n being the number of spatial points)

with positive or negative eigenvalues; the general procedure, which we also employ, is

to use as covariables only eigenvectors with positive eigenvalues.

Because our interest lies in the environmental signal, we used MeMs as covariables in

a partial ordination method [159, 47]. A partial ordination method is used to remove the

effect of additional variables (called covariables) from the true response-covariate rela-

tions one is interested in. For both RDA and CCA, a partial model is constructed by

substituting the matrix X with the matrix of the residuals of the explanatory variables

over the covariables Xres|W leaving Y as it is.

Among the available variables, we selected those we deemed more relevant for the phy-

toplankton community: temperature (T), salinity, dissolved oxygen (DO), orthophos-

phate (PO4), nitrate (NO3), ammonia (NH4), pH, silicate (SiO4), and the molar ratio

NO3/PO4 (NP). T in this context is a proxy of seasonality, which play an important role

in phytoplankton community as previously mentioned; salinity is prognostic of fresh-

water input; DO is an indirect measure of photosynthesis, as oxygen is a byproduct

of this process; the inorganic nutrients are necessary for phytoplankton, and inorganic

P-based and N-based compounds are limiting factors for phytoplankton growth [239].

Since RDA/CCA perform best with normally-distributed predictors, we tested normal-

ity (Shapiro–Wilk) and applied one-parameter Box–Cox transformations (boxcox from

MASS package) when needed. A categorical factor Season was included to capture sea-

sonal effects not fully represented by T.

The best model was chosen according to how much variance was explained by envi-

ronmental factors and the seasonal component. The variance of each component (pro-

cedure called variation partioning) can be determined using the function varpart from

the vegan package. The winning model was then subject to two further refinements:

1) variance inflation factor (VIF, function vif from R package car) was used to detect

multicollinearity among predictors and the heuristic rule that variables with and VIF

greatly exceeding 10 were discarded. 2) step-wise variable selection was conducted on

environmental variables and season in both forward and backward direction to select
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the most relevant variables (ordiR2step).

We initially fitted eight models changing: (a) ordination method (RDA vs. CCA); (b)

number of genera in the response matrix (24 or 63; the sets defined by IndVal thresholds

0.50 and 0.25, respectively); and (c) whether a log transformation was applied to abun-

dances (Hellinger or chi-square transformations were subsequently applied regardless)

to reduce the effect of extreme values which might obscure the overall behaviour of the

community. Model performance was compared via variation partitioning (varpart,

vegan) among environment, space (MeMs), and season. The selected model then un-

derwent two refinements: (1) multicollinearity screening by variance inflation factors

(VIF; car), removing variables with VIF ≫ 10; (2) bidirectional stepwise selection of

environmental variables and Season (ordiR2step).

2.4 Results

2.4.1 General overview of observed taxa

We observed 767 taxa in total, most identified to species (544) or genus (195) level.

The most frequent taxa were Gymnodinium spp., Proboscia alata, Chaetoceros spp., Di-

noflagellata, and Cylindrotheca closterium, occurring in 62%, 58%, 54%, 53%, and 50%

of samples, respectively (Fig. 2.3a). The most frequent classes were Bacillariophyceae

(99%), Dinophyceae (98%), and Cryptophyceae (59%) (Fig. 2.3b). Common genera in-

cluded Chaetoceros (75%), Pseudo-nitzschia (68%), and Thalassionema (68%) (Fig. 2.3c);

frequent species included Proboscia alata (58%), Cylindrotheca closterium (50%), and Tha-

lassionema nitzschioides (47%) (Fig. 2.3d). In terms of diversity, Dinophyceae and Bacillar-

iophyceae were the most species-rich classes (251 and 210 species), far exceeding Coc-

colithophyceae (31) and several classes with seven or fewer species (Fig. 2.4a). At the

genus level, Chaetoceros was the most diverse (54 species), followed by Protoperidinium

(34) (Fig. 2.4b). Based on occurrence frequencies, taxa were classified as rare (<1%),

intermediate (1–10%), and common (>10%) [238], yielding 462 rare, 228 intermediate,

and 77 common taxa.

The relative contribution of the several identification levels (“Species”, “Genus”, “Higher

cat.” and three cases of “Unknown”) varied markedly among regions (Fig. 2.6). For ex-

ample, ABR identified on average ∼90% of abundance at the species level, whereas SIC

and SAR left >50% of abundance as “Unknown”. These differences can be imputed to

two main factors: varying capabilities in identifying common taxa or the presence of
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FIGURE 2.3: Top 10 most common taxa (a), classes (b), genera (c), and species (d). On
the x-axis the frequency of occurrence is reported.
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FIGURE 2.4: Top 10 species-rich classes (a) and genera (b). On the x-axis the number
of species is reported.

rare species in certain regions, which are harder to recognize.

Despite heterogeneity in identification depth across regions, standardized SACs (50

samples) built from species- or genus-level observations reveal clear richness differ-

ences (Fig. 2.7). FVG, EMR, and MAR were estimated to exceed 100 species, whereas

VEN was significantly lower; all four were richer than ABR and MOL (both ∼60 species).

PUG reached ∼160 species, exceeding neighbouring ABR, MOL, and BAS. CAL and

SIC would reach ∼100 species; CAM ∼78 and LAZ ∼92. TOS was the richest region

(>200 species), substantially exceeding its Tyrrhenian neighbours (CAM, LAZ, LIG).

SAR was the second richest (183 species). Notably, in ABR the very high fraction of
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species-level identifications does not translate into high richness; its estimate remains

well below TOS and SAR, suggesting genuinely lower biodiversity rather than an iden-

tification artefact. The same comparison holds for ABR, MOL, and BAS against regions

with similar or even lower fractions of species-level identification. TOS appears much

richer than LAZ, whereas no firm conclusion can be drawn for LIG given its low per-

centage of species-level identifications. A plausible contributor to between-region dif-

ferences is coastline extent: larger areas often encompass greater environmental hetero-

geneity and thus higher richness, even when sampling effort is standardized. However,

its effect is only marginal (See Fig. A.1).

2.4.2 Abundance influenced by local phenomea

Fig. 2.5 shows strong spatial structure in phytoplankton abundance. Regional differ-

ences exceeded seasonal variability (ANOVA on log-abundances: F = 884.5, p <

10−16). In NA (FVG-VEN-EMR), high abundances are consistent with eutrophic condi-

tions driven by multiple river inputs, notably the Po River, whose discharge is advected

southward along the western Adriatic by the counter-clockwise circulation [117]. This

influence is evident in the sharp southward decrease across EMR stations. Despite the

influence of northern inputs, CA exhibits low abundances. To test whether environ-

mental gradients explain this, we ran Mantel tests between region pairs using distance
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FIGURE 2.7: Estimated species richness and its 95% CI per region at a standardized
effort of 50 samples using iNEXT

matrices computed on DO, DIN, PO4, TN, TP, T, pH, and salinity. No significant cor-

relations between environmental similarity and geographic proximity were found for

MAR–MOL (p = 0.24) and ABR–MOL (p = 0.48), suggesting local environmental con-

ditions alone may not account for the patterns. By contrast, SA remains influenced

by currents originating from NA [218]. In PUG, nutrient enrichment appears to be

driven by the upward movement of LIW, particularly in the Gulf of Taranto [255, 84].

The BAS station in the Ionian Sea is also influenced by local rivers (Bradano, Basento,

Agri; see [307]) as indicated by the declining salinity moving offshore. CAL is strongly

oligotrophic, with persistently low NO3, DIN, and PO4. MAR shows different envi-

ronmental conditions yet similar abundance levels (Mantel test, p = 0.63). Enhanced

abundances in SIC might be primarily due to upwelling zones, especially along the

south-eastern coast, where cooler, nutrient-rich waters enhance biomass [224, 152, 253].

Additional forcings include local gyres, frontal systems, and the broader effects of At-

lantic inflow and Mediterranean surface currents [46, 230, 236, 202]. Although coast-

wide studies remain limited [22, 185], available evidence supports high spatial vari-

ability and locally elevated productivity [223]. In CAM, the southern transects (Salerno

and Cilento, see Fig. A.2) show abundances comparable to or lower than CAL despite

higher nutrient concentrations. However, it is not possible to draw conclusions, as most

CAL samples from the Tyrrhenian Sea were collected in 2017, a year in which abun-

dances were higher than in 2015 and 2016 (see Fig. 2.5). Indeed, CAL samples from
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earlier years show values more consistent with those observed in Salerno and Cilento.

Domizio and Napoli, the last two remaining CAM transects, show higher values, likely

reflecting proximity to the Volturno and Sarno rivers. A linear model confirms a strong

negative relationship between abundance and distance from river mouths (β = −0.076,

t = −10.04, p < 2 × 10−16); additionally, the Napoli transect lies within the Gulf of

Naples, an area of substantial anthropogenic pressure [45, 293]. In LAZ, phytoplank-

ton abundance peaks at the transect closest to the Tiber mouth, consistent with prior

observations of strong riverine nutrient supply [188]. Similarly in TOS, the influence

of the Arno is visible, with sharp offshore decreases. LIG appears to be an oligotrophic

zone, with nutrient levels comparable to CAL and low overall abundances, due to the

absence of major rivers in the region. SAR is also regarded as oligotrophic, although

available data remain scarce [31]. The northern SAR sector shows higher abundances

than central/southern sectors, without a clear link to nutrient supply, but in the strait

of Bonifacio between SAR and Corsica westerly winds create an upwelling zone which

sustains high productivity [183]

Overall, complex coastal geometry, currents, river inputs, and upwelling lead to huge

fluctuations in phytoplankton abundance that exceed seasonal variability and are not

always explained by nutrients alone.

Considering group-level composition across basins and seasons in Fig. 2.8, several pat-

terns emerge. The group that we consider here are Coccolithophyceae (COC), Crypto-

phyceae (CRY), Bacillariophyceae (DIA), Dinoflagellata (DIN), since they are the four most

frequent classes, all other classes (ELSE), and unclassified cells split by size when avail-

able (UNK, UNK < 20µm, UNK > 20µm). In NA, cold seasons (winter, autumn)

are characterized by diatom blooms, especially Skeletonema (mean: ∼ 3.3 × 106 cell-

s/L in winter/autumn vs. ∼ 2.8× 105 in spring/summer; ANOVA on log-abundances:

F = 8.04, p < 0.01)1. The slight summer increase of COC is mainly Chrysochromulina

(summer ∼ 2.9 × 105 cells/L vs. other seasons ∼ 1.8 × 105; F = 0.72, p = 0.39). In CA,

diatoms dominate year-round except in spring, when many unknown cells prevent a

determination of the dominant group. The spring decrease in DIA reflects reductions

in Skeletonema and Pseudo-nitzschia (combined spring mean ∼ 4.9 × 103 vs. ∼ 2.7 × 105

in other seasons; F = 6.94, p < 0.01) which have different dynamics. The former is

more present in winter and autumn (average: ∼ 7.6 × 105 cells/L and ∼ 2.5 × 105 cell-

s/L, respectively), while the latter is more abundant in summer and autumn (average:

1For the rest of the paragraph, we will omit to specify all reported F and p values are from ANOVA on
log-transformed abundances.
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∼ 4.2× 104 cells/L and ∼ 2.3× 104 cells/L, respectively). In SA, DIA dominates in win-

ter, while CRY and ELSE gain importance outside the cold seasons. Skeletonema dom-

inates again in winter (mean ∼ 5.0 × 105 cells/L vs. ∼ 200 in other seasons; F = 4.19,

p < 0.05), and undetermined CRY increase in spring (mean ∼ 5.9× 104 vs. ∼ 3.2× 104;

F = 7.75, p < 0.01). In SM, patterns are less clear; undetermined CRY are notable in

winter (mean ∼ 6.1 × 104 vs. ∼ 1.7 × 104; F = 9.93, p < 0.01), and DIN significantly

contributes across seasons. In SIC, DIA modestly increases in spring due to Skeletonema

(mean ∼ 1.1 × 105 vs. ∼ 1.9 × 104; F = 9.18, p < 0.01), while undetermined CRY rises

in winter; however, the zone is difficult to characterize because UNK < 20 µm made

up the majority of the abundance. In ST, diatoms consistently dominate throughout the

year as a stable group composition. In NT, DIA are reduced in summer due to lower

Chaetoceros, Pseudo-nitzschia, and Skeletonema (combined summer mean ∼ 6.4 × 103 vs.

1.2× 105; F = 27.18, p < 0.01); in particular, Skeletonema is the most abundant in Spring,

while the other two genera are more relevant in the other 3 seasons. CRY increases re-

flect sporadic Plagioselmis blooms (spring mean ∼ 1.5 × 105 vs. 2.2 × 103; F = 9.81,

p < 0.01). In LIG, DIA dominate in autumn via Asterionellopsis (mean ∼ 3.6 × 103 vs.

∼ 1.1 × 103; F = 9.09, p < 0.01), while undetermined DIN are substantially present

in summer. For SAR, no strong seasonal or taxonomic signal can be reliably inferred

except for a greater abundance of undetermined CRY and Plagioselmis in winter/spring

(mean 3.2 × 104 vs. 3.3 × 103; F = 21.70, p < 0.01).

Despite the large fraction of unclassified cells, diatoms appear to be the most abun-

dant group except in SIC and SAR where this cannot be verified. Several diatom gen-

era exhibit seasonal blooms, notably Skeletonema and Chaetoceros in colder seasons and

Pseudo-nitzschia in warmer seasons.

2.4.3 Genera characterizing Italian coasts

The IndVal indices (Fig. 2.9) first show that most characteristic genera are diatoms,

which is expected given their high frequency and typical abundance dominance. The

three Adriatic basins, together with SM, NT, and LIG, display a marked seasonal turnover—i.e.,

the characterizing genera change from one season to the next. A consistent feature

across these basins is that the genera qualifying as characteristic in spring are exclu-

sively dinoflagellates, whereas the other seasons are predominantly characterized by

diatoms; only CA is inconclusive in spring because a single genus exceeds the thresh-

old. By contrast, the remaining basins show weaker or irregular seasonal signals. In

SIC, almost all characteristic genera occur in spring, with none in summer or autumn;

this may reflect the large fraction of unclassified cells in SIC samples outside spring,
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when we previously noted a rise in diatoms in Sec. 2.4.2. ST shows only five charac-

teristic genera, likely because it aggregates stations from CAL and CAM, which have

markedly different abundance levels. SAR exhibits a less pronounced turnover, with

several genera showing similar IndVal values across seasons (e.g., Leucocryptos, Cer-

atium, Oxytoxum); also for this basins a more pronounced signal might be obscured by

large fraction of unclassified cells.

It is also interesting to look at how many basins each genus characterise in Tab. 2.2.

Thalassionema is characteristic of most basins (consistent with its being the second most

frequently observed genus; Fig. 2.3), and is absent only from ST (a poorly characterized

basin) and SAR. Next in cross-basin frequency are Ceratium and Cylindrotheca (six basins

each), followed by Leptocylindrus, Prorocentrum, and Pseudo-nitzschia (five basins), and

Gymnodinium, Proboscia, and Chaetoceros (four basins). This prominence is unsurprising

given that these genera also rank among the most frequently observed (Fig. 2.3). Sea-

sonality varies by genus and basin. Thalassionema characterizes summer in the Adriatic,

autumn in SM, spring in SIC, and winter in NT–LIG. This indicates a summer associa-

tion, while remaining prominent in adjacent seasons depending on basin. Ceratium is

consistently a spring genus, except in CA where it is autumnal, indicating a preference

for mild conditions. Cylindrotheca is winter-characteristic in SM, NT, and LIG, spring-

characteristic in SAR and SIC, and autumnal in NA, indicating an overall affinity for

colder months. Dictyocha instead is purely characterizing winter. Rhizosolenia shows no

single seasonal fingerprint across basins. Leptocylindrus is winter-characteristic in the

Adriatic but spring-characteristic in SIC, ST, and NT. Prorocentrum varies (spring in NA

and SAR, autumn in CA, and winter in SA), meaning that its species present along the

Italian coasts might have different seasonal cycles. Pseudo-nitzschia is predominantly

autumnal (NA, CA, SA, SM), but spring in SIC and winter in LIG. Gymnodinium is con-

sistently spring-characteristic in the Adriatic and NT. Proboscia peaks in summer in the

Adriatic but in winter in SIC. Chaetoceros appears in different seasons across basins (CA

autumn; SA winter; SM summer; SIC spring), consistent with its ubiquity (Fig. 2.3).
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FIGURE 2.9: Characteristic genera (statistically significant IndVal > 0.25) across sea-
sons for NA and CA. The rightmost vertical bar indicates which class each genus
belongs to: Bacillariophyceae (DIAT, light green), Coccolithophyceae (COC, dark green)
Dinophyceae (DIN, black), Cryptophyceae (CRY, light pink), or ELSE (dark pink). (Con-

tinues.)
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FIGURE 2.9: Characteristic genera (statistically significant IndVal > 0.25) across sea-
sons for NA and CA. The rightmost vertical bar indicates which class each genus
belongs to: Bacillariophyceae (DIAT, light green), Coccolithophyceae (COC, dark green)
Dinophyceae (DIN, black),Cryptophyceae (CRY, light pink), or ELSE (dark pink). (Con-
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FIGURE 2.9: Characteristic genera (statistically significant IndVal > 0.25) across sea-
sons for NA and CA. The rightmost vertical bar indicates which class each genus
belongs to: Bacillariophyceae (DIAT, light green), Coccolithophyceae (COC, dark green)
Dinophyceae (DIN, black),Cryptophyceae (CRY, light pink), or ELSE (dark pink). (Con-
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FIGURE 2.9: Characteristic genera (statistically significant IndVal > 0.25) across sea-
sons for SM, SIC, ST, NT, LIG, and SAR.TThe rightmost vertical bar indicates which
class each genus belongs to: Bacillariophyceae (DIAT, light green), Coccolithophyceae
(COC, dark green) Dinophyceae (DIN, black),Cryptophyceae (CRY, light pink), or ELSE

(dark pink). (Continues.)
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FIGURE 2.9: Characteristic genera (statistically significant IndVal > 0.25) across sea-
sons for SM, SIC, ST, NT, LIG, and SAR. The rightmost vertical bar indicates which
class each genus belongs to: Bacillariophyceae (DIAT, light green), Coccolithophyceae
(COC, dark green) Dinophyceae (DIN, black),Cryptophyceae (CRY, light pink), or ELSE

(dark pink). (Continues.)
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FIGURE 2.9: Characteristic genera (statistically significant IndVal > 0.25) across sea-
sons for SM, SIC, ST, NT, LIG, and SAR. The rightmost vertical bar indicates which
class each genus belongs to: Bacillariophyceae (DIAT, light green), Coccolithophyceae
(COC, dark green) Dinophyceae (DIN, black),Cryptophyceae (CRY, light pink), or ELSE

(dark pink). (Continues.)
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FIGURE 2.9: Characteristic genera (statistically significant IndVal > 0.25) across sea-
sons for SM, SIC, ST, NT, LIG, and SAR. The rightmost vertical bar indicates which
class each genus belongs to: Bacillariophyceae (DIAT, light green), Coccolithophyceae
(COC, dark green) Dinophyceae (DIN, black),Cryptophyceae (CRY, light pink), or ELSE

(dark pink). (Continues.)
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FIGURE 2.9: Characteristic genera (statistically significant IndVal > 0.25) across sea-
sons for SM, SIC, ST, NT, LIG, and SAR. The rightmost vertical bar indicates which
class each genus belongs to: Bacillariophyceae (DIAT, light green), Coccolithophyceae
(COC, dark green) Dinophyceae (DIN, black),Cryptophyceae (CRY, light pink), or ELSE

(dark pink).. (Continues.)
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FIGURE 2.9: Characteristic genera (statistically significant IndVal > 0.25) across sea-
sons for SM, SIC, ST, NT, LIG, and SAR. The rightmost vertical bar indicates which
class each genus belongs to: Bacillariophyceae (DIAT, light green), Coccolithophyceae
(COC, dark green) Dinophyceae (DIN, black),Cryptophyceae (CRY, light pink), or ELSE

(dark pink).

2.4.4 Dominant species in Italy across seasons

To aid interpretation of characteristic genera, we plotted for each basin and season ei-

ther the 10 characteristic genera with highest mean abundance or those cumulatively

contributing up to 95% of community abundance (Fig. 2.10). In Winter (Fig. 2.10a),

the whole Adriatic is dominated by Skeletonema and minimally by Thalassiosira in NA,

and by Leptocylindrus and Chaetoceros in SA. SM is more diverse as it includes Chaeto-

ceros, Pseudo-nitzschia, Asterionellopsis and Cylindrotheca and other genera with marginal

contributions. Same happens in SIC, though the most relevant genera are Chaetoceros,

Leucocryptos, Pseudo-nitzschia and Leptocylindrus. ST is poorly characterized and so only

two genera appear with Asterionellopsis being the most abundant. Asterionellopsis dom-

inates also in the NT, though other genera have a non-negligible contributions: Thalas-

sionema, Cylindrotheca, Leptocylindrus and Dactyliosolen. In LIG we have Pseudo-nitzschia

as dominant genera, followed by Cylindrotheca, Thalassionema and Dictyocha. Finally, in
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Genus Abbr. Frequency

Thalassionema Tham 7
Ceratium Cera 6

Cylindrotheca Cyli 6
Dictyocha Dict 6

Leptocylindrus Lept 6
Pseudo-nitzschia Pseu 6

Rhizosolenia Rhiz 6
Heterocapsa Hete 5

Lioloma Liol 5
Oxytoxum Oxyt 5

Asterionellopsis Aste 4
Chaetoceros Chae 4

Dactyliosolen Dact 4
Gymnodinium Gymn 4

Proboscia Prob 4
Prorocentrum Pror 4

Protoperidinium Prot 4
Ditylum Dity 3

Guinardia Guin 3
Lauderia Laud 3
Lessardia Less 3
Navicula Navi 3

Pleurosigma Pleu 3
Scrippsiella Scri 3
Skeletonema Skel 3
Torodinium Toro 3

Alexandrium Alex 2
Amphidinium Amph 2

Chrysochromulina Chry 2
Dinophysis Dino 2
Gyrodinium Gyro 2

Haslea Hasl 2

Genus Abbr. Frequency

Hemiaulus Hemi 2
Karenia Kare 2

Leucocryptos Leuc 2
Thalassiosira Thar 2
Amphidoma Amph 1

Anoplosolenia Anop 1
Bacteriastrum Bact 1
Cerataulina Cera 1
Commation Comm 1
Cyclotella Cycl 1

Cymbomonas Cymb 1
Diploneis Dipl 1

Diplopsalis Dipl 1
Entomoneis Ento 1
Eutreptiella Eutr 1
Gonyaulax Gony 1

Helicosphaera Heli 1
Hermesinum Herm 1
Licmophora Licm 1

Lingulodinium Ling 1
Meringosphaera Meri 1

Mesodinium Meso 1
Micracanthodinium Micr 1

Nitzschia Nitz 1
Noctiluca Noct 1

Pachysphaera Pach 1
Plagioselmis Plag 1

Protoceratium Prot 1
Pseudosolenia Pseu 1
Rhabdosphaera Rhab 1
Syracosphaera Syra 1

TABLE 2.2: Characteristic genera, abbreviation of their names, and number of basins
they are characteristic of (Frequency).

SAR Gyrodinium is the dominant genera with Cylindrotheca and Heterocapsa as two other

main contributors.

In spring (Fig. 2.10b), we observe changes in community compositions. NA remains

Skeletonema-dominated but with increased Cyclotella, Pseudo-nitzschia, Chrysochromulina.

In CA, abudances are more evenly distributed between Gymnodinium, Skeletonema, Tha-

lassiosira, Chaetoceros and Pseudo-nitzschia. Compared to winter, SA community shifts

to Heterocapsa, Gymnodinium, Thalassionema, Chaetoceros, Pseudo-nitzschia. SM remains

dominated by Chaetoceros and Pseudo-nitzschia, with Heterocapsa important. In ST we
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have a complete change as Leptocylindrus becomes the only relevant genera to the detri-

ment of Asterionellopsis. Also NT shows a different community which is now mainly

dominated by Leptocylindrus and Plagioselmis. LIG retains Pseudo-nitzschia but with no-

table contribution from Prorocentrum, Protoperidinium, Ceratium, and Heterocapsa. SAR

becomes more even: Gyrodinium and Cylindrotheca have comparable abundances and

are followed by Commation, Cymbomonas, Chrysochromulina and Pachysphaera.

In summer (Fig. 2.10c), Skeletonema nearly disappears from the Adriatic, replaced by

Pseudo-nitzschia, Thalassiosema, and Chaetoceros (plus Chrysochromulina and Cyclotella in

NA and Gymnodinium and Proboscia in SA). The southern zone remains dominated by

Pseudo-nitzschia and Chaetoceros, with the addition of Heterocapsa in SM and Leptocylin-

drus in SIC. The Tyrrhenian is dominated almost entirely by Leptocylindrus(with Aster-

ionellopsis still relevant in ST and a richer mix in NT). In LIG, characteristic species of

summer change: now Heterocapsa dominates, it is followed by Pseudo-nitzschia, which

was relevant also in the previous season, and by Navicula and Scrippsiella which instead

are characteristic of this season. In SAR we observe Chrysochromulina as the new domi-

nant genus together with Heterocapsa which gained more importance, while Gyrodinium

retains its relative contribution and Cylindrotheca losses importance.

In autumn (Fig. 2.10d), Skeletonema reappears as dominant in NA and CA, while Pseudo-

nitzschia and Chaetoceros remain important across the entire Adriatic. SM qualitatively

retains its community composition, with reduced relative contribution of Chaetoceros

and increased contribution of Dactyliosolen. Similarly, SIC remains dominated by Pseudo-

nitzschia, Chaetoceros, Leptocylindrus. In the Tyrrhenian, Leptocylindrus and Asterionellop-

sis equally contribute, and again Cylindrotheca, Gymnodinium and Thalassionema are also

present in NT. LIG community shifts to a dominance of Cylindrotheca, Thalassionema,

Pseudo-nitzschia. In SAR Gyrodinium and Chrysochromulina are still the most relevant,

with the former being now the most abundant.

From these four panels it is possible to extract general spatio-temporal patterns in the

phytoplankton comminity along Italian coast. Especially evident is the succession of

genera going from colder to warmer seasons. Skeletonema almost entirely dominates the

Adriatic during cold months and is gradually replaced by genera more acclimated to

warmer seasons such as Gymnodinium, Thalassionema and Heterocapsa; Pseudo-nitzschia

blooms in summer and persists into autumn; Chaetoceros is important year-round (es-

pecially spring–summer). In the southern zone, Chaetoceros and Pseudo-nitzschia occur

year-round with fluctuating contributions that do not exhibit a consistent seasonal pat-

tern. In the Tyrrhenian, there is a pronounced succession between Asterionellopsis dur-

ing cold-water periods and Leptocylindrus during warm-water periods. In SAR, Gymno-

dinium is present throughout the year but peaks during colder months. A repeatable

seasonal succession is observed: Gyrodinium dominates in winter, Cylindrotheca and

Commation in spring, Chrysochromulina in summer, and Gyrodinium again in autum
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FIGURE 2.10: Contribution of the most abundant characteristic genera in each basin in
Winter (a), Spring (b), Summer (c) and Autumn (d). Colours are only used for visual

aid. Abbreviation can be consulted in Tab. 2.2. (Continues on the following pages)
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(B) Characteristic genera across Italy in Spring

FIGURE 2.10: Contribution of the most abundant characteristic genera in each basin in
Winter (a), Spring (b), Summer (c) and Autumn (d). Colours are only used for visual

aid. Abbreviation can be consulted in Tab. 2.2. (Continues on the following pages)
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FIGURE 2.10: Contribution of the most abundant characteristic genera in each basin in
Winter (a), Spring (b), Summer (c) and Autumn (d). Colours are only used for visual

aid. Abbreviation can be consulted in Tab. 2.2. (Continues on the following pages)
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(D) Characteristic genera across Italy in Autumn

FIGURE 2.10: Contribution of the most abundant characteristic genera in each basin in
Winter (a), Spring (b), Summer (c) and Autumn (d). Colours are only used for visual

aid. Abbreviation can be consulted in Tab. 2.2.

2.4.5 Multivariate regression of communities over environmental variables

Variation partitioning for all models outlined in Sec. 2.3 is reported in Table 2.3. All

models explain but a small fraction of the total variance ranging from ≈ 22% in the

RDA models with 24 genera to the ∼ 25% of the CCA models with 24 genera. The ro-

bustness of the results suggests either highly nonlinear or non-unimodal species–environment

relationships not captured by RDA and CCA, or the influence of unmeasured drivers

such as iron supply [131, 132] or stratification [312]). Space (MeMs) explained the

largest fraction of variance in all models excluding CCA with 24 genera and no log-

transformation. This is consistent with strong basin-scale differences discussed above.

Environmental variables by themselves explain ≈ 3%, slightly exceeding the seasonal

component (≈ 2%). Strong interactions between environment and space (MeMs + Env)

and environment and seasonality (Env + Season) are notable. This is expected as the

extreme heterogeneity of the Italian coast influence the distribution of nutrients (e.g.,

Po river) and variables as temperature have a strong seasonal signal.
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Although the best raw performance was obtained by CCA with 24 genera and log-

transformed abundances, we selected the corresponding RDA because its triplot was

easier to interpret at the cost of only 4% less explained variance and CCA triplot and

axes have the same interpretation as RDA. After VIF screening and stepwise selec-

tion, retained predictors were T, salinity, DO, PO4, NO3, pH, SiO4, and Season. In

Fig. 2.11 we have displayed the RDA triplot with covariates (top panel) and genera

(bottom panel). Though the first two axes (RDA1 and RDA2) explain only ≈ 8% of the

total variability we can see how samples clearly separate in 4 groups based on the sea-

son. Temperature and salinity are highly correlated and point toward summer samples,

which is consistent with the increase of evaporation rate and subsequently of salinity in

summer due to the increasing heat [270]. Nutrients, DO and pH instead points toward

winter samples and are mutually positively correlated and negatively correlated with T

and salinity. More nutrients are expected in winter as the increased water mixing brings

to the surface nutrients stored in deeper layers [317] while an increase in DO can be the

result of increased productivity. Environmental loadings in Fig. 2.12 display the corre-

lation of each environmental variable with the two RDA axes. T and salinity positively

correlated with RDA1 (with T nearly collinear), while nutrients are negatively corre-

lated (with PO4 nearly collinear but opposite in sign). These relations remain valid for

RDA2, the differences being that salinity is now more collinear with it compared to T

and the correlations of all nutrients are slightly weaker. RDA1 divides warm and salty

water masses generally observed in summer from their opposite fresher and colder wa-

ter masses typical of winter; the negative correlation with nutrients might also suggest

that RDA1 follows an oligotrophic gradient. RDA2 instead divides autumn and spring

water masses; autumn water masses are saltier as a result of the strong stratification

in summer while spring waters are mixed and richer in nutrients. The positioning of

genera arrows indicates seasonal succession consistent with the IndVal analysis: winter

genera (Thalassiosira, Skeletonema, Ditylum) align with NO3 and SiO4; cold-water gen-

era (Dictyocha, Chaetoceros, Asterionellopsis) align more with PO4; autumn indicators (Li-

oloma, Leptocylindrus, Guinardia) align with higher salinity; summer genera (Proboscia,

Torodinium) point toward warmer, nutrient-poor waters; and dinoflagellates (Karenia,

Heterocapsa, Prorocentrum, Alexandrium) point toward spring waters.

2.5 Discussion and conclusion

Despite heterogeneous sampling among regions, several robust, process–based pat-

terns emerge. Total phytoplankton abundance shows a strong basin-scale structure
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model RDA CCA
No. of genera 24 63 24 63
log TRUE FALSE TRUE FALSE TRUE FALSE TRUE FALSE

Term (%)

MeMs 9.84 11.49 11.26 13.01 11.4 5.52 12.1 8.54
Env 2.74 3.39 2.24 3.05 3.72 8.37 2.84 6.08
Season 2.16 1.83 1.81 1.61 2.37 1.5 1.95 1.41
MeMs + Env 3.58 3.07 3.62 2.97 4.03 1.7 3.87 1.69
Envs + Season 3.05 2.11 2.31 1.75 4.25 6.54 2.39 3.53
MeMs + Season 0.05 0.06 0.06 0 0.13 0.1 0
Mems + Env + Season 0 0 0 0 0 1.49 0 1.64
Residuals 78.69 78.36 78.73 77.84 74.27 74.75 76.82 77.17

TABLE 2.3: Variation partitioning for all ordination models. Rows report the variance
explained by each component and their interactions; the remainder is residual.
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two RDA axes.
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that exceeds seasonal variability. This is consistent with hydrographic forcing: Po-

driven eutrophication in the northern Adriatic, local upwelling (e.g., along parts of

SIC), and mesoscale features (fronts, gyres) that locally enhance nutrient supply; in

contrast, oligotrophic sectors (CAL, LIG, much of SAR) exhibit lower abundances. The

negative abundance–distance relationships near major river mouths (Volturno, Sarno,

Tiber, Arno) support the role of nearshore nutrient injections. That said, simple chem-

istry–abundance correspondence does not always hold (e.g., EMR vs. MAR), and sta-

tion layout likely contributes: some transects deliberately face large rivers (Po, Tiber,

Arno), whereas others (e.g., in CAL) are far from persistent sources, potentially in-

flating among-region contrasts. Standardized species accumulation curves show large

differences in potential richness. TOS and SAR are the richest regions, whereas ABR,

MOL, and BAS are comparatively poor. Crucially, ABR’s high fraction of species-level

identifications does not inflate richness, arguing against a taxonomic artefact and sup-

porting genuinely lower diversity. VEN estimation yields fewer species and genera

than FVG and EMR despite the high eutrophic status of the north Adriatic and the

positioning of the station near the Venice lagoon and the Adige river; this might be

related to issues in the identification. Coastline extent and associated environmental

heterogeneity likely contribute to these contrasts [274] but cannot fully explain them

(e.g., TOS vs. PUG). However, these results should be interpreted with caution. Al-

though species accumulation curves can reduce biases arising from unequal sampling

effort, they cannot correct for differences in the taxonomic expertise of the analysts who

processed the samples. With the available data, it is impossible to determine whether

the exceptionally high richness observed in TOS, greater than in surrounding regions,

reflects a genuine ecological pattern or a methodological bias.

Constrained ordination indicates a clear seasonal organization. Although the first two

RDA axes explain a modest fraction of total variance (∼8%), samples separate cleanly

by season: T and salinity align with summer, while nutrients, DO, and pH align with

winter. Genera scores map onto this gradient: winter diatoms (Thalassiosira, Skele-

tonema, Ditylum) with NO3 and SiO4; autumn-associated (Lioloma, Leptocylindrus, Guinar-

dia) with higher salinity; summer taxa (Proboscia, Torodinium) toward warm, nutrient-

poor waters; and spring dinoflagellates toward intermediate, recharging conditions. In

variation partitioning, space (MEMs) explains the largest share (∼10–13%), with envi-

ronment and season each explaining only a few percent but with appreciable shared

fractions (Env+MeMs; Env+Season), consistent with strong hydrographic control and

the seasonal co-variation of physics and chemistry. The lack of the explanatory power

of the environmental component has several and possible causes. First, the absence of

fundamental drivers such as iron [131, 132, 210] and other metals [127, 301], of any mea-

sure of stratification, mixed-layer depth, irradiance, wind stress [312], and episodic me-

teorology (e.g., rainfall) that reorganizes communities [118, 4]; in general, coastal areas
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are characterized by site-specific phenomena and interannual variability that limit gen-

eralization [72, 58]. Secondly, issues related to the measurement and sampling strategy.

Phytoplankton respond to nanomolar nutrient dynamics at daily timescales [210, 13]

and show stochasticity [58], while the campaign consisted of monthly samples and the

instruments employed had detection level on the order of tenths of a micromole (nutri-

ents in the marine environment are difficult to measure [259] and this is confirmed by

the significant percentage of measurements below LOD/LOQ). Together, these factors

obscure part of the signal. In appendix A we briefly discuss the effect of nutrients on

the pure abundances, regardless of the community composition, and also in this case

understanding their effect is not straightforward.

We previously mentioned that in temperate costal ecosystem it is expected a diatom-

dinoflagellate-diatom succession throughout the year, entailing a turnover between r-

strategist and K-strategist species, and across the Adriatic (NA–CA–SA) this succession

is particularly clear. In winter, the community (Fig. 2.10a) is dominated by diatoms, es-

pecially Skeletonema, and to a lesser extent Thalassiosira, Chaetoceros, and Leptocylindrus.

Other genera present include Ditylum, Dictyocha, Lauderia, Prorocentrum, and Rhizosole-

nia—all typical of the season [239, 309]. In spring, dinoflagellates become prominent,

notably Gymnodinium, Heterocapsa, and Prorocentrum. In summer, the assemblage shifts

toward diatoms such as Pseudo-nitzschia, Proboscia, and Thalassionema. By autumn, di-

atoms again dominate, with a resurgence of Skeletonema in the northern and central

Adriatic. The seasonal distribution of these and the other IndVal-selected taxa is con-

sistent with prior studies in the region [59, 306, 254, 38]. In Southern Mediterranean

(SM), Chaetoceros and Pseudo-nitzschia are persistent features. Chaetoceros in particu-

lar blooms in summer but occurs year-round, in line with reports of species-specific

seasonal blooms and bimodal abundance patterns [254, 306, 328]; most of the gen-

era selected by IndVal have also been previously reported [56]. In sicily (SIC), com-

position is comparatively uniform through the year, with Chaetoceros more prevalent

in winter–spring and Pseudo-nitzschia in summer–autumn. The second-half assem-

blage mirrors patterns observed in the other basins. These observations are consis-

tent with previous work [60], although the area remains under-studied. As noted,

the Southern Tyrrhenian (ST) is poorly characterized in our dataset, with only Aster-

ionellopsis and Leptocylindrus emerging, probably as a consequence of large abundance

differences between CAL and CAM. Direct comparison with the extensive literature

for the Gulf of Naples is therefore not straightforward [328, 184, 45]. In Northern

Tyrrhenian (NT), characteristic genera indicate a shift from diatoms to dinoflagellates

over the year; the most abundant taxa are still mainly diatoms (Asterionellopsis, Cylin-

drotheca, Thalassionema), together with the cryptophyte Plagioselmis. In LIG, dinoflagel-

lates (Protoperidinium, Prorocentrum, Ceratium) prevail in spring–summer, whereas di-

atoms (Pseudo-nitzschia, Cylindrotheca, Thalassionema) dominate in winter–autumn. By
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contrast, Sardinia (SAR) does not display a clear diatom–dinoflagellate succession:

Gyrodinium is present throughout the year and dominates in winter–autumn, while

warmer months include contributors from multiple classes—a pattern unique among

basins. The results for this reagion are difficult to verify because many available stud-

ies focus on lagoons rather than open coastal waters [232, 88]. The succession diatoms-

dinoflagellates-diatoms seem to be slightly anticipated with respect to expectation. This

is due to how months are grouped into seasons: diatoms bloom between February and

April and these are split between winter and spring; analogously in June, which belong

to spring, we can have dinoflagellates bloom [20]. This however does not change the

interpretation of the results.

A possible explanation for the pronounced genera turnover is basin trophic status. In

eutrophic settings such as much of the Adriatic-where shallow bathymetry, vigorous

winter mixing, and sustained river inputs generate recurrent nutrient pulses—the re-

sulting conditions may favour rapid uptake by a few highly efficient r-strategists (e.g.,

Skeletonema. As stratification develops and nutrients decline, dominance can shift to-

ward K-strategists; the transition may be relatively abrupt compared with oligotrophic

sectors, where external pulses are weaker and variability is governed more by high-

frequency fluctuations than by strong seasonal forcing [278]. In the latter settings, com-

munities may remain compositionally more stable throughout the year, and detectable

turnover is correspondingly weaker. Consistent with this view, strong turnover is also

observed in SM, which may still be influenced by exchanges with the Adriatic and is

a semi-enclosed gulf receiving nutrients from several rivers; likewise, in NT, recurrent

inputs from the Tiber (LAZ) and Arno (TOS) may play a similar role [194]. Compa-

rable links between nutrient pulsing and turnover have been reported for freshwater

phytoplankton and zooplankton [326, 112]. SIC and SAR exhibit weaker or irregular

seasonal signals, potentially for two non-exclusive reasons. First, the high fraction of

unclassified cells likely reduces the power to detect succession. Second, both basins

are more exposed to open-ocean Mediterranean circulation (e.g., propagation of Modi-

fied Atlantic Water and Levantine Intermediate Water), which could impose mesoscale

variability not phase-locked to the seasonal cycle.

In this work we presented one of the first assessments of Italian coastal phytoplankton

communities. The Marine Strategy Framework Directive (MSFD) dataset enabled us to

examine sectors of the coastline that remain poorly studied (e.g., much of the western

coast, Sardinia) and to compare temporal dynamics across the peninsula. This proves

the value of publicly-funded monitoring programs both as tools for environmental sta-

tus assessment and as resources for addressing ecological questions. Abundance is
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strongly structured in space, reflecting multiple forcings—most prominently river in-

puts. Community richness, at both species and genus levels, also appears spatially

structured. Community composition is broadly consistent with expectations for tem-

perate coastal ecosystems: small, fast-growing diatoms dominate across much of the

year, whereas highly stratified, nutrient-depleted conditions in spring/early summer

favour slower-growing dinoflagellates. Basin-specific assemblages differ, but several

genera recur across regions (e.g., Thalassionema, Pseudo-nitzschia, Chaetoceros). The di-

atom–dinoflagellate succession is weak or absent in some sectors, plausibly reflecting

lower degrees of eutrophication and more persistent oligotrophy. A more in-depth,

quantitative estimation of the environmental drivers was constrained by the limited ex-

planatory power of the ordination models. This likely reflects missing drivers (e.g., iron

and other trace metals), a sampling design coarse compared to the rapid phytoplank-

ton dynamics, heterogeneous data availability. In general, phytoplankton communi-

ties are shaped by temperature (strongly seasonal and linked to stratification), salinity,

and macronutrient inputs (N and P). However, several features hampered finer-scale

analyses: the bimonthly sampling objective was not met consistently by all regional

agencies, precluding resolution of dynamics finer than seasonal; samples at two depths

(surface and DCM) were not collected consistently, limiting vertical comparisons; crit-

ically, there were large differences in taxonomic resolution among regions—even at

class level—making it difficult to distinguish true biogeographic contrasts from identi-

fication artefacts. Intercalibration among taxonomists and harmonized QA/QC would

substantially improve the scientific value of future campaigns.



Chapter 3

Exploring global gene expression

regulation in the diatom

Pseudo-nitzschia multistriata

Dr Maria Immacolata Ferrante contributed to supervising the work presented in this

Chapter and in Appendix B and C.

3.1 Introduction

As mentioned in Sec. 1.3, diatoms possess a two-stage life-cycle comprising a vegeta-

tive phase and sexual phase and one of the major controls of this switch is the cell size.

In this chapter we will focus on Pseudo-nitzschia multistriata and will explore its gene

expression regulation at these trwo different phases.

Pseudo-nitzschia multistriata, one of the 62 species of a cosmopolitan genus of diatoms,

has been observed in variuos coastal regions of the world and is known to be one of the

26 species to produce domoic acid [30], though never at dangerous levels [11, 220]. It

belongs to the most evolutionarily recent diatom lineage, the motile raphid pennates.

Its elongated cells bear a raphe, a longitudinal slit in the silica wall through which pro-

tein complexes are secreted, enabling a slight vertical gliding [148, 97]. There are many

interesting aspects regarding diatoms and Pseudo-nitzschia, but here we will focus on

sexual reproduction phase, described in more detail in Sec. 3.1.1.

56
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3.1.1 The sexualization phase of P. multistriata and its genetic fingerprint

A central breakthrough in the understanding of the diatom life-cycle has been the

discovery of MRP3 (Mating-type Related Plus 3) as a mating-type–determining gene

[252]. MRP3 is expressed exclusively in MT+ strains and exhibits monoallelic expres-

sion. A short, repeated DNA sequence upstream of MRP3 is consistently associated

with MT+, acting as a genetic “tag”. Artificial overexpression of MRP3 in MT– causes

sex reversal: transformed cells behave as MT+. This switch is accompanied by a co-

herent flip in other mating-type-biased genes: MT+ biased MRP1 and MRP2 are up-

regulated, whereas MT– biased MRM1 and MRM2 are downregulated. These results

establish MRP3 as a master regulator at the apex of a simple but effective regulatory

hierarchy in P. multistriata, providing the first clear genetic program for heterothal-

lism in diatoms. Within this hierarchy, MRP1 and MRP2 encode proteins predicted

to be secreted or receptor-like (consistent with roles in signaling and pheromone ex-

change), MRM1 contains a heat-shock factor–like DNA-binding domain (a candidate

transcriptional/chromatin-level regulator of the MT– state), and MRM2 encodes a leucine-

rich repeat (LRR) receptor-like protein strongly expressed during pairing and gamete

fusion [252]. Comparative transcriptomics and phylogenomics indicate that MRM2-

like proteins are widely conserved across pennate diatoms and are likely to be involed

in partner recognition [34]. This suggests a receptor-based recognition apparatus is

ancestral in pennate diatoms, whereas MRP3 appears to be a clade-specific innovation

restricted to the Pseudo-nitzschia/Fragilariopsis lineage [252, 34]. The ids for each of these

five genes (which we will refer to in the following) are listed in Tab. 3.1

Multi-omics studies show that sexualization begins with rapid, asymmetric responses

in MT+ and MT–. Early sexual stages (gametes/zygotes) appear ≈ 24 h, auxospores

by ≈ 48 − 72 h, and initial cells by ≈ 60 − 72 h [29, 13]; the SST is approximately

55 µm. Within hours from partner perception, populations undergo a G1 phase (first

phase leading to mitosis) arrest, despite nutrient-replete conditions. Only a minority

(≈ 20%) proceeds to meiosis and gametogenesis, while most cells remain quiescent for

several days and later resume growth [29, 13]. This arrest likely reflects pheromone-

driven synchronization of cell cycle before gamete release. MT– tends to initiate meio-

sis slightly earlier than MT+, consistent with sequential exchange of chemical signals.

Distinct pheromones, produced by different mechanisms, mediate this dialogue and

trigger mating type–specific responses. Together, these interactions establish a positive-

feedback loop in which MT– enhances stimulation of MT+, thereby accelerating pro-

gression toward sexualization. The cues are asymmetric: MT– secretes proteinaceous

signals, whereas MT+ releases non-protein cues [187]. MT– also shows more differ-

entially expressed genes than MT+, supporting functional asymmetry between mating
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types [29]. This asymmetry underpins a gene-response hierarchy that clarifies their dis-

tinct roles.

It was observed that numerous genes across different metabolic pathways change be-

haviour during sex [29, 13, 187]. At the population scale, sexualization entails pro-

longed growth slowdown and metabolic arrest: photosynthesis is broadly suppressed,

with down-regulation of light-harvesting complexes (LHCs) and photosystem sub-

units, while photoprotection modules such as LHCX are activated to safeguard the

cell during this delicate phase [13]. Downregulation of transporters of inorganic nu-

trients needed for growth (silicate, nitrate/nitrite, ammonium, formate transporters),

as well as diatom-specific cyclins associated with nutrient status and the cell cycle, in-

dicate a deliberate reallocation of resources [29]. Canonical meiotic toolkit genes and

cohesin-complex genes are activated, consistent with engagement of meiotic recom-

bination [29, 13]. G protein–coupled receptors are upregulated, echoing their roles in

mating-cue perception in yeast [29]. In MT– there is upregulation of Cathepsin D, whose

function is similar to those of proteins associated with pheromone responses [28]. A

substantial fraction of differentially expressed genes are diatom-, Bacillariales-, Pseudo-

nitzschia-specific or orphans, consistent with life-cycle uniqueness and species-specific

solutions to mate recognition and fusion. These analyses enabled compilation of a sex-

ually induced gene (SIG) set required at discrete stages of sexualization (see [29, 13,

187] for full lists). A similar study aimed at finding genetic fingerprints of sexualiza-

tion was conducted for C. closterium [34]. No MRP3 homolog has been identified, and

transcriptomic surveys have not revealed a comparable top-level switch, reinforcing

that MRP3 is characteristic of the Pseudo-nitzschia clade. By contrast, MRM2 appears

widely conserved across pennate diatoms, suggesting a shared origin of a receptor-

based recognition system and a key role for MRM2 in mating type identity [34]. Gene

expression analyses reveal clusters of mating type-biased and SIP-responsive genes,

many of them are evolutionarily young and taxon-specific. Notably, a block of three

MT+ specific, SIP-induced genes occurs in close genomic proximity, suggesting coor-

dinated regulation, although functions remain largely unknown. Some genes encode

putative secreted proteins and receptor-like candidates reminiscent of the MRM2-type

recognition system, but without evidence for a unifying regulatory node. The apparent

idiosyncrasy of the indetified clusters implies that size sensing and mating type speci-

fication may lack a universal master regulator across pennate diatoms.

Both P. multistriata and C. closterium exhibit pronounced mating type asymmetries—most

plausibly rooted in pheromone emission and perception—underscoring the value of

analyzing MT-specific programs. The relatively focused set of differentially expressed

genes suggests that transcriptomic differentiation between size classes and mating types

is concentrated in traits tied to size sensing and sexual dimorphism, while core metabolic

architecture remains largely conserved.



59

Gene name gene id

MRP1 24820
MRP2 122240
MRP3 20770

MRM1 (model 1) 41130
MRM1 (model 2) 85380

MRM2 6960

TABLE 3.1: Gene names and their associated gene ids for the mating-type related genes
discovered in [252].

3.1.2 RNA-seq data

Sequencing technologies determine the order of nucleotides in DNA or RNA, yield-

ing a digital representation of genetic information. Over the past two decades, high-

throughput approaches such as next-generation sequencing (NGS) and, more recently,

third-generation sequencing, have transformed biology by enabling rapid, cost-effective

decoding of genomes and transcriptomes [271]. When applied to RNA, these technolo-

gies form the basis of RNA sequencing (RNA-seq), a method that allows researchers

to detect and quantify the expression of diverse RNA populations, including messen-

ger RNA (mRNA) and non-coding RNAs. The study of RNA expression is often more

informative than genome sequence analysis when the goal is to understand an organ-

ism’s functional state: because mRNA is translated by ribosomes into proteins, RNA-

seq reveals which metabolic pathways are active under specific conditions, and tran-

script abundances are used as a proxy for protein synthesis, thereby indicating their

biological relevance at that time.

The generation of RNA-seq data begins with the extraction of total RNA or messenger

RNA (mRNA) from the organism, followed by conversion into complementary DNA

(cDNA) libraries, which are then sequenced using high-throughput sequencing plat-

forms such as Illumina, Oxford Nanopore, or PacBio. Short-read sequencing technolo-

gies (e.g., Illumina) typically produce hundreds of millions of short reads (50–250 base

pairs), whereas long-read technologies (e.g., PacBio SMRT, Nanopore) generate reads

that can span entire transcripts but at lower throughput and higher error rates, espe-

cially at the end of the sequence [86]. During library construction, adapters are ligated

to cDNA fragments and must later be removed computationally [149]. The primary

output of an RNA-seq run is a collection of nucleotide strings (raw reads). To quantify

expression, these reads are processed to produce raw counts, i.e., per-gene (or per-

feature) read summaries suitable for downstream analysis.

The pre-processing steps necessary and the specific tools used are:
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• Library quality assessment with FastQC [2] to evaluate per-base quality, GC con-

tent, adapter contamination, and sequence length distributions. This step is nec-

essary to to determine the length of the adapter sequence (at the head) and the

start of the low-accuracy portion of the sequence.

• Trimming: Low-quality bases, adapter sequences, and poor-quality tails were re-

moved using Trimmomatic [44]

• Sequence alignment: raw reads do not incorporate information about the gene

they come from. Reads were mapped to the reference genome with STAR [90].

• Estimation of expression: Gene-level counts were obtained using the function

featureCounts of the R package Rsubread [166, 165].

3.1.3 WGCNA

High-throughput technologies such as RNA-seq have shifted transcriptomic analysis

from single-gene investigations to the study of networks of co-regulated expression

[329, 221]. In a gene co-expression network (GCN), genes are represented as nodes

connected by weighted edges that reflect expression similarity across samples [268].

The central premise is that co-expressed genes often participate in the same pathways

or complexes and are controlled by common regulatory influences [329, 214]. Study-

ing expression in a network context reveals modules—coherent groups of genes with

coordinated behavior—thereby exposing emergent properties such as transcriptional

programs, global responses, or system-level organization that are not evident from

gene-by-gene analyses [221, 193]. A key advantage of co-expression analysis is its abil-

ity to generate functional hypotheses. Modules can be characterized by enrichment

analysis [287], and uncharacterized genes consistently co-expressed with functionally

annotated ones can often be assigned putative roles. This approach has been espe-

cially valuable in eukaryotic systems, where many genes lack annotation. For example,

[286] demonstrated that conserved modules across species could be used to predict

gene function, experimentally validating novel roles in cell proliferation. These find-

ings establish co-expression networks as a systems-level framework for interpreting

transcriptomes [154].

Co-expression clustering also reduces data complexity. Thousands of gene profiles

can be distilled into a small number of module-level summaries, simplifying interpre-

tation and mitigating multiple-testing issues [109, 193]. Modules often contain hub

genes—highly connected members that serve as key regulators or essential pathway

components—making them attractive candidates for further study [109]. This not only

simplifies interpretation but also mitigates the multiple-testing problem that plagues
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genome-wide studies, since one evaluates a limited number of modules instead of ev-

ery gene individually [109, 193]. Indeed, co-expression network analysis has repeat-

edly yielded novel biological insights by highlighting system-level organization, such

as revealing network-wide changes in developmental transitions, stress responses, or

disease states that are not evident from single-gene analyses [193].

Another strength of co-expression networks is their ability to suggest system-level reg-

ulatory architecture. If a set of genes forms a tight co-expression module, it often im-

plies the presence of common upstream regulators (such as a transcription factor or

epigenetic modification) coordinating that module. By integrating network data with

other information (e.g., gene annotation), one can pinpoint candidate master regulators

for a module’s activity [109]. In cancer transcriptome studies, for example, network

analyses have shown that prognostic genes tend to cluster in specific co-expression

modules rather than acting as isolated hubs, reflecting underlying regulatory programs

driving tumor phenotypes [323].

In short, co-expression networks provide a holistic view of gene regulation, helping

to connect genes into pathways and pathways into larger regulatory circuits. This ap-

proach is particularly advantageous in complex eukaryotic systems where emergent

behaviors (like differentiation or stress responses) arise from the collective action of

many genes.

Several methods have been developed to construct gene co-expression networks [263].

In this study, we employed Weighted Gene Co-expression Network Analysis (WGCNA)

[154], a widely adopted framework in systems biology. WGCNA has become a stan-

dard approach for identifying modules of highly correlated genes and relating them to

biological traits, and it has been extensively applied across diverse research domains

[108, 234, 286, 64, 315].

WGCNA has also been applied in marine plankton research, demonstrating its versa-

tility across different omic data types and biological contexts [119, 6, 327, 169, 228]. For

instance, [119] used metagenomic data from the Tara ocean global expedition to con-

struct networks encompassing eukaryotic, prokaryotic, and viral lineages, linking them

to carbon export processes and identifying the organisms most strongly associated with

this function. Similarly, [228] applied WGCNA to metabarcoding data from the same

expedition to identify modules associated with nutrient availability and phytoplank-

ton community composition, enabling inference of sub-communities responsive to spe-

cific nutrient regimes. Other studies have focused on the model diatom Phaeodactylum

tricornutum. In [6], WGCNA was applied to RNA-seq libraries to explore functional,

subcellular, and evolutionary relationships among co-expressed genes. This analysis

revealed modules underlying anabolic, photosynthetic, and respiratory metabolism, as
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well as possible candidate for transcription factors involved in the regulation of chloro-

plast and mitochondrial pathways, and genes coordinating the interactions between

these two organelles. [327] examined transcriptional responses of P. tricornutum un-

der varying light conditions, identifying modules related to fatty acid biosynthesis,

photosynthesis, and carbon fixation, along with potential transcription factors regulat-

ing these pathways. Finally, [169] identified a gene highly correlated with cell density

whose involvement in calcium ion regulation was subsequently confirmed through a

gene-knockout experiment.

The approach’s popularity stems from its combination of statistical rigor and biological

insight: WGCNA provides a comprehensive pipeline to construct, detect, and interpret

gene co-expression networks, making it a go-to method in genomics studies where

system-level interpretation is needed.

Starting from normalized count data, we build a weighted, fully connected network

where each gene is a node and edge weights are proportional to co-expression. For-

mally, the adjacency matrix is defined as:

aij =

corr(gi; gj)
β if corr(gi; gj) > 0

0 otherwise
(3.1)

where corr(gi; gj) is the sample-wise correlation between two genes and β is a posi-

tive integer that has the effect of lowering the low-level correlation and increasing the

high-level ones. The choices of which kind of correlation to use (WGCNA implements

spearman, Pearson and bi-weight mid-correlation [325]) and which value β to choose

are guided by the scale-free topology criterion for the network, which requires the de-

gree distribution P(k) to follow approximately

log P(k) ∼ γk (3.2)

where k is the network degree and γ a constant between 2 and 3. The meaning of this re-

lation is that the number of nodes with degree k decreases exponentially as k increases:

the majority of nodes possess few and weak connections, while a few nodes have a

lot of extremely strong connections. At the time of publication of WGCNA, there was

evidence that most biological networks had a scale-free topology [138, 27], however,

this has been recently questioned [276]. Still, this parameter retains its functionality of

emphasizing robust correlations. The heuristic is to select the value of β for which the

R2 obtained by fitting Eq. 3.2 reaches a plateau.

As previously mentioned, co-expression networks can be partitioned into modules,
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that is clusters of highly co-expressed genes. In general, clustering requires both a

pairwise similarity measure, which quantifies how reasonable it is to group two genes

together, and a clustering algorithm. One could use 1 − aij as similarity, but spurious

correlations and weak links may generate erroneous modules. A more robust alter-

native is the topological overlap matrix (TOM) [128, 325], in which the similarity of two

nodes increases with the number of neighbours they share (aij ̸= 0). Thus, similarity

depends not only on direct correlation but also on the broader network topology. There

is empirical evidence that TOM yields biologically meaningful modules [324, 213, 55].

Clustering is now ubiquitous in data analysis, with numerous algorithms optimized

for different problem settings [321, 264]. In this work, we adopted the default WGCNA

clustering method DynamicTreeCut in its ”hybrid” form, which has consistently pro-

vided meaningful partitions in diverse applications [154]. The hybrid procedure com-

bines hierarchical clustering with partition-around-medoids [47, 159]. For a detailed

description, see [155]; here it is sufficient to note that DynamicTreeCut also defines a

special grey module, which contains genes not assigned to any cluster—i.e., genes with

expression patterns that markedly differ from all others.

Once the modules have been identified, there is the necessity to i) identify those most

strongly associated with traits of interest (here, mating type and the state of sex compe-

tence); ii) extract within those clusters the most relevant genes, because they are opti-

mal candidates to be master regulators or transcriptional factors. WGCNA introduces

several concepts and proposes a pipeline for this purpose. The most important is the

module eigengene (Ei), defined as the first principal component of the module’s expres-

sion matrix. This eigengene represents the weighted average expression profile of the

module and can be correlated with sample traits to identify biologically relevant mod-

ules. At the gene level, gene significance (GS) quantifies the correlation between a gene

and a trait, while module memebership (MM) measures how strongly a gene correlates

with its module eigengene. Genes with both high GS and MM are typically central to

trait-associated modules and represent strong candidates for further study [128, 325].

A detailed description of these quantities can be found in Tab 3.2. Additional steps rec-

ommended in the WGCNA pipeline include: (i) hierarchical clustering of samples (we

use Ward linkage) to detect outliers, and (ii) merging of modules with highly correlated

eigengenes (here, corr(Ei, Ej) ≥ 0.75). The latter produces higher-order meta-modules.

3.2 Material and methods

The full list of RNA-seq libraries used in this work is reported in Tab. 3.3; some orig-

inate from published studies, others are unpublished. For a subset of libraries it was
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WGCNA concept
Mathematical
formulation

Description

Eigengene
Ei: first principal
component of a
module

A vector of length equal to the num-
ber of samples. Each component rep-
resents the weighted average expres-
sion of all genes in the module. Cor-
relation between an eigengene and a
trait can suggest its genes are related
to that trait.

Gene significance GSjk = corr(gj; Tk)

Samples-wise correlation of gene j
with a trait k. Other definitions ex-
ist [128], but we report only the one
used here.

Module membership MMij = corr(Ei; gj)

Correlation between a gene and its
module eigengene. High MM indi-
cates that the gene is representative
of the overall cluster behavior.

TABLE 3.2: Key WGCNA concepts used to identify trait-associated modules and pri-
oritize biologically relevant genes. gj denotes the j-th gene and Tk the k-th trait.

necessary to re-ran preprocessing steps needed for downstream analysis1, and the set

of non-default parameters used for these softwares are listed in Tab. C.1. These libraries

come from different experiments, each of which with its different purpose. From [13]

and [29], we took only the parental mono-culture controls. From [252], we used only the

wild-types cultures. The sX (X = 1. . . 14) series targeted expression differences above/-

below the SST. PTX/noPTX compared phosphorus sufficiency (control) versus depri-

vation across time points; PmT4 441 and PmT4 50 analogously contrasted nitrogen re-

pletion versus deprivation. The last column of Tab. 3.3 indicates which samples were

re-preprocessed for this study. In Tab. 3.4 shows the distribution of samples between

the two MTs and the sexualization state, which is associated to the cell size being below

or above the SST.

3.2.1 Removing unwanted variance and batch effects

Before constructing networks, it is essential to remove technical artifacts and biases [3].

Because WGCNA relies on correlations, genes with consistently low expression can

lead to spurious connections; thus, we excluded genes with zero expression in more

than 25 samples. This threshold effectively reduced the excessive zero peak in the raw

count distribution. Each sample also differs in library size (total read count), mean-

ing that apparent differences in gene expression may simply reflect sequencing depth

1Any series of statistical and computational methods to identify a biological signal
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Sample id MT Size Ref. Pre-processing Abbreviation

lv130 T2 A M Small

[13] ✓ Ann

lv130 T2 B M Small
lv130 T2 C M Small
lv193 T2 A F Small
lv193 T2 B F Small
lv193 T2 C F Small

B938 C T1 M Small

[29] ✓ Basu

B857 C T1 F Small
B856 C T1 M Small
B939 C T1 F Small
B938 C T2 M Small
B857 C T2 F Small
B856 C T2 M Small
B939 C T2 F Small

HCUH M Small
HCUN F Big
HCUO M Small
HATT F Big

CIIO1 M Small
[252] ✓ RussoCIIO2 M Small

CIIP2 F Small

TABLE 3.3: RNA-seq samples used for the study of P. multistriata, indicating mating
type (MT), cell size (small: below the SST; big: above the SST), pre-processing status
(✓: preprocessing required; ✗: raw counts available), and label with which experi-
ments will be referred as along the thesis (Abbreviation) (continues on the following

table).

[149]. Furthermore, gene-wise expression exhibits a strong mean–variance relation-

ship (generally, a linear relationship on a log-log scale), with highly expressed genes

showing greater fluctuations that can mask variation in lower-abundance genes. Both

issues were addressed using variance-stabilizing transformation (vst) from the R pack-

age DESeq2 [12, 174], which makes data approximately homoskedastic by removing

the mean-variance trend estimated with a negative binomial generalized linear model

(NBGLM), and normalize with respect to library size. A final major artifact is the

presence of batch effects, defined as “sub-groups of measurements that behave differ-

ently across conditions and are unrelated to biological variables” [157]. In this dataset,

batch effects corresponded primarily to experiment of origin. We corrected these using

ComBat from the R package sva [158], which employs an empirical Bayes framework to

adjust for batch-specific effects [141].
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Sample id MT Size Ref. To pre-process Abbreviation

s14 F Small

Unpublished ✗ Unpub

s1 F Small
s2 F Small
s3 F Small
s4 F Big
s5 F Big
s6 F Big
s7 M Big
s8 M Big
s9 M Big

s10 M Big
s11 M Big
s12 M Big
s13 M Small

PT4 1 F Small

Unpublished ✗ PO

PT4 2 F Small
PT4 3 F Small
PT6 1 F Small
PT6 2 F Small
PT6 3 F Small

noPT4 1 F Small
noPT4 2 F Small
noPT4 3 F Small

PmT4 441 1 F Small

Unpublished ✗ Nit

PmT4 441 2 F Small
PmT4 441 3 F Small
PmT4 50 1 F Small
PmT4 50 2 F Small
PmT4 50 3 F Small

TABLE 3.3: RNA-seq samples used for the study of P. multistriata, indicating mating
type (MT), cell size (Small: below the SST; Big: above the SST), and preprocessing
status (✓: pre-processing required; ✗: raw counts already available), and label with

which experiments will be referred as along the thesis (Abbreviation).

Size

Under SST Above SST

MT
M 14 6

F 32 5

TABLE 3.4: Distribution of samples between mating types (MT) and sex competence
state, which is determined by the size (SST).
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3.2.2 Additional statistical analysis for cluster association to traits

WGCNA primarily relies on correlations, which might not be the appropriate inference

method when dealing with dichotomous quantities as mating type and sexualization

state. Additionally, we are in a case of severe unbalanced classes and we lack complete

knowledge of the nutrients availability. which can have a confounding effect. For this

reason, we performed additional tests to detect meta-modules that are really associated

to our traits.

We faced strong imbalance because only 11 samples were above SST, too few to build

a stable network independently (see “WGCNA FAQ” [3]). To address this, we con-

structed three types of networks: one using all samples to study differences in both

traits (complete network), one using only sexualized cells (small network) to study dif-

ferences related to mating type, and finally a collection of network (bootstrap networks)

where we used all the 11 samples above SST and selected 10 different subsets of 11

samples below SST obtained with random resampling (bootstrap). Modules from the

10 bootstrap networks were compared using three external cluster evaluation metrics:

Adjust Rand index, variation information, V-measure [62, 197, 247], all available in the

R package clevr [182]. We retained networks that yielded unique modules or were

representative of stable partition groups. To partially overcome the problem of incom-

plete knowledge of the system we opted to use two additional statistical tests together

with the eigengene-trait correlation. The first one was to run for each cluster a PER-

MANOVA [160, 314] using Bray-Curtis distance [159], with predictors including the

trait, the experiment, and their interaction. Modules in which the trait explained the

largest and significant portion of variance were considered candidates. The second

approach is a classification-inspired test. For each module, we reduced dimensionality

with multidimensional scaling (MDS, cmdscale from package stats [233]), then clustered

samples into two groups using k-means (function kmeans from package stats [233]).

Agreement between these two groups with trait labels was assessed using classification

accuracy and its 95% CI (binomial test, function confusionMatrix from package caret

[151]). Modules with accuracy significantly above random expectation were flagged

as informative. By combining three independent approaches (eigengene–trait correla-

tion, PERMANOVA, and classification-inspired tests) we strengthened confidence in

the identification of biologically meaningful, trait-associated modules.

3.3 Results

Raw read counts displayed a strong mean–variance dependency typical of RNA-seq

data (Fig. 3.1a). Application ofvst substantially reduced this dependency, producing
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FIGURE 3.1: Effect of the application of the vst on the mean-variance relationship on
raw counts. a: mean (µ) vs variance (σ2) of raw counts on a log-log scale ; b: same

relation on counts after vst, not on log scale.

approximately homoskedastic expression distributions with the exception of few genes

(Fig. 3.1b). PCA on raw counts showed that samples clustered primarily according to

their experiment of origin, indicating the presence of batch effects related to library

preparation or sequencing run (Fig. 3.2a). Subsequent application of ComBat further

removed the influence of the experimental factor (Fig. 3.2b). Variations in these trans-

formed data should now be mainly driven by biological signals. However, in the fol-

lowing statistical analysis the experimental factor will still be considered.

3.3.1 Complete and small networks

We first describe the construction of the complete and small networks jointly, and then

present a combined analysis of their modules, for reasons detailed below.
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FIGURE 3.2: Effect of bias correction on the expression levels of RNA-seq data. a: first
two PCA components of raw counts; b: first two PCA components of counts after the

application of vst and ComBat. For legend labels refer to 3.3.

Of the 12008 annotated genes, 11925 showed non-zero expression in at least 25 samples

and were retained for the complete network. Sample clustering identified one outlier

(s13; Fig. B.1), which was removed, leaving 49 samples. For Spearman, Pearson, and

biweight midcorrelation, the scale-free topology fit (R2) plateaued for soft-threshold

powers β ∈ [10, 12], with all fits exceeding 0.9; we therefore selected biweight mid-

correlation with β = 11 as a robust choice using the smallest sufficient β (Fig. B.2).

DynamicTreeCut initially produced 27 modules (including grey), which merged into

19 meta-modules (hereafter, “modules”; Sec. 3.1.3). The results of the associations be-

tween modules and traits using the four statistics described above are summarized in

Fig. 3.3 and Fig. 3.4.

The small network was built from the subset of 38 samples below SST. Here, 11558
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genes passed the expression filter of having non-zero expression in less than 10 sam-

ples. No outliers were detected (Fig. B.3). As above, we used biweight midcorrelation

with β = 11 (Fig. B.4). DynamicTreeCut yielded 30 modules which merged into 18

meta-modules. Trait associations for the small network are reported in Fig. 3.5.

The two partitions showed extensive agreement: Fisher’s exact tests revealed statisti-

cally significant overlaps (FDR < 0.05) for many cross-network module pairs (Fig. B.5),

which is expected because the small-network samples constitute ∼77% of the complete

network. For this reason, small-network module names were remapped to the most

similar modules in the complete network (Table 3.5), and the biological interpretation

is presented jointly. Operationally, for each small-network module we identified its

counterpart in the complete network as the module with a statistically significant over-

lap and the largest number of shared genes; if two small-network modules mapped

to the same complete-network module, only the larger of the two (by gene count) was

renamed.

Complete network Small network
Module names Original names New names

green black green
black blue black
cyan brown cyan

yellow cyan yellow
lightcyan darkgreen lightcyan

brown darkorange brown
turquoise darkred turquoise
magenta darkturquoise magenta
purple green purple

grey grey grey
grey60 grey60 grey60

midnightblue lightgreen midnightblue
pink midnightblue pink

darkturquoise red darkturquoise
tan royalblue tan

greenyellow saddlebrown greenyellow
darkgreen skyblue darkgreen

blue turquoise blue

not present purple purple
darkgrey not present not present

lightyellow not present not present
orange not present not present

red not present not present

TABLE 3.5: Mapping used to rename modules in small network as the most similar
module in the complete network. First column lists names of modules of complete
network, second column lists the original module names of the small network , and
the third column lists the new names; “not present” means there is not a module with

that name in one of the two networks.
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FIGURE 3.3: Different statistics used to determine which modules of the complete net-
work can contain gene associated to MT: correlation between gene significance and
module membership, eigengene-MT correlation, PERMANOVA test, accuracy com-
puted between the MT and a partition created applying K-means to the first 28 MDS

axes.

To ascribe biological functions to modules, we compared their gene content with dif-

ferential expression signatures and curated process-level gene sets from P. multistriata

studies [29, 13]. The resulting enrichments for both networks are shown in Fig. 3.6–3.7.

In parallel, Gene Ontology (GO) over-representation analyses summarized in Fig. 3.8–3.9

were conducted to identify possible pathways associated to any module and trait.

The first thing to notice is that the four statistics were not always concordant. In partic-

ular, the GS–MM correlation appeared to be the weakest statistic, as several modules

with a significant positive GS–MM correlation did not pass the other three tests. Exam-

ples of this for the MT trait are the cyan, darkgreen, lightyellow, and yellow modules

of the complete network (Fig. 3.3), and the cyan, green, midnightblue, purple, and

turquoise modules of the small network. We can expect that the modules bearing the

strongest signal are those that pass the majority of tests. Accordingly, in the complete
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FIGURE 3.4: Different statistics used to determine which modules of the complete
network can contain gene associated to size: correlation between gene significance
and module membership, eigengene-Size correlation, PERMANOVA test, accuracy
computed between the size and a partition created applying K-means to the first 28

MDS axes.

network, the black and pink modules are the most promising candidates for containing

genes associated with MT, followed by green and turquoise (three out of four tests),

then darkgrey (two out of four), and finally cyan, darkgreen, grey, lightyellow, orange,

and yellow. For the small network, the most significant are black, greenyellow, and

pink (three out of four), followed by cyan and green (two out of four), and finally light-

cyan, midnightblue, purple, and turquoise. Regarding size, in the complete network

the strongest associations were found for greenyellow, followed by orange (three), and

finally darkgreen and red (one). From these lists, we can observe that the two networks

share several clusters related to MT, as expected given that module names were ad-

justed according to the number of genes in common. A second observation is that there

are more modules related to MT than to size; this will be further discussed in Sec. 3.4.

We next describe the modules considered most relevant, either because they show
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FIGURE 3.5: Different statistics used to determine which modules of the small network
can contain genes associated to MT: correlation between gene significance and mod-
ule membership, eigengene-MT correlation, PERMANOVA test, accuracy computed
between the MT and a partition created applying K-means to the first 26 MDS axes.

strong associations with specific traits or because they significantly overlap with genes

possessing particular GO functions or previously identified in other studies. The set

of genes highlighted in [29, 252, 13] should be interpreted with caution, as those stud-

ies analyzed gene expression under conditions that differ slightly but fundamentally

from ours. In those works, the differential gene expression analyses were designed to

identify gene regulated in cells actively engaged in the sexual phase or responding to

the presence of the opposite MT, conditions not represented in our dataset. Neverthe-

less, including these genes in our analysis provides valuable context for understanding

their expression behavior in cells not engaged in sexual reproduction and for identify-

ing other genes that are co-expressed with them under such conditions.

• Black: Exhibits one of the strongest and most consistent associations with mating

type across all networks. It is enriched in genes involved in carbon assimilation,

fatty-acid metabolism, ribosomal structure, and cofactor binding (iron, NAD, and

pyridoxal phosphate). Expression levels of genes belonging to the fatty-acid and
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FIGURE 3.6: Overlap between modules in the complete network and groups of rele-
vant genes found in published papaers about P. multistriata. (a) shows the overlap of
the modules with sets of differentially expressed genes found in Basu et al. (2017) [29]
and in Annunziata et al. (2022) [13]. (b) shows the enrichment of each module with
genes belonging to various processes that were identified in Annunziata et al. (2022).
(c) shows the enrichment of each module with genes belonging to various processes
that were identified in Basu et al. (2017). The number inside each point is the amount

of shared genes and colors indicate the range of the FDR.
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(A) Enrichment analysis using GO for black, blue, cyan and darkgreen modules.

FIGURE 3.8: Enrichment analysis of the modules in the complete network using gene
ontology (GO) information. (Continued)
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(B) Enrichment analysis using GO for darkgrey, darkturquoise, grey60 and lightcyan modules.

FIGURE 3.8: Enrichment analysis of the modules in the complete network using gene
ontology (GO) information. (Continued)

carbon assimilation process were lower in MT– than in MT+ cells, even after ac-

counting for experimental effects (Table B.1). This module shares many genes

with DEGs down-regulated during the sexual phase in [13]. These observations

indicate that the module contains genes involved in the metabolic arrest and re-

source reallocation accompanying pheromone perception, with MT– showing an

earlier and stronger down-regulation of the metabolism than MT+.

• Blue: Although not significantly correlated with either trait, this module is strongly

enriched in functions related to nucleic-acid binding, RNA helicases, polymerase

and methyltransferase activity, and metal-ion binding. Its overlap with the off-

regulated gene set from [13] suggests that it represents the global transcriptional

changes that follow mating induction.
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(C) Enrichment analysis using GO for lightyellow, midnightblue and pink modules.

FIGURE 3.8: Enrichment analysis of the modules in the complete network using gene
ontology (GO) information. (Continued)

• Cyan: Weakly correlated with MT and containing genes up-regulated in MT+

as found in [29], probably related to exposure to MT– cues. Functional enrich-

ment includes RNA and nucleotide binding, GTP-binding, methyltransferase,

and translation-initiation factors, consistent with early modulation of the transla-

tional machinery during signal perception.

• Darkgrey: Present only in the complete network and weakly correlated with MT.

Limited functional information is available: two genes belong to the “silicon”

process, and the module is enriched in phosphorelay sensor kinase activity. This

might indicate a weak or spurious signal. It is a small module, and nearly two-

thirds of its genes are unannotated.

• Darkturquoise: Although not significantly associated with any specific trait, this

module contains several meiosis-related genes from the “meiotic toolkit” and is
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(D) Enrichment analysis using GO for tan, turquoise and yellow modules.

FIGURE 3.8: Enrichment analysis of the modules in the complete network using gene
ontology (GO) information.

enriched in DNA-binding and recombination terms. This suggests that it captures

the onset of meiotic gene expression occurring in a subset of cells after gametoge-

nesis is triggered.

• Green: Related to MT but not associated with any particular group of DEGs. It

is not enriched in the complete network and only enriched in hydrolase activity

and hydrolyzing O-glycosyl compounds in the small network. It may contain

genes not previously identified, potentially associated with differences across all

cell sizes.

• Greenyellow: Appears associated with both size and MT but is not enriched in

either network, nor associated with any set of DEGs or processes. It may include

genes linked to these traits that do not respond to the onset of sexualization.
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FIGURE 3.9: Enrichment analysis of the modules in the small network using gene
ontology (GO) information. (Continued)
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(B) Enrichment analysis using GO for cyan, darkgreen and darkturquoise modules.

FIGURE 3.9: Enrichment analysis of the modules in the small network using gene
ontology (GO) information. (Continued)
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(C) Enrichment analysis using GO for green, grey60 and lightcyan modules.

FIGURE 3.9: Enrichment analysis of the modules in the small network using gene
ontology (GO) information. (Continued)

• Midnightblue: Not associated with any trait but enriched in chlorophyll-binding

genes. It shows strong overlap with the LHCs process and with genes from [13].

It likely contains genes activated below the SST, several of which are related to

photosynthesis. Because cells in these samples were not sensing pheromones,

these genes that are down-regulated during the perception of opposite MTs do

not exhibit any significant association with MT in this context.

• Orange: Associated with size but shows no overlap with any process or enrich-

ment in GO terms. The PERMANOVA test (B.2) indicates that most of the vari-

ation (∼ 78%) is explained by experimental effects. Indeed, most genes in this

module show the lowest expression levels across the s1–s14 samples: the associ-

ation with size, although present, might be an artifact.
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(D) Enrichment analysis using GO for midnightblue and purple modules.

FIGURE 3.9: Enrichment analysis of the modules in the small network using gene
ontology (GO) information.

• Pink: Significantly correlates with MT in both the complete and small networks

and is enriched for oxidoreductase and calcium-ion binding activities. It shows

no significant overlap with sets of DEGs. As this module is strongly associated

with MT in both networks but not with size, it may contain genes that behave

differently between MTs below the SST but were not previously identified.

• Turquoise: Associated with MT in the complete but not in the small network.

It is not associated with any set of DEGs and is slightly enriched in phospho-

rus–oxygen lyase activity. These genes may exhibit differences between MTs

across the entire size spectrum and are more highly expressed in MT– above the

SST.
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3.3.2 bootstrap

Because the number of large-cell (i.e., above-SST) samples was limited, the statisti-

cal power to detect modules associated with cell size was expected to be low. To

evaluate the robustness of the inferred co-expression structure under varying sample

compositions, we constructed ten bootstrap networks by resampling subsets of below-

SST samples (n = 11 per subset) together with all above-SST samples. Each resam-

pled dataset was analyzed independently using the same WGCNA pipeline described

above. Due to the smaller sample size, achieving a scale-free topology fit (R2 > 0.9)

would have required excessively sparse networks; therefore, we adopted a relaxed

criterion of R2 ∼ 0.8 with soft-thresholding powers β between 9 and 12. Despite

this adjustment, all networks exhibited well-defined modular structures, confirming

that co-expression patterns are largely consistent across resampled datasets. To quan-

tify the similarity among module partitions, three independent clustering comparison

metrics—the Adjusted Rand Index (ARI), the Variation of Information (VI), and the

V-measure—were calculated for all pairs of networks. The rationale was to identify

robust clusters and to select a representative network for each cluster. Hierarchical

clustering based on these similarity measures grouped the ten bootstrap networks into

four major classes (Fig. 3.10). These four groups showed rather consistent patterns:

networks 1 and 6 were always clustered together, network 4 consistently formed a

separate branch, while networks 10 and 5, and 2, 8, and 7, displayed high mutual

similarity (Fig. 3.10). Based on the ARI and V-measure results, we adopted the fol-

lowing partition: {8, 2, 7}, {1, 6}, {10, 3, 5}, and {4}. One representative network

was selected from each class, prioritizing those with the smallest number of modules

to facilitate interpretation: network 2 (19 modules), network 6 (21 modules), network

3 (19 modules), and network 4 (21 modules). Across all four representative networks,

no clear module could be associated with the size trait. For this reason, we did not

perform a renaming of module colors in these networks. Across these representative

networks, the black module was consistently recovered and retained its characteristic

enrichment in structural ribosomal proteins, NAD-binding enzymes, and pyridoxal-

phosphate–dependent oxidoreductases (Figs. 3.11 to 3.14). This module repeatedly

showed association with mating type and displayed strong overlap with the black

module identified in both the complete and small networks. As observed previously,

these bootstrap networks also yielded more modules related to MT than to size. In the

following, we describe in detail networks 2 and 3, as additional discussion of networks

4 and 6 would not provide further insights into MT or size. We focus here primarily

on the size trait, since associations with MT have already been extensively examined in

previous analyses.
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Regarding network 2 we have:

• Darkorange: Associated with MT. It contains genes down-regulated in MT– as

reported in [29] (Fig. 3.15). No GO term enrichment was detected. These genes

are likely related to pheromone sensing in MT–.

• Darkred: The eigengene correlates with size and is enriched in chlorophyll-binding

genes. As observed previously, these genes may be involved in the down-regulation

of photosynthesis. The PERMANOVA test (B.4) indicates that the experimental

factor explains approximately ∼ 46% of the variance, while size explains about

∼13%, suggesting that the size-related signal is likely genuine.

• Lightcyan: Correlated with MT, which explains ∼31% of the variance (Fig. 3.11).

The module overlaps with DEGs from [13] but is not enriched for any GO process.

It may represent a candidate set for pheromone-related genes.

• Royalblue: PERMANOVA indicates that its genes are associated with both size

and MT, with the latter explaining a larger portion of variance (Figs. 3.11 and 3.12).

The module shows no enrichment for known processes. Its genes might be linked

to metabolic changes occurring after cells pass the SST, as well as to pheromone

sensing.

For network 3, only the module bisque4 is noteworthy. It is associated with both

MT and size, with the former explaining a larger proportion of variance (Figs. 3.13

and 3.14). Although not enriched in any GO process or overlapping with known DEG

sets, this module contains several genes related to chlorophyll binding.

3.3.3 Expression of MT-related genes

In Sec. 3.1.1, we discussed five genes involved in the genetic program underlying het-

erothallism in P. multistriata. Figure 3.19 presents their normalized expression levels

and the modules to which they belong in each of the four network configurations ana-

lyzed.

In the complete network, all five mating-type-related genes (MRP1, MRP2, MRP3,

MRM1 (both models), and MRM2) passed the initial filtering and were included in

the network analyses. In the small network, MRP3 was excluded, consistent with its

strong upregulation in MT+ samples below SST, where most of the samples correspond

to MT-. Of the two MRM1 models, only one (id 41130) remained, while the other (id

8538) was removed. In contrast, in bootstrap networks 2 and 3, both MRM1 models

and MRP3 were excluded.
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network 2 can contain gene associated to MT: correlation between gene significance
and module membership, eigengene-MT correlation, greatest amount of variance ex-
plained by MT in a PERMANOVA test, accuracy computed between the MT and a

partition created applying Kmeans to the first 11 MDS axes.
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FIGURE 3.12: Different statistics used to determine which modules of the bootstrap
network 2 can contain gene associated to size: correlation between gene significance
and module membership, eigengene-MT correlation, greatest amount of variance ex-
plained by size in a PERMANOVA test, accuracy computed between the size and a

partition created applying Kmeans to the first 11 MDS axes.

Regarding expression patterns, MRP3 displayed distinctly higher expression in MT+

samples below SST and was almost always at its lowest levels in MT- samples. MRP1

and MRP2 showed more uniform expression across conditions, although their high-

est levels were also observed in MT+ samples below SST, in agreement with previous

findings [252]. Both MRM1 models exhibited generally low expression, with localized

increases in a small subset of samples. MRM2 also showed very low expression over-

all, peaking in a few samples where MRM1 had also non-minimum expression; notably,

the inverse was not observed (samples from lv193 T2 B downward to B939 C T1).

Module assignment varied across networks. In the complete network, MRP1 and MRP2

were placed in the grey module, which typically contains genes that do not strongly

correlate with other genes. Given their relatively uniform expression profiles, this as-

signment is reasonable and may suggest that heterothallism operates independently

of the primary metabolic pathways represented in the other modules. MRM2 was as-

signed to the orange module, which we previously noted may be associated with cell
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FIGURE 3.13: Different statistics used to determine which modules of the bootstrap
network 3 can contain gene associated to MT: correlation between gene significance
and module membership, eigengene-MT correlation, greatest amount of variance ex-
plained by MT in a PERMANOVA test, accuracy computed between the MT and a

partition created applying Kmeans to the first 10 MDS axes.

size or possibly affected by batch effects. MRM1 and MRP3, in contrast, were part of

the greenyellow module, which is linked to MT; however, their expression profiles di-

verged except under PTX/noPTX conditions. In the small network, MRP2 and MRM1

were again assigned to the grey module, though in this case the inclusion of MRM1 is

less easily explained. MRM2 was assigned to the turquoise module, which showed no

strong association with MT, while MRP1 belonged to the midnightblue module, which

displayed a weak correlation with MT. In both bootstrap networks, MRP1 and MRM2

were assigned to the brown module, which was mildly correlated with MT in network

3. Finally, MRP2 belonged to the lightcyan and antiquewhite4 modules, respectively in

bootstrap network 2 and 3, and both module correlate to MT.



89

−0.53***
0.67***

−0.41***
0.13***
0.17***

−0.44***
−0.04

−0.6***
0.33***

−0.43***
0.04
0.01

−0.31***
−0.05

−0.5***
−0.15
−0.04
0.01

−0.25***

antiquewhite4

bisque4

black

brown

brown4

coral1

coral2

cyan

darkgrey

darkorange2

darkred

darkseagreen4

floralwhite

grey

grey60

lightcyan1

lightyellow

maroon

skyblue3

Correlation

M
od

ul
e

GS−MM
correlation

0.27
0.44*
−0.31
0.06

−0.03
−0.31
−0.03
0.35
0.11
0.28
0.16
−0.2

−0.09
0.03

−0.39
0.16

−0.03
−0.06
0.19

Correlation

Eigengene−Trait 
correlation

Correlation

−1.0 −0.5 0.0 0.5 1.0

0.07*

R2

Is Size significant?
FALSE TRUE

PERMANOVA 
 test

0.3 0.4 0.5 0.6 0.7 0.8
Accuracy

Accuracy of
MDS + kmeans

Association of modules to Size trait − bootstrap network 3

FIGURE 3.14: Different statistics used to determine which modules of the bootstrap
network 3 can contain gene associated to size: correlation between gene significance
and module membership, eigengene-MT correlation, greatest amount of variance ex-
plained by size in a PERMANOVA test, accuracy computed between the size and a

partition created applying Kmeans to the first 10 MDS axes.

3.4 Discussion

The work presented in this thesis provides a system-level perspective on gene co-

expression in Pseudo-nitzschia multistriata, focusing on the molecular programs that

define mating-type identity and regulate the transition across the sexualization size

threshold (SST). Previous studies have demonstrated that this diatom undergoes a pro-

found metabolic reprogramming in preparation for sexual reproduction: nutrient up-

take and photosynthetic activity are attenuated, pheromone production and perception

are activated, and transcriptional profiles shift toward processes required for gameto-

genesis and zygote formation. On this basis, one expects marked transcriptional dif-

ferences between small and large cells, reflecting their distinct physiological states, and

between the two mating types (MTs) below the SST, as each experiences sexualization

differently. Yet, because P. multistriata is unicellular and both MTs are morphologically
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FIGURE 3.17: Enrichment analysis of the modules in the bootstrap network 2 using
gene ontology (GO) information. (Continues on the following pages)

similar, differences during the vegetative phase are expected to be minimal. By apply-

ing weighted gene co-expression network analysis (WGCNA), we reconstructed mod-

ules of co-regulated genes and revealed an underlying architecture of transcriptional

regulation that captures both conserved and asymmetric aspects of the diatom life cy-

cle. The analysis highlights a pronounced asymmetry between MTs, a comparatively

weaker signature of cell-size–dependent regulation, and the emergence of functionally

distinct gene clusters that are broadly consistent with previous transcriptomic and ex-

perimental evidence.
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FIGURE 3.17: Enrichment analysis of the modules in the bootstrap network 2 using
gene ontology (GO) information.

3.4.1 General considerations on WGCNA and dataset characteristics

One of the major advantages of co-expression network analysis is its ability to inte-

grate data from multiple independent experiments. This strategy, successfully applied

in other model diatoms such as Phaeodactylum tricornutum [50] and in metagenomic

studies [119], allows the extraction of biological signals beyond specific experimental

conditions. In the present case, this approach enabled us to leverage a diverse col-

lection of RNA-seq datasets, each capturing a different aspect of the P. multistriata life

cycle. However, the heterogeneity of experimental designs also introduces biases that

can obscure true biological patterns. To minimize these effects, we employed a combi-

nation of variance-stabilizing transformation (vst)—which corrects for mean–variance
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(A) Enrichment analysis using GO for bisque4, black, brown, cyan and darkorange2 modules.

FIGURE 3.18: Enrichment analysis of the modules in the small network using gene
ontology (GO) information. (Continues on the following pages)

dependencies in RNA-seq data—and the Combat linear model, which effectively miti-

gates batch effects. Principal component analyses confirmed that these corrections sub-

stantially reduced inter-experimental variability, although subtle experiment-specific

signals persisted. These likely reflect the fact that certain subsets of genes, rather than

the whole transcriptome, are sensitive to specific experimental contexts.

A second challenge was the uneven representation of samples across life cycle stages:

most libraries corresponded to below-SST cells, limiting the ability to detect transcrip-

tional changes associated with the onset of sexualization. To circumvent this, we con-

structed several networks using distinct subsets of samples to disentangle overlapping

sources of variation. Two main networks were produced—the “complete” network,

including all samples, and the “small” network, restricted to below-SST cells. A third,

above-SST network could not be built due to the low number of available replicates,
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(B) Enrichment analysis using GO for darkred, darkseagreen4, grey and skyblue3 modules.

FIGURE 3.18: Enrichment analysis of the modules in the small network using gene
ontology (GO) information.

since correlation-based methods such as WGCNA require a relatively large number

of samples (typically > 20) to achieve statistical robustness. This limitation illustrates

a general constraint when applying network-based methods to RNA-seq data, which

are often designed with few replicates for differential expression studies of single gene

rather than systems-level inference. To enhance the detection of size-dependent pat-

terns, we adopted a bootstrap-inspired strategy: ten additional networks were gener-

ated by pairing all above-SST samples with different subsets of below-SST samples.

Comparing these bootstrap networks allowed us to evaluate the stability and repro-

ducibility of module–trait associations. The combination of the complete, small, and

bootstrap networks thus should provide complementary insights, ensuring that the

signals detected are not artifacts of specific sample configurations. Inevitably, since all

networks derive from overlapping datasets, some redundancy remains, but the con-

sistency of recurrent modules across independent subsamples should support their
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biological significance. To reinforce the reliability of module–trait relationships, we

complemented standard WGCNA correlations with additional statistical frameworks.

The two canonical WGCNA metrics—the correlation between gene significance and

module membership, and between module eigengenes and external traits—were ac-

companied by a PERMANOVA test, capable of quantifying the influence of multiple

covariates on gene expression variance, and an accuracy assessment of a k-means clus-

tering applyed on multidimensional scaling projections. Although full concordance

among all four tests was not always achieved, agreement across at least two indepen-

dent methods was considered a stringent and reliable criterion for module selection. A

further source of uncertainty stems from class imbalance and expression filtering. Rele-

vant lowly expressed genes may have been excluded, as exemplified by the omission of

the MT+ markers MRP1 and MRP2 in the small network, which precluded insights into

their co-expression partners. Similarly, the low number of large-cell samples reduced

the statistical power to detect SST-related modules, while the lack of time-resolved

sampling prevented the reconstruction of transcriptional dynamics during sexualiza-

tion. More broadly, this work underscored the interpretative limitations of unsuper-

vised clustering approaches such as WGCNA. The method efficiently groups genes

based on expression similarity but does not inherently guarantee biological relevance.

Thus, extensive contextual information—metadata, physiological measurements, and

functional annotations—is essential to interpret clusters in a biologically meaningful

way. In our study, while the main objective was to delineate genes associated with MT

identity and sexual competence rather than to provide an exhaustive transcriptomic at-

las, additional environmental or physiological metadata as nutrient availability could

have refined the interpretation of some modules. Moreover, the high proportion of un-

characterized genes in diatom genomes remains a general obstacle to deep functional

annotation. Despite these challenges, WGCNA proved to be an effective exploratory

framework, guiding the identification of gene sets and pathways most promising for

subsequent targeted analyses—an essential step when dealing with high-dimensional

omics data.

3.4.2 Mating-Type Asymmetry

Across all network variants, a consistent pattern emerged: several modules were ro-

bustly associated with MT, whereas only a few correlated with cell size. This imbalance

is somewhat unexpected, as the transition through the SST marks a major metabolic

and physiological shift. The predominance of MT-related modules could, in principle,

result from sampling bias, since the complete network largely comprises below-SST
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samples, where mating-type differences are inherently stronger. However, this expla-

nation does not fully apply to the bootstrap networks, in which the two size classes

were balanced. It should be noted, though, that the same above-SST samples were

used across all bootstrap iterations, meaning that any bias present in those data would

persist throughout the analysis. The clearest transcriptional asymmetries in P. multis-

triata are known to occur during partner sensing and early sexualization—stages pri-

marily represented by small cells in our dataset. These cells, although not yet actively

engaged in sexual reproduction, may already display MT-specific transcriptional differ-

ences. Each MT fulfills distinct yet complementary roles in gametogenesis—emitting,

perceiving, and responding to pheromonal cues. The persistence of MT-specific mod-

ules in networks not dominated by small-cell samples suggests that transcriptional di-

vergence between MTs might extend beyond the canonical MRP and MRM genes, po-

tentially continuing into the vegetative phase.

Among the identified modules, the black module in both the small and complete net-

works exhibited the strongest and most consistent association with MT. Its biological

relevance is underscored by a significant overlap with MT-related modules from the

bootstrap networks and by enrichment in metabolic and ribosomal functions. Notably,

many of its genes coincide with differentially expressed genes reported in [29, 13], par-

ticularly those involved in the downregulation of anabolic processes in MT– cells. This

aligns with the observation that MT– undergoes metabolic arrest earlier than MT+,

suggesting a more rapid shift toward gametogenesis. Other modules, such as pink

and green, also correlated with MT but lacked clear enrichment in known gene sets.

These may represent uncharacterized branches of the MT regulatory network, poten-

tially acting downstream of the master regulators MRP3 and MRM1/MRM2. Their en-

richment in oxidoreductase activity and calcium-ion binding suggests a connection to

redox and ionic signaling pathways. In the benthic diatom Seminavis robusta, NADPH

oxidase (NOX)—a key enzyme mediating oxygen reduction—was found to be more

active in MT+ cells following exposure to the sex-inducing pheromone, and its activ-

ity appears to be calcium-regulated [42]. Comparable interactions between calcium

fluxes and redox signaling have been documented during reproductive processes in

other algal groups [288, 48] and in other eukaryotes [139, 156]. Together, these obser-

vations support the hypothesis that redox and calcium signaling constitute conserved

components of gametogenic control in diatoms. The cyan module contains genes that

are down-regulated in MT+ relative to control cells [29], suggesting a link to processes

specific to MT+ during sexualization, potentially in pheromone biosynthesis or signal-

ing. Conversely, the blue module, which shows no strong association with either MT

or size, encompasses genes unresponsive under standard conditions but enriched in

regulated genes during sexual activation [13]. Its content of DNA- and RNA-binding

proteins, including helicases, mirrors transcriptional features observed in below-SST
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cells of both MTs in Cylindrotheca closterium, suggesting conserved regulatory strategies

across pennate diatoms.

3.4.3 Modules related to meiosis and cell-size–dependent regulation

In contrast to the strong MT signatures, size-dependent regulation was comparatively

weak. Only a few modules—most notably greenyellow and orange—showed a corre-

lation with the SST. Both lacked strong functional enrichment, and the orange module

was influenced by experimental artifacts. The greenyellow module also displayed a

correlation with MT, indicating that it may include genes jointly regulated by sexual

maturity and mating type. The scarcity of clearly size-related modules is surprising

given the extensive physiological changes that are expected to occur at the onset of

sexual reproduction. THowever, this outcome may result from both the limited num-

ber of above-SST samples and the inherent asynchrony of cell populations around the

SST, where only a fraction of individuals are truly sexually competent [29]. The dark-

turquoise module, though not directly correlated with size, was enriched in canonical

meiotic genes, including several of the conserved “meiotic toolkit” components identi-

fied in earlier studies. The co-expression of these genes with uncharacterized, diatom-

specific genes points to novel components possibly linked to meiosis.

3.4.4 Consistency and robustness of the inferred co-expression structure

The bootstrap networks confirmed the stability and reproducibility of the main net-

work features. A module enriched in ribosomal and NAD-binding enzymes was con-

sistently detected across all bootstrap iterations, maintaining its strong association with

MT. Additional modules—such as darkred and royalblue in bootstrap network 2 and

bisque4 in bootstrap network 3—emerged as promising candidates for future explo-

ration, particularly in the context of transitions across the SST. The absence of clearly

size-associated modules across bootstrap analyses might suggest that transcriptional

variation linked to cell size is modest relative to the robust MT-specific signature. Nonethe-

less, the repeated use of identical above-SST samples may have limited sensitivity to

detect such effects.

3.4.5 Behavoiur of MT-related gene

The five genes previously identified as components of the mating-type regulatory pro-

gram (MRP1, MRP2, MRP3, MRM1, and MRM2) display distinct expression patterns
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and network associations. Among them, MRP3 shows the most pronounced and spe-

cific expression profile, being strongly upregulated in MT+ samples below SST and al-

most completely repressed in MT- samples. Its consistent exclusion from several boot-

strap networks likely reflects its highly condition-specific expression, emphasizing its

role as a tightly regulated determinant rather than a broadly co-expressed gene.

MRP1 and MRP2, by contrast, exhibit more uniform expression across conditions, with

only modest increases in MT+ below SST. Their assignment to the grey module in the

full network suggests that they are not tightly co-regulated with other gene clusters,

reinforcing the idea that they may function independently or in pathways peripheral

to the major co-expression structures. This observation further supports the hypothesis

that certain components of the heterothallism program operate in specialized contexts,

separate from the primary metabolic processes.

MRM1 and MRM2 present overall low expression levels, with peaks restricted to a

small subset of samples. The co-occurrence of their expression peaks might indicate a

degree of functional linkage or shared regulation, which could be linked to the sexual-

ization process, since MRM2 is a candidate for being a protein involved in the recep-

tor/adhesion of pheromones [252].

3.4.6 Conclusion and Future prospects

Taken together, these findings highlight that transcriptional regulation in P. multistriata

is strongly shaped by mating-type identity, with metabolic and signaling asymmetries

persisting beyond the immediate sexual phase. In contrast, size-dependent transitions

appear to involve fewer and more transient transcriptional adjustments. This reinforces

the concept that diatom life-cycle progression is governed by a tight interplay between

mating-type–specific regulatory programs and conditional responses to size. The mod-

ular framework revealed by WGCNA provides a foundation for identifying candidate

regulators, elucidating functional networks, and ultimately linking molecular mecha-

nisms to ecological outcomes in this and related species. Looking ahead, expanding

both the diversity and number of available transcriptomes will allow the construction

of more balanced and statistically robust co-expression networks. As discussed, the

limited representation of above-SST samples likely introduced biases, and increasing

their number would help mitigate spurious correlations. At the time of writing, a new

set of libraries from above-SST cells has been produced, which will likely enable the

construction of a network comprising exclusively vegetative-stage samples. In paral-

lel, generating networks from cells actively engaged in sexual reproduction, specifically

after pheromone perception and pairing, would be particularly valuable to capture the
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transcriptional signatures directly associated with mating competence and gamete dif-

ferentiation. The emergence of these needs underscores another important contribu-

tion of broad-scale exploratory studies such as this one: they can inform the design of

future experiments aimed at investigating aspects of the system that were not previ-

ously considered or prioritized. By revealing unexpected patterns and gaps in current

knowledge, such analyses serve as a foundation for more targeted, hypothesis-driven

research. The relatively weak signal observed for size-related regulation may also re-

flect that not all cells were not actively undergoing sexualization. Subjecting them to

controlled stress or mating-inducing conditions could elicit stronger, more informa-

tive transcriptional responses. Another limitation concerns the availability of external

annotation resources to complement unsupervised clustering analyses. Progress in this

area will benefit from integrating pathway-based annotation systems. The Kyoto Ency-

clopedia of Genes and Genomes (KEGG) provides a curated framework that organizes

genes into metabolic and signaling pathways based on biochemical knowledge [142,

143]. This resource can complement GO enrichment analyses by offering mechanistic

insights into how co-expressed genes interact within defined biochemical routes. Com-

bining KEGG and GO data will improve the functional characterization of modules

and facilitate the identification of key regulatory nodes within complex gene networks.

A promising methodological extension would be the implementation of differential co-

expression analysis (DCA). Unlike traditional differential expression approaches that

focus on changes in transcript abundance of individual genes, DCA examines how

the correlation structure between genes varies across conditions [263]. It thus captures

rewiring of gene–gene relationships rather than absolute expression shifts, uncover-

ing subtle changes in the regulatory architecture. By comparing network topology be-

tween conditions, DCA can pinpoint modules or specific gene pairs whose connectiv-

ity changes during the life cycle—highlighting transient regulatory events that may not

involve strong fold changes yet play crucial roles in coordinating developmental transi-

tions. Applied to P. multistriata, DCA could reveal key regulatory switches and provide

a dynamic view of how transcriptional interactions are reorganized as cells move from

vegetative growth to sexual reproduction.



Chapter 4

Conclusions and Outlook

This thesis adopted a data-driven perspective to understand patterns and mechanisms

operating at complementary levels of biological organization in the ocean. The first part

of the work addressed large-scale ecological questions through the analysis of field ob-

servations obtained via microscopy-based monitoring of coastal phytoplankton. The

second part explored molecular mechanisms in the pennate diatom Pseudo-nitzschia

multistriata, dissecting the gene expression programs that regulate sexual competence

and mating type identity. Although these two case studies operate across distinct spa-

tial and biological scales, they are unified by a common quantitative and data-science

approach, collectively advancing our understanding of marine phytoplankton ecology

and physiology.

In Chap. 2, we analyzed a large, heterogeneous dataset of coastal phytoplankton ob-

servations collected along the Italian coastline under the Marine Strategy Framework

Directive. Through descriptive and statistical modeling approaches, which included

ordination techniques in the form of constrained analyses, we disentangled the spatial

and seasonal structuring of phytoplankton communities across basins characterized

by contrasting hydrographic regimes. Despite variability in sampling design and tax-

onomic resolution, the analyses revealed consistent large-scale patterns: community

composition and abundance were primarily structured by spatial gradients linked to

hydrography, riverine nutrient inputs, and circulation features, with regional contrasts

overriding seasonal variability. Richness estimates and indicator value (IndVal) analy-

ses identified basin-specific assemblages, while constrained ordinations indicated that

spatial effects and unmeasured drivers outweighed direct environmental control. To-

gether, these results demonstrate how data harmonization, dimensionality reduction,

102
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and multivariate modeling can extract robust ecological signals from complex monitor-

ing data, supporting a quantitative assessment of biogeographic and temporal dynam-

ics at the national scale.

In Chap. 3, we employed a systems-biology framework integrating multiple RNA-seq

datasets and constructing weighted gene co-expression networks (WGCNA) for P. mul-

tistriata. After variance stabilization, batch correction, and bootstrap-based network in-

ference, we identified stable gene modules associated with mating type (MT) and with

sexual competence triggered by passing the sexualization size threshold (SST). Mod-

ules correlated with MT were enriched in translational, oxidoreductive, and calcium-

signaling processes, while canonical meiotic genes formed coherent subnetworks, sug-

gesting a conserved regulatory backbone for sexualization. The analysis confirmed

known asymmetries in canonical mating type genes (MRP1–3, MRM1–2) and high-

lighted new candidate regulators potentially involved in the sexual phase. These find-

ings provide a first quantitative view of the regulatory architecture underlying mating-

type identity and sexual competence in a pennate diatom.

4.1 Novelty and contribution of this thesis

The work presented in Chap. 2 constitutes the first large-scale, quantitative characteri-

zation of phytoplankton communities along the entire Italian coastline. By integrating

and harmonizing microscopy-based data from over 2,000 samples collected across 162

stations and 54 transects, the study generated a unified assessment of community com-

position and abundance. This synthesis revealed both recurrent biogeographic patterns

and basin-specific peculiarities that were previously inaccessible through regional stud-

ies. In particular, the identification of characteristic taxa and basin-specific indicator

genera provides the first baseline for national-scale biodiversity assessments of coastal

phytoplankton.

A key methodological contribution lies in the standardization of an heterogeneous

monitoring data. Reconciling inconsistent taxonomic nomenclature through the World

Register of Marine Species (WoRMS), treating detection limits in chemical data, and

harmonizing sampling effort across regions transformed a monitoring-oriented database,

characterized by irregular temporal coverage and variable resolution, into a coherent

dataset suitable for macroecological inference. This demonstrates how national mon-

itoring programs, despite intrinsic heterogeneity, can be repurposed for ecological re-

search through rigorous data treatment and statistical modeling.

By constructing standardized species–accumulation curves and applying IndVal anal-

yses, this study delivers the first quantitative comparison of phytoplankton richness
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and characteristic taxa across Italian marine basins. The results reveal a pronounced

spatial structuring of communities that had not been previously documented, thereby

establishing a new baseline for regional biodiversity assessment. The consistent detec-

tion of diatom–dinoflagellate seasonal successions across much of the Italian coastline,

together with their attenuation in oligotrophic sectors, reflects the classical dynamics

of temperate coastal systems, where the alternation between r- and K-strategist species

is modulated by basin productivity and hydrographic structure. These findings point

to a strong coupling between trophic status and community turnover: sharp and well-

defined in eutrophic systems such as the northern Adriatic, but weaker or more irregu-

lar in oligotrophic basins like the Ionian and Sardinian coasts. This integrative perspec-

tive elucidates how regional-scale hydrography shapes the phenological trajectories of

phytoplankton communities within the Mediterranean context.

Given the wide spatial extant of the study area, ordination models such as RDA and

CCA, aimed at determining the relation between community structure and external

covariates, needed to include spatial autocorrelation term, which in our case took the

form of the Moran’s Eigenvector Maps (MeMs). It was possible to separate the effects of

environmental gradients, spatial connectivity, and seasonal forcing, quantifying their

relative contributions to community organization. The finding that spatial structure ex-

plains the largest fraction of variance, while environment and season contribute smaller

but significant shares, provides new empirical evidence of the dominant role of basin-

scale hydrography in shaping phytoplankton distribution. This work also help in giv-

ing an idea of the potial and limitation of these kind of monitoring programs and by

highliting the limitation help in the menagement of the resources for future campaign

at being more effective.

To account for the broad spatial extent of the study area and the resulting non-independence

among samples, ordination models such as RDA and CCA, designed to explore com-

munity–environment relationships, were complemented with a spatial autocorrelation

term derived from Moran’s Eigenvector Maps (MeMs). This approach enabled the sep-

aration of the effects of environmental gradients, spatial connectivity, and seasonal forc-

ing, allowing their relative contributions to community organization to be quantified.

The finding that spatial structure explains the largest share of variance while environ-

ment and season contribute smaller but significant fractions provides robust empirical

evidence for the dominant influence of basin-scale hydrography on phytoplankton dis-

tribution. Beyond its ecological insights, this work also underscores the potential and

limitations of large-scale monitoring programs: by highlighting sources of uncertainty

and bias, it informs the design of future campaigns and the allocation of monitoring

resources toward more efficient ecological assessments.
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In Chap. 3, we provided the first systems-level reconstruction of the gene co-expression

architecture in the pennate diatom Pseudo-nitzschia multistriata, revealing the regula-

tory organization underlying mating type identity and the transition toward sexual

competence. This work integrated multiple independent RNA-seq datasets into a sin-

gle coherent analytical framework. These datasets had previously been analyzed in-

dividually to address specific aspects of sexualization, such as pheromone signaling

or nutrient-dependent regulation, using differential expression analyses under tightly

controlled experimental conditions. In contrast, our approach sought to extract system-

level regularities across studies. To achieve this, we implemented rigorous normaliza-

tion and bias-correction procedures to transform heterogeneous raw data into a statis-

tically comparable dataset suitable for co-expression analysis.

Following the example of prior work on Phaeodactylum tricornutum, we applied WGCNA

to characterize the transcriptional organization of P. multistriata throughout its life cy-

cle, which alternates between vegetative and sexual phases. The analysis revealed a

modular structure of co-regulated genes, uncovering the global organization of tran-

scriptional regulation and the relationships among modules and phenotypic traits such

as mating type and sexual competence.

To address limitations in sample representation and to test the robustness of the in-

ferred co-expression patterns, we employed a combination of complementary network

and statistical approaches. Specifically, the two configurations “complete” and “small”

networks provided both a general overview of co-regulation across the species and

a more detailed view of metabolic organization below SST. To enhance the reliability

differences inferred between samples above and below the SST, we constructed mul-

tiple bootstrap networks by resampling subsets of below-SST samples together with

all above-SST ones. Furthermore, we extended the classical correlation-based WGCNA

framework by incorporating additional statistical evaluations to verify module–trait as-

sociations: variance partitioning via PERMANOVA and a classification-based accuracy

test using multidimensional scaling and k-means clustering. This multi-test strategy in-

creased the robustness of the analysis and strengthened the confidence in the resulting

biological interpretations.

Modules associated with mating type were more numerous and consistent than those

linked to cell size, possibly suggesting that MT-specific regulation extends beyond pre-

viously known master regulators. Incorporating external information, such as gene

ontology annotations and results from prior differential expression analyses, allowed

more refined biological interpretation of co-expression modules. These gene sets pro-

vide a resource for future experimental validation and hypothesis testing on the molec-

ular control of sexualization.
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Beyond its specific findings, this chapter reinforces the value of network-based tran-

scriptomics for diatom biology. Whereas previous studies on this species identified lists

of differentially expressed genes, the present work uncovered the organizational logic

of the transcriptome, translating gene-level data into a structured map of regulatory re-

lationships. The resulting pre-processed expression matrix and co-expression network

form a reusable analytical foundation for future studies on P. multistriata and related

species. The analytical pipeline can be easily extended to new datasets, including those

addressing active sexualization, nutrient stress, or environmental perturbations. Ulti-

mately, this work contributes conceptually to our understanding of diatom regulatory

topology and provides a scalable framework for comparative and integrative omics.

4.2 Limitations

Despite the advances achieved through large-scale data integration, the analysis of

phytoplankton communities along the Italian coastline remains constrained by sev-

eral methodological and structural limitations. The heterogeneity of sampling effort

among regions, uneven temporal coverage, and reliance on microscopy-based identifi-

cation introduce uncertainty in the quantitative comparison of diversity and abundance

patterns. Differences in analytical sensitivity, the treatment of values below detection

limits, and the absence of key environmental variables (e.g., irradiance, stratification)

limit the interpretability of species–environment relationships. The focus on surface

samples and the aggregation of data into broad seasonal categories may obscure fine-

scale or vertical variability. While spatial modeling and harmonization mitigate these

issues, they cannot entirely compensate for missing drivers or inconsistent protocols;

results should therefore be viewed as indicative rather than exhaustive representations

of coastal phytoplankton diversity. The limited explanatory power of ordination mod-

els likely reflects the omission of critical drivers such as upwelling, riverine discharge,

and episodic meteorological events. Although some proxies (e.g., salinity, season) par-

tially capture these influences, a more comprehensive environmental characterization

is required for predictive ecological modeling.

Similarly, the transcriptomic analysis of P. multistriata faces limitations arising from

dataset heterogeneity, experimental imbalance, and methodological assumptions. Inte-

grating independent RNA-seq experiments conducted under diverse laboratory condi-

tions introduces residual batch effects that may confound biological signals. The lim-

ited number of samples representing sexually competent cells reduces statistical power,
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while asynchronous sexualization in vegetative cultures may dilute transient transcrip-

tional signatures. Furthermore, WGCNA captures correlations rather than causation,

and module inference depends on parameter choices and filtering thresholds. The in-

complete functional annotation of diatom genes further constrains biological interpre-

tation. Thus, while the networks identified here offer valuable hypotheses on regula-

tory architecture, their mechanistic validation will require targeted experimental stud-

ies and comparative analyses across related species and environmental conditions.

4.3 Future Prospects

Building on the present findings, future work should advance toward more quantita-

tive analyses aimed at disentangling the environmental and ecological processes that

drive community variability across space and time. In this study, regional richness was

examined and basins characterized by high and low taxonomic turnover were identi-

fied. However, a more robust quantification of diversity along the Italian coasts can

be achieved through the application of formal α- and β-diversity metrics, which can

be more effectively linked to environmental gradients and drivers, thereby providing

a rigorous assessment of spatial and temporal heterogeneity in community structure

[216, 215]. The chemico-physical variables currently available exhibited limited ex-

planatory power for phytoplankton community structure, suggesting that a broader

characterization of the environmental context is required. As direct measurements are

unavailable, oceanographic models such as those provided by the Copernicus Marine

Service [74] could help fill this gap. Nevertheless, their applicability remains uncertain,

as even state-of-the-art oceanographic models have been shown to struggle in captur-

ing the full complexity of biogeochemical processes in coastal areas [25].

In parallel, a similarly detailed analysis of the zooplankton community (available within

the original MSFD dataset) will be essential to evaluate its spatial organization, diver-

sity patterns, and relationships with environmental gradients. Quantifying zooplank-

ton diversity through analogous α- and β-diversity indices will enable direct compar-

ison with phytoplankton assemblages, providing insights into the degree of coupling

between trophic levels. Such an approach will also support the exploration of both

bottom-up and top-down controls, thereby assessing the extent to which nutrient avail-

ability and grazing pressure jointly regulate phytoplankton dynamics. Beyond pair-

wise associations, adopting a network-based analytical framework could substantially

enhance our understanding of food-web architecture and the relative importance of

species interactions. Network approaches have proven highly effective in disentan-

gling complex ecological dependencies and identifying key taxa or functional groups

that underpin ecosystem structure [101, 167, 297, 251]. Applying such methods to the
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MSFD dataset would bridge community-level observations with ecosystem-level pro-

cesses, contributing to a more mechanistic understanding of trophic linkages, energy

transfer, and ecosystem resilience in coastal waters.

Regarding the molecular work, integrating transcriptomic data with proteomics and

metabolomics will be critical to achieve a comprehensive view of molecular regula-

tion throughout the diatom life cycle. Proteomics, the large-scale study of the com-

plete protein complement of a cell, aims to quantify not only protein abundance but

also post-translational modifications such as phosphorylation or acetylation, which can

alter protein stability, localization, and function [5, 316]. Combining proteomic and

transcriptomic data allows disentangling transcriptional from translational or post-

translational control; a key aspect during gametogenesis, when translational regula-

tion ensures rapid activation of meiosis- and differentiation-related factors [13, 42].

Metabolomics, in turn, provides a snapshot of small-molecule intermediates and end

products of metabolism, reflecting the physiological state and energy allocation of the

cell [209, 104]. Because metabolic pathways represent the functional output of gene

and protein activity, metabolomic data directly inform on the organism’s biochemical

and ecological strategies. In diatoms, metabolomics has already been instrumental in

revealing metabolic reprogramming during nutrient limitation, silicification, and sex-

ual reproduction [105]. Together, these omics layers—transcriptomics, proteomics, and

metabolomics—will enable the reconstruction of regulatory cascades spanning gene

expression to metabolic output, offering a holistic and mechanistic perspective on how

diatom cells orchestrate transitions between vegetative and sexual phases. Such in-

tegration will also help identify regulatory checkpoints acting post-transcriptionally

or post-translationally, processes that are known to play central roles in reproduc-

tive transitions across eukaryotes [211, 23]. From a comparative perspective, extend-

ing co-expression analyses to other pennate diatoms will provide evolutionary context

for the regulatory networks characterized here. Cross-species comparisons could un-

cover conserved modules corresponding to ancestral reproductive circuits and identify

lineage-specific innovations, such as the emergence of the sex-determining gene MRP3

[252]. Mapping orthologous components (i.e., finding groups genes deriving from a

common ancestor that differentiate through speciation [95]) of co-expression modules

across species will help distinguish universal features of pennate diatom reproduction

from species-specific adaptations to ecological niches.

Altogether, the work presented in this thesis, alongside the proposed future directions,

may contribute to advancing our understanding of the metabolism and regulatory

complexity of P. multistriata. Integrating transcriptomic, proteomic, and metabolomic
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information within an evolutionary framework will enable linking molecular regula-

tion to the ecological strategies that shape diatom life cycles. Ultimately, elucidating

the regulatory networks that govern transitions between vegetative growth, sexualiza-

tion, and resting stages will not only deepen our understanding of diatom reproductive

biology but also shed light on the mechanisms underpinning the ecological success and

resilience of pennate diatoms in marine environments.



Appendix A

Additional resources for

characterizing phytoplankton

community

We report here a few additional resources used to support statements made in the main

manuscript.
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In Fig. A.4 we report the estimated coefficients obtained from multiple linear models.

For each model, the regression formula was (following the R convention):

log(Abundance) ∼ DO+ log(NH4)+ log(NO3)+ log(PO4)+ log(SiO4)+ Salinity+ T

(A.1)

Here, Abundance represents the sample abundance (regardless of community composi-

tion), and a logarithmic transformation was applied to the nutrient variables to reduce

skewness in their distributions. The main difference among models lies in the spatial

extent of the data used: one model (Italy) was built using all samples from the dataset,

while the others were constructed separately for each basin as defined in the study.

Each model underwent stepwise regression to identify the most relevant covariates.

We note a clear heterogeneity both in the selected covariates across models and in the
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FIGURE A.3: Log-transformed sample abundances along transects in the Calabria and
Campania regions, with colours indicating the sampling year.

direction (sign) of their effects. In particular, for log(NH4), log(SiO4), and T, it is not

straightforward to infer a general response of phytoplankton abundance to these vari-

ables. This variability may arise because communities from different basins exhibit

distinct ecological responses to nutrient and temperature conditions. Alternatively, for

the basin-scale models, the range of measured environmental variables might be too

narrow to adequately capture the relationships between specific covariates and phyto-

plankton abundance. This is especially true if the basin has an oligotrophic character,

such as LIG and ST, or of there was a lack of proper coverage of the gradient due to the

issues regarding the sampling campaign.



113

T

log(PO4) log(SiO4) Salinity

DO log(NH4) log(NO3)
Ita

ly
N

A
C

A
S

A
S

M
S

IC S
T

N
T

LI
G

S
A

R

Ita
ly

N
A

C
A

S
A

S
M

S
IC S
T

N
T

LI
G

S
A

R

Ita
ly

N
A

C
A

S
A

S
M

S
IC S
T

N
T

LI
G

S
A

R

−0.4

−0.2

0.0

0.2

−0.4

−0.2

0.0

0.2

−0.4

−0.2

0.0

0.2

Basin

E
st

im
at

e

Standardized coefficients of linear models 
 predicting log10(Abundance)

FIGURE A.4: Coefficients of statistically significant predictors identified via stepwise
selection in linear models with log-transformed abundance as the response variable.
Blue and red bars represent positive and negative coefficients, respectively. The x-
axis indicates the different models: one combining all samples (Italy) and one for each
basin individually. Each panel corresponds to a different predictor. The absence of a
bar indicates that the variable was either not statistically significant or excluded during

stepwise selection.



Appendix B

Additional results of WGCNA

Here we report any output, from plots to statistical tests, that was not included in the

main body of the thesis because was not considered strictly relevant for the discussion.

B.1 Network construction
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FIGURE B.4: R2 vs β for the small network for the three correlation considered: pear-
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B.2 Properties of modules

Df SumOfSqs R2 F-value p-value

MT 1 0.009410 0.11320 4.1343 0.042
Expr 6 0.007598 0.09140 0.5563 0.807

MT:Expr 2 0.002389 0.02873 0.5247 0.642

TABLE B.1: PERMANOVA test for FA acids and carbon assimilation genes in black
module of small network

Df SumOfSqs R2 F-value p-value

MT 1 0.02611 0.02387 32.545 0.001
Size 1 0.17373 0.15882 216.582 0.001
Expr 6 0.86084 0.78697 178.862 0.001

MT:Size 1 0.00195 0.00178 2.433 0.119
MT:Expr 3 0.00236 0.00215 0.979 0.446

TABLE B.2: PERMANOVA test of genes in greenyellow module of complete network
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Df SumOfSqs R2 F-value p-value

MT 1 0.003716 0.10253 1.4734 0.235
Size 1 -0.000127 -0.00350 -0.0503 1.000

MT:Size 5 0.001835 0.05063 0.1455 0.993
MT:Expr 1 0.000195 0.00539 0.0775 0.942

TABLE B.3: PERMANOVA test of enriched GO terms in black module of bootstrap
network 2

Df SumOfSqs R2 F-value p-value

Size 1 0.009517 0.13663 4.9733 0.009
Expr 5 0.032004 0.45948 3.3449 0.001

Size:Expr 1 0.001342 0.01927 0.7012 0.563

TABLE B.4: PERMANOVA test genes in darkred module of bootstrap network 2
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partition created applying Kmeans to the first 10 MDS axes.
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(A) Enrichment analysis using GO for black, brown, cyan and darkturquoise modules.

FIGURE B.12: Enrichment analysis of the modules in the bootstrap network 4 using
gene ontology (GO) information. (Continues on the following pages)
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(B) Enrichment analysis using GO for floralwhite, grey60, midnightblue, steelblue modules.

FIGURE B.12: Enrichment analysis of the modules in the bootstrap network 4 using
gene ontology (GO) information.
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(A) Enrichment analysis using GO for black, blue, brown and darkmagenta modules.

FIGURE B.13: Enrichment analysis of the modules in the small network using gene
ontology (GO) information. (Continues on the following pages)
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(B) Enrichment analysis using GO for darkorange, magenta and skyblue modules.

FIGURE B.13: Enrichment analysis of the modules in the small network using gene
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Appendix C

Comparing Pseudonitzschia

multistriata and Pseudonitzschia

arenysensis

As discussed in Chapter 3, comparative analyses across multiple species can provide

valuable insights into both species-specific traits and, more importantly, conserved

molecular characteristics that may reveal fundamental biological functions. In this ap-

pendix, we present preliminary results from an RNA-seq experiment conducted on

Pseudonitzschia arenysensis, aimed at comparing its transcriptional response with that

previously characterized in P. multistriata.

This work forms part of a collaborative study with Andrea Broccoli, PhD candidate

at the Open University, XXIV cycle, School of Life, Health and Chemical Sciences. These

analyses are included in his doctoral thesis, entitled Evolution of the Sex Determination

Mechanisms in the Diatom Genus Pseudo-nitzschia (Chapter 6: Demographic and Transcrip-

tional Dynamics During the Sexual Phase of P. arenysensis), which was under revision at

the time of writing. A. Broccoli was responsible for the experimental design, execu-

tion, and generation of the raw data, while we carried out the bioinformatic analyses

reported in this appendix.

The experimental design closely followed that described in [13]. Briefly, two mono-

cultures of opposite MTs and one cross-culture containing both MTs were established.

RNA was extracted from the cross-culture and the two monocultures (used as controls)

at three successive time points, in order to capture the temporal dynamics of the tran-

scriptional response. All RNA-seq data were pre-processed following the workflow

described in Section 3.1.2, using the parameters reported in Table C.1.
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Software Parameters

trimmomatic

ILLUMINACLIP::2:30:10

LEADING:3 TRAILING:3

SLIDINGWINDOW:4:15

MINLEN:36

HEADCROP:10

STAR

--outSAMtype BAM SortedByCoordinate

--outSAMunmapped Within

--outFilterMultimapNmax 5

--seedMultimapNmax 1000

--seedSearchStartLmax 25

--outFilterMismatchNoverLmax 0.01

--outFilterMatchNminOverLread 0.9

--outFilterIntronMotifs RemoveNoncanonical

--outSAMstrandField intronMotif

--outSJfilterCountUniqueMin 5 5 5 5

--outFilterType BySJout

TABLE C.1: List of non-default parameters used in Trimmomatic and STAR software to
generate raw counts from the RNA-seq libraries of Pseudonitzschia multistriata and P.

arenysensis

To compute the differential expressed genes (DGEs) we used the R package EdgeR and

conditions for being differentially expressed where False Discovery Rate (FDR) < 0.5,

|log(FC)| > 1 and q-value < 0.2. for each of the three time points, we analyzed these

contrasts: MT+ control against cross culture, MT- control against cross-culture, both

controls against cross-culture. DEGs were identified using the R package EdgeR. Genes

were considered significantly differentially expressed if they satisfied the following cri-

teria: False Discovery Rate (FDR) < 0.05, absolute log fold change |log2FC| > 1, and

q-value < 0.2. For each of the three time points, differential expression analyses were

performed for the following contrasts: (i) control MT+ versus cross-culture, (ii) control

MT- versus cross-culture, and (iii) both controls versus cross-culture; Tab C.2 reports

the results.

Overall, the number of DEGs is lowest at T1 and increases monotonically across sub-

sequent time points in all cases, except for the number of up-regulated genes obtained

when the MT+ and MT- moncultures are used as controls, where the maximum occurs

at T2. The cross-culture condition exhibits a markedly higher number of up-regulated

than down-regulated genes when compared against MT+ and MT- controls at T1 and

T2; however, this trend is reversed at T3. When the cross-culture is compared against

both monocultures combined (unsex), a greater number of down-regulated genes is
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Control Regulation T1 T2 T3

MT+
Down 315 607 1904

Up 994 2077 1718

MT-
Down 603 1319 3353

Up 1054 3117 2876

Unsex
Down 62 304 1990

Up 38 1191 1369

TABLE C.2: Number of genes differentially expressed at time points T1, T2, and T3,
divided according to the control used (MT+, MT-, unsex) and the direction of regula-

tion (up- or down-regulated).

observed at T1, although the overall counts remain low relative to the other compar-

isons. se results already suggest a highly dynamic transcriptional response in the cross-

cultures, particularly given the rapid shifts in the numbers of up- and down-regulated

genes over time. To better characterize this dynamic behavior, it is instructive to ex-

amine the UpSet plots for each time point (Figs. C.1, C.2, C.3). These plots illustrate

the number of DEGs unique to each group as well as those shared among two or more

groups. They are conceptually similar to Venn diagrams but offer a clearer visualiza-

tion when more than four groups are involved.

The
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Intersection of DE genes at T1
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FIGURE C.1: UpSet plot showing the number of differentially expressed genes at T1
shared among groups defined by control status and direction of regulation (up- or

down-regulated).

At T1 (Fig. C.1), we can see that many DEGs obtained when testing against MT- are

unique to this case: 948 out of the 1054 genes up-regulated unique to this case and anal-

ogously 273 out of the 603 down-regulated genes. Similarly, 689 out of the 994 genes

up-regulated and 184 out of 315 genes down-regulated when testing against MT+ are

unique to these cases.At T1 (Fig. C.1), many DEGs identified when testing against MT-

are unique to this comparison: 948 out of the 1054 up-regulated genes and 273 out of the

603 down-regulated genes are exclusive to this contrast. Similarly, when testing against

MT+, 689 out of 994 up-regulated genes and 184 out of 315 down-regulated genes are

unique to this case. A substantial fraction of genes (263) are up-regulated when MT+ is

used as the control but down-regulated whenMT- is used, whereas 64 genes show the

opposite pattern.

In contrast, genes differentially expressed in the unsex comparison display a more con-

sistent pattern with the other contrasts: 54 of its down-regulated genes exhibit the

same behavior when using MT+ and MT- as controls, and 28 up-regulated genes show

similar consistency. The remaining genes are also coherently regulated with either

MT+ or MT-. The presence of genes showing opposite regulation between the MT+

and MT- contrasts suggests the occurrence of mating-type-specific transcriptional re-

sponses. Conversely, the complete concordance observed in the unsex case is expected,
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Intersection of DE genes at T2
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FIGURE C.2: UpSet plot showing the number of differentially expressed genes at T2
shared among groups defined by control status and direction of regulation (up- or

down-regulated).

Intersection of DE genes at T3
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FIGURE C.3: UpSet plot showing the number of differentially expressed genes at T3
shared among groups defined by control status and direction of regulation (up- or

down-regulated).
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Arenysensis

UP DOWN No DE No orthologue

Multistriata

UP 9 13 510 372
DOWN 10 2 793 311
No DE 50 56 0 0

No orthologue 55 78 0 0

TABLE C.3: Distribution of DEGs at T1 between P. arenysensis and P. multistriata. Both
rows and columns indicate the transcriptional status of genes in one-to-one ortholo-
gous relationships between the two species, classified as “UP”, “DOWN”, or “No DE”
(not differentially expressed). Entries in the “No orthologue” row or column corre-
spond to genes that are differentially expressed in one species but lack an identified

orthologue in the other.

as both monocultures were used as controls; consequently, only genes consistently reg-

ulated relative to both MT+ and MT- could emerge from this analysis.

A similar pattern is observed at T2 and T3 (Figs. C.2, C.3), differing only in the specific

numbers of genes involved. Notably, across all time points, a considerable fraction of

DEGs remain unique to the MT- contrast.

Among the many features provided by OrthoFinder, we focus here only on those

relevant to this analysis. Specifically, we were interested in identifying orthologous

relationships between the two species, which can take several forms: one-to-one (a

single gene from species A corresponds uniquely to a single gene from species B),

one-to-many (a gene from species A corresponds to multiple genes from species B, or

vice versa), and many-to-many (multiple genes from species A correspond to multiple

genes from species B). In the present study, only one-to-one orthologous pairs were con-

sidered, in order to establish unambiguous gene relationships between the two species.

Given the similarity between this experiment and that described in [13], we compared

the sets of DEGs obtained using both monocultures as controls. Tables C.3, C.4, and C.5

report, for T1, T2, and T3 respectively, the distribution of DEGs for the two species. Our

aim was to determine the extent to which the transcriptional responses are conserved

between them. At all time points, despite the increasing number of DEGs, most genes

differentially expressed in one species are either not differentially expressed or lack an

identified orthologue in the other. The highest level of concordance is observed at T2,

where 313 genes are up-regulated and 68 are down-regulated in both species, whereas

the number of discordant cases (where one gene is up-regulated and its orthologue is

down-regulated, or vice versa) is considerably lower.

To conclude, [13] compiled several lists of DEGs identified during sexualization, with

each list corresponding to genes involved in a specific biological process. We performed
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Arenysensis

UP DOWN No DE No orthologue

Multistriata

UP 313 10 977 696
DOWN 42 68 973 606
No DE 321 97 0 0

No orthologue 734 202 0 0

TABLE C.4: Distribution of DEGs at T2 between P. arenysensis and P. multistriata. Both
rows and columns indicate the transcriptional status of genes in one-to-one ortholo-
gous relationships between the two species, classified as “UP”, “DOWN”, or “No DE”
(not differentially expressed). Entries in the “No orthologue” row or column corre-
spond to genes that are differentially expressed in one species but lack an identified

orthologue in the other.

Arenysensis

UP DOWN No DE No orthologue

Multistriata

UP 72 283 621 553
DOWN 89 106 598 449
No DE 465 1203 0 0

No orthologue 918 874 0 0

TABLE C.5: Distribution of DEGs at T3 between P. arenysensis and P. multistriata. Both
rows and columns indicate the transcriptional status of genes in one-to-one ortholo-
gous relationships between the two species, classified as “UP”, “DOWN”, or “No DE”
(not differentially expressed). Entries in the “No orthologue” row or column corre-
spond to genes that are differentially expressed in one species but lack an identified

orthologue in the other.

the same analysis by identifying the orthologues of these genes from P. multistriata

and examining their log2 fold-change values in P. arenysensis, as shown in Fig. C.4.

Consistent with the observations reported in the previous tables, most orthologues are

not differentially expressed in P. arenysensis at one or more time points, and in many

cases not at all. Nevertheless, certain patterns resemble those previously described

in P. multistriata: genes associated with meiosis are up-regulated at T2, while several

genes involved in nutrient uptake (e.g., nitrogen and phosphate transport) are down-

regulated at T2 and T3.
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[240] Ribera d’Alcalà, M. et al. “Seasonal patterns in plankton communities in a pluri-

annual time series at a coastal Mediterranean site (Gulf of Naples): an attempt

to discern recurrences and trends”. In: Scientia Marina 68 (S1 Apr. 2004), pp. 65–

83. DOI: 10 . 3989 / scimar . 2004 . 68s165. URL: https : / / scientiamarina .

revistas.csic.es/index.php/scientiamarina/article/view/385.

[241] Rinaldi, E. et al. “Chlorophyll distribution and variability in the Sicily Channel

(Mediterranean Sea) as seen by remote sensing data”. In: Continental Shelf Re-

search 77 (Apr. 2014), pp. 61–68. ISSN: 02784343. DOI: 10.1016/j.csr.2014.01.

010. URL: https://linkinghub.elsevier.com/retrieve/pii/S0278434314000235.

[242] Rinaldi, S. and Solidoro, C. “Chaos and Peak-to-Peak Dynamics in a Plank-

ton–Fish Model”. In: Theoretical Population Biology 54.1 (Aug. 1998), pp. 62–77.

ISSN: 00405809. DOI: 10.1006/tpbi.1998.1368. URL: https://linkinghub.

elsevier.com/retrieve/pii/S0040580998913685.

[243] Robinson, A. et al. “The Atlantic Ionian Stream”. In: Journal of Marine Systems

20.1 (Apr. 1999), pp. 129–156. ISSN: 09247963. DOI: 10.1016/S0924-7963(98)

00079-7. URL: https://linkinghub.elsevier.com/retrieve/pii/S0924796398000797.

[244] Robinson, K. L. et al. “Big or small, patchy all: Resolution of marine plankton

patch structure at micro- to submesoscales for 36 taxa”. In: Science Advances 7.47

(Nov. 19, 2021), eabk2904. ISSN: 2375-2548. DOI: 10.1126/sciadv.abk2904. URL:

https://www.science.org/doi/10.1126/sciadv.abk2904.

https://agupubs.onlinelibrary.wiley.com/doi/pdf/10.1029/2019MS001812
https://agupubs.onlinelibrary.wiley.com/doi/pdf/10.1029/2019MS001812
https://agupubs.onlinelibrary.wiley.com/doi/abs/10.1029/2019MS001812
https://agupubs.onlinelibrary.wiley.com/doi/abs/10.1029/2019MS001812
https://doi.org/10.1126/sciadv.adq3593
https://www.science.org/doi/pdf/10.1126/sciadv.adq3593
https://www.science.org/doi/pdf/10.1126/sciadv.adq3593
https://www.science.org/doi/abs/10.1126/sciadv.adq3593
https://www.science.org/doi/abs/10.1126/sciadv.adq3593
https://doi.org/https://doi.org/10.4319/lom.2010.8.294
https://aslopubs.onlinelibrary.wiley.com/doi/pdf/10.4319/lom.2010.8.294
https://aslopubs.onlinelibrary.wiley.com/doi/pdf/10.4319/lom.2010.8.294
https://aslopubs.onlinelibrary.wiley.com/doi/abs/10.4319/lom.2010.8.294
https://aslopubs.onlinelibrary.wiley.com/doi/abs/10.4319/lom.2010.8.294
https://doi.org/10.3989/scimar.2004.68s165
https://scientiamarina.revistas.csic.es/index.php/scientiamarina/article/view/385
https://scientiamarina.revistas.csic.es/index.php/scientiamarina/article/view/385
https://doi.org/10.1016/j.csr.2014.01.010
https://doi.org/10.1016/j.csr.2014.01.010
https://linkinghub.elsevier.com/retrieve/pii/S0278434314000235
https://doi.org/10.1006/tpbi.1998.1368
https://linkinghub.elsevier.com/retrieve/pii/S0040580998913685
https://linkinghub.elsevier.com/retrieve/pii/S0040580998913685
https://doi.org/10.1016/S0924-7963(98)00079-7
https://doi.org/10.1016/S0924-7963(98)00079-7
https://linkinghub.elsevier.com/retrieve/pii/S0924796398000797
https://doi.org/10.1126/sciadv.abk2904
https://www.science.org/doi/10.1126/sciadv.abk2904


164

[245] Rogers, T. L., Johnson, B. J., and Munch, S. B. “Chaos is not rare in natural

ecosystems”. In: Nature Ecology & Evolution 6.8 (June 27, 2022), pp. 1105–1111.

ISSN: 2397-334X. DOI: 10.1038/s41559- 022- 01787- y. URL: https://www.

nature.com/articles/s41559-022-01787-y.

[246] Rogers, T. L. et al. “Intermittent instability is widespread in plankton communi-

ties”. In: Ecology Letters 26.3 (Mar. 2023), pp. 470–481. ISSN: 1461-023X, 1461-0248.

DOI: 10.1111/ele.14168. URL: https://onlinelibrary.wiley.com/doi/10.

1111/ele.14168.

[247] Rosenberg, A. and Hirschberg, J. “V-Measure: A Conditional Entropy-Based Ex-

ternal Cluster Evaluation Measure.” In: Jan. 2007, pp. 410–420.

[248] Roshchin, A. M. and Khauilov, K. Zhiznennye tsikly diatomovykh vodorosleui. Naukova

dumka, 1994.

[249] Roy, S. and Chattopadhyay, J. “Towards a resolution of ‘the paradox of the

plankton’: A brief overview of the proposed mechanisms”. In: Ecological Com-

plexity 4.1 (Mar. 2007), pp. 26–33. ISSN: 1476945X. DOI: 10.1016/j.ecocom.

2007.02.016. URL: https://linkinghub.elsevier.com/retrieve/pii/

S1476945X07000165.

[250] Rusch, D. B. et al. “The Sorcerer II Global Ocean Sampling Expedition: North-

west Atlantic through Eastern Tropical Pacific”. In: PLOS Biology 5.3 (Mar. 2007),

pp. 1–34. DOI: 10.1371/journal.pbio.0050077. URL: https://doi.org/10.

1371/journal.pbio.0050077.

[251] Russo, L. et al. “Trophic hierarchy in a marine community revealed by network

analysis on co-occurrence data”. In: Food Webs 32 (2022), e00246. ISSN: 2352-2496.

DOI: https://doi.org/10.1016/j.fooweb.2022.e00246. URL: https://www.

sciencedirect.com/science/article/pii/S2352249622000283.

[252] Russo, M. et al. “MRP3 is a sex determining gene in the diatom Pseudo-nitzschia

multistriata”. In: Nature Communications 9 (Nov. 2018). DOI: 10.1038/s41467-

018-07496-0.

[253] Russo, S. et al. “Unveiling the Relationship Between Sea Surface Hydrographic

Patterns and Tuna Larval Distribution in the Central Mediterranean Sea”. In:

Frontiers in Marine Science Volume 8 - 2021 (2021). ISSN: 2296-7745. DOI: 10.3389/

fmars.2021.708775. URL: https://www.frontiersin.org/journals/marine-

science/articles/10.3389/fmars.2021.708775.

[254] Sabetta, L. et al. “Body size-abundance distributions of nano-/micro-phytoplankton

guilds in coastal marine ecosystems”. In: Estuarine, Coastal and Shelf Science 63

(June 2005), pp. 645–663. DOI: 10.1016/j.ecss.2005.01.009.

https://doi.org/10.1038/s41559-022-01787-y
https://www.nature.com/articles/s41559-022-01787-y
https://www.nature.com/articles/s41559-022-01787-y
https://doi.org/10.1111/ele.14168
https://onlinelibrary.wiley.com/doi/10.1111/ele.14168
https://onlinelibrary.wiley.com/doi/10.1111/ele.14168
https://doi.org/10.1016/j.ecocom.2007.02.016
https://doi.org/10.1016/j.ecocom.2007.02.016
https://linkinghub.elsevier.com/retrieve/pii/S1476945X07000165
https://linkinghub.elsevier.com/retrieve/pii/S1476945X07000165
https://doi.org/10.1371/journal.pbio.0050077
https://doi.org/10.1371/journal.pbio.0050077
https://doi.org/10.1371/journal.pbio.0050077
https://doi.org/https://doi.org/10.1016/j.fooweb.2022.e00246
https://www.sciencedirect.com/science/article/pii/S2352249622000283
https://www.sciencedirect.com/science/article/pii/S2352249622000283
https://doi.org/10.1038/s41467-018-07496-0
https://doi.org/10.1038/s41467-018-07496-0
https://doi.org/10.3389/fmars.2021.708775
https://doi.org/10.3389/fmars.2021.708775
https://www.frontiersin.org/journals/marine-science/articles/10.3389/fmars.2021.708775
https://www.frontiersin.org/journals/marine-science/articles/10.3389/fmars.2021.708775
https://doi.org/10.1016/j.ecss.2005.01.009


165

[255] Sabetta, L. et al. “Body size–abundance distributions of nano- and micro-phytoplankton

guilds in coastal marine ecosystems”. In: Estuarine, Coastal and Shelf Science 63.4

(2005), pp. 645–663. ISSN: 0272-7714. DOI: https://doi.org/10.1016/j.ecss.

2005.01.009. URL: https://www.sciencedirect.com/science/article/pii/

S0272771405000181.

[256] Sabine, C. L. et al. “The Oceanic Sink for Anthropogenic CO2”. In: Science 305.5682

(July 16, 2004), pp. 367–371. DOI: 10.1126/science.1097403. URL: https://

www.science.org/doi/10.1126/science.1097403.

[257] Salazar, G. et al. “Gene Expression Changes and Community Turnover Differ-

entially Shape the Global Ocean Metatranscriptome”. In: Cell 179.5 (2019), 1068–

1083.e21. ISSN: 0092-8674. DOI: https://doi.org/10.1016/j.cell.2019.

10.014. URL: https://www.sciencedirect.com/science/article/pii/

S009286741931164X.

[258] Salon, S. et al. “Novel metrics based on Biogeochemical Argo data to improve

the model uncertainty evaluation of the CMEMS Mediterranean marine ecosys-

tem forecasts”. In: Ocean Science 15.4 (2019), pp. 997–1022. DOI: 10.5194/os-15-

997-2019. URL: https://os.copernicus.org/articles/15/997/2019/.

[259] Samarasekara, S. et al. “Measurements and analysis of nitrogen and phosphorus

in oceans: Practice, frontiers, and insights”. In: Heliyon 10 (Mar. 2024). DOI: 10.

1016/j.heliyon.2024.e28182.

[260] Sani, T. et al. “Evolution of Freshwater Runoff in the Western Adriatic Sea over

the Last Century”. In: Environments 11.1 (Jan. 20, 2024), p. 22. ISSN: 2076-3298.

DOI: 10.3390/environments11010022. URL: https://www.mdpi.com/2076-

3298/11/1/22.

[261] Sarmiento, J. L. and Gruber, N. Ocean biogeochemical dynamics. Princeton: Prince-

ton university press, 2006. ISBN: 978-0-691-01707-5.

[262] Sato, S. et al. “Novel Sex Cells and Evidence for Sex Pheromones in Diatoms”.

In: PLOS ONE 6.10 (Oct. 2011), pp. 1–15. DOI: 10.1371/journal.pone.0026923.

URL: https://doi.org/10.1371/journal.pone.0026923.

[263] Savino, A., Provero, P., and Poli, V. “Differential Co-Expression Analyses Al-

low the Identification of Critical Signalling Pathways Altered during Tumour

Transformation and Progression”. In: International Journal of Molecular Sciences

21 (Dec. 2020), p. 9461. DOI: 10.3390/ijms21249461.

[264] Saxena, A. et al. “A Review of Clustering Techniques and Developments”. In:

Neurocomputing 267 (July 2017). DOI: 10.1016/j.neucom.2017.06.053.

https://doi.org/https://doi.org/10.1016/j.ecss.2005.01.009
https://doi.org/https://doi.org/10.1016/j.ecss.2005.01.009
https://www.sciencedirect.com/science/article/pii/S0272771405000181
https://www.sciencedirect.com/science/article/pii/S0272771405000181
https://doi.org/10.1126/science.1097403
https://www.science.org/doi/10.1126/science.1097403
https://www.science.org/doi/10.1126/science.1097403
https://doi.org/https://doi.org/10.1016/j.cell.2019.10.014
https://doi.org/https://doi.org/10.1016/j.cell.2019.10.014
https://www.sciencedirect.com/science/article/pii/S009286741931164X
https://www.sciencedirect.com/science/article/pii/S009286741931164X
https://doi.org/10.5194/os-15-997-2019
https://doi.org/10.5194/os-15-997-2019
https://os.copernicus.org/articles/15/997/2019/
https://doi.org/10.1016/j.heliyon.2024.e28182
https://doi.org/10.1016/j.heliyon.2024.e28182
https://doi.org/10.3390/environments11010022
https://www.mdpi.com/2076-3298/11/1/22
https://www.mdpi.com/2076-3298/11/1/22
https://doi.org/10.1371/journal.pone.0026923
https://doi.org/10.1371/journal.pone.0026923
https://doi.org/10.3390/ijms21249461
https://doi.org/10.1016/j.neucom.2017.06.053


166

[265] Scalco, E. et al. “The sexual phase of the diatom Pseudo-nitzschia multistriata:

cytological and timelapse cinematography characterization”. In: Protoplasma (Nov.

2016). DOI: 10.1007/s00709-015-0891-5.

[266] Scheffer, M. et al. “Why plankton communities have no equilibrium: solutions

to the paradox”. In: Hydrobiologia 491.1 (Jan. 2003), pp. 9–18. ISSN: 0018-8158,

1573-5117. DOI: 10.1023/A:1024404804748. URL: https://link.springer.

com/10.1023/A:1024404804748.

[267] Sellner, K. G. and Fonda-Umani, S. “Dinoflagellate blooms and mucilage pro-

duction”. In: Coastal and Estuarine Studies. Ed. by Malone, T. C. et al. Vol. 55.

Washington, D. C.: American Geophysical Union, 1999, pp. 173–206. ISBN: 978-

0-87590-269-2. DOI: 10.1029/CE055p0173. URL: http://www.agu.org/books/

ce/v055/CE055p0173/CE055p0173.shtml.

[268] Serin, E. A. R. et al. “Learning from Co-expression Networks: Possibilities and

Challenges”. In: Frontiers in Plant Science Volume 7 - 2016 (2016). ISSN: 1664-

462X. DOI: 10.3389/fpls.2016.00444. URL: https://www.frontiersin.org/

journals/plant-science/articles/10.3389/fpls.2016.00444.

[269] Seuront, L., Schmitt, F., and Lagadeuc, Y. “Turbulence intermittency, small-scale

phytoplankton patchiness and encounter rates in plankton: where do we go

from here?” In: Deep Sea Research Part I: Oceanographic Research Papers 48.5 (May

2001), pp. 1199–1215. ISSN: 09670637. DOI: 10.1016/S0967-0637(00)00089-3.

URL: https://linkinghub.elsevier.com/retrieve/pii/S0967063700000893.

[270] Shaltout, M. and Omstedt, A. “Modelling the water and heat balances of the

Mediterranean Sea using a two-basin model and available meteorological, hy-

drological, and Ocean data”. In: Oceanologia 44 (Nov. 2014). DOI: 10.1016/j.

oceano.2014.11.001.

[271] Shendure, J. and Ji, H. “Shendure J, Ji H.. Next-generation DNA sequencing. Nat

Biotechnol 26: 1135-1145”. In: Nature biotechnology 26 (Nov. 2008), pp. 1135–45.

DOI: 10.1038/nbt1486.

[272] Shi, H. et al. “Impact of Tropical Cyclone on Coastal Phytoplankton Blooms

and Underlying Mechanisms”. In: Journal of Hydrology: Regional Studies 59 (June

2025), p. 102389. ISSN: 22145818. DOI: 10.1016/j.ejrh.2025.102389. URL:

https://linkinghub.elsevier.com/retrieve/pii/S2214581825002149 (vis-

ited on 10/17/2025).

[273] Sieburth, J. M., Smetacek, V., and Lenz, J. “Pelagic ecosystem structure: Het-

erotrophic compartments of the plankton and their relationship to plankton size

fractions 1”. In: Limnology and Oceanography 23.6 (Nov. 1978), pp. 1256–1263.

https://doi.org/10.1007/s00709-015-0891-5
https://doi.org/10.1023/A:1024404804748
https://link.springer.com/10.1023/A:1024404804748
https://link.springer.com/10.1023/A:1024404804748
https://doi.org/10.1029/CE055p0173
http://www.agu.org/books/ce/v055/CE055p0173/CE055p0173.shtml
http://www.agu.org/books/ce/v055/CE055p0173/CE055p0173.shtml
https://doi.org/10.3389/fpls.2016.00444
https://www.frontiersin.org/journals/plant-science/articles/10.3389/fpls.2016.00444
https://www.frontiersin.org/journals/plant-science/articles/10.3389/fpls.2016.00444
https://doi.org/10.1016/S0967-0637(00)00089-3
https://linkinghub.elsevier.com/retrieve/pii/S0967063700000893
https://doi.org/10.1016/j.oceano.2014.11.001
https://doi.org/10.1016/j.oceano.2014.11.001
https://doi.org/10.1038/nbt1486
https://doi.org/10.1016/j.ejrh.2025.102389
https://linkinghub.elsevier.com/retrieve/pii/S2214581825002149


167

ISSN: 0024-3590, 1939-5590. DOI: 10.4319/lo.1978.23.6.1256. URL: https:

//aslopubs.onlinelibrary.wiley.com/doi/10.4319/lo.1978.23.6.1256.
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