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Abstract

The continuous worldwide seagrasses decline calls for immediate actions in order to preserve this
precious marine ecosystem. The main stressors that have been linked with decline in seagrasses are
1) the increasing ocean temperature due to climate change and 2) the continuous inputs of nutrients
(eutrophication) associated with coastal human activities. To avoid the loss of seagrass populations,

an “early warning” system is needed. We used Weighed Gene Co-expression Network Analysis



(WGCNA), a systems biology approach, to identify potential candidate genes that can provide an
early warning signal of stress in the Mediterranean iconic seagrass Posidonia oceanica, anticipating
plant mortality. Plants were collected from both eutrophic (EU) and oligotrophic (OL)
environments and were exposed to thermal and nutrient stress in a dedicated mesocosm. By
correlating the whole-genome gene expression after 2-weeks exposure with the shoot survival
percentage after 5-weeks exposure to stressors, we were able to identify several transcripts that
indicated an early activation of several biological processes (BP) including: protein metabolic
process, RNA metabolic process, organonitrogen compound biosynthetic process, catabolic process
and response to stimulus, which were shared among OL and EU plants and among leaf and shoot
apical meristem (SAM), in response to excessive heat and nutrients. Our results suggest a more
dynamic and specific response of the SAM compared to the leaf, especially the SAM from plants
coming from a more stressful environment appeared more dynamic than the SAM from a more
pristine environment. A vast list of potential molecular markers is also provided that can be used as

targets to assess field samples.

Keywords: Seagrasses, Posidonia oceanica, global warming, eutrophication, transcriptomics,

gene co-expression network analysis, early warning indicators

1. Introduction

Seagrasses are marine angiosperms that support complex food webs along the coastline. Seagrasses
meadows provide valuable ecosystem services and host a rich diversity of organisms (Costanza et
al., 2014; Mtwana Nordlund et al., 2016). Due to their sessile nature, and the proximity of most
meadows to intense and growing coastal development, seagrass meadows are particularly exposed
to stress, and cannot easily “escape” from adverse conditions, thus facing a rapid decline worldwide
(Waycott et al., 2009). During the last 100 years, nearly one third of the known seagrasses

meadow’s extension has been lost, and the global rate of seagrass loss has accelerated from ~ 1%



yr' before 1940 to 7% yr™* since 1990 (Waycott et al., 2009). Current rates of seagrass decline (7%
yr') are higher than the global declines estimated for coral reef (4 — 9% yr™) and tropical forests
(0.5% yr': Duarte et al., 2008). Global and local anthropogenic factors are progressively
threatening the survival of slow growing seagrasses in particular, among the others the
Mediterranean iconic Posidonia oceanica (Jorda et al., 2012). Stressors can occur alone or in
combination, and their effect can be magnified, as observed for sea warming and nutrient inputs
from the fast urbanisation of coastal areas (Helber et al., 2021; Pazzaglia et al., 2020).
Understanding the response of complex systems such as seagrass meadows to external perturbations

is critically important in the current context of rapid global environmental change.

Ecosystems and the organisms inhabiting them have a range of tolerance or display different levels
of phenotypic plasticity in response to external perturbations (Pazzaglia et al., 2021; Pigliucci,
1996; Weissmann and Shnerb, 2016). However, after passing certain thresholds or “tipping points”,
catastrophic regime shifts may take place, in which a relatively small change in environmental
conditions triggers a sudden jump from a steady state to another accompanied by hysteresis and
often being irreversible (Drake and Griffen, 2010; Scheffer et al., 2009; Weissmann and Shnerb,
2016). Those sudden changes may lead to the loss of entire populations and as a consequence the
loss of resilience of the entire ecosystem (Bellwood et al., 2004; Drake and Griffen, 2010). Climate
change may affect seagrasses directly through seawater temperature increase that can have
detrimental effects on plant physiology, for instance by reducing the photosynthetic rate and growth
(Lefcheck et al., 2017; Moore et al., 2014; Nejrup and Pedersen, 2008). However, seagrasses are
also exposed to direct anthropogenic stressors such as eutrophication, that affects carbon balance,

photosynthetic and growth rates (Mvungi and Pillay, 2019; Pazzaglia et al., 2020).

Current global seagrass monitoring programs, such as “SeagrassNet” (https://www.seagrassnet.org),
or “Seagrass Watch” (McKenzie et al., 2021) follow changes in species composition, percentage of

cover and biomass, parameters that are relatively slow to respond to stressors, thus are only able to



track changes in seagrass meadows that have already taken place. We still lack parameters that can
provide an early warning signal, long before conditions become irreversible and possibly un-
restorable (i.e., in proximity to, or even pass a tipping point (Macreadie et al., 2014; Weissmann and
Shnerb, 2016). Therefore, we urgently need to develop new efficient tools for early detection of
stress in seagrass, such as molecular markers identified with next-generation sequencing
technologies (NGS; Macreadie et al., 2014). These stress markers must be applied to monitor the

status of seagrasses and contribute to their conservation.

The use of NGS technologies (e.g., RNA-seq; Wang et al., 2009) has contributed to our
understanding of the molecular basis of processes involved in stress response (e.g. thermal stress,
Franssen et al., 2014; Marin-Guirao et al., 2017, 2019). Most of these studies analysed gene
expression at the peak or at the end of stress exposures period (Franssen et al., 2011) possibly
missing the early response to the stress. Thus, a systematic approach in finding markers that could
be used as early warning molecular signals of stress is still missing. Several studies have
demonstrated the efficiency of Weighted Gene Co-expression Network Analysis (WGCNA) (Zhang
and Horvath, 2005) in finding new genes involved in human pathologies such as cancer and
osteoarthritis (Chou et al., 2014; Emilsson et al., 2008; Mueller et al., 2017; Qiu et al., 2019).
WGCNA is a systems biology approach that merges network theory with gene expression data
analysis for describing patterns of correlation among genes in large-scale gene expression data sets
such as whole transcriptome data (Fuller et al., 2011). Genes or transcripts with similar expression
patterns (co-expressed) may participate in regulatory and signalling circuits (Eisen et al., 1998).
Under this premise, networks of co-expressed genes are built to facilitate the understanding of such
pathways and the identification of key genes involved in them (Fuller et al., 2011). Within gene
networks, it is possible to detect modules (groups of tightly co-expressed genes) that can be
subsequently related to specific phenotypic traits (e.g. growth rates or mortality). Additionally,

central genes or “hub genes” can be found within modules, which are the most interconnected genes



in a specific module or genes that interact with many other genes in a specific module (Zhao et al.,
2016). WGCNA has already been applied to identify hub genes involved in nitrogen use, mild
drought, chilling and heat stress, in terrestrial plants (Cheng et al., 2020; Goel et al., 2018;
Greenham et al., 2017; Mishra et al., 2021). For instance, a set of 36 genes involved in oxidative
stress, photosynthesis and circadian rhythms were selected as early markers of drought stress by
applying WGCNA to RNA-seq data in the crop species Brassica rapa (Greenham et al., 2017). This
approach has also been employed in corals to find the basis of plasticity and the genes involved in
bleaching (Kenkel and Matz, 2017; Rose et al., 2016). WGCNA has never been applied in

seagrasses.

The Mediterranean endemic seagrass Posidonia oceanica forms dense meadows, with a rich
associated plant and animal community, at depths from 1 to 45 m (Telesca et al., 2015). It is a key
ecosystem engineer that provides essential ecosystem goods and services to the whole
Mediterranean basin (Campagne et al., 2015). Also, it is considered an important contributor to blue
carbon accumulation, with increasing relevance for climate change mitigation (Pergent-Martini et
al., 2021). P. oceanica meadows are exposed to extreme environmental pressure, particularly in the
western Mediterranean, where a significant regression has been observed (Boudouresque et al.,
2009). Recent projections estimated a functional extinction of the species by year 2100 due to
climate change (Chefaoui et al., 2018). The recolonization of lost areas can be extremely slow,

since P. oceanica is a long-lived species with slow rhizome elongation (Boudouresque et al., 2009).

The objective of this study was to explore molecular indicators in P. oceanica that can provide early
signals of stress before mortality occurs. Pazzaglia et al. (2022, 2020) recently demonstrated an
organ-specific vulnerability to abiotic stressors and a decrease in long-term survival depending on
plants’ origin. Moreover, it was recently recognised that the shoot apical meristems of this species,
rather than the leaves, might be the potential sentinel tissue suitable for use in early warning stress

monitoring (Ruocco et al., 2021). Thus, we hypothesize that the transcriptomic profiles of plants



undergoing stress exposure contain anticipatory molecular signals of stress related to shoot survival.
These signals may change in plants with different stress history and among different tissues, and
can be exploited as potential early indicators of disruptive stress in seagrass species. We utilised for
the first time WGCNA to analyse whole transcriptomic profiles obtained from leaves and shoot
apical meristems (SAM) of P. oceanica plants, collected from both oligotrophic and eutrophic sites
and exposed to stress conditions caused by high temperatures and excess nutrient levels. Samples
(leaves and SAMs) were collected after two weeks of exposure to treatments and their
transcriptomic response was correlated to the shoot survival percentage recorded at the end of the
experiment (after five weeks of exposure) to explore and select anticipatory molecular signals of
stress-induced mortality. Shoot survival was chosen as an integrative parameter of stress response
leading to seagrass decline, since other parameters might indicate reversible responses to stress

(Ceccherelli et al., 2018).

2. Materials and methods

2.1. Experimental design

For a complete description of sampling and experimental design see Pazzaglia et al., (2020).
Briefly, meadows from two nearby locations were chosen for sampling according to their
differences in anthropogenic pressure: Spiaggia del Poggio (Bacoli) in the Gulf of Pozzuoli (Italy,
40 47.9300 N; 14 05.1410 E), that was identified as more impacted by eutrophication (EU); and
Castello Aragonese off the Island of Ischia (Italy, 4044.1140N; 1357.8660 E), that was identified as
pristine and oligotrophic (OL; see Pazzaglia et al., 2020; Helber et al., 2021 for environmental
information of sites). P. oceanica fragments (ramets) bearing ca. 20 vertical shoots were collected
by SCUBA-diving during the spring of 2019. Collected ramets were transferred immediately to the
mesocosms facility at Stazione Zoologica Anton Dohrn (SZN, Naples, Italy) and distributed into 12
glass aquaria (500 L) filled with natural filtered and UV-treated seawater (see Ruocco et al., 2019

for a complete description of the mesocosm facility). Four ramets (two for each meadow) were
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allocated in each of the 12 tanks, attached to the bottom of a basket filled with coarse sediment. An
orthogonal design was used to apply the four different treatments: control (C), which consisted of
seawater with no added nutrient at 24 °C; increased temperature (T), which consisted of a gradual
increase from 24 to 30 °C; nutrients excess (N), in which a nutrient solution prepared using
Osmocote® Pro fertilizer pellets 6 months release (19% N — 3.9% P — 8.3% K, ICL Specialty
Fertilizers) was added to tanks; and a treatment combining both conditions (NT). See Pazzaglia et
al. (2020) for more details on the experiment. Stress exposure lasted five weeks, while detection of
early transcriptomic response to stress was performed after two weeks. As explained below, the
molecular response after two weeks of stress exposure was analysed with WGCNA and correlated
to shoot survival after 5-week of stress exposure to identify potential anticipatory signals of

mortality in P. oceanica (Figure 1).
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Figure 1. Workflow of early warning indicators’ selection method. After RNA extraction and
sequencing from samples exposed for 2 weeks to stress. WGCNA was run using read counts to build
4 networks of gene co-expression. Then modules were identified within each network and
correlated with shoot survival measured after 5 weeks of exposure to stress. Hub genes were
identified within each module with a significant correlation with shoot survival.



2.2. RNA extraction and sequencing

To analyse the early response to stress of the whole-genome expression pattern, fragments of 6 cm
from the second ranked leaves (n = 3) and of 0.5 cm form the most apical portion of the rhizome tip
(n = 3) containing the shoot apical meristem (SAM), were collected from orthotropic shoots after
two weeks-exposure to treatments. Leaves were cleaned from epiphytes, immersed in RNA-later
solution (Ambion, Life Technologies), held at 4 °C for one night and then stored at -20 °C. SAM
material was cleaned from dead leaf tissue and sediment and then immediately frozen at -80 °C
with liquid N. Total RNA was extracted from both plant tissues using the Aurum™ Total RNA
Mini Kit (BIO-RAD) according to manufacturer’s instructions. Concentration and purity of RNA
were assess using a NanoDrop® (ND-1000) spectrophotometer (Thermo Fisher Scientific) and
checked by 1.5% agarose gel electrophoresis. Only extracts with 260/280 nm and 260/230 nm
absorbance ratios between 1.8 and 2.2 were selected for integrity analysis. Integrity of RNA
extracts was assessed with an Agilent 2100 Bioanalyzer (Agilent Technologies, Inc.). Samples with
a RNA integrity number (RIN) > 7 were used for library preparation. A total of 24 libraries were
constructed for all treatments (C, T, N, NT; n = 3) for both sampling locations (OL, EU) per plant
tissue (leaf, SAM) with the QuantSeq 3‘mRNA-Seq Library Prep Kits (Lexogen, GmbH),
according to manufacturer’s specifications and using the Ion Chef™ system (ThermoFisher

Scientific). Libraries were sequenced with an lon GeneStudio S5 System (ThermoFisher Scientific).
2.3. Reads quality control and cleaning

The P. oceanica sequencing reads came from four different datasets divided into two different plant
tissues: leaf and meristem, and two different collection sites: Ischia (OL) and Bacoli (EU). All
datasets included 4 experimental conditions: Control, Temperature, Nutrient and Nutrient +
Temperature (n = 3). The reads quality check was performed using FastQC (Andrews, 2010). Reads
with a phred-score lower than 15 and a length lower than 50bp were trimmed using Trimmomatic

(Bolger et al., 2014).



2.4. Mapping, counting and annotation

All the cleaned reads were mapped, independently, on the reference P. oceanica transcriptome (see
(Ruocco et al., 2021) dataset using the Bowtie2 aligner with default settings (Langmead and
Salzberg, 2012). Reads count calculation for each replicate was performed using the eXpress
software (Roberts and Pachter, 2013). The entire reference transcriptome was aligned versus the
SwissProt database using the BLASTXx software (Camacho et al., 2009), with an e-value threshold

of 1e3.

2.5. Weighted gene co-expression network analysis

All four datasets were filtered to remove transcripts that did not reach a value of 10 counts in all the
replicates in order to remove low abundant or non-varying genes that introduce noise into the
analysis. Counts from filtered transcripts for all conditions in each dataset were used to generate
four co-expression networks using the WGCNA package in R (Langfelder and Horvath, 2008).
Independent unsigned networks were obtained from Ischia meristem (OL_SAM), Ischia leaves
(OL_leaf), Bacoli meristem (EU_SAM) and Bacoli leaves (EU_leaf) samples. The adjacency
matrix was constructed using a soft threshold power of 18 (See supplemental figure 1). Adjacency
values were then transformed to topological overlap measure (TOM) using the blockwiseModules
function (Zhang and Horvath, 2005) that constructs the gene networks and identifies modules.
Modules within networks were identified using the dynamic tree cut algorithm (Langfelder et al.,
2008) setting a minimum cluster size (minModuleSize parameter) of 30 and a merging threshold

function (mergeCutHeight parameter) of 0.25.

2.6. Relating modules to shoot survival

To relate the plant traits after 5-week of stress exposure with the gene networks, the module

eigengenes (ME, first principal component of each module) were correlated to the mortality data



(expressed as percentage of control shoot survival) reported in Pazzaglia et al., (2020). A Student

asymptotic p-value for correlation was used by selecting the WGCNA corPvalueStudent function.

2.7. Functional analysis

To identify global patterns of responses between different datasets, a Gene Ontology (GO)
enrichment analysis was performed with Ontologizer software (Bauer et al., 2008) in modules
showing a significant correlation with shoot survival. The threshold used to identify significantly
enriched functional terms was P < 0.05. The top 20 most represented GO terms in each module for
the “Biological process” (BP) ontology were used for comparative analysis and visualised using the

Treemap function of the Revigo online tool (Supek et al., 2011).

2.8. Hub transcripts selection

Central genes or “hubs” were identified within the modules that showed a significant correlation
with shoot survival data. Highly connected genes were identified in two different ways: i) by
selecting the transcripts from the top 20 most represented GO terms in each module; and ii) by
using their module membership (MM) value, also known as eigengene-based connectivity kue
(intramodular connectivity; Fuller et al., 2007), which represents the correlation between the
expression level of a particular gene/transcript and the module eigengene (Horvath and Dong,
2008). Transcripts with the highest MM are highly connected within a particular module (Fuller et
al., 2011). All the transcripts pooled from the modules were used to find shared transcripts between

localities and between plant tissues and then to select the candidate marker genes.

3. Results

Gene co-expression

Each of the four datasets yielded a network with a different number of differentially expressed
transcripts, being lower in OL than EU and ranging from 13,669 in OL_leaf to 16,705 in EU_SAM

(Table 1). Accordingly, a different number of co-expression modules were identified within the four



datasets, being lower in OL for both plant tissues (leaf: 16 and SAM: 27) compared to EU (leaf: 24
and SAM: 46). Also, the amount of total co-expressed transcripts obtained from the analysis of

leaves was lower compared to SAM for both sampled localities (Table 1).

Table 1. Summary of the network transcripts data across the four datasets

Network N. of transcripts | N. of co-expression Modules correlated to shoot
modules survival

OL_Leaf 13669 16 1

OL_SAM 15025 27 2

EU Leaf 14541 24 2

EU_SAM 16705 46 7

Module analysis

Several modules showed a significant correlation (R > 0.6; P < 0.05) with shoot survival and were
selected for further analysis (Table 2). The module Turquoise was selected from the network built
from OL_leaf, while in EU_leaf the modules selected for subsequent GO enrichment analysis and
selection of hub genes were the Blue and Lightcyan. In the networks generated from SAM, the
modules Lightgreen and Pink were selected in OL_SAM and modules Cyan, Darkmagenta,

Lightyellow, Plum1, Purple, Red and Violet were selected in EU.

Table 2. Modules selected according correlation with shoot survival for OL_leaf, EU_leaf,
OL_SAM and EU_SAM networks. Correlation coefficient (R) and P-value are shown for each
selected module.

Network Module R p
OL_LEAF | Turquoise -0.62 0.03

EU LEAF | Lightcyan -0.71 0.01

OL_SAM | Lightgreen | 0.87 | 0.0003

Pink 0.66 0.02

EU_SAM -0.8 0.008
07| 001

-0.7 0.02

Cyan -0.7 0.01

Lightyellow -0.6 0.04




-0.9 0.0002
Plum1l 0.6 0.04

GO enrichment

Many similarities were observed among datasets for the top 20 most represented enriched
Biological Process (BP; Figure 2). In leaves, GO terms related to metabolic processes and response
to stress were the most common (Figure 2a and b). Similarly, several metabolic and catabolic
processes were found among the most common terms in OL_SAM and EU_SAM (Figure 2c and d).
On the other hand, differences between leaves and meristems were more evident. In the OL plants,
processes related to the metabolism of nitrogen compounds were more represented in SAM rather
than in leaf (Figure 2a and c). Also, fewer processes associated with the response to stress or
response to stimulus were found in OL_SAM than in OL_leaf. In contrast, in EU plants, processes
associated with the response to stress were equally represented in SAM and in leaves (Figure 2b and
d). Additionally, other processes, such as “cation transmembrane transport” (GO:0098655) and

“signalling” (G0O:0023052), were represented only in EU_SAM compared to the other datasets.



OL_LEAF EU_LEAF

Figure 2. Treemap visualization obtained with with the Revigo online tool of the most widespread GO enriched terms in the selected modules
(based on samples exposed to 2 weeks of stress) that correlated with shoot survival (measured after 5 weeks of stress exposure) in a) OL_Leaf, b)
EU_leaf, c) OL_SAM and d) EU_SAM.




Several shared GO terms were found among the top 20 most represented BP ontologies in each of
the modules selected from all datasets (Table 2). Five BPs were shared among all four datasets:
“cellular protein metabolic process” (GO:0044267), “gene expression” (GO:0010467), “RNA
metabolic  process” (GO:0016070), “organonitrogen compound biosynthetic process”
(GO:1901566) and “catabolic process” (GO:0009056). Shared BPs between OL Leaf and EU_Leaf
included “response to stimulus” (GO:0050896), “response to chemical” (G0O:0042221), “regulation
of macromolecule metabolic process” (GO:0060255), “regulation of primary metabolic process”
(GO:0080090), while shared BPs between OL._ SAM and EU_SAM included “cellular component
biogenesis” (GO:0044085), “peptide metabolic process” (GO:0006518), “organic substance
catabolic process” (GO:1901575), “amide biosynthetic process” (GO:0043604) among others. For a

complete list of GO enriched terms for each module see supplemental File 1.

Table 3. Top 20 most represented gene ontologies (Biological process: BP) for each module
selected from all datasets. Shared BP terms within the same network are represented only once.

GO_ID GO_description Dataset

OL_LEAF[ EU_LEAF | OL_SAM | EU_SAM

GO0:0044267 |cellular protein metabolic process

GO0:0010467 |gene expression

G0:0016070 |RNA metabolic process

G0:1901566 |organonitrogen compound biosynthetic process

GO:0009056 |catabolic process

\/
\/
\/
\/
\/

GO0:0050896 |response to stimulus

GO0:0060255 |regulation of macromolecule metabolic process

GO0:0036211 |protein modification process

G0:0042221 |response to chemical

GO0:0080090 |regulation of primary metabolic process

GO0:0051179 |Localization

2 |l |||l |l || |2

G0:0043603 |cellular amide metabolic process

G0:0050789 |regulation of biological process

2L [ |l |2 |2 ||l |l || |2 |2 |2 |<

GO0:0050794 (regulation of cellular process

G0:0044248 |cellular catabolic process

G0:2000112 |regulation of cellular macromolecule biosynthetic
process

G0:0044085 |cellular component biogenesis

G0:0006518 |peptide metabolic process

<[22 ] 2|l || |2 ||l ||| |2l |l |||

< |2
2 |2 |2 | 2|2 |2 |2 |2

GO0:1901575 |organic substance catabolic process




G0:0043604 |amide biosynthetic process

G0:0006414 |translational elongation

GO:0070647 |protein modification by small protein conjugation
or removal

G0:0006412 |Translation

2 |2 | 2|2 |<

G0:0043043 |peptide biosynthetic process

G0:0065007 |biological regulation

G0:0019222 (regulation of metabolic process

G0:0031323 [regulation of cellular metabolic process

GO0:0051171 |regulation of nitrogen compound metabolic process

< |2 |2 |2 |<-

GO0:0007275 |multicellular organism development

G0:0043412 |macromolecule modification

G0:0044281 |small molecule metabolic process

G0:0009889 |regulation of biosynthetic process

G0:0031326 |regulation of cellular biosynthetic process

GO0:0006396 [RNA processing

GO0:0010556 |regulation of macromolecule biosynthetic process

GO0:0051716 |cellular response to stimulus

G0:0007154 |cell communication

G0:0044281 |small molecule metabolic process

2 |2 |l ||| ||l |||l |2l |||l |2 2|2 |

2 |2 |l ||| |2 |2 |2 |<

GO0:0005975 |carbohydrate metabolic process

Candidate genes selection

All the transcripts associated with the top 20 BPs from each selected module were pooled to find
candidate markers according to their module membership (MM). A total of 3,673 transcripts were
pooled in OL_leaf, compared to 262, 1,614 and 879 in OL_SAM, EU leaf and EU_SAM,
respectively (see supplemental File 2). The top 10 transcripts with the highest MM for each of the
networks are reported in Table 4. In OL_Leaf, transcripts related to RNA processing (Swissprot
accession: P29766 and Q943F3, respectively) were among the most central (i.e., hub transcripts
with higher degree of connectivity) for the Turquoise module. Similarly, in OL_SAM the most
central genes were related to RNA metabolism. In EU_leaf, hub transcripts related to “reactive
oxygen metabolism” (P29448, Q9FE62, Q7XTY9), while in the meristem (EU_SAM) transcripts
associated to the “synthesis of secondary metabolites” (Q9SD85), “defence response” (P93733,

Q41350) and “response to stress” (Q93ZR6, P46423) were among the most central.




Table 4. Top ten hub transcripts per network: OL_leaf, EU_leaf, OL_SAM and EU_SAM. The
transcript name, its associated swissprot protein ID and function, along with the module name and
the value of module membership (MM), are shown.

Transcript ‘Protein ID‘Protein function ‘ Module ‘ MM
OL_LEAF
pe_TR10932|c2_gl i15| Q6ICX4 |Polypyrimidine tract-binding protein homolog 3 Turquoise |0.974
pe_TR14440|c2_gl1 i8 | P29766 |60S ribosomal protein L8 Turquoise |0.973
pe TR37115|c1 gl i9 | P49689 |40S ribosomal protein S30 Turquoise |0.970
pe_TR30735|c1_gl i12| Q9SYO02 |Pentatricopeptide repeat-containing protein At4g02750 Turquoise |0.969
pe TR16884|c1_g2_i2 | P58684 |Probable signal peptidase complex subunit 2 (EC 3.4.-.-) Turquoise |0.967|
pe _TR10288|c2_g6_i2 | QID967 |Magnesium-dependent phosphatase 1 (MDP-1) (EC 3.1.3.-) | Turquoise |0.964
pe_TR41959|c0_g2_i4 | Q9XHSO |40S ribosomal protein S12 Turquoise |0.959
pe_TR24796|c0_g2_il | P49027 |Guanine nucleotide-binding protein subunit beta-like protein| Turquoise |0.955
A
pe_TR45593|c0_g2 i6 | QODJ99 |Coatomer subunit delta-2 (Delta-coat protein 2) Turquoise |0.953
pe_TR45392|c2_ g1 il | Q943F3 |60S ribosomal protein L18a Turquoise |0.953
OL_SAM
pe _TR33281|c3_gl i2 | QIMIC5 [50S ribosomal protein L18 Pink  ]0.973
pe_TR30735|c1_gl_ il | Q9SYO02 |Pentatricopeptide repeat-containing protein At4g02750 Pink  [0.970
pe2_TRINITY_DN551 | 022922 |U2 small nuclear ribonucleoprotein B" (U2 snRNP B") Pink  |0.968
99 c0 gl il
pe:TR_:?51_40|cl_93_i3 P93313 |[NADH-ubiquinone oxidoreductase chain 4 (EC 7.1.1.2) Pink  |0.965
sel TR3178|c0_gl_i4 P27572 |NADH-ubiquinone oxidoreductase chain 4 (EC 7.1.1.2) Pink  [0.963
pe_TR21334|c5_g3_i2 | ABMMAY |ATP synthase subunit alpha, chloroplastic (EC 7.1.2.2) Pink  |0.960
pe_TR11939|c1 g2 i4 | Q3ZCG8 |ER membrane protein complex subunit 6 Pink  |0.959
pe_TR6870|c0_gl i6 P42322 |Calcineurin subunit B (Calcineurin regulatory subunit) Pink  {0.950
pe_TR2303|c0_g1_i8 | AOMDQL1 |Ubiquitin-related modifier 1 homolog 1 LightGreen|0.945
pe_TR10138|c5_g2_i2 | Q6ZJJ1 |Probable L-ascorbate peroxidase 4, peroxisomal Pink  [0.942
EU_LEAF
pe_TR44629|c5_g3_i8 | P29448 |Thioredoxin H1 (AtTrxhl) Blue [0.962
pe_TR25097|c0_gl1 i3 | Q969N2 |GPI transamidase component PIG-T (Phosphatidylinositol{  Blue |0.958
glycan biosynthesis class T protein)
pe_TR21412|c3 g2_i3 | Q8VC52 |RNA-binding protein with multiple splicing 2 Blue |0.958
pe2_TRINITY_DN208 | Q9ZRI7 |Elongation factor 1-gamma 1 (EF-1-gamma 1) Blue ]0.949
51 c0 gl i1
pe_TR5428|c0_gl il Q9FE62 |Thioredoxin-like protein YLS8 Blue ]0.947,
pe_TR23348|c0_g6_i4 | QIMOV3 |DNA damage-binding protein la Blue ]0.944
pe_TR38998|c0_g2_i4 | QI9SRU2 |Auxin transport protein BIG Blue ]0.943
pe TR25369|c0_gl1 i4 | Q9LVI9 |Dihydropyrimidine dehydrogenase (NADP(+)), chloroplastic Blue ]0.942
pe_TR32906|c3_g4_i3 | Q7XTY9 |Copper chaperone for superoxide dismutase, chloroplastic Blue ]0.941
pe TR13479|c0 gl i5 | F41096 |Mediator of RNA polymerase Il transcription subunit 13 Blue ]0.941
EU_SAM
pe_TR12992|c0_gl1 i1 | Q9SD85 [Flavonoid 3'-monooxygenase (EC 1.14.14.82) Purple |0.981]
pe2_TRINITY_DN385| Q9FIJ4 |DNA repair RAD52-like protein 2, chloroplastic Purple |0.974
05 ¢c0 gl il
pe_TR43752|c5_g3 i9 | P93733 |Phospholipase D beta 1 (EC 3.1.4.4) Purple |0.968




pe2_TRINITY_DN302 | A2CIR7 [BTB/POZ domain and ankyrin repeat-containing protein Red [0.968
68 c0 g2 il

pe2_TRINITY_DN361| Q41350 [Osmotin-like protein Red [0.962
99 cl gl il

pe_TR39505|c4_gl1_il | Q9C9A6 |U-box domain-containing protein 10 (EC 2.3.2.27) Red [0.960
pe2_TRINITY_DN322 | Q93ZR6 |Wax ester synthase/diacylglycerol acyltransferase 1 Violet |0.958
64 c0 gl i4

pe _TR39962|c1 g2 _i4 | A2Z3C4 |Probable 6-phosphogluconolactonase 4, chloroplastic Purple |0.957]
pe_TR39522|c0_g1_i3 | 023627 |Glycine--tRNA ligase, mitochondrial 1 (EC 6.1.1.14) Red [0.957
pe TR32334|c3_gl i6 | P46423 |Glutathione S-transferase (EC 2.5.1.18) Purple |0.957|

In order to find shared transcripts between plant tissues from different sampling localities, transcript
pools from OL and EU were compared. When comparing leaf networks, a total of 655 shared
transcripts were found (Figure 3a). In contrast, only 11 shared transcripts resulted from the
comparison between OL_SAM and EU_SAM (Figure 3b). The top 20 shared leaf transcripts
according to the MM and the 11 transcripts shared in SAM from both localities are reported in

Table 5.

a) b)
OL_LEAF

EU _LEAF EU_SAM

Figure 3. Venn diagrams showing the number of unique and shared Hub transcripts in a) OL_leaf
and EU_leaf; and b) OL_SAM and EU_SAM

Table 5. Hub transcripts shared between OL_leaf, EU_leaf (top) and OL_SAM and EU_SAM
(bottom) with highest module membership (MM).

Transcript Protein |Protein function Module MM
1D

LEAF

pe_TR10288|c2_g6_i2 | Q9D967 |Magnesium-dependent phosphatase 1 Turquoise-OL_LEAF |0.964

pe_TR44629|c5_g3_i8 | P29448 |Thioredoxin H1 (AtTrxhl) Blue-EU_LEAF 0.962

pe_TR21412|c3_g2_ i3 | Q8VC52 |RNA-binding protein with multiple splicing 2 Blue-EU_LEAF 0.958

pe2_TRINITY_DN208 | Q9ZRI7 |Elongation factor 1-gamma 1 Blue-EU_LEAF 0.949




51 c0 gl il

pe_TR5428|c0_gl i1 | Q9FE62 |Thioredoxin-like protein YLS8 Blue-EU_LEAF 0.947

pe_TR34456|c2_g3_il | QOLJGS8 |Trihelix transcription factor ASIL2 Turquoise-OL_LEAF |0.945

pe_TR3549|cl gl i2 |Q9LVP9 |Vesicle transport v-SNARE 13 Turquoise-OL_LEAF |0.944

pe_TR32906|c3_g4 i3 |Q7XTY9|Copper chaperone for superoxide dismutase, Blue-EU_LEAF 0.941
chloroplastic

pe_TR13479|c0_gl1 i5 | F41096 |Mediator of RNA polymerase Il transcription Blue-EU_LEAF 0.941
subunit 13

pe_TR15144|c0_gl1 i3 | 075533 |Splicing factor 3B subunit 1 Turquoise-OL_LEAF |0.940

pe_TR32719|c2_gl_i4 | Q9SZL8 |Protein FAR1-RELATED SEQUENCE 5 Blue-EU_LEAF 0.940

sel_TR12935|c0_g1_i6

Q941R4 |GDP-mannose transporter GONST1 Blue-EU_LEAF 0.940

pe_TR42272|c5_g7_i2

082782 |1-(5-phosphoribosyl)-5-[(5- Blue-EU_LEAF 0.939
phosphoribosylamino)methylideneamino]
imidazole-4-carboxamide isomerase, chloroplastic

pe2_TRINITY_DN354 | Q6P4YO0 |Threonylcarbamoyladenosine tRNA Blue-EU_LEAF 0.938
77 cl gl i2 methylthiotransferase (EC 2.8.4.5)

pe _TR35097|c1_g2_i5 | Q8S8F8 |GLABRAZ2 expression modulator Turquoise-OL_LEAF |0.936
pe_TR34459|c3_g9 i3 | QOJNR2 |Cysteine proteinase inhibitor 12 Turquoise-OL_LEAF |0.933

se2_TRINITY_DN231
73 ¢c0 g2 il

Q9FNR1 |Glycine-rich RNA-binding protein 3, mitochondrial | Turquoise-OL_LEAF |0.932

pe_TR23092|c0_gl1 i3 | Q8LDP4 |Peptidyl-prolyl cis-trans isomerase CYP19-4 Turquoise 0.928
pe_TR39052|c2_gl1 il | Q9ASP6 |Heterogeneous nuclear ribonucleoprotein Q Turquoise 0.927
8

pe_TR876|c0_g2_i8 |QIM2V1|Protein NCAL (NO CATALASE ACTIVITY 1) Turquoise 0.927
SAM

pe_TR408|c0_gl i5 049697 [NAC domain-containing protein 71 Violet-EU_SAM 0.932
sel TR22293|c0_g4 _i4| P42322 |Calcineurin subunit B Pink-OL_SAM 0.928
pe_TR2198|cl g4 i8 | P82163 |30S ribosomal protein S13, chloroplastic Pink-OL_SAM 0.926
pe_TR408|c0_gl_i6 049697 [NAC domain-containing protein 71 Violet-EU_SAM 0.920
pe_TR2198|cl g4 i6 | P82163 |30S ribosomal protein S13, chloroplastic Pink-OL_SAM 0.880

pe_TR39534|c2_g2_i2

064530 [Thiosulfate/3-mercaptopyruvate sulfurtransferase 1, Pink-OL_SAM 0.812
mitochondrial

pe_TR23056|c0_g2_i4 |Q8VYB1|Mediator of RNA polymerase Il transcription Pink-OL_SAM 0.797
subunit 31

pe_TR31925|c2_g2_i1 |Q84WKD5|Protein GID8 homolog LightYellow-EU_SAM |0.787

pe_TR21175|c5_g1_il1 | Q336M2 |Cyclin-dependent kinase E-1 Cyan-EU_SAM 0.753

1

pe_TR15160|cl_g4_i2

Q9FNC9 |Mitochondrial import receptor subunit TOM9-2 LightYellow-EU_SAM |0.694

pe_TR10527|c2_gl_i2

Q9M876 |Tyrosine--tRNA ligase, chloroplastic/mitochondrial Cyan-EU_SAM 0.654

As each network

(OL_leaf, OL_SAM, EU_leaf and EU_SAM) was correlated with its

corresponding shoot survival data for each group of plants, it was expected to find transcripts

showing a different MM among the shared transcripts because they belonged to different modules

in OL and EU networks (see supplemental file 2). In table 5, the value displayed corresponds to the

highest MM for a particular module between the two networks (OL or EU), which means that the

transcript was more central in the reported module within one of the two networks. Seven of the top



shared leaf transcripts shown in table 5, i.e. Q9D967 (Magnesium-dependent phosphatase 1),
P29448 (Thioredoxin H1), Q8VC52 (RNA-binding protein with multiple splicing 2), Q9ZRI17
(Elongation factor 1-gamma 1), Q9FE62 (Thioredoxin-like protein YLS8), Q7XTY9 (Copper
chaperone for superoxide dismutase, chloroplastic) and F41096 (Mediator of RNA polymerase 11
transcription subunit 13) were also found in at least one of the networks reported in Table 4,
meaning that even with a lower MM they were also present in the network of the other location (OL
or EU). Transcripts that resulted unique in Table 4 have simply a higher MM compared to the ones
reported in Table 5, but are not necessarily unique for the reported network. For the complete list of

shared transcripts see supplemental file 2.

4. Discussion

In the present study, we have applied a system biology approach (WGCNA), based on the
hypothesis that the transcriptome profiles of plants undergoing stress exposure could contain
anticipatory molecular signals of stress related to shoot survival. These signals may change in
plants with different stress history and can be exploited as potential early indicators of disruptive
stress in the species. Our results confirm that the transcriptomic stress response of P. oceanica
exhibits both common features (universality) and specific responses depending on plant tissue and
plant stress history (Pazzaglia et al., 2022). Particularly, the response of the shoot apical meristem
(SAM) appears to be more specific according to the collection site, and, therefore, the stress history
of the plants. In contrast, leaf transcriptomes showed a greater convergence between locations in the
response to stressors. Here, we discuss the resulting list of genes that show an anticipatory response
to stress (mortality) and that could be potentially utilized as early warning indicators in seagrass
management. Moreover, we discuss the implications of site-specific strategies to cope with stress,

particularly heat and nutrient excess.

Global stress response in modules correlated with shoot survival



As observed in previous experiments (Helber et al., 2021; Pazzaglia et al., 2020), the physiological
response to abiotic stress of plants from locations with different environmental conditions, is
usually different. Therefore, in order to identify universal markers of stress, this study examined
biological processes (BPs) that were shared between plants of different origin and under different
abiotic stressors (excess nutrients and increased temperature) during their early stage of exposure to
stress, when plant mortality was not yet visible. The “cellular metabolism” and “biosynthesis of
nitrogenous compounds” GO terms were among the most widespread BPs shared in all datasets
(leaf and SAM from both locations) (Table 3). These findings support the hypothesis of a
continuous inorganic N assimilation by seagrasses in eutrophic waters, which causes a mobilization
of carbon skeletons for the production of amino acids (Burkholder et al., 2007; Invers et al., 2004)
which coincides with the decrease of non-structural carbohydrates observed by (Pazzaglia et al.,
2020) after five-week exposure to N enrichment. In general, SAM response might be more dynamic
than leaves, as by the larger amount of transcripts in the SAM networks and as previously observed
in P. oceanica in response to light limitation (Ruocco et al., 2021). BPs involved in the response to
external stimulus and chemical stimulus were shared in leaves and in EU_SAM, but not in
OL_SAM. This supports previous observations (Pazzaglia et al., 2022), where the existence of
regulatory defence machineries were already active in EU plants due to pre-exposure to higher
nutrient inputs in the site of collection, which was also reflected in the physical weakness of
rhizomes and shoots in contrast to OL plants (Helber et al., 2021; Pazzaglia et al., 2020), that

resisted better the exposure to stress during the first two weeks of experiment.

Since WGCNA simultaneously analyses the response of transcripts not only to high nutrients
treatment but also to the action of temperature and the combined stress, it is possible to attribute the
presence of ‘metabolic process’, ‘translation’ and ‘catabolic processes’ found among the early
response of both EU and OL plants, to heat stress, due to the acceleration of biochemical reactions

triggered by increased temperature (Rasmusson et al., 2020). This could also contribute to



exacerbate the carbon imbalance of rhizomes and leaves after 5 weeks of exposure to stressors,
particularly in EU plants, as previously highlighted by the comparison of physiological
performance (Pazzaglia et al., 2020). The exposure to increased temperatures, indeed, induces the
mobilisation and consumption of carbon reserves in P. oceanica, although the sensitivity of this
response depends on the natural thermal environment in which the plants live (Marin-Guirao et al.,
2018). OL plants appeared less susceptible to the experimental stress conditions, as no processes
directly related to stress were observed among the most representative BPs in OL_SAM (Figure
2¢). However, “response to heat” (GO:0009408) appeared among the most represented BPs only in
EU_SAM (Figure 2d), showing that in general temperature stress affects more the SAM tissue of
plants already stressed by eutrophic conditions (Pazzaglia et al., 2022). These complex interactions
that occurred when both stressors were acting at the same time were reflected in the offset response

of some physiological parameters reported in Pazzaglia et al. (2020).

Specific stress markers

Although similar biological processes were identified in all modules that correlated with shoot
survival, the transcripts showing the highest MM differed among tissues and localities (Table 3).
However, this did not necessarily mean that they were found exclusively in a particular dataset (see
next section). Among the transcripts with highest MM in OL_Leaf, we found several genes
involved in the processing of RNA (e.g. Pentatricopeptide repeat-containing protein), structural
constituents of ribosomes (60S ribosomal protein L8, 40S ribosomal protein S30, 40S ribosomal
protein S12 and 60S ribosomal protein L18a), splicing (Polypyrimidine tract-binding protein
homolog 3) and protein modification and transport (Magnesium-dependent phosphatase 1, Signal
peptidase complex subunit 2, Coatomer subunit delta-2). This seems to be related with the altered
metabolism of OL plants and an increased organonitrogen compound biosynthesis rates due to
temperature increase and nutrient excess. Additionally, some other specific markers were found in

OL_Leaf (See additional file 2), such as a transcript annotated as Peroxiredoxin-2C (PRXIIC), a



thiol-specific peroxidase that plays a role in cell protection against oxidative stress by detoxifying
peroxides (Cerveau et al., 2016). A transcript annotated for a “Flowering locus K homology
domain” (FLK) was also found. This is a protein that operates in the autonomous flowering-
promotive pathway in Arabidopsis by decreasing the transcript levels of the key flowering repressor
“Flowering Locus C” (FLC, Ripoll et al., 2009), and a “FRIGIDA-like protein 3” (FRL3), which is
involved in the upregulation of the expression of FLC (Jiang et al., 2009). Moreover, in addition to
its role in flowering and development, FLK also contributes in regulating plants’ defence against
pathogens (Fabian et al., 2023). Flowering induction as early response to stress was already
described in P. oceanica after experimental exposure to heat stress (Marin-Guirao et al., 2019; Ruiz
et al., 2018) and is a common response observed in disturbed seagrass populations (Cabaco and

Santos, 2012).

Constituents of the ribosome and splicing enzymes such as “50S ribosomal protein L18” (rpIR) and
“U2 small nuclear ribonucleoprotein B™” (U2B"), were also found among the top MM transcripts in
OL_SAM. Transcripts involved in cellular respiration and primary metabolism such as “NADH-
ubiquinone oxidoreductase chain 4” (ND4) and a “chloroplastic ATP synthase subunit alpha”
(atpA) were also present. Increased respiration rate, and the consequent un-balance of P/R rate, in
response to heat stress has already been described in P. oceanica, leading in the long term to a
reduction in the carbohydrates content (Marin-Guirao et al., 2018, 2017, 2016). As a core subunit of
the mitochondrial membrane respiratory chain NADH dehydrogenase (Complex 1), ND4 is closely
linked to cellular respiration and energy consumption which is also supported by atpA. Changes in
the gene expression of atpA has been associated with mortality in a previous experiment in P.
oceanica aimed to find early warning indicators of burial and nutrient stress (Ceccherelli et al.,
2018). Also, the altered expression of these two genes has been related to the ability of P. oceanica
to cope with increased temperatures (Marin-Guirao et al., 2017). Other transcripts involved in stress

responses were found among the most central ones, e.g., a “BAG family molecular chaperone



regulator 4” (BAG4) and a “peroxisomal probable L-ascorbate peroxidase 4” (APX4). The former
belongs to a family of proteins distinguished by a conserved BAG domain that directly interacts
with Hsp70 and Hsc70 proteins, functioning as co-chaperones that participate in diverse cellular
functions including stress responses, proliferation, migration, and cell death (Doukhanina et al.,
2006; Irfan et al., 2021), the latter is a well-known antioxidant enzyme involved in the scavenging
of reactive oxygen species (ROS). Annotated transcripts for protein modification included “ER
membrane protein complex subunit 6 (EMC6) and various ubiquitination related proteins such as
“ubiquitin-like-specific protease 2B” (ULP2B), which was shown to be unique for OL_SAM. The
latter is a protease involved in Sumoylation (a post-transcriptional modification driven by small
ubiquitin-like modifier: SUMO) and de-sumoylation which is involved in several responses to

stress and nitrogen assimilation (Park et al., 2011).

In EU_leaf, the most central transcripts were related to the response to stress, growth and
development. Among the others, we identified the “Thioredoxin-like protein YLS8” (Yellow Leaf
Specific Gene 8), which has been previously suggested as a potential marker of senescence
(Yoshida et al., 2001). The “chloroplastic copper chaperone for superoxide dismutase” (CCS) was
also found. This gene has been already observed to respond to warming in P. oceanica as observed
in a transcriptomic study and particularly in shallow-water plants (Marin-Guirao et al., 2017). It
binds copper ions and delivers them specifically to Cu/Zn superoxide dismutases (SODs), the well-
characterised scavengers of ROS, in order to activate them (Chu et al., 2005). Interestingly, a
“Dihydropyrimidine dehydrogenase” (PYD1) was also found among the most central genes. This
protein seems to be part of Amino-acid biosynthesis pathway (Cornelius et al., 2011). This may
indicate that plants growing in the more eutrophic site have some mechanisms of nutrient
metabolism already active, since this protein was also found in the meristematic tissue (not among
the highest MM transcripts) but not in OL plants (see suppl. File 2). “The Auxin transport protein

BIG” (BIG), required for auxin efflux and polar auxin transport, influences auxin-mediated



developmental responses (e.g. cell elongation, apical dominance, lateral root production,
inflorescence architecture, general growth and development) and seems to be responsive to both
high and low phosphate P conditions (Kanyuka et al., 2003; Loépez-Bucio et al., 2005).
Additionally, the important subunit 13 of the “mediator of RNA polymerase Il transcription”
(MED13), a coactivator involved in the regulated transcription of nearly all RNA polymerase I1-
dependent genes, was also central. This protein has been described as involved in several
developmental processes such as embryo patterning, cotyledon organogenesis and flowering (Imura

etal., 2012; Ito et al., 2011).

The meristem of plants growing under eutrophic conditions (EU_SAM) showed a more diverse
response compared to other datasets as observed by the greater number of modules correlated with
shoot survival (Table 1). Transcripts with the highest MM in the modules found for this dataset
were mostly involved in senescence, defence and stress responses as it is the case of “phospholipase
D beta 1” (PLDBETAL1), “BTB/POZ domain and ankyrin repeat-containing protein NPR5” (NPR5)
and “osmotin-like protein” (PR-5), all of them associated to the defence response to fungal
pathogens (Anil Kumar et al., 2015; Yuan et al., 2007; Zhao et al., 2013). Another interesting
transcript was found: a “wax ester synthase/diacylglycerol acyltransferase 1” (WSD1), which is
involved in the cuticular wax biosynthesis (Li et al., 2008; Patwari et al., 2019) in turn associated to
different responses to both defence to pathogens and to abiotic stress (Yeats and Rose, 2013).
Additionally, a “glutathione S-transferase” (GST) was also found within the most central transcripts
in the EU_SAM network. GST belongs to an ancient protein superfamily of detoxifying enzymes
involved in diverse intracellular events such as primary and secondary metabolisms, stress
metabolism, herbicide detoxification and plant protection against ozone damages, heavy metals,
xenobiotics and microbial infections (Vaish et al., 2020). The higher incidence of transcripts related
to pathogen defence and stress response among the most central for EU_SAM might indicate that

they were experiencing a higher level of stress than OL plants even before collection, making them



prone to pathogen attack, which is in agreement with the results from the same experiment
previously published (Pazzaglia et al., 2022, 2020), where EU plants showed a greater mortality at
the end of the experiment (Pazzaglia et al., 2020). Also, transcripts such as “flavonoid 3'-
monooxygenase” (CYP75B1) and ‘“chalcone-flavanone isomerase 3” (CHI3), involved in the
biosynthesis of flavonoids, were found. These transcripts are involved in a series of processes such
as signalling pathways against pathogens and antioxidant metabolism (Brunetti et al., 2013). This is
an interesting finding as the concentrations of flavonoids seems to be responsive to nutrient
enrichment in P. oceanica (Cannac et al., 2006). All those transcripts support the hypothesis of a
stronger and differential response of SAM (Ruocco et al., 2021), based on the environmental

conditions at the collection site (Pazzaglia et al., 2022).

Shared stress markers

Although the networks obtained from SAM transcriptomes were larger in number of transcripts
than the ones from leaves, the number of pooled transcripts in the modules correlated to shoot
survival was lower in SAM (1,141) compared to leaf (5,287). Thus, we observe a greater number of
shared “hub” transcripts between leaves than between SAMs from both locations. Among the
shared transcripts for leaves, seven of those were also found among the most central for a specific
network. For instance, the “thioredoxin-like protein YLS8”, the “chloroplastic copper chaperone for
superoxide dismutase” (CCS) and the “subunit 13 of the mediator of RNA polymerase Il
transcription”, already discussed in the previous sections, are also shared in OL leaves and could be
considered as early warning markers for leaf tissue (Figure 4). Other shared transcripts with high
MM included a “GDP-mannose transporter” (GONST1) and a “heterogeneous nuclear
ribonucleoprotein Q” (LIF2), both involved in defence from pathogens and immune responses (Le
Roux et al., 2014; Yoo et al., 2020). Additionally, RNA processing transcripts such as the “glycine-
rich RNA-binding protein 3” (RBG3) in the mitochondria and the “protein FAR1-related sequence

5” (FRS5) in the nucleus indicates the important role of transcriptional control in this tissue in



situations of stress (Kwak et al., 2005; Lin and Wang, 2004). Another important central transcript
found to be shared in leaves is the “GLABRAZ2 expression modulator” (GEM), which is important
in the control of “homeobox GLABRA2” (GL2), responsible for cell fate, via the maintenance of
the repressor histone H3K9 methylation status (Caro et al., 2007). GEM has already been observed
to be highly over expressed in P. oceanica after two weeks of exposure to heat (Marin-Guirao et al.,

2019).

OL (Ischia) Candidate genes EU (Bacoli)

LEAF \%( v/ LEAF
/ \

Naples

SAM ,

k SAM

Figure 4. Summary of potential early warning markers for heat and nutrient stress in P. oceanica.
Shared and specific markers are show in the top Venn diagram for leaf tissue and in the bottom for
SAMs. On the left side OL plants are reported and EU plants in the right side. See main text for
acronyms.

Contrary to leaves, only 11 transcripts were shared between SAM tissues from OL and EU. Two
transcripts were annotated for a “NAC domain-containing protein 71” and two for a “chloroplastic
30S ribosomal protein S13”, the former involved in the response to wounding and to auxin stimulus
(Matsuoka et al., 2016; Pitaksaringkarn et al., 2014), the latter a constituent of the chloroplastic

ribosome, responsible for the translation of the chloroplast genome-encoded proteins (Yamaguchi et



al., 2000). Also, the subunit 31 of the mediator of RNA polymerase Il transcription (MED31) was
observed in SAM, which implies the importance of the control of transcription as an important
process in the early stages of stress responses. An important transcript involved in calcium
signalling, the “calcineurin subunit B” (CNB1) was found to be central in both OL and EU apical
meristems. This calcium-dependent, calmodulin-stimulated protein phosphatase has been
previously observed to be regulated by stress signals such as drought, cold, and wounding (Jorg et
al.,, 1999). Another interesting transcript found was the “thiosulfate/3-mercaptopyruvate
sulfurtransferase 1” (STR1), which could contribute to oxidative stress resistance, mitochondrial

respiratory function and the regulation of fatty acid metabolism (Pedre and Dick, 2021).

All these genes, with particular attention to the genes that have been already found to alter their
expression levels (e.g., atpA, CCS, GEM) in response to stress such as high temperatures and light
in P. oceanica (Ceccherelli et al., 2018; Marin-Guirao et al., 2019), will be targeted in further

analysis as potential early warning indicators across environmental stress in P. oceanica.

Ecological significance

Evidence on the continuous decline of seagrasses points out the urgency for developing new
efficient tools for monitoring and predicting stress signals in the marine environment. Seagrass
restoration requires high number of resources and the success is not guaranteed (e.g., Pazzaglia et
al., 2021; Boudouresque et al., 2021). Monitoring seagrass status, by means of indicators that are
capable of detecting an early signal of stress, becomes of paramount importance particularly in slow
growing and long living species such as P. oceanica. Traditional morphological and physiological
methods cannot provide early enough signals of population decline (Macreadie et al., 2014;
Ceccherelli et al., 2018). Thus, the application of WGCNA represents a first step towards
developing high-throughput molecular monitoring tools. Since gene expression in response to stress
can largely vary among organs and populations growing in different environments, only scanning a

range of diverse populations and stress conditions would allow to find common early stress



indicators of population’s decline. Our results provide a useful set of genes correlated to the
survival of P. oceanica, which could contribute to detecting early population declines, identifying
stress signals, and allowing the implementation of appropriate management strategies. Integrating
similar analysis with seagrass monitoring programs can be a valuable resource for improving

seagrass conservation efforts.
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Highlights

« Transcriptomic response comprises stress signals that could anticipate mortality
« Transcriptomic stress response exhibits both general and specific responses

* Meristematic tissue shows dynamic stress response depending on plant origin

« Found hub transcripts can be tested as potential marker of stress using RT-gPCR





