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Abstract: Ocean acidification (OA) is a dramatic perturbation of seawater environments due to
increasing anthropogenic emissions of CO2. Several studies indicated that OA frequently induces
marine biota stress and a reduction of biodiversity. Here, we adopted the macroalga Ulva prolifera as
a model and applied a complementary multi-omics approach to investigate the metabolic profiles
under normal and acidified conditions. Our results show that U. prolifera grows at higher rates in
acidified environments. Consistently, we observed lower sucrose and phosphocreatine concentrations
in response to a higher demand of energy for growth and a higher availability of essential amino
acids, likely related to increased protein biosynthesis. In addition, pathways leading to signaling
and deterrent compounds appeared perturbed. Finally, a remarkable shift was observed here for the
first time in the fatty acid composition of triglycerides, with a decrease in the relative abundance
of PUFAs towards an appreciable increase of palmitic acid, thus suggesting a remodeling in lipid
biosynthesis. Overall, our studies revealed modulation of several biosynthetic pathways under OA
conditions in which, besides the possible effects on the marine ecosystem, the metabolic changes of
the alga should be taken into account considering its potential nutraceutical applications.

Keywords: ocean acidification (OA); Ulva prolifera; metabolomics; lipidomics; LC-MS; NMR; macroalgae

1. Introduction

Atmospheric concentrations of carbon dioxide are progressively increasing and the
consequent reduction of pH in water basins prompts direct and indirect effects on the
metabolism of marine organisms, leading to demonstrated changes in coastal ecosystems,
sometimes overlapping with additional stressors such as pollution, eutrophication, and
riverine discharges [1–3]. The process appeared continuous and consistent in the last
decades and empirical models indicate that carbon dioxide concentrations will increase in
the atmosphere from the present levels (about 412.15 ppm) up to about 750 ppm by the
end of this century [4]. Consequently, the pH of oceans could decrease to 7.8–7.7 in parallel,
leading to well-known effects on benthic communities at various levels [5]. In fact, the ab-
sorption of CO2 has already caused apparent changes in the carbonate chemistry of surface
seawater and is predicted to decrease by 0.44 ± 0.005 units from 1870–1899 to 2080–2099,
under SSP5-8.5 scenarios (IPCC, 2021) [4]. Overall, ocean acidification (OA) affects the
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biology of the oceans through direct effects on calcifying organisms and indirect effects on
benthic and planktonic communities [6]. Direct effects such as the lack of development
of coral reefs under pH 7.7 and the impairment of physiology for calcifying animals and
coralline algae have been clearly demonstrated [6–9]. However, various authors still debate
the possible consequences, according to various levels of pH representing thresholds for
the partial or total destruction of coral reefs [10,11].

Nevertheless, positive effects are forecasted for selected organisms because a higher
abundance of carbon dioxide may induce faster growth of algae, changes in the chemical
composition of seagrasses, and consequently, larger resources available for some herbi-
vores [12–14]. Although CO2 is an essential source of nutrients for photosynthesis, the
benefits for autotrophs largely depend on the photosynthetic pathways evolved. For ex-
ample, C4 plants adopt phosphoenolpyruvate carboxylase, and they experience minor
photorespiratory losses due to the use of carbon-concentrating mechanisms [15]. Conse-
quently, they might not benefit from increased levels of CO2 because phosphoenolpyruvate
carboxylase is substrate-saturated at the levels of CO2 currently experienced in seawater.

In contrast, C3 plants that use RuBisCO as the priming carboxylation enzyme might
experience a loss of fixed carbon due to photorespiration and benefit from seawater acidifi-
cation. RuBisCO is not substrate-saturated at the levels of carbon presently measured in
seawater [15]. These consequences lead to complex scenarios of ecosystem modifications,
including changes in biodiversity and community composition [8,10,16,17]. For example,
Garrard et al. [17] indicated clear differences in the community structure of seagrasses,
driven by the indirect effects of acidification, such as changes to canopy structure and
food availability, rather than physiological intolerance to low pH levels. The number
of invertebrates collected in acidified stations was almost double that of control stations
during the study and many heavily calcified species appeared to thrive. All this led to
changes in community structure and biodiversity. Other investigations demonstrated that
the levels of biodiversity in marine benthic communities are strongly impacted by ocean
acidification and temperature rises [18]. In addition, it was also observed that the loss of
habitat complexity of coral reefs in response to natural acidification led to a decrease in
some groups of mobile animal taxa and that the overall biodiversity was reduced [19]. Pre-
vious research tried to forecast future consequences in various environments, considering
the levels of ecosystem vulnerability [20]. Heat stress and other impacts (e.g., industrial
pollution, effects of fisheries, touristic activities, coastal urbanization, increases of turbidity,
discharges of drugs from aquaculture plants) complicate the process and lead to variable
predictions about key environments subjected to multi-stressor conditions [7]. In addition,
indirect effects of the OA, such as the impacts on infochemical communications among or-
ganisms, may encompass the direct effect of the pH on the phenotype of plants and animals
because the adaptation of organisms to a given environment is a complex process involving
chemical defenses and communications that can be impaired even by minor changes of
pH [21–23]. However, only few metabolomic studies are dedicated to macroalgae, despite
their ecological importance in marine ecosystems [24–28].

As mentioned, calcifying algae are severely threatened by OA due to its direct effects
on their external tissues [23,29]. However, non-calcified algae could also be impacted
because changes in their composition might be expected [30]. Among Ulvaceae, the alga
Ulva rigida was investigated under increased pCO2 and a clear preference and substantial
HCO3

− use was suggested to support photosynthesis and growth [31]. Therefore, increased
levels of CO2 predicted for the future are not likely to stimulate Ulva rigida blooms [32].
Considering that OA alters the carbon speciation in seawater, this influence has implica-
tions for photosynthesis and C:N ratios of primary producers [33]. A wide range of algal
responses to OA has been observed, including both positive effects on their growth and
negative impacts on their ecology, which may be explained by differences in algal physiol-
ogy, timescales of the responses measured, and specific metabolic features of individual
species. However, some generic responses may be expected and modeled using another
widely diffused alga, such as Ulva prolifera. This species is almost ubiquitous and has been
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suggested to be an excellent model for predicting seaweed growth in light- and nutrient-
limited environments and its tissue modifications due to environmental changes [34]. U.
prolifera (previously known as Enteromorpha prolifera) is a marine macroalga with medicinal
and edible potential, but congeneric algae are also the cause of undesirable green tides
which seriously impact the coastal ecology and the environment in various regions. The
effects of the temperature on the metabolic pathways of this alga have been investigated
and it was demonstrated that the metabolic profiles of U. prolifera cultured under high-and
low-temperature treatments were significantly different [35]. This alga is often responsible
for “green tides” in various areas of the world and may exhibit morphological variations
according to environmental conditions and developmental stages [36]. On the other hand,
U. prolifera is a macroalga characterized by high palatability and high levels of microele-
ments, making it an important food item for marine herbivores and a candidate additive
for animal feeds [37]. It has been widely used as an algal model to detect physiological
changes due to various stresses by means of metabolomic investigations [38,39].

Environmental metabolomics and lipidomics have emerged as powerful approaches to
studying organisms’ chemical responses and adaptations to specific environmental condi-
tions [40–42]. In marine environments, the metabolism of aquatic organisms is continuously
affected by exposure to abiotic stressors, such as changes in temperature [43,44], light in-
tensity [45], oxygen levels [46], and salinity [47]. A summary of their functional metabolic
phenotype would contribute to understanding the chemical mechanisms underpinning the
adaptations to these stressors [48]. Liquid chromatography–mass spectrometry (LC-MS)-
and nuclear magnetic resonance (NMR)-based metabolomics/lipidomics have steadily
evolved during the last decade, allowing the elucidation of a greater variety of metabolites
in complex biological samples and providing sufficient information to directly determine
active biochemical pathways. Although some studies have already assessed the metabolic
changes of marine organisms due to OA, information about the chemical adaptations of
marine algae is still incomplete [24–28,48–51].

Here, we applied a multidisciplinary approach to investigate the growth rates and the
metabolic responses of the common and ubiquitous marine macroalga, U. prolifera Müller,
under normal and acidified conditions, hypothesizing that increasing levels of CO2 could
modify the growth and the chemical turnover of this alga. We aim to elucidate the multivariate
effects of OA on this marine macroalga’s growth and metabolic profiles. In particular, we mon-
itored the growth and performed a complementary NMR- and LC-MS-based metabolomics
and lipidomics analysis after 55 days of cultivation of U. prolifera in special photobioreactors,
facilitating the tuning of the pH conditions to detect changes in its chemical profiles that
could affect its resilience and nutritional quality for grazers. Comparing metabolomics and
lipidomics data permits obtaining complementary insights into the effects of OA on macroal-
gae and allows us to speculate about how these effects may influence the shaping of benthic
communities and their physiologic and trophic relationships.

2. Results
2.1. Macroalgal Growth in Normal and Acidified Conditions

Under normal conditions (pH 8.1), exponential growth was observed immediately after
the start of the experiment. A stationary phase was reached after about 20 days of culture,
keeping the average weight of thalli at 31.56 g (±2.76), while in acidified conditions, a lower
slope but a continuous exponential growth up to the end of the experiment (Figure 1A), when
thalli reached an individual fresh weight of 59.98 g (±10.97), occurred. The final weights
obtained in acidified conditions were significantly higher (t-test, p < 0.05). The parameters of
the growth equations were quite different (Supplementary Table S1) as well, with Ym and Xint
in acidified conditions reaching two times higher levels. However, the Mann-Whitney test
indicated non-significant differences between the two curves due to high variation among
replicates. In particular, large variation characterized the replicates obtained in acidified
conditions, while the final weights obtained in normal conditions were almost consistent in all
replicates (Figure 1B). The slopes of the two growth curves obtained for normal and acidified
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conditions were significantly different (Figure 1A) at p < 0.01 (confidence intervals evaluated
by GraphPad Prism, version 8, San Diego, CA, USA).
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replicates. The horizontal lines indicate the mean values.

2.2. NMR-Based Metabolomics
2.2.1. NMR Analysis on Polar Compounds

An OPLS-DA was applied to visualize the changes in the algal polar profiles in re-
sponse to acidification. An excellent statistical model was obtained with one predictive
and two orthogonal components and parameters R2 = 0.81, Q2 = 0.63, and CV-ANOVA
p value = 0.0001, representing the goodness-of-fit, the goodness-of-prediction, and the
estimation of the ANOVA testing of cross-validated predictive residuals, respectively. As
shown in the score plot of Figure 2A, samples from different pH levels are discriminated
along the predictive component t(1), while the orthogonal component mainly accounts
for intra-class inhomogeneity. In particular, the pH 8.1 group is placed at t(1) positive
coordinates, while the acidified class is projected at t(1) negative values. By inspecting
the associated loading plot of Figure 2B and assigning the corresponding molecules, we
found that high levels of the amino acids characterized the group at pH 7.7: glutamine
(2.46 ppm, 2.44 ppm), glutamate (2.34 ppm, 2.16 ppm), arginine (3.24 ppm, 1.90 ppm,
1.74 ppm, 6.90–6.92 ppm), and asparagine (2.96 ppm, 2.88 ppm), while the control group
at pH 8.1 exhibited higher concentrations of choline (3.20 ppm), DMSP (3.48–3.50 ppm),
sucrose (5.40–5.42 ppm, 3.82 ppm), and phosphocreatine (3.04 ppm) (Figure 3). Overall, a
total of 367 features were evaluated, and 40 were found dysregulated (|pcor| > 0.5), corre-
sponding to a total of 12 polar metabolites, 8 of which were found statistically significant in
discriminating the two algal experimental sets (p ≤ 0.05).
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Figure 3. Box and Whisker’s plot of normalized bins showing the levels of discriminant metabolites
of alga samples at pH 7.7 (orange) and pH 8.1 (blue) obtained by NMR analyses: (A–D) up-modulated
metabolites, and (E–H): down-modulated metabolites. Student’s t-test significance is reported as:
p-values = *** <0.001, ** <0.01.

2.2.2. Metabolic Pathway Analysis

Metabolic pathway enrichment analysis of significantly modulated metabolites was
performed according to the ‘diffusion’ algorithm based on annotated metabolites’ infor-
mation in the KEGG database related to the green alga Chlamydomonas reinhardtii, where
every metabolite can map the term, including the module, pathway, metabolites, enzyme,
and reaction, among others. As a result, a total of 197 nodes were found by the analy-
sis with a p-value set to 0.05, consisting of 7 related pathways, 8 modules, 39 enzymes,
122 reactions, and 13 additional metabolites found to be involved (ATP, ADP, orthophos-
phate, glucose, aspartate, fructose, tetrahydrofolate, creatine, 5-methyltetrahydrofolate,
acrylic acid, dimethyl sulfide, creatinine, and 3-methylthiopropanoate), besides the input
ones (arginine, asparagine, glutamine, glutamate, choline, phosphocreatine, sucrose, and
DMSP) (Figure 4 and Table S2).
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Figure 4. Enrichment analysis on discriminant polar metabolites obtained by NMR analyses that
differentiate Ulva prolifera under acidification conditions. Networks including pathways (1–7,
red dots), modules (8–15, pink dots), enzymes (yellow dots), reactions (cyan dots), and metabo-
lites (green dots and squares) were elaborated using label propagation in a knowledge model
network based on the Chlamydomonas reinhardtii database in KEGG (p < 0.05). Abbreviations:
Cho = choline; Suc = succinate; Asn = asparagine; Gln = glutamine; Glu = glutamate; Arg = arginine;
PCr = phosphocreatine; DMSP = dimethylsulfoniopropionate.

2.3. LC-MS-Based Metabolomics

A PLS-DA was carried out to visualize the relationships between the metabolic profiles
of U. prolifera cultivated at two pH levels. The PLS-DA plot reveals discrimination between
the metabolic profiles of algae cultivated at pH 7.7 from those at 8.1 (Figure 5).

Component 1 explains 30.4% of the data variability and separates the metabolic profiles
of U. prolifera cultivated at pH 7.7 on the left from those at pH 8.1 on the right. Component
2 explains 15.8% of the total variability of the data but does not separate the groups.
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2.3.1. Identification of Modulated Metabolites

To identify the significantly modulated metabolites, a volcano plot comparing pH
7.7/8.1 was executed (FC ≥ 2.0, p-value ≤ 0.05) (Figure 6). A total of 106 metabolites ap-
peared modulated in the algal samples under acidified conditions (pH 7.7) vs. normal con-
ditions (pH 8.1). Five metabolites were significantly upmodulated in U. prolifera (Figure 7).
All these compounds were putatively identified by comparing their MS/MS spectra ac-
quired with those available in tools that combine free compound database searching and
fragmentation prediction. Compound 145 (Figure 7A and Supplementary Figure S1) was
identified as (2R)-3,4,5-Trisulfooxyoxane-2-carboxylic acid. Compound 9 (Figure 7B and
Supplementary Figure S2) was identified as an oxazole-containing macrolide. Compound
66 (Figure 7C and Supplementary Figure S3) was identified as 24-methylene-cycloartanol.
Compound 103 (Figure 7D and Supplementary Figure S4) is a sulfate metabolite whose
structure remains unknown. Compound 151 (Figure 7E and Supplementary Figure S5)
was identified as the macrolide derivative (Z)-3-[4-[[3-(dimethylamino)-5-methyloxan-2-
yl]-hydroxymethoxy]propan-2-yl]-3,9-dihydroxy-6,8-dimethyl-10-oxodec-4-enoic acid.
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on the right side of each boxplot represent the putative identification for each compound.
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2.4. LC-MS-Based Lipidomics

Lipid yield was measured in both conditions and showed a significant (p < 0.05)
increase at pH 7.7 (5.04% ± 0.38% DW) as compared to a normal growth at pH 8.1
(4.23% ± 0.34% DW) (Supplementary Figure S6). Preliminary insight into the lipid class
profile, based on ion intensities, indicated neutral lipids (TG) and glycolipids (sulfolipids
SQDG and SQMG and galactolipids MGDG, MGMG, DGMG) as the most abundant species
in U. prolifera, followed by phospholipids (PI, PC, PE, and PG) and ceramides (Supplemen-
tary Figure S7). Biological replicates were individually considered for statistical analyses,
while technical replicates were averaged. To visualize the relationships between the lipid
profiles of U. prolifera cultivated at different pH levels, a partial least square discriminant
analysis (PLS-DA) was carried out. The PLS-DA plot revealed differences between the lipid
profiles of cells cultivated at pH 7.7 from those at 8.1 (Figure 8). The replicates within each
batch, particularly in acidified conditions, clustered into two quite divergent subgroups,
reflecting the behavior shown for the algal growth curve (Figure 1). Component 1 explains
34.7% of the data variability and discriminates the metabolic profiles of the alga cultivated
at pH 7.7 (on the left) from those at pH 8.1 (on the right). Component 2 explains 23.7%
of the data’s total variability but does not discriminate between the groups. Although
no statistically relevant variation in lipid class/species was detected, the discrimination
observed in the PLS-DA indicated that for U. prolifera, the acidification of the growing
conditions modulated the lipid profiles.
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2.4.1. Identification of Modulated Lipids

A fold-change analysis was executed comparing pH 7.7 and 8.1 (FC ≥ 2.0) and a total
of 116 lipids were found modulated; however, only 31 metabolites fulfilled the criteria of
being modulated with a FC ≥ 2, in particular, 25 upmodulated and 6 down-modulated
lipids (Figure 9). Among the upmodulated lipids, the phospholipids PC, PG, and PE were
the predominant classes (Supplementary Figures S8–S10). On the other hand, TG was the
most down-modulated lipid class due to acidification.
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A closer inspection of the lipid species composition (Supplementary Figures S11–S13)
indicated that other minor palmitoyl-based galactolipids, i.e., SQDG 16:0/16:0, DGDG
16:0/16:0, and MGDG 16:0/16:0, were slightly down-modulated, even despite the general
trend of the corresponding classes, which exhibited an increased level at pH 7.7 (i.e., DGDG
and MGDG). In TG, lipid species composition showed that TG group C52 was prominent
in both conditions (Figure 10). This group corresponds to TG typically composed of one
C16 and two C18 fatty acyl chains. The degree of unsaturation, i.e., the number of total
double bonds present in each TG, regardless of the fatty acid nature, was indicated by
the number, N (i.e., C52:N), after the group label. Indeed, at a lower pH (7.7), a shift in
species abundance from TG C52–C56 towards TG C48–C50 groups bearing lower-length
acyl chains was observed. In addition, a prevalence of saturated FAs bound to glycerol
occurred, as attested by the predominance of the low number of double bonds (N) in
annotated C48–C52 class groups. These results suggest an acidified medium-driven TG
composition modulation with a lower occurrence of long polyunsaturated chain C18–C20
fatty acids in the neutral lipid pool.
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3. Discussion

The decrease in seawater pH recorded in the last decades stimulated a great deal of
research on the effects of OA on various organisms. Indeed, clear effects of OA on the
composition of various plants have been demonstrated, inducing physiological effects on
various consumers [52,53]. Previous studies indicated the effect of OA on the production of
infochemicals by microalgae and seagrasses [5]. The NMR- and MS-based metabolomics
and lipidomics are increasingly being applied in ecological studies to profile and quantify
small molecules and lipids that represent the biological response of living organisms to
changing environmental conditions as a direct consequence of genomic and transcriptomic
activity [54,55]. Here, NMR metabolomics has been used to assess the changes in water-
soluble metabolites, while LC-MS/MS approaches were applied to monitor medium-
polarity molecules and lipids in algal extracts.

3.1. Pathway Analysis

Our NMR-based metabolomic analysis of U. prolifera under acidified conditions showed
that the arginine, asparagine, glutamine, and glutamate levels increased along with the en-
hanced growth rate. At the same time, other metabolites such as choline, phosphocreatine,
sucrose, and DMSP decreased. To shed light on the biochemical mechanisms underlying
these metabolomic changes in U. prolifera in response to OA, we investigated the metabolic
pathways in which the differentially modulated metabolites were involved. Under acidified
conditions, arginine biosynthesis, alanine, aspartate and glutamate metabolism, arginine and
proline metabolism, starch/sucrose metabolism, one-carbon pool by folate, sulfur metabolism,
and ABC transporters were the most strongly affected pathways (Figure 4, pathways 1–8).
Moreover, the analysis identified specific sub-pathways involved: urea cycle, spermidine, and
putrescine polyamine biosynthesis from arginine, betaine biosynthesis from choline, dissimila-
tory sulfate reduction, sulfate–sulfur assimilation, arginine biosynthesis from ornithine, and
glycogen degradation (Figure 4, sub-pathways 9–15).

3.2. Amino Acids

Seaweeds promptly respond to the altered environmental conditions by regulating
their physiological and biochemical processes, mainly carbon and nitrogen metabolism,
which leads to alterations in various metabolic networks linked to amino acids (AAs) and
organic acids [23,30]. Here, we demonstrated that glucogenic amino acids such as glutamine
and glutamic acid, together with arginine and asparagine, were accumulated at a lower pH,
which may serve as precursors for diverse metabolic pathways and major central organic
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nitrogenous compounds involved in the storage and transport of nitrogen. It has been
shown that the higher availability of dissolved CO2 facilitates the photosynthesis of algal
species, which can capitalize on increased carbon availability, thus favoring their growth
rates [27,56]. This goes along with enhanced protein biosynthesis, increasing the total
protein and amino acids content in algal tissues [32,57,58]. Above all, arginine, glutamate,
and aspartate are generally reported as the most abundant AAs in Ulva species [59–61].
Fundamental AAs, including asparagine and glutamine, may be a source of ammonia,
useful to buffer external acidic conditions or conversely involved in nitrogen recycling [61]
and algal detoxification [62]. As also observed in higher plants, these amino acids contribute
to the tricarboxylic acid (TCA) cycle-related deamination and transamination reactions in
macroalgae [63]. Moreover, glutamate is assembled in glutamate dehydrogenase (GDH),
which plays an essential role in the regulation of ammonia assimilation in such species of
algae as Chlorella sorokiniana [64], Ulva pertusa [65], Chlamydomonas reinhardtii [66], Bryopsis
maxima [67], and Pyropia yezoensis [68]. Our results suggest that the increases of these
AAs under acidified conditions might reflect the adjustment of some nitrogen metabolism
pathways as algal responses to environmental stress. As indicated by the enrichment
analysis (Figure 4), the urea cycle is one of the modules supposed to be altered under the
acidification condition. In particular, this may reflect the high recycling rate for ammonia
assimilation used to counteract the acid environment and the urea production, which is
an internal organic source of nitrogen produced by the catabolism of arginine [69]. This
is consistent with our experimental findings: at low pH values, we observed a higher
content of asparagine, derived from aspartate via transamination in the urea cycle, also
predicted to be involved from the pathway analysis as an additional metabolite. Aspartate,
together with citrulline, are at the top of the urea cycle, both precursors of arginine—
experimentally observed as upregulated—which in turn is transformed into ornithine, that
again catabolizes citrulline via ornithine carbamoyltransferase, thus restarting the cycle and
re-producing arginine. Actually, the arginine biosynthesis from ornithine was also predicted
to be altered from our enriched analysis. Ammonia, the final form for nitrogen fixation,
is also the readily available source for glutamine biosynthesis via glutamine synthetase
and then glutamate, both found in our study highly expressed in acid conditions. Those
metabolites contribute in catalyzing the entry of bioavailable nitrogen in the form of
ammonium into the cellular metabolism, being alternatively involved in the glutamate
dehydrogenase (GDH) and the glutamine synthetase/glutamate synthase (GS/GOGAT)
cycle [70,71].

On the other hand, low pH regimes imply algal osmotic adaptation and a protective
response to maintain intracellular pH, thus preserving normal metabolic processes and
cellular functions. The algal response can be related to the consumption of choline, sucrose,
and DMSP, which may act as osmolytes [72] and protein stabilizers [73]. Osmolytes are
recruited and accumulated around the protein backbone to exert a stabilizing effect through
polar interactions [73].

3.3. Carbohydrates

Carbohydrates are vital for algal growth and development, being the primary source
of energy for respiration and other essential processes; in addition, soluble carbohydrates
can serve as precursors of diverse bioactive metabolites and as building blocks for the
synthesis of essential polymers, including starch, cellulose, and proteins, which increased
at low pH levels [74]. Hence, their lower concentration observed in our results may be
related to the higher demand for energy and the synthesis of primary metabolites in fast-
growing algae under high pCO2. Moreover, sucrose metabolism provides a mechanism to
reduce its concentration at the unloading sites, to facilitate its source-to-sink translocation,
thus preventing feedback inhibition of photosynthesis and sustaining carbon flow at the
whole-plant level [75,76]. Decreased sucrose levels in acidified conditions may be further
related to an inverse regulation of sucrose transporters in plants and fungi, depending
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on extracellular pH [77]. Thus, its depletion at pH 7.7 is related to its use to counteract
acidification [78–80].

The compound 145, analyzed by an LC-MS-based approach, was putatively identified as
(2R)-3,4,5-Trisulfooxyoxane-2-carboxylic acid, which is a highly sulfated deoxyglucuronic acid
(Figure 7A). Glucuronic acid is a basic unit of ulvans, cell wall polysaccharides abundant in
green seaweed of the genus Ulva [81–84]. Therefore, compound 145 derived from glucuronic
acid may represent a potential chemical biomarker for algal biomass increase.

3.4. Other Small Polar Metabolites

Choline is a source of methyl groups needed for many metabolic steps. Its employment
is related to a demanding request for enhanced methylation, occurring in all biochemical
processes (accompanying a higher growth rate) involved in the production of proteins and
enzymes. Choline is also a precursor for the synthesis of phosphatidylcholines, phospholipids
vital for cell structure and signaling. Its reduction in favor of cell membrane constituents
(in line with the PC increase found in MS analysis) could be related to membrane adapta-
tion to acidification, which can induce lipid vesicle migration and global deformation [85].
The control of membrane lipid composition and its rearrangement to preserve integrity and
fluidity is fundamental in maintaining cytoplasmic pH, which is essential for optimal cel-
lular metabolism, growth, and proliferation [86]. Moreover, membrane participation in pH
homeostasis involves regulating transmembrane trafficking and proton transporters, which
enhance the pumping of H+ ions in acidic environments [87]. In addition, the choline decrease
may be related to its metabolization into dimethylglycine (DMG), whose signal resonates
overlapping the S-CH3 peak of DMSP. Indeed, the bin levels were higher for the pH 7.7 group
than for the controls, although not significant in Student’s t-test (data not shown). DMG is
an essential osmoregulatory metabolite that may counteract cell wall expansion and osmotic
pressure at a low pH [88]. Choline is also the precursor of S-adenosylmethionine, a universal
methyl donor involved in synthesizing homocysteine in sulfur metabolism, and methionine,
whose mean levels were upmodulated in the pH 7.7 group compared to controls, although
not significant in the Student’s t-test (data not shown).

Phosphocreatine is a high-energy organic phosphate compound naturally occurring in
organisms, playing a pivotal role in cellular energy metabolism as an immediately available
temporal energy buffer and a spatial energy buffer or intracellular energy transport sys-
tem [89]. Besides its prominent role in coping with the increased energy demand realized
under experimental conditions, phosphocreatine is also involved in the algal response to the
acid environment by an extensive generation of ATP. Metabolic processes such as creatine
phosphate hydrolysis, ATP formation, or consumption of CO2 imply a net consumption
of H+, thus contributing to the cellular alkalinizing process [90]. It has been shown in the
microalga C. reinhardtii that 7% more ATP was consumed to remove protons entering the
cytosol across the membrane during growth at a lower pH [91,92]. Thus, lower levels of
phosphocreatine found in acidified conditions may be related to a considerable increase in
ATP and photophosphorylation demand and an impaired turnover.

3.5. Sterols

A significant increase upon acidification was observed in the concentration of com-
pound 66, identified as 24-methylene-cycloartanol (Figure 7C), an essential precursor in
the biosynthesis of sterols in photosynthetic lineages [93]. Sterols are fundamental con-
stituents of membranes, playing an essential role in the lipid bilayer’s integrity, fluidity,
and permeability, and are involved in hormone signaling [94,95]. In plants, sterols can be
synthesized by two pathways: via lanosterol, as in mammals and yeast, or cycloartenol
metabolism [96]. In the latter pathway, cycloartenol is converted into 24-methylene-
cycloartanol (compound 66) by the catalysis of the cycloartenol-C-24-methyltransferase 1,
an enzyme that has already been found upregulated in U. prolifera under environmental
stress conditions [97]. The up-modulation of 24-methylene-cycloartanol under acidified
conditions might indicate an increment in the biosynthesis of phytosterols via cycloartenol.
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This putative increase in phytosterol levels could be a mechanism to regulate membrane flu-
idity and acclimate the tissues to an acidified environment [98] or just the demand for new
membrane components and signals due to the increase in biomass. This up-modulation is
also in agreement with the observed increase of ABC transporters.

3.6. Signaling and Deterrent Compounds

DMSP is a tertiary sulfonium compound massively produced by several species of
marine micro- and macro-algae and plant halophytes, including Ulvaceae [99], and it is con-
sidered to have osmotic, cryoprotectant, chemoattractant, and antioxidant roles [72,100,101].
Via enzymatic cleavage, DMSP may serve as a precursor of DMS (dimethyl-sulfide), a gas
whose emission influences atmospheric processes and climate. For this reason, most pre-
vious studies focused on the importance of both compounds (DMSP and DMS) and their
oceanic planktonic sources to global sulfur cycling and climate [102]. DMSP mediates
ecological interactions between the producing organisms and the surrounding marine com-
munity, and this observation boosted renewed interest in this metabolite [103]. Interestingly,
DMSP may be involved in food deterrence by producing DMS and other by-products, rep-
resenting an activated chemical defense against herbivores of other sympatric algae [103].
However, the multiple roles attributed to DMSP are species-specific and modulated by
adaptation to local environmental conditions. Several studies focused on the effects of OA
on the algal production of both DMSP and its enzymatic products. Indeed, contradictory
results reported variable responses of DMSP and DMS to OA, with positive, negative, or
no correlation between the two metabolites [104–108]. The reduction of DMSP observed in
our study may be the result of its imbalanced conversion into DMS in a short timescale or,
in contrast, an indicator of higher exposure of the alga to grazing pressure. Two putative
macrolide derivatives were up-modulated by the acidification (compounds 9 and 151,
respectively, in Figure 7B,E). These compounds’ class has been previously identified in
algae [109] and is abundant in various marine organisms [110]. Moreover, macrolides have
displayed vigorous deterrent activity in laboratory feeding assays against fish [111,112].
Consequently, under acidification stress, these defense metabolites would contrast grazing
pressure. This observation is in line to what was previously indicated by Gaubert et al. [49].
In fact, they investigated a brown macroalga and recorded a significant decrease in some
specialized metabolites’ concentrations at a lower pH, including lobophorenols B and C
and other oxylipin derivatives, concluding that the downregulation of metabolic pathways
involving lobophorenols is in accordance with the optimal defense theory.

3.7. Lipids

The lipid pool, widely distributed in several classes, constitutes structural or storage
material in all living cells. As already documented for other Ulva species [56], we registered
a significant increase in lipid yield in samples grown in acidic conditions, in line with the
increment of algal productivity observed (Figure 1 and Supplementary Figure S7). How-
ever, no statistical significance was detected at the level of specific classes or individual
lipid species. This may be due to the variability among biological replicates in both pH
conditions, which was particularly amplified in the lipidome with respect to the polar
metabolome. Nevertheless, we attempted to seek trends, focusing on the mean values
of class lipids and individual molecular species. As a result of the fold-change analy-
sis, a series of lipid classes appeared upmodulated, mainly belonging to phospholipids
(PL), including PC, PE, and PG (Supplementary Figures S8–S10). PL are sensitive to vari-
ous stresses, including temperature, light, nutrients, and pH. PG are the most abundant
phospholipids occurring in chloroplasts. Generally, PG decreases under various stress
conditions, particularly in acidified environments [113]. On the other hand, recent reports
described a significant (up to 80%) upregulation of PG under long-term high CO2 [114,115].
The medium/long-term adaptation may favor this class of anionic lipids negatively cor-
related to SQDG, other anionic plastidial lipids [116]. Indeed, our experiments indicated
that the general increase of PG is balanced by a decrease of sulfoquinovosides, particularly
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evident for SQDG 16:0/16:0, putatively as a strategy to face the lower pH and maintain a
balanced negative environment (Supplementary Figure S13); however, the molecular basis
of this mechanism is understudied in photosynthetic organisms [115].

PE and PC are both constituents of cell membranes: the PE class is a lipid chaperone
that assists in the folding of specific membrane proteins and is required for the activity of
several of the respiratory complexes, while PC also play a role in membrane-mediated cell
signaling. In U. prolifera, they were composed mainly of saturated and monounsaturated
fatty acids, and under high CO2 they exhibited a general increase, likely as a consequence
of the activated metabolism in this condition. PI belong to the pool of anionic PL important
as membrane components and lipid mediators, particularly in deacylated or phosphory-
lated forms, modulating a series of growth-related physiological processes. Most of the
studies reported for this class of lipids concern mammalian cells, focusing on PI 18:0/20:4
and terrestrial plants. However, accumulating evidence extends the occurrence of the PI
signaling pathway to micro- and macro-algae [117]. Although, PI class profiling showed
only the occurrence of C16- and C18-based PI lipids. In our experimental conditions, their
level did not change on average with the lowered pH, except for PI 16:0/16:0, which was
reduced (Supplementary Figure S14). This may suggest a specific regulation or structural
role for this lipid composed of two residues of palmitic acid.

Other lipid species, such as SQDG 16:0/16:0 and DGDG 16:0/16:0, composed exclu-
sively of palmitic acid, showed a singular behavior, resulting in a reduced content, while the
other members of the corresponding class increased or were unchanged (Supplementary
Figures S11–S13). Conversely, we observed an apparent increase in TG species contain-
ing palmitic acid (TG 48–52). This increment was accompanied by a general reduction
of TG species containing PUFAs (TG 54–56) (Figures 9 and 10). It has been reported in
the red alga Galdiera sulphularia [113] and the green alga Chlamydomonas sp. [118] that
the composition of fatty acids in the various classes of lipids depends on the pH of the
medium and the content of palmitic acid in TG increases when the ambient pH decreases.
On the other hand, decreasing pH produces a decline in the proportion of PUFA at the
base of the marine food webs, i.e., in picoeukaryotes [119] and diatoms [115,120], with a
bottom-up impairment in the transfer of essential PUFA to higher levels [114]. A recent
study on the brown macroalga Sargassum vulgare [121] also reported a reduction in PUFA,
although in this case not accompanied by an increment of palmitic acid in the total fatty
acid composition. However, the mechanism underlying this change is still unclear. High
CO2 could likely stimulate biosynthesis and the accumulation of saturated FA and/or
conversely may induce a downregulation of fatty acid desaturases [115,122]. This trend is
important because it may produce predictable changes in the composition of algae, their
nutritional value, and the production of lipophilic infochemicals. On the other hand, the
remodeling associated with changes in the relative abundance of palmitic acid in various
lipid classes and the possible intercorrelation among polar and neutral C16:0-based lipids
deserve further investigation.

4. Materials and Methods
4.1. Collection and Isolation of the Macroalga

Algal thalli of U. prolifera were collected in Lacco Ameno (Ischia, Naples) [123] on the
leaves of P. oceanica growing in a shallow stand (5 m depth) and morphologically identified
as Ulva prolifera O.F. Müller according to Cui et al. [124] and transported to the laboratory
for inspection under a stereomicroscope. Algae and adherent materials’ samples were
transferred to multi-wells containing 6 mL of Guillard’s f/2 medium [125]. Multi-wells
were kept in a thermostatic chamber (18 ◦C, photoperiod 12/12 h) for 1–2 days. Algal thalli
were then re-collected and transferred to new wells containing sterile f/2 medium several
times until a pure culture of U. prolifera was obtained. The absence of algal or bacterial
contaminants was confirmed through optical microscopy observations. The mother culture
was kept in a thermostatic chamber in the same medium and periodically transferred while
checking the strain’s purity and physiologic state.
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4.2. Production of Ulva Biomass in Benthic Photobioreactors

Special photobioreactors were ad hoc designed to produce macroalgae at normal pH
and acidified conditions. To this end, plastic tanks with a total volume of 5 L were sanitized
by washing with H2O2 and then rinsed with Milli-Q water before filling with sterilized
f/2 medium. Each photobioreactor contained a pH probe and a “U”-shaped glass pipette
connected with a CO2 bottle whose valve was operated by an automatic controller (CO2
controller, Aquauno, Lecce, Italy). Four tanks (biological replicates) were set at pH 8.1 and
four additional tanks were set at pH 7.7.

The photobioreactors were built to react to any pH change due to gas exchanges over
the water surface and to the effects of photosynthesis and respiration processes in each
tank. Consequently, pH changes were immediately corrected by small additions of CO2
up to reaching the pH initially set on the controller. Tanks were covered with a glass
lid and kept in a thermostatic chamber at a temperature of 18 ◦C (photoperiod 12/12 h,
light irradiance of about 350 µE provided by Sylvania Gro Lux neon lamps). A thallus of
U. prolifera (3 g fresh weight) was added to each of the 8 tanks initially kept at ambient
pH (8.1), and the pH of the tanks was slowly adjusted up to the final sets (pH 8.1 and
pH 7.7) for 2 days prior to the start of the experiment. The mopped fresh weight of each
thallus was further recorded twice a week for 55 days. In each replicate, 50 mL samples of
culture medium were collected every 3 days to perform analyses of the carbonate chemistry.
Samples were analyzed immediately after the collection in the photobioreactors, avoiding
the formation of air bubbles possibly inducing impairment of the measure. The controller
continuously checked the pH which was additionally recorded every 3 days using a Sev-
enGo (Mettler Toledo, Milan, Italy) pH probe (Figure 11A). At the same time intervals, the
temperature was checked using a digital thermometer (Figure 11D) and total alkalinity (TA)
was measured using the total alkalinity mini titrator for water analysis HI-84531-02 (Hanna
Instruments, Woonsocket, RI, USA) (Figure 11C). The instrument automatically adjusted
the working temperature (18 ◦C) using the automatic temperature compensation feature.
Three points of electrode calibration (pH 4.01, 7.01, and 8.30 at 25 ◦C) and pump calibration
(using a HI 84531–55 calibration standard) were performed before each set of titrations to
ensure accuracy. The corresponding partial pressure of CO2 (pCO2) was computed every
3 days using the CO2Sys EXCEL Macro from pH NBS, TA, coupled with temperature and
salinity records [126]. Carbonic acid dissociation constants (pK1 and pK2), ion HSO4

−,
and borate dissociation constants were used for the computation (Figure 11B). Salinity
was periodically measured with a HI-96822 (Hanna Instruments, Woonsocket, RI, USA)
electronic refractometer.

At the end of the experiment, the biomass obtained in each of 4 biological replicates
for the 2 conditions was collected, weighed (fresh weight), and frozen for the chemical
analyses. The collected algae were checked under optical microscopy to confirm the ab-
sence of evident bacterial growth: no traces of bacterial contamination were detected
in any of the replicates submitted to further analyses. The weight data collected dur-
ing the experiment were used to build growth curves (according to a logistic equation,
Supplementary Method S1) for U. prolifera in normal and acidified conditions.
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4.3. NMR Metabolomics
4.3.1. Sample Extraction and NMR Analysis

Frozen algal samples were divided into four portions of about 1 g each to obtain four tech-
nical replicates for the two experimental conditions (pH 8.1—control vs. pH 7.7—treatment).
Briefly, 170 µL of water and 700 µL of methanol (MeOH) were added, and the samples were
sonicated for 30 s. Then, 350 µL of chloroform was added, and after vortexing and shaking
for 10 min, 350 µL of water and 350 µL of CHCl3 were added. After centrifugation at 10,000 g
for 10 min at 4 ◦C, the upper phase containing polar metabolites was collected, lyophilized,
and stored at −80 ◦C until analysis.

NMR analyses were performed on a Bruker Avance III–600 MHz spectrometer with
an autosampler (Bruker BioSpin GmbH, Rheinstetten, Germany), equipped with a TCI
CryoProbeTM fitted with a gradient along the Z-axis, at a probe temperature of 27 ◦C.
Details for 1D and 2D experiments [127–132] are reported in the Supplementary Materials.
Metabolites were assigned to NMR profiles by comparison of chemical signal shifts (1H
and 13C nuclei) with literature data [133] and/or an online database [134].

4.3.2. Multivariate Data Analysis

For NMR data, the 0.70–8.70 ppm spectral region of aqueous extracts was automat-
ically reduced to integrated regions (buckets) of a 0.02 ppm width using the AMIX 3.9.7
package (Bruker Biospin GmbH, Rheinstetten, Germany). The residual water resonance
region (4.50–5.18 ppm) in 1H2O spectra was excluded. Each integrated region was nor-
malized to the total spectrum area to avoid possible signal variation due to the dilution
of samples. The integrated data organized in matrices format were then imported into
the SIMCA14 package (Umetrics, Umeå, Sweden), where principal component analysis
(PCA) and orthogonal projection to latent structures (OPLS) or its discriminant analysis
(OPLS-DA) were performed. Pareto scaling was used as data pre-treatment for PCA and
OPLS-DA in NMR data. PCA was first applied (data not shown) as an unsupervised
strategy to display the dataset variation of the data matrix to identify data trends. However,
an OPLS-DA was performed to visualize data clustering to the different pH growth con-
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ditions. The discriminatory metabolites were selected based on the bins containing NMR
signals which were not overlapping with other peaks for the relative quantification, per-
formed using the OriginPro 9.1 software package (OriginLab Corporation, Northampton,
PA, USA). Statistical significance for selected metabolites was determined by parametric
(Student’s t-test) or non-parametric (Mann–Whitney U) tests according to the results of
the normality test performed on data to evaluate each distribution (Shapiro–Wilk and
Kolmogorov–Smirnov test, together with Levene’s test to evaluate variance homogeneity).
p-values < 0.05 were considered statistically significant.

4.3.3. Enrichment Analysis

Enrichment analysis on the most representative metabolites found in U. prolifera
cultured in acidification conditions was applied using the ‘diffusion’ method computed
by the FELLA package in R [135,136]. Such analysis suggests affected reactions, enzymes,
modules, and pathways using label propagation in a knowledge model network based on
the green alga Chlamydomonas reinhardtii database in KEGG. The resulting network and
sub-network are visualized in a related plot and table with a threshold of p < 0.05.

4.4. LC-MS Metabolomics
4.4.1. Sample Extraction and LC-MS Analysis

Dried samples (10 mg) from algal specimens grown at normal (four replicates) and
acidified (three replicates) conditions were ground separately for 30 s at 5000 rpm in a tissue
homogenizer (Minilys, Bertin Technologies, Germany) by using six zirconium oxide beads
(1.4 mm, Bertin Technologies, Germany). Then, 200 µL of prechilled Milli-Q water was
added and vortexed for 30 s, then sonicated for 1 min. After 30 min, 800 µL of acetonitrile
(ACN) (LC-MS grade) was added, and the samples were vortexed again for 30 s. Samples
were then stored overnight at 4 ◦C to facilitate the extraction of metabolites and then
vortexed and centrifuged at 4000× g for 10 min at 4 ◦C. Supernatants (800 µL) were then
transferred separately into 1.5 mL glass vials and dried in a vacuum concentrator (RVC
2–25, Christ, Germany) at 40 ◦C. Samples were dissolved in 300 µL of 100% acetonitrile
(LC-MS grade) and kept at −20 ◦C until LC-MS analysis. Equal aliquots from all samples
were pooled and used as a quality control (QC) sample.

The metabolic profiles were acquired by injecting 10 µL of each sample into a UHPLC-
Q Exactive HF Orbitrap System (Thermo Scientific, San Jose, CA, USA). The separation of
the metabolites was achieved in a Vanquish Horizon Binary UHPLC system at a constant
flow rate of 400 µL min−1 on a C18 reversed-phase column (EC 125/2 Nucleosil 100-3 C18,
Macherey-Nagel, Germany), using a solvent gradient of 0.1% (v/v) formic acid (FA) in
water (solvent A) and 0.1% FA in ACN (solvent B) as follows: 0–0.3 min isocratic 80% A,
0.3–7 min gradient phase to 100% B, 7–11 min isocratic 100% B, 11.0–11.1 min gradient to
80% A, and 11.1–13 min isocratic 80% A. The samples were measured in negative ionization
mode with a resolving power of 120,000 m/∆m and a mass range of 75–1125 m/z. The
electrospray ionization (ESI) source was set at a 2.5 kV spray voltage, 35 V for capillary
transfer voltage, and a capillary temperature of 360 ◦C.

Full MS scan and data-dependent MS2 (Full MS/dd-MS2 (top N)) acquisitions were
performed on the QC sample. The injection volume, chromatographic method, and in-
strumentation were the same as described in the previous paragraph. For the Full MS
acquisition, a resolution of 120000 m/∆m, automated gain control (AGC target) set to
3 × 106, the scan range of 75–1125 m/z, and a maximum injection (IT) time of 100 ms were
used. The parallel dd-MS2 (top N) was acquired for the top 20 most intense m/z by using a
resolution of 120,000 m/∆m, an AGC target of 1 × 105, maximum IT of 100 ms, isolation
window of 1.0 m/z, and normalized collision energies of 15, 30, and 45 eV.

4.4.2. LC-MS Data Processing

The raw data files obtained from the LC-Orbitrap MS system were initially converted
to mzXML format using the MSconvert tool from ProteoWizard 3.0x software [137], and
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mzXML files of all replicates were processed with the XCMS 3.2.0 R package [138–140].
Peak picking was performed with the centWave algorithm (ppm = 1, peakwidth = c(5, 30),
prefilter = c(6, 50,000), mzCenterFun = “wMean”, integrate = 1, mzdiff = –0.001, fitgauss =
TRUE, noise = 1E4, verboseColumns = TRUE). An initial alignment of the selected peaks
was carried out (bw = 2, mzwid = 0.009, max = 100, minsamp = 0, sleep = 0). Then, a
retention time correction was performed using the obiwarp method, followed by a second
peak alignment (bw = 2, mzwid = 0.009, max = 100, minfrac = 0.5, minsamp = 1, sleep = 0).
All masses detected in the blank, and those with coefficients of variation for the intensities
higher than 20% in the QC sample, were removed from the mass peak list. Finally, the
CAMERA 1.36.0 R package [141] annotated possible isotopes and adducts in the peak
matrix and generated the final peak intensities list for further statistical analysis.

4.4.3. Statistical Analysis

Multivariate and univariate statistical analyses were performed to reveal the rela-
tionships between the metabolic profiles of U. prolifera cultivated at pH 7.7 vs. those
at pH 8.1 using the MetaboAnalystR 2.0 package [142]. The peak intensities table was
initially normalized by sample-specific weights and later log-transformed and scaled by
mean-centering and dividing by the square root of the standard deviation of each variable
(equivalent to Pareto scaling). To visualize changes in the metabolic profiles at pH 7.7
compared to 8.1, a partial least square discriminant analysis (PLS-DA) was carried out. A
volcano plot comparing pH 7.7/8.1 was executed (FC ≥ 2.0, p-value ≤ 0.05).

4.4.4. Compound Identification

Only metabolites that were significantly modulated under acidified conditions (pH 7.7)
compared to normal conditions (pH 8.1) with an FC ≥ 2.0 at p ≤ 0.05 from the volcano plot
were putatively identified by initially calculating their exact masses from their accurate
masses and the ion annotation information provided by CAMERA (adducts, isotopes, and
neutral-losses fragments). Then, an isotopic pattern analysis and a library spectral matching,
always allowing a mass deviation of 5 ppm in databases such as MetFrag, METLIN, SIRIUS,
CSI: FingerID, Human Metabolome Database (HMDB), KEGG-mine, and LipidMaps, were
performed to achieve a Level 2 (High) of annotation for all metabolites, except compound
103, which remains unknown. The IUPAC name of compound 151 (Figure 7) was generated
by using STOUT (SMILES-TO-IUPAC name translator) [143].

4.5. LC-MS Lipidomics
4.5.1. Sample Extraction and LC-MS Analysis

Dried material (15 mg) from four biological replicates for each experimental condi-
tion (pH 8.1—normal vs. pH 7.7—treatment) was extracted in technical duplicates. A
pool of lipid standards, commercial (C17-Triacylglycerol (TG), d5-C16-Diacylglycerol (DG),
C10-Phosphatidylcholine (PC), C17-LysoPC, and C17-Phosphatidylethanolamine (PE), pur-
chased from Avanti Polar Lipids) and synthetic (C19-Sulfoquinovosyldiacylglycerol (SQDG)
and C19-Monogalactosyldiacylglycerol (MGDG)), was used for recovery assessment and
relative quantification of metabolites [144]. Lipid extraction was performed according
to the modified methyl-t-butyl-ether (MTBE) protocol [144,145]. Briefly, the dry material
was suspended with 900 µL of LC-MS-grade MeOH and the pool of standards (final con-
centration between 0.2 and 2 µg/mL) was added. After vortexing, 3 mL of HPLC-grade
MTBE was added, the samples were sonicated for 2 min, and then left at room temperature
under shaking for 1 h. After adding 750 µL of MilliQ water and shaking for 10 min, the
samples were centrifuged at 10,000× g for 10 min at 4◦ C, and the upper organic phase
was recovered. The aqueous phase was extracted again with 1 mL of MTBE. The organic
phases were combined, dried under a nitrogen stream, weighted, and stored at −80 ◦C
until analysis. Lipid extracts were normalized to dry algal mass for samples grown in both
conditions, and values were reported as percentage ± SE (Supplementary Figure S6).
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For lipidome LC-MS analyses, each extract was reconstituted in 200 µL of MeOH/
isopropanol (9:1) and analyzed by UHPLC-MS according to the method reported in [146].
Briefly, the chromatographic separation was achieved on an Infinity 1290 UHPLC System
(Agilent Technologies, Santa Clara, CA, USA), equipped with a Kinetex Biphenyl column,
2.6 µm, 150 mm × 2.1 mm (Phenomenex, Castel Maggiore, Bologna, Italy), at 28 ◦C by
using as eluent A: water/ACN 60:40, 10 mM HCOONH4, and 0.1% FA, and eluent B:
isopropanol/ACN 90:10, 2 mM HCOONH4, and 0.1% FA. MS analyses were carried out on
a Q-Exactive Hybrid Quadrupole-Orbitrap mass spectrometer (Thermo Scientific, San Jose,
CA, USA) in both polarity modes in the mass range m/z 150–1800.

4.5.2. Lipid Identification

Raw data from UHPLC-Q Exactive MS/MS analysis were directly processed by Lipid-
Search Software (Thermo Scientific, San Jose, CA, USA) with 5 ppm tolerance for the pre-
cursor ion and 10 ppm for the product ion. The m-score threshold was set to 5. The lipid
identification lists were aligned and compared by their lipid class and lipid species lev-
els using a retention time tolerance of ±0.25 min. The main grade was set to A, B, and
C for all lipid classes. After peak alignment, the software yielded an output of 846 lipid
ions, corresponding to: 168 TG, 22 DG, 4 monoacylglycerol (MG), 38 PC, 50 PE, 48 phos-
phatidylglycerol (PG), 16 phosphatidylinositol (PI), 7 phosphatidylserine (PS), 7 LysoPC,
3 LysoPE, 6 LysoPG, 1 LysoPI, 78 SQDG, 59 MGDG, 43 digalactosyldiacylglycerol (DGDG),
18 sulfoquinovosylmonoacylglycerol (SQMG), 5 monogalactosylmonoacylglycerol (MGMG),
4 digalactosylmonoacylglycerol (DGMG), 82 ceramide (Cer), and 17 glucosylceramide
(GluCer) main molecular species. The primary adduct ion was set to H+ for PC, PE, LysoPC,
and LysoPE, and to NH4

+ for DG and TG. Cer, GluCer, SQDG, SQMG, MGDG, MGMG,
DGDG, and DGMG were measured as HCOO- adducts, while PI, PS, and PG were moni-
tored as deprotonated ions. Manual filtering accounted only for species with confirmed
lipid annotation at the FA level (Level 2, High). Regiochemistry was not assigned. Further,
lipids were quantified by normalizing to the specific IS for each class, and a second filtering
step was applied mainly to TG to filter out less represented components.

4.5.3. Statistical Analyses

Statistical analyses for MS-metabolomics were described above. To identify lipids
that have been modulated under acidified conditions (pH 7.7) as compared to normal
conditions (pH 8.1), a fold-change analysis comparing pH 7.7/8.1 was executed (FC ≥ 2.0).
Volcano plots were obtained to facilitate the discrimination of changes in compound
composition. The significance of differences between the final weights of algae obtained
under different pH conditions was evaluated by the Student’s t-test. A Mann–Whitney
test was performed to evaluate the differences in the growth curves under different pH
levels. The slopes of the growth curves obtained for normal and acidified conditions were
evaluated according to confidence intervals. The changes in the algal composition profiles
in response to acidification were evaluated by one-way ANOVA. All tests were performed
using GraphPad Prism ver. 8 for Mac (GraphPad Software, San Diego, CA, USA).

5. Conclusions

The outcome of our research study reinforces the use of common and ubiquitous green
algae, such as Ulva prolifera, considered to be excellent models for investigating the effects of
OA on green algae. We revealed that U. prolifera grows at higher rates in acidified environ-
ments than ambient pH conditions. Besides, as a result of applying complementary LC-MS-
and NMR-based untargeted metabolomics, changes in various classes of metabolites were
revealed, providing essential information about the most impacted metabolic pathways
in U. prolifera by OA. The observed significant increases in the amino acids by OA likely
reflect the adjustment of nitrogen metabolism pathways. Combined with the modulation of
carbohydrates, U. prolifera may preserve normal metabolic processes and cellular functions
from changing pH conditions. A variation in the level of metabolites such as a sulfated
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glucuronic acid derivative, 24-methylene-cycloartanol, and choline, which are implicated in
the biosynthetic pathways of essential macromolecules in green algae, might be associated
with their demand by the high growth rates observed under acidified conditions or by
the structural adaptation to the changing environment. Similarly, phosphocreatine might
be modulated as a response to the energy demanded by the increased growth or to cope
with the H+ increase at low pH conditions. OA also modulated some important deterrent
compounds. DMSP might have been consumed to synthesize DMS, that in conjunction
with the increase of two putatively identified macrolides, may protect the alga more from
grazing under stress conditions. In addition, a remarkable shift was observed here for the
first time in the fatty acid composition of triglycerides and individual levels of phospho-
lipids and glycolipids. These variations mainly affect PUFAs’ content and C16-based lipid
species. Besides their biochemical significance and possible effects on animal consumers,
these lipid changes should be considered for all the potential applications of these algae
since they drastically modify their nutritional and nutraceutical value [147]. The reported
results are likely to be further investigated and extended to other species of algae and
should be considered for the forecast of indirect effects of OA on the food webs of marine
benthic communities.
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