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Simple Summary

Phytoplankton plays a fundamental role in marine ecosystems and is widely used to assess
environmental change. In this study, light microscopy and DNA metabarcoding approaches
were used to investigate phytoplankton communities at three long-term monitoring sites in
the northern Adriatic Sea. By combining the two approaches, more than 500 species were
recorded. Metabarcoding detected substantially higher diversity, particularly among small
and fragile organisms that are difficult to identify under a microscope, whereas microscopy
was better for identifying larger species with distinctive morphology. Because species
contain different amounts of genetic material, DNA data can overestimate or underestimate
their true contribution to the community. Indeed, after applying correction factors that
account for these differences, the DN A-based estimates became more consistent with the
microscopy results for several phytoplankton groups. The differences among the samples
were influenced more by the approach used than by the sampling location. Overall, com-
bining these two approaches provides an accurate and robust picture of phytoplankton
communities. In this way, it is possible to improve the reliability of marine biodiver-
sity assessments and to support better environmental monitoring and management in
coastal seas.

Abstract

Phytoplankton is a key component of marine ecosystems and a sensitive indicator of
environmental change. In this study, light microscopy (LM) and DNA metabarcoding
(185-V4, 185-V9, and rbcL) were combined to assess differences in phytoplankton diversity
and community structure across three LTER sites in the northern Adriatic Sea, and to
evaluate the methodological effects on community assessment. A total of 329 genera
and 527 species were recorded by integrating both the approaches. Metabarcoding (MB)
revealed increased taxonomic richness than LM, particularly for dinoflagellates and small
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phytoflagellates, while LM was better for identifying the diatoms and coccolithophores. The
rbcL marker improved the taxonomic resolution for the diatoms compared to the 18S regions.
The proportion of species shared among the sites increased from 13% with LM to 33-42%
with MB, suggesting that MB may effectively reduce the discrepancies observed when
relying solely on LM. Cluster analysis performed on species-relative abundances grouped
the samples by approaches rather than sites, showing that methodological variability
exceeded the ecological differences. The relative abundance patterns differed between
methods but became more comparable after applying correction factors based on the 185
rRNA gene copy numbers, particularly for the dinoflagellates. Overall, MB enhances
biodiversity assessment and comparability among sites, while LM remains essential for
morphological validation and for abundance assessment.

Keywords: phytoplankton; diversity; environmental DNA; 18S; rbcL; Long-Term Ecological
Research; amplicon sequencing

1. Introduction

Phytoplankton is a key component of marine ecosystems, representing the base of the
oceanic food web and accounting for approximately 50% of global primary production [1,2].
Moreover, it plays an active role in major biogeochemical cycles, particularly the carbon
cycle, by modulating CO, exchange between oceans and the atmosphere [1,3,4]. Due to
its high sensitivity to environmental changes, phytoplankton is considered an effective
indicator of the ecological status of coastal ecosystems, which are increasingly exposed to
anthropogenic pressures [5-7]. Indeed, the role of plankton as a key indicator of ecological
status has been recognized by both the Water Framework Directive (WFD) and the Marine
Strategy Framework Directive (MSFD).

The Northern Adriatic Sea (NAS) represents a particularly dynamic and ecologically
significant region within the Mediterranean basin. Characterized by shallow waters, high
riverine inputs, and marked seasonal variability, this area hosts highly productive coastal
ecosystems that are subject to intense anthropogenic and climatic pressures [8,9]. These
factors influence the spatial and temporal patterns of phytoplankton communities and offer
valuable opportunities to investigate their responses to natural and anthropogenic drivers
along environmental gradients.

Phytoplankton seasonal dynamics in the NAS have been dominated by diatom blooms
in winter, spring, and autumn, with small phytoflagellates prevailing during the intervening
periods [10-13]. Dinoflagellates become more abundant in spring and summer, while
coccolithophores, though a minor component, persist throughout the year with a spring
maximum [10,13].

In recent decades, this seasonal pattern has become increasingly affected by climate
changes and extreme events, such as marine heatwaves, prolonged droughts and intense
flooding, that are exerting a growing influence on phytoplankton communities [14,15].

Continuous monitoring of phytoplankton community structure and composition, as
carried out at Long-Term Ecological Research (LTER) sites in the NAS (i.e., the Gulf of
Venice, the Gulf of Trieste, the Po River delta, and the Senigallia-Susak Transect), is therefore
crucial for detecting changes in marine ecosystems.

Traditionally, phytoplankton monitoring has relied on microscopy cell counts (LM),
with the Utermohl method [16] remaining the most widely used technique. Although
LM analysis provides detailed information on the abundance and biomass of the main
phytoplankton groups, it has several limitations in species-level identification, especially
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for cryptic or morphologically similar species, small or less abundant species, those in
different life stages (e.g., cysts and auxospores) and fragile species that may be damaged
by fixatives. Moreover, it requires time-consuming procedures, the need for advanced
taxonomic expertise, and is highly affected by observer subjectivity [17-19].

To overcome these limitations, DNA metabarcoding (MB) has emerged over recent
decades as a novel tool for biodiversity studies [20,21]. This molecular approach enables
species identification, providing a faster, more standardized, and objective alternative to the
traditional monitoring methods [20-22]. However, to ensure reliable results, MB requires
the selection of appropriate genetic markers (barcodes) and primers capable of resolving
taxonomic groups and species [23,24]. Moreover, the accuracy of the outcomes depends on
the quality of reference databases [25,26] and the bioinformatic pipeline used [27,28].

The 185 rRNA gene is the most commonly used marker for eukaryotic
identification [29-35]. However, a major limitation of this marker lies in the variabil-
ity in gene copy number (GCN) among different organisms [21,36,37]. This is particularly
relevant for groups such as dinoflagellates, which possess a high GCN, potentially leading
to an overestimation of their relative abundance, and therefore to a bias in the assessment
of community composition [38—40]. Indeed, a crucial limitation of MB for phytoplankton
estimation is that it provides only relative abundances based on sequence counts, which do
not directly reflect the actual number of cells in the water due to the compositional nature
of high-throughput sequencing data and amplification bias [41].

As an attempt to improve the accuracy of relative abundance estimates derived from
MB data, correction factors (CFs) have been proposed to account for the differences in 18S
rRNA gene copy number across taxa (e.g., [42]). The effectiveness of CFs for protists is still
limited by the incomplete availability of accurate 185 rRNA GCN data for many eukaryotic
groups [40,43] and by high intra-taxon variability. Despite these limitations, CFs can help
reduce misestimation in relative abundance estimates caused by variability in GCN, though
their use is not yet widespread.

In addition to the 185 rRNA gene, the functional gene rbcL is widely used in MB
analyses of phytoplankton, as it provides higher taxonomic resolution, although only for
photosynthetic taxa containing the RuBisCo gene such as diatoms [44,45], enabling better
discrimination of morphologically similar species or even strains of species.

Despite the growing number of studies combining LM and MB, questions remain
regarding the comparability of these two methodologies and how methodological choices,
such as marker selection or the application of CFs, may influence the interpretation of phy-
toplankton community structures. Moreover, the comparability of data across monitoring
sites traditionally analyzed by LM is still poorly explored, particularly regarding whether
MB may reduce site-to-site variability that might actually reflect methodological biases
inherent to LM rather than true ecological differences.

Therefore, this study aims to compare the diversity and relative abundance of the
phytoplankton community obtained using both traditional LM analysis and DNA MB with
different markers (185 V4, V9 and rbcL), at three LTER sites in the NAS based on samples
collected in 2019.

The combination of LM and MB has already been applied in a previous study con-
ducted at two of the aforementioned stations, demonstrating that the integration of these
two approaches provides a more comprehensive understanding of phytoplankton commu-
nities and that LM remains essential in phytoplankton monitoring, as it delivers quantitative
estimates such as abundance and biomass [44,46]. For this reason, in the present study
we tested the correction factors (CFs) proposed by Martin [42] with the aim of evaluating
how they influence the quantitative interpretation of MB-based phytoplankton community
data. By extending the same methodological framework to additional sites, we tested the
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hypothesis that MB, being inherently more objective and less operator-dependent than
traditional LM, could reduce the differences previously observed among the three LTER
sites in terms of phytoplankton community structure.

2. Materials and Methods
2.1. Study Areas and Sampling

Samples were collected at three LTER sites (Figure 1)—SGO01, the coastal station of
the Senigallia-Susak Transect in Italy (43.755° N, 13.2105° E; https:/ /deims.org/be8971c2
-708-4d6e-adc7-f49fcf1623c1 accessed on 10 November 2025), C1 (45.7008° N, 13.7100° E;
https:/ /deims.org/96969205-cfdf-41d8-979f-ff881ea8dc8b accessed on 10 November 2025)
and 00BF (45.540° N, 13.557° E; https://deims.org/f2ce5ae3-8873-4a8b-abad-d56d5d6
dal64, accessed on 10 November 2025)—located in the Gulf of Trieste, in Italy and
Slovenia, respectively.

12.000 13.000 14.000 15.000
o % - e = T [

46.000 46.000
45.000 45.000
44.000 44.000
43.000 43.000
EPSG:4326
n : Emces n
12.000 13.000 14.000 15.000

Figure 1. A map of the study area in the northern Adriatic Sea with the three sampling sites: C1
(Gulf of Trieste, Italy), SGO1 (coastal station of the Senigallia-Susak Transect, Italy), and 00BF (Gulf of
Trieste, Slovenia).
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Sampling was carried out in 2019 onboard R/V Spazzamare, Sagita and Actea at C1,
00BF and SGO01, respectively. The sampling months are shown in Table 1.

Table 1. Monthly sampling and type of analysis in 2019. Brackets ([ ]) indicate samples that were
excluded from analysis due to failed amplification or sequencing.

Cc1 SG1 00BF

LM 18SVvV4 18SV9 rbcL LM 18Sv4 18SV9 rbcL LM 18S V9 rbcL
January X
February X X X X X X X X
March X X X X X X X X X X
April X X X X X X X X X
May X X X X X [X] X [X] X X
June X X X X X X X [X] X [X] [X]
July X X X X X X X X X X
August X X X X X X
September X X X X X X X X X X X
October X X X X X X X X X
November X X X X X X X
December X X X X X X X

At all the sites, the samples were collected at the surface (0.5 m) using Niskin bottles.
For LM analysis, the phytoplankton samples were stored in dark glass bottles and preserved
with 0.8-2% pre-filtered and neutralized formaldehyde [47]. For MB, 5 and 2 L of seawater
were filtered at sites C1 and SGO01, respectively, through cellulose nitrate or acetate filters
(47 mm diameter and 1.2 um pore size, Sartorius) and stored at —80 °C and —20 °C until
subsequent MB analysis. At site 00BF, 1 L of seawater was filtered in triplicate onto 0.8 pm
polycarbonate filters without prefiltration, and the filters were stored at —80 °C.

2.2. DNA Extraction, Sequencing and Bioinformatic Analyses

The DNeasy PowerWater Kit (QIAGEN, Hilden, Germany) was used for DNA extrac-
tion following the manufacturer’s instructions. The filters were cut in half; then, each half
was extracted separately and pooled after elution. A Qubit Fluorimeter (Thermo Fisher
Scientific, Waltham, MA, USA) was used to assess the quantity of extracted DNA.

Three markers were considered for MB, the V4 and V9 regions of 185 rRNA and
the rbcL chloroplast gene. Amplification was performed following the Illumina Sequenc-
ing Library Preparation protocol using 30 PCR cycles during the amplicon PCR step.
Primers from Piredda [38] were used for 18S: 185-V9F (TTGTACACACCGCCCGTCGC)
and 185-VIR (CCTTCYGCAGGTTCACCTAC) for the V9 region, and 185-V4F (CCAGCAS-
CYGCGGTAATTCC) and 185-V4R (ACTTTCGTTCTTGATYRATGA) for the V4 region.
For the rbcL region, diatom-specific primers modified from Vasselon [48] were used,
i.e., 708F-DEG (AGGTGAAGYWAAAGGTTCWTAYTTAAA) and R3-DEG (CCTTCTAATT-
TACCWACWACWG). The PCR products were ~470 bp, ~270 bp and ~312 bp for V4, V9
and rbcL, respectively.

Library preparation (including IDT for Illumina UD index set D (Illumina, San Diego,
CA, USA), primers with sequence complementary to overhang adapter and sample specific
barcodes), 2 x 250 bp paired-end sequencing of equimolar ratios of the purified amplicon li-
braries on an Illumina MiSeq platform (Illumina, San Diego, CA, USA), and demultiplexing
were performed at the Department of Bioscience, Biotechnology and Biopharmaceutics at
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Universita degli Studi di Bari for the samples collected at C1 and SG1 and at BMR Genomics
Srl (Padua, Italy) for the 00OBF samples.

For SG1, the sample taken in May failed to amplify the V4 and rbcL regions, and
the sample taken in June failed to amplify the rbcL region, thus they were not sequenced.
Similarly, at 00BF, the June surface samples failed to produce enough sequencing reads and
were not further processed.

For all the sites and sampling months, the amplified regions (V9 and V4 of the 185
rRNA and rbcL) are shown in Table 1.

Quality control and adapter detection for each 185 and rbcL region were assessed using
FASTQC (v. 0.11.9) [49]. Primer sequences were trimmed from the demultiplexed reads
using Cutadapt (v. 4.5) [50]. The resulting sequences were then processed and analyzed
with the open-source platform QIIME2 (v. 2024.2) [51].

Quality filtering, denoising and pairing of the reads were performed with DADAZ2 [52].
The datasets from C1 and SG1 were processed independently from 00BF using the same
primer removal and trimming parameters. After denoising, representative sequences
were merged to allow for consistent taxonomic assignment of amplicon sequence variants
(ASVs) across all the datasets using a Naive Bayes classifier [53] trained for the specific 185
rRNA gene target regions (V4 and V9) against the PR2 v. 5.0.1 [32] and for rbcL against
R-Syst::diatom [54].

2.3. Phytoplankton Analysis

Phytoplankton was analyzed with an inverted microscope equipped with phase
contrast following the Utermohl method [55]. Identification and counting were performed
at 400 x magnification along transects or in random visual fields, based on cell abundance
(to count a minimum of 200 cells). Phytoplankton cells were identified at the lowest possible
taxonomic level and categorized into the main groups of diatoms, dinoflagellates (both
autotrophic and heterotrophic species), coccolithophores and phytoflagellates. The latter
include nanoplanktonic taxa that are mostly not identifiable by LM and include haptophytes
(except coccolithophores), cryptophytes, chrysophytes, dictyochophytes, raphidophytes,
chlorophytes, and euglenophytes. Possibly nano-heterotrophic taxa could have been
included in this group.

2.4. Data and Statistical Analysis

For a consistent comparison between LM and MB, a filtering step was performed on the
MB datasets using the R package Phyloseq (v.1.15.9) [56]. Specifically, phyla or classes not
associated with phytoplankton (e.g., ciliates, choanoflagellates, tintinnids, and metazoans)
and organelle sequences (mitochondrial and nucleomorphic) were removed from the
analysis. Genus and species names were verified using the AlgaeBase database [57] to
ensure the use of updated nomenclature. Additional taxonomic validation was performed
through the NCBI in cases of uncertainty based on ASV-level sequences.

The MB dataset used the same classification of phytoplankton into higher taxonomic
groups (diatoms, dinoflagellates, and coccolithophores) and ecological groups (phytoflagel-
lates) as used in LM to ensure consistency between approaches.

For the analyses performed at the genus and species levels, sequences whose taxonomy
ended at higher levels, e.g., classes or higher (for genera analysis) and genera or higher (for
species analysis), were removed.

To avoid overestimation or biases arising from unequal sampling frequencies among
approaches, all graphical representations (e.g., bar plots and Venn diagrams) and statistical
analyses were performed only for the months common to the approaches considered in
each analysis (Tables S1-54).
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Richness, i.e., number of genera and species, was evaluated per site and approaches
and visualized using bar plots generated with the ggplot2 package [58]. The Kruskal-
Wallis test was used to assess differences in phytoplankton richness among the approaches
(LM, V9, and V4) within each site using the kruskal.test function in R. In case of signifi-
cant differences, Dunn’s post hoc pairwise comparisons with Bonferroni correction were
performed using the dunn.test function from the dunn.test package [59]. To assess the
capability of rbcL in detecting diatom richness, the numbers of genera and species ob-
tained with the different approaches (LM, V9, V4, and rbcL) were compared using the
same statistical tests. In case of comparison between two variables (e.g., LM and V9 for
the 00BF site), two-sample Wilcoxon tests (also known as the ‘Mann-Whitney’ test) was
applied using the Wilcox.test function in the stats package [60]. The same tests were con-
ducted across sites to compare community richness obtained using the four approaches
(LM, V9, V4, and rbcL), assuming that filtering seawater volumes within the 1-5 L range
does not significantly affect phytoplankton diversity. This assumption is supported by
Pascoal et al. [61], who demonstrated that filtering different seawater volumes, ranging
from 1 L up to 1000 L, does not significantly influence prokaryotic or protist diversity,
regardless of the sequencing strategy.

Venn diagrams illustrating shared and unique genera and species detected by each
approach (LM, V9, V4, and rbcL) at each site using the sampling months shared between
sites were generated using the R package eulerr [62].

To test whether CFs can improve comparability between MB and LM data, the MB data
were corrected using the gene copy number (GCN) CFs provided by Martin et al. [42]. The
correction assumes that one sequencing read corresponds to one gene copy, making read
counts proportional to the total 185 rRNA gene copies in the sample. The following group-
specific CFs were used: 166 GCN cell~! for diatoms, 4919 GCN cell ! for dinoflagellates,
and 5.23 GCN cell ! for phytoflagellates and coccolithophores. To obtain the corrected
relative abundances, ASV counts were divided by the corresponding CF for each group.

To examine for potential differences in phytoplankton composition in terms of genera,
group-specific CFs corresponding to each genus were applied. Dominant genera were
defined as those with mean relative abundances >1%. This threshold was applied to reduce
the influence of most infrequently detected genera.

Prior to multivariate statistical analyses, a Centered Log-Ratio (CLR) transformation
was applied to species relative abundance data to properly handle compositionality. A
small pseudocount (1 x 107%) was added to all the values to avoid issues with zeros
prior to transformation. Hierarchical cluster analysis (HCA) was then conducted to assess
the similarity of community composition in terms of species relative abundances across
different approaches and sampling sites using Euclidean distance and the Ward.D2 linkage
method. The latter was chosen among the linkage methods (ward.D2, average, complete,
and single) based on the highest cophenetic correlation coefficient calculated with the
cophenetic function from the R stats package, version 4.3.2. [60]. The optimal number of
clusters among the samples was evaluated using three complementary approaches (the
average silhouette width, the gap statistic calculated with hierarchical clustering, and the
elbow method using the silhouette, fviz_nbclust, and kmeans functions, respectively, from
the cluster (Maechler et al. [63]) and factoextra (Kassambara and Mundt [64]) R packages)
and assessed as 3.

To visualize the species contributing most to the differences among clusters, including
those detected more or less effectively by different approaches, a heatmap was generated
from CLR-transformed species abundances. The plot displays the 50 most variable taxa
(i.e., those with the highest standard deviation of CLR values) across all the samples,
representing the main contributors to community differentiation, with values indicating
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(a)

Number of genera

deviations in relative abundance from the geometric mean of each species across all samples
(from higher-than-average to lower-than-average abundance on the CLR scale).

All the analyses and graphical representations were performed and created using R
software [60], version 4.3.2.

3. Results
3.1. Richness of Phytoplankton Genera and Species

A total of 329 genera and 527 species were recorded across the three sites using a
combination of LM and MB (Tables S5 and S6).

Looking at the number of genera and species in the whole community (Figures 2a and 2b,
respectively), LM analysis identified diatoms as the most species-rich group at all three
sites, while MB analysis identified phytoflagellates as the most diversified group in both
the V4 and V9 markers. At each site, the genus richness identified by MB analysis was
higher than the LM analysis (Kruskal-Wallis test: C1 x2 =10.26, df = 2; SG1 x% = 9.57,
df =2; 00BF x2 =3.92, df = 1; all p < 0.05), with the V4 marker detecting the largest number
of genera at C1 and SG1, and V9 at 00BE. At the species level, richness was higher in the MB
data than in LM in C1 and SG1 (Kruskal-Wallis test: C1 x? = 6.23, df = 2; SG1 x> = 11.41,
df = 2; all p < 0.05), while at 00BF it was higher, but not significant (Kruskal-Wallis test:
x> =358 df =1, p = 0.06). At Cl, the largest number of species was detected with V4,
whereas at SG1 and 00BF this was observed with V9.

c1 SG1 00BF (b) c1 SG1 00BF
1604 160 -
1404 1404
120 1 8 120-
3
1004 o 1001
w
80+ G 80+
@
601 S 601
=
40 1 3 40+
201 20
0- - || — 04 - — A
LM V4 V9 LM V4 Vg LM Vo LM V4 V9 LM V4 V9 LM V9
Marker Marker

Group M Diatoms [l Dinoflagellates Coccolithophores [l Phytoflagellates

Figure 2. Bar plots showing number of genera (a) and species (b) of diatoms, dinoflagellates,
coccolithophores, and phytoflagellates identified using LM, 18S V4, and 18S V9 and rbcL at three
sampling sites (C1, SG1, and 00BF) during common sampling months at each site.

Richness in terms of diatom genera and species obtained with the different approaches
(LM, V4, V9, and rbcL) is shown in Figure S1. A higher number of genera and species was
found using rbcL compared to other approaches at sites C1 and SG1 (Kruskal-Wallis test:
C1 x? =22.61, df = 3; SG1 x? = 13.91, df = 3; all p < 0.01). At 00BF, the richness was also
higher with rbcL, although a significant difference was observed only between rbcL and V9
(Dunn’s test: Z =2.32, p = 0.03).

When comparing the richness values obtained with each approach among the sites,
no significant difference was found using LM, V9, V4 and rbcL.
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3.2. Diversity of Phytoplankton at the Species Level

The LM analysis identified a total of 118 species, 13% of which were shared among
the sites (Figure 3a). Many species were found uniquely in each site, with the highest
percentage in C1 (27%), followed by SG1 (24%) and 00BF (14%). The greatest overlap is
observed between C1 and SG1, sharing 27% of the species.

00BF
17 (14 %)

(b)

48 (33 %) "

26 (18 %

16 (14 %)

SG1

74 (42 %) 50 (29 %)

Figure 3. Venn diagrams showing the number and percentage of shared and unique species among
the three sites (C1, SG1, and 00BF) for LM (a), V9 (b), V4 (c) and rbcL (d), during the respective
common sampling months.

MB detected a higher number of species, with 144 identified by the V9 marker and
175 by the V4 marker (Figures 3b and 3c, respectively). In both cases, a high number
of species shared among all the sites was observed (33% for V9 and 42% for V4), al-
though with local differences: SG1 shows the highest number of unique species with
V9, while C1 with V4. With the V9 marker, most of the sharing occurs between C1 and
SG1 (54%). The rbcL marker, for which only species belonging to the diatom group were
considered, detected a total of 131 species, 43% of which are shared between C1 and SG1
(Figure 3d).

3.3. Community Composition and Correction Factors

Relative abundances of phytoplankton groups as obtained by the three methodologi-
cal approaches is shown in Figure 4. Without the application of the CFs (Figure 4a), the
community structure obtained through LM markedly differed from that derived from
MB at all the study sites. The LM data indicated a dominance of phytoflagellates across
all the stations (ranging from 58 to 81%), whereas the MB data showed a predominance
of dinoflagellates (52-68% and 67-68% with V9 and V4, respectively). The diatoms’ rel-
ative abundances were similar between the approaches, ranging from 15 to 35% with
LM and from 14 to 19% with MB. Coccolithophores were consistently detected at low
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relative abundances across all the approaches, with values below 4% in both the LM and
MB data.

(b) V9 - CF V4-CF
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Group W Diatoms [l Dinoflagellates Coccolithophores [l Phytoflagellates

Figure 4. Bar plots representing the relative abundances of main phytoplankton groups obtained
using the three approaches without (a) and with (b) the use of correction factors for each site during
the common sampling months.

After applying CFs to the MB data (Figure 4b), phytoflagellates became the dominant
group at all the sites (85-91% with the V9 marker and 90-94% with V4), bringing the
values closer to the LM estimates (58-81%). Coccolithophores emerged as the second
most abundant group with marker V9 in all the three stations (5-12%) and with V4 in C1
(6%). Diatoms showed consistently low relative abundances (<6%) in all the MB samples,
differing from the higher values observed by LM (15-35%). Dinoflagellates became the
least represented group in the MB data after the application of CF, accounting for less than
2% across all the sites.

The dominant genera identified using LM and MB, with and without CF applica-
tion, are shown in Figure S2. LM revealed the diatoms Chaetoceros (61% in C1), Nitzschia
(54% in SG1) and Cyclotella (37% in 00BF) as the dominant genera. Without the appli-
cation of CFs, the dominant genera with the V9 marker were Chaetoceros (16% in C1
and 52% in 00BF) and the dinoflagellate Alexandrium (42% in SG1), while with the V4
marker, the dominant genera were the dinoflagellates Heterocapsa (23% in C1) and Noc-
tiluca (21% in SG1). After applying CFs on the MB data, the dominant genera with the V9
marker were the prasinophyte Micromonas (31% in SG1) and the haptophyte Chrysochro-
mulina (21% in C1 and 20% in 00BF), while with the V4 marker it was Micromonas (24% in
C1 and SG1).

3.4. Cluster Analysis

Cluster analysis performed on the CLR-transformed community data revealed three
groups, each characterized by samples related to the same approaches (Figures S3 and 5).
In particular, the species detected using the LM samples grouped together in a distinct
cluster at lower dissimilarity levels (height < 100), while those obtained with the V9
and V4 markers were organized into two separate groups at higher dissimilarity levels
(height ~ 150).
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Figure 5. Heatmap of 50 most variable species showing CLR-transformed relative abundances across
sites (C1, SG1, and 00BF) and molecular markers (LM, V9, V4), including only samples collected in
common months. Colors indicate deviations in relative abundance from geometric mean of each
species across all samples (CLR-transformed values), with red corresponding higher-than-average
abundance, white corresponding to abundances close to geometric mean (i.e., near-zero CLR values,
which can also include samples with zero observed counts), and blue corresponding lower-than-
average abundance.

A heatmap of the top 50 most variable species (CLR-transformed abundances) is
shown in Figure 5. Although with some differences among the stations, in the LM cluster a
few diatoms, Proboscia alata, Pseudo-nitzschia calliantha, and Nitzschia gobbii exhibited high
CLR values (>5), whereas the same species were present at lower abundances or not de-
tected in the V4 and V9 MB clusters. In contrast, several species displayed high CLR values
only in the MB clusters (V4 and/or V9), ranging from +2 to +10. These included diatoms
(e.g., Chaetoceros protuberans and Cyclotella choctawhatcheeana), dinoflagellates (e.g., Biechele-
riopsis adriatica, Biecheleria cincta, Pelagodinium bei, Margalefidinium fulvescens, Alexandrium
margalefii, Gonyaulax spinifera, Fragilidium mexicanum, Ansanella granifera, Gymnodinium
catenatum, G. dorsalisulcum, Noctiluca scintillans, Yihiella yeosuensis, and Polykrikos geminatus),
and various phytoflagellates (e.g., Minorisa minuta, Micromonas commoda, M. bravo, Octactis
speculum, Bathycoccus prasinos, Mamiella gilva, Tetraselmis convolutae, Cryothecomonas aesti-
valis, Pyramimonas parkeae, Chrysochromulina scutellum, C. simplex, C. spinifera, C. leadbeateri,
Partenskyella glossopodia, Phaeocystis cordata and Teleaulax acuta).

A subset of taxa, including Chaetoceros socialis, C. tenuissimus, C. affinis, Cylindrotheca
closterium and Leucocryptos marina, displayed positive CLR values (>2) across both the LM
and MB samples, indicating relatively stable detection within the approaches, although
with differences among the stations.
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4. Discussion

In this work, we applied a multi-marker MB approach (targeting the V4 and V9 regions
of the 185 rRNA gene and the rbcL gene) in combination with traditional LM to investigate
phytoplankton diversity and community composition at three LTER sites in the northern
Adriatic Sea, revealing marked differences in taxonomic richness, community composition,
and relative abundance estimates between the two approaches.

The phytoplankton communities of the study sites have been intensively studied
through long-term microscopic surveys since 1986 at station C1, since 1988 at SG1, and
since 1990 at 00BE. Over these decades, monitoring has documented remarkable taxonomic
richness, with 310 taxa reported at C1 (data not published), 593 taxa at SG1 [13,65], and
130 taxa at station O0OBF [66]. In the present work, the combination of V4, V9, and rbcL
markers led to an increase in detected diversity, thanks to the identification of previously
unreported taxa. In this study, 259 genera and 416 species not previously reported in the
study areas were identified across the three sites. These results confirm that MB may reveal
higher diversity compared to traditional LM [38,44,46,67-70].

In the study areas, the increased richness detected by MB compared to LM was not
evenly distributed among the phytoplankton groups but was mainly associated with
dinoflagellates and phytoflagellates rather than diatoms and coccolithophores. This ob-
servation was further supported by the heatmap derived from the cluster analysis (ap-
proach considering species and their relative abundances), which highlighted the dif-
ferential detection of major phytoplankton groups between the two approaches; most
species detected exclusively (or with high relative abundances) by LM were diatoms,
while those by MB were mainly dinoflagellates and phytoflagellates. Several factors may
explain these results. First, the fixative traditionally used at the three sites, i.e., formalde-
hyde, is particularly suitable for preserving diatoms, which may have contributed to the
long-term success of microscopic identification of this group [71-73], whereas it compro-
mises the identification of naked dinoflagellates and phytoflagellates [47,73-77]. Addi-
tionally, the experience of taxonomists in these regions has a strong tradition in diatom
studies [78,79], which further enhances their representation in the dataset. Regarding coc-
colithophores, taxa are often underrepresented in MB analyses due to a suboptimal primer
performance for haptophytes [80] and to their limited presence in reference databases,
a consequence of the difficulties associated with their cultivation. Indeed, most of the
coccolithophore species identified by LM (Acanthoica quattrospina, Calciosolenia brasiliensis,
C. murrayi, Ophiaster hydroideus, Rhabdosphaera clavigera, Calyptrosphaera oblonga, Michaelsar-
sia adriatica, M. elegans, and Syracosphaera histrica) were found to be absent from the reference
databases, and therefore were not detected by MB. This highlights the importance of expand-
ing databases with high-quality sequences obtained from well-characterized monoclonal
cultures [38,44,67,68,81].

During the study period, LM revealed some species that were unique to each sam-
pling site and others shared among all the sites. However, the number of species shared
among the sites approximately doubled using MB, suggesting that this approach can in-
deed reduce differences among sites. In particular, although different pore-size filters
(1.2 and 0.8 um)—a feature most important in comparing MB datasets [61]—were used
within the Gulf of Trieste (C1 and 00BE, respectively), MB still revealed only a limited
number of taxa unique to each site. However, inter-site differences were observed, and
these discrepancies may reflect ecological differences, sampling variability or bioinfor-
matic assignment errors [21,81-84]. Moreover, methodological differences among the sites
(filtered volumes, pore sizes and storage temperatures) could potentially affect the MB
outputs. However, their impact on inter-site comparability is likely limited, given the
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narrow range of protocols applied and evidence that such variations do not substantially
influence diversity estimates [61].

The idea that MB may reduce the differences between sites not only due to true eco-
logical variation, but also to methodological biases inherent to LM, is further supported by
the cluster analysis, which grouped the samples primarily according to the methodological
approach, including the MB markers, rather than by site. This pattern suggests that method-
ological differences exceed ecological variability, as LM and MB capture partially distinct
components of the phytoplankton community. LM primarily detects morphologically iden-
tifiable and often larger taxa, such as diatoms, whereas MB is capable to detect small, fragile,
or morphologically cryptic taxa, including many dinoflagellates and phytoflagellates. In
addition, methodological biases related to sample preservation, primer specificity, gene
copy number variation, and taxonomic reference database completeness further shape
the detected community structure. Moreover, data processing choices and transforma-
tions inherent to MB data may also amplify these differences, reinforcing method-driven
clustering patterns.

The composition of the phytoplankton community varied substantially depending on
the approach used (LM, V4, V9, and rbcL), even in terms of taxonomic resolution. Indeed,
V9 detected the largest number of species at SG1, and V4 was more effective at C1, but this
comparison excludes 00BE, as only the V9 marker was applied. Considering only diatoms,
the rbcL marker, specifically designed for diatoms and supported by a more complete
and curated reference database [85], detected a consistently higher number of genera and
species compared to both LM and 185 rRNA markers, providing higher diversity compared
to the other markers and LM (e.g., [44,86,87]).

The methodological differences were also reflected on the relative abundance estimates;
LM indicated a predominance of phytoflagellates, followed by diatoms, dinoflagellates
and coccolithophores, while MB pointed to higher relative abundances of dinoflagellates,
followed by coccolithophores, diatoms, and phytoflagellates. These differences are likely
due to the lack of a direct correspondence between cell numbers and sequence counts
for certain groups, which can lead to misestimations. This can be explained considering
that cells with a high DNA content, such as those of dinoflagellates [88-90], tend to gen-
erate higher read numbers during sequencing. Indeed, after applying CFs, the relative
abundances obtained by MB showed greater similarity to those obtained by LM, with an
increase in phytoflagellates and a decrease in dinoflagellates. However, the CFs appear
to underestimate diatom relative abundances. This could be explained by the fact that
diatoms have highly variable biovolumes, ranging from 10! to 10° um? [91], and as the
biovolume increases, so do the copies of the 185 rRNA gene [92]. Such variability makes it
challenging to develop and apply a CF accurate for all diatoms, and genus-level CFs may
be more appropriate [93].

It is worth noting that the CF application actually adjusts relative abundance and does
not convert them into absolute abundances. Their main role is to smooth out the differences
between the molecular and traditional approaches, though it does not fully resolve them.
Therefore, even after the application of correction factors, MB-derived abundance estimates
should be considered as semi-quantitative and interpreted with caution when compared
with LM-based cell counts. Indeed, the analyses of dominant genera show that even after
applying the CFs, their results remain highly dissimilar between LM and MB and between
V4 and V9. This suggests that to achieve the most accurate correction of MB values, a
specific CF should be calculated and applied for each taxon.
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5. Conclusions

Understanding phytoplankton diversity and community composition is essential for
assessing ecosystem health and monitoring environmental change, which requires accurate
species identification. In this study, the combination of multi-marker MB (targeting the
V4 and V9 regions of the 185 rRNA gene and the rbcL gene) with traditional LM revealed
that MB detects increased phytoplankton richness compared to LM at three LTER sites in
the northern Adriatic Sea, particularly for dinoflagellates and phytoflagellates. The use of
alternative fixatives, such as Lugol alongside formalin, could improve the LM detection
of delicate taxa like dinoflagellates, while the expansion of reference databases through
cultivation and sequencing of previously unrepresented species would enhance the taxo-
nomic resolution of MB. Overall, 329 genera and 527 species were recorded by integrating
the two methods, underscoring the complementary strengths of both the approaches.
Metabarcoding also increased the proportion of species shared among the sites, improving
inter-site comparability.

Despite variations among the sampling sites and local environmental conditions,
the overall similarity in phytoplankton composition across the northern Adriatic indi-
cates a shared regional pool of species. Although some ecological variation was cer-
tainly present, the differences observed among the sites were primarily attributed to
the methodological choices, such as the use of MB versus LM and the selection of
molecular markers.

Differences in relative abundance estimates between LM and MB further highlight
the need for refined correction factors (CFs). Although CFs can partially reconcile the
two methods, as occurs for dinoflagellates, for which overestimation is reduced after
the CF application, they remain insufficiently effective for the other groups. Developing
taxon-specific CFs and expanding curated barcode databases are therefore critical steps for
improving the quantitative reliability of molecular assessments.

Overall, this study demonstrates that integrating molecular and morphological ap-
proaches provides a more comprehensive framework for long-term phytoplankton moni-
toring. This integrated strategy improves biodiversity assessment and strengthens data
comparability across monitoring sites. Future efforts should focus on protocol harmo-
nization across sites, taxon-specific quantitative calibration, and continued improvement
of reference libraries to enhance data comparability within monitoring networks such
as LTER.

Supplementary Materials: The following supporting information can be downloaded at: https://www.
mdpi.com/article/10.3390/biology15060487/s1, Figure S1: Bar plots showing the number of genera
(a) and species (b) of diatoms identified using LM, 18S V4, 185 V9, and rbcL at three sampling sites,
during the common sampling months at each site; Figure S2: Percentages of dominant genera at
each site, during the common sampling months at each site, obtained using the three approaches:
LM (violet), V9 (green), and V4 (orange), before (a) and after (b) the application of CFs. Figure S3:
Hierarchical dendrogram of phytoplankton species from the three sampling sites, constructed using
CLR-transformed data and considering only the months of sampling in common; Table S1: Months
considered for estimation and graphical representation of richness in each site; Table S2: Months
considered for the construction of the Venn diagrams; Table S3: Months considered for the represen-
tations of relative abundances in bar plots, with and without the application of correction factors;
Table S4: Months considering in the hierarchical clustering analysis; Table S5: List of genera recorded
in the three sites combining LM and MB. Table Sé6. List of species recorded in the three sites combining
LM and MB.

https://doi.org/10.3390 /biology 15060487


https://www.mdpi.com/article/10.3390/biology15060487/s1
https://www.mdpi.com/article/10.3390/biology15060487/s1
https://doi.org/10.3390/biology15060487

Biology 2026, 15, 487 15 of 19

Author Contributions: G.M.: data curation; formal analysis; investigation; writing—original draft.
F.N.: data curation; formal analysis; investigation; writing—review and editing. E.B.: investigation;
data curation. EC.: investigation; data curation; supervision. T.T.D.: investigation; data curation. J.E.:
investigation; data curation. PM.: investigation; data curation; supervision. A.P.: investigation; data
curation. T.R.: investigation; data curation. M.U.: data curation; formal analysis. C.T.: conceptualiza-
tion; supervision; writing—review and editing. S.A.: conceptualization; supervision; writing—review
and editing. All authors have read and agreed to the published version of the manuscript.

Funding: This study was supported by LifeWatch Italy through the project “LifeWatch 2019
LW_061121". The Slovenian part of the research was supported by the project “Development
of Research Infrastructure for the International Competitiveness of the Slovenian RRI Space—RI-
SI-LifeWatch”, co-financed by the Republic of Slovenia, Ministry of Education, Science and Sport,
and the European Regional Development Fund; EU Research Infrastructure eLTER ERIC and Life-
Watch ERIC; Slovenian Research and Innovation Agency (ARIS) research core funding No. P1-0237;
and the Slovenian Environment Agency of the Ministry for the Environment, Climate and En-
ergy. The authors Elisa Banchi, Angela Pelusi and Marika Ubaldi are partially supported by the
project “National Biodiversity Future Center—NBFC” funded under the National Recovery and
Resilience Plan (NRRP), Mission 4 Component 2 Investment 1.4—Call for tender No. 3138 of 16
December 2021, rectified by Decree n.3175 of 18 December 2021 of Italian Ministry of University and
Research funded by the European Union—NextGenerationEU; Project code CN_00000033, Conces-
sion Decree No. 1034 of 17 June 2022 adopted by the Italian Ministry of University and Research,
CUP F83B22000050001.

Institutional Review Board Statement: Not applicable.
Informed Consent Statement: Not applicable.

Data Availability Statement: Raw sequence data generated in this study, as well as the microscopy
data and related metadata, can be obtained from the corresponding author upon reasonable request.

Acknowledgments: Authors acknowledge the staff of the Department of Bioscience, Biotechnology
and Biopharmaceutics at Universita degli Studi di Bari for sequencing. We acknowledge the crews of
the oceanographic vessels involved in the sampling activities. The authors thank Daniela Fornasaro
and Milijan Sigko for microscopy-based phytoplankton identification and enumeration at the LTER-
C1 and 00BF stations, respectively. The sites belong to the Long-Term Ecological Research national
and international networks (LTER-Italy, LTER-Slovenia, LTER-Europe and ILTER).

Conflicts of Interest: The authors declare no conflicts of interest.

References

1.  Falkowski, P.G.; Barber, R.T.; Smetacek, V. Biogeochemical Controls and Feedbacks on Ocean Primary Production. Science 1998,
281, 200-206. [CrossRef] [PubMed]

2. Sarthou, G.; Timmermans, K.R.; Blain, S.; Tréguer, P. Growth Physiology and Fate of Diatoms in the Ocean: A Review. J. Sea Res.
2005, 53, 25-42. [CrossRef]

3. Falkowski, P; Scholes, R.].; Boyle, E.; Canadell, J.; Canfield, D.; Elser, J.; Gruber, N.; Hibbard, K.; Hogberg, P; Linder, S.; et al. The
Global Carbon Cycle: A Test of Our Knowledge of Earth as a System. Science 2000, 290, 291-296. [CrossRef] [PubMed]

4. Ducklow, H.; Steinberg, D.; Buesseler, K. Upper Ocean Carbon Export and the Biological Pump. Oceanography 2001, 14,
50-58. [CrossRef]

5. Castellani, C.; Edwards, M. Marine Plankton: A Practical Guide to Ecology, Methodology, and Taxonomy; Oxford University Press:
Oxford, UK, 2017; ISBN 978-0-19-923326-7.

6. DiPane,].; Wiltshire, KH.; McLean, M.; Boersma, M.; Meunier, C.L. Environmentally Induced Functional Shifts in Phytoplankton
and Their Potential Consequences for Ecosystem Functioning. Glob. Change Biol. 2022, 28, 2804-2819. [CrossRef]

7. Reynolds, C.S. The Ecology of Phytoplankton, 1st ed.; Cambridge University Press: Cambridge, UK, 2006; ISBN 978-0-521-60519-9.

8.  Degobbis, D.; Precali, R.; Ivancic, I.; Smodlaka, N.; Fuks, D.; Kveder, S. Long-Term Changes in the Northern Adriatic Ecosystem

Related to Anthropogenic Eutrophication. Int. . Environ. Pollut. 2000, 13, 495. [CrossRef]

https://doi.org/10.3390 /biology15060487


https://doi.org/10.1126/science.281.5374.200
https://www.ncbi.nlm.nih.gov/pubmed/9660741
https://doi.org/10.1016/j.seares.2004.01.007
https://doi.org/10.1126/science.290.5490.291
https://www.ncbi.nlm.nih.gov/pubmed/11030643
https://doi.org/10.5670/oceanog.2001.06
https://doi.org/10.1111/gcb.16098
https://doi.org/10.1504/IJEP.2000.002332
https://doi.org/10.3390/biology15060487

Biology 2026, 15, 487 16 of 19

10.

11.

12.

13.

14.

15.

16.

17.

18.

19.

20.

21.

22.

23.

24.

25.

26.

27.

28.

29.

30.

31.

32.

Mozeti¢, P,; Solidoro, C.; Cossarini, G.; Socal, G.; Precali, R.; Francé, J.; Bianchi, F.; De Vittor, C.; Smodlaka, N.; Fonda Umani, S.
Recent Trends Towards Oligotrophication of the Northern Adriatic: Evidence from Chlorophyll a Time Series. Estuaries Coasts
2010, 33, 362-375. [CrossRef]

Bernardi Aubry, E; Berton, A.; Bastianini, M.; Socal, G.; Acri, F. Phytoplankton Succession in a Coastal Area of the NW Adriatic,
over a 10-Year Sampling Period (1990-1999). Cont. Shelf Res. 2004, 24, 97-115. [CrossRef]

Cerino, E; Fornasaro, D.; Kralj, M.; Giani, M.; Cabrini, M. Phytoplankton Temporal Dynamics in the Coastal Waters of the
North-Eastern Adriatic Sea (Mediterranean Sea) from 2010 to 2017. Nat. Conserv. 2019, 34, 343-372. [CrossRef]

Mari¢, D.; Kraus, R.; Godrijan, J.; Supi¢, N.; Djakovac, T.; Precali, R. Phytoplankton Response to Climatic and Anthropogenic
Influences in the North-Eastern Adriatic during the Last Four Decades. Estuar. Coast. Shelf Sci. 2012, 115, 98-112. [CrossRef]
Totti, C.; Romagnoli, T.; Accoroni, S.; Coluccelli, A.; Pellegrini, M.; Campanelli, A.; Grilli, F; Marini, M. Phytoplankton
Communities in the Northwestern Adriatic Sea: Interdecadal Variability over a 30-Years Period (1988-2016) and Relationships
with Meteoclimatic Drivers. J. Mar. Syst. 2019, 193, 137-153. [CrossRef]

Neri, F; Garzia, A.; Ubaldi, M.; Romagnoli, T.; Accoroni, S.; Coluccelli, A.; Di Cicco, A.; Memmola, F; Falco, P; Totti, C. Ocean
Warming, Marine Heatwaves and Phytoplankton Biomass: Long-Term Trends in the Northern Adriatic Sea. Estuar. Coast. Shelf
Sci. 2025, 322, 109282. [CrossRef]

Vascotto, I.; Mozeti¢, P.; Francé, J. Phytoplankton Morphological Traits and Biomass Outline Community Dynamics in a Coastal
Ecosystem (Gulf of Trieste, Adriatic Sea). Community Ecol. 2024, 25, 389—402. [CrossRef]

Utermohl, H. Zur Vervollkommnung der quantitativen Phytoplankton-Methodik: Mit 1 Tabelle und 15 abbildungen im Text und
auf 1 Tafel. Int. Ver. Theor. Angew. Limnol. Mitteilungen 1958, 9, 1-38. [CrossRef]

Bernardi Aubry, F; Pugnetti, A.; Roselli, L.; Stanca, E.; Acri, F,; Finotto, S.; Basset, A. Phytoplankton Morphological Traits in a
Nutrient-Enriched, Turbulent Mediterranean Microtidal Lagoon. J. Plankton Res. 2017, 39, 564-576. [CrossRef]

Roselli, L.; Basset, A. Decoding Size Distribution Patterns in Marine and Transitional Water Phytoplankton: From Community to
Species Level. PLoS ONE 2015, 10, e0127193. [CrossRef]

Segura, A.M.; Kruk, C.; Calliari, D.; Garcfa-Rodriguez, F.; Conde, D.; Widdicombe, C.E.; Fort, H. Competition Drives Clumpy
Species Coexistence in Estuarine Phytoplankton. Sci. Rep. 2013, 3, 1037. [CrossRef]

Didaskalou, E.A.; Trimbos, K.B.; Stewart, K.A. Environmental DNA. Curr. Biol. 2022, 32, R1250-R1252. [CrossRef]

Marinchel, N.; Marchesini, A.; Nardi, D.; Girardi, M.; Casabianca, S.; Vernesi, C.; Penna, A. Mock Community Experiments
Can Inform on the Reliability of eDNA Metabarcoding Data: A Case Study on Marine Phytoplankton. Sci. Rep. 2023,
13, 20164. [CrossRef]

Taberlet, P.; Bonin, A.; Zinger, L.; Coissac, E. Environmental DNA; Oxford University Press: Oxford, UK, 2018; ISBN 0-19-876722-6.
Carugati, L.; Corinaldesi, C.; Dell’Anno, A.; Danovaro, R. Metagenetic Tools for the Census of Marine Meiofaunal Biodiversity:
An Overview. Mar. Genomics 2015, 24, 11-20. [CrossRef]

Van Der Loos, L.M.; Nijland, R. Biases in Bulk: DNA Metabarcoding of Marine Communities and the Methodology Involved.
Mol. Ecol. 2021, 30, 3270-3288. [CrossRef] [PubMed]

Jerney, J.; Haillfors, H.; Jakobsen, H.; Jurgensone, I.; Karlson, B.; Kremp, A.; Lehtinen, S.; Majaneva, M.; Meissner, K.;
Norros, V.; et al. DNA Metabarcoding—Guidelines to Monitor Phytoplankton Diversity and Distribution in Marine and Brackish
Waters; TemaNord; Nordisk Ministerrad: Copenhagen, Denmark, 2023; ISBN 978-92-893-7519-1.

Kembel, S.W.; Wu, M; Eisen, J.A.; Green, J.L. Incorporating 16S Gene Copy Number Information Improves Estimates of Microbial
Diversity and Abundance. PLoS Comput. Biol. 2012, 8, €1002743. [CrossRef] [PubMed]

Hakimzadeh, A.; Abdala Asbun, A.; Albanese, D.; Bernard, M.; Buchner, D.; Callahan, B.; Caporaso, ].G.; Curd, E.; Djemiel, C.;
Brandstrom Durling, M.; et al. A Pile of Pipelines: An Overview of the Bioinformatics Software for Metabarcoding Data Analyses.
Mol. Ecol. Resour. 2024, 24, €13847. [CrossRef] [PubMed]

Mathon, L.; Valentini, A.; Guérin, P.; Normandeau, E.; Noel, C.; Lionnet, C.; Boulanger, E.; Thuiller, W.; Bernatchez, L.;
Mouillot, D.; et al. Benchmarking Bioinformatic Tools for Fast and Accurate eDNA Metabarcoding Species Identification.
Mol. Ecol. Resour. 2021, 21, 2565-2579. [CrossRef]

Amaral-Zettler, L.A.; McCliment, E.A.; Ducklow, HW.; Huse, S.M. A Method for Studying Protistan Diversity Using Massively
Parallel Sequencing of V9 Hypervariable Regions of Small-Subunit Ribosomal RNA Genes. PLoS ONE 2009, 4, e6372. [CrossRef]
Creer, S.; Deiner, K.; Frey, S.; Porazinska, D.; Taberlet, P.; Thomas, W.K.; Potter, C.; Bik, H.M. The Ecologist’s Field Guide to
Sequence-based Identification of Biodiversity. Methods Ecol. Evol. 2016, 7, 1008-1018. [CrossRef]

De Vargas, C.; Audic, S.; Henry, N.; Decelle, J.; Mahé, F,; Logares, R.; Lara, E.; Berney, C.; Le Bescot, N.; Probert, I; et al. Eukaryotic
Plankton Diversity in the Sunlit Ocean. Science 2015, 348, 1261605. [CrossRef]

Guillou, L.; Bachar, D.; Audic, S.; Bass, D.; Berney, C.; Bittner, L.; Boutte, C.; Burgaud, G.; de Vargas, C.; Decelle, J.; et al. The
Protist Ribosomal Reference Database (PR2): A Catalog of Unicellular Eukaryote Small Sub-Unit rRNA Sequences with Curated
Taxonomy. Nucleic Acids Res. 2013, 41, D597-D604. [CrossRef]

https://doi.org/10.3390 /biology 15060487


https://doi.org/10.1007/s12237-009-9191-7
https://doi.org/10.1016/j.csr.2003.09.007
https://doi.org/10.3897/natureconservation.34.30720
https://doi.org/10.1016/j.ecss.2012.02.003
https://doi.org/10.1016/j.jmarsys.2019.01.007
https://doi.org/10.1016/j.ecss.2025.109282
https://doi.org/10.1007/s42974-024-00215-4
https://doi.org/10.1080/05384680.1958.11904091
https://doi.org/10.1093/plankt/fbx008
https://doi.org/10.1371/journal.pone.0127193
https://doi.org/10.1038/srep01037
https://doi.org/10.1016/j.cub.2022.09.052
https://doi.org/10.1038/s41598-023-47462-5
https://doi.org/10.1016/j.margen.2015.04.010
https://doi.org/10.1111/mec.15592
https://www.ncbi.nlm.nih.gov/pubmed/32779312
https://doi.org/10.1371/journal.pcbi.1002743
https://www.ncbi.nlm.nih.gov/pubmed/23133348
https://doi.org/10.1111/1755-0998.13847
https://www.ncbi.nlm.nih.gov/pubmed/37548515
https://doi.org/10.1111/1755-0998.13430
https://doi.org/10.1371/annotation/50c43133-0df5-4b8b-8975-8cc37d4f2f26
https://doi.org/10.1111/2041-210X.12574
https://doi.org/10.1126/science.1261605
https://doi.org/10.1093/nar/gks1160
https://doi.org/10.3390/biology15060487

Biology 2026, 15, 487 17 of 19

33.

34.

35.

36.

37.

38.

39.

40.

41.

42.

43.

44.

45.

46.

47.

48.

49.

50.

51.

52.

53.

54.

55.

Kezlya, E.; Tseplik, N.; Kulikovskiy, M. Genetic Markers for Metabarcoding of Freshwater Microalgae: Review. Biology 2023,
12,1038. [CrossRef]

Pawlowski, ].; Christen, R.; Lecrog, B.; Bachar, D.; Shahbazkia, H.R.; Amaral-Zettler, L.; Guillou, L. Eukaryotic Richness in the
Abyss: Insights from Pyrotag Sequencing. PLoS ONE 2011, 6, €18169. [CrossRef]

Stuart, J.; Ryan, K.G.; Pearman, J.K.; Thomson-Laing, J.; Hampton, H.G.; Smith, K.F. A Comparison of Two Gene Regions
for Assessing Community Composition of Eukaryotic Marine Microalgae from Coastal Ecosystems. Sci. Rep. 2024, 14, 6442.
[CrossRef] [PubMed]

Gong, W.; Marchetti, A. Estimation of 185 Gene Copy Number in Marine Eukaryotic Plankton Using a Next-Generation
Sequencing Approach. Front. Mar. Sci. 2019, 6, 219. [CrossRef]

Stoeck, T.; Breiner, H.; Filker, S.; Ostermaier, V.; Kammerlander, B.; Sonntag, B. A Morphogenetic Survey on Ciliate Plankton from
a Mountain Lake Pinpoints the Necessity of Lineage-specific Barcode Markers in Microbial Ecology. Environ. Microbiol. 2014, 16,
430-444. [CrossRef] [PubMed]

Piredda, R.; Tomasino, M.P,; D’Erchia, A.M.; Manzari, C.; Pesole, G.; Montresor, M.; Kooistra, WH.C.E,; Sarno, D.; Zingone, A.
Diversity and Temporal Patterns of Planktonic Protist Assemblages at a Mediterranean Long Term Ecological Research Site.
FEMS Microbiol. Ecol. 2017, 93, fiw200. [CrossRef]

Prokopowich, C.D.; Gregory, T.R.; Crease, T.]. The Correlation between rDNA Copy Number and Genome Size in Eukaryotes.
Genome 2003, 46, 48-50. [CrossRef]

Ruvindy, R.; Barua, A.; Bolch, C.]J.S.; Sarowar, C.; Savela, H.; Murray, S.A. Genomic Copy Number Variability at the Genus,
Species and Population Levels Impacts in Situ Ecological Analyses of Dinoflagellates and Harmful Algal Blooms. ISME Commun.
2023, 3, 70. [CrossRef]

Gloor, G.B.; Macklaim, ].M.; Pawlowsky-Glahn, V.; Egozcue, ]J.J. Microbiome Datasets Are Compositional: And This Is Not
Optional. Front. Microbiol. 2017, 8, 2224. [CrossRef]

Martin, J.L.; Santi, I; Pitta, P.; John, U.; Gypens, N. Towards Quantitative Metabarcoding of Eukaryotic Plankton: An Approach to
Improve 185 rRNA Gene Copy Number Bias. Metabarcoding Metagenom. 2022, 6, e85794. [CrossRef]

Yarimizu, K,; Sildever, S.; Hamamoto, Y.; Tazawa, S.; Oikawa, H.; Yamaguchi, H.; Basti, L.; Mardones, J.I.; Paredes-Mella, J.;
Nagai, S. Development of an Absolute Quantification Method for Ribosomal RNA Gene Copy Numbers per Eukaryotic Single
Cell by Digital PCR. Harmful Algae 2021, 103, 102008. [CrossRef]

Turk Dermastia, T.; Vascotto, I.; Francé, J.; Stankovi¢, D.; Mozeti¢, P. Evaluation of the rbcL Marker for Metabarcoding of Marine
Diatoms and Inference of Population Structure of Selected Genera. Front. Microbiol. 2023, 14, 1071379. [CrossRef]

Turk Dermastia, T.; Cerino, F.; Stankovi¢, D.; Francé, J.; Ramsak, A.; Znidari¢ Tusek, M.; Beran, A.; Natali, V.; Cabrini, M,;
Mozeti¢, P. Ecological Time Series and Integrative Taxonomy Unveil Seasonality and Diversity of the Toxic Diatom Pseudo-
Nitzschia H. Peragallo in the Northern Adriatic Sea. Harmful Algae 2020, 93, 101773. [CrossRef] [PubMed]

Neri, F,; Ubaldi, M.; Accoroni, S.; Ricci, S.; Banchi, E.; Romagnoli, T.; Totti, C. Comparative analysis of phytoplankton diversity
using microscopy and metabarcoding: Insights from an eLTER station in the Northern Adriatic Sea. Hydrobiologia 2024, 852,
169-183. [CrossRef]

Throndesen, J. Phytoplankton Manual—Preservation and Storage; Monographs on Oceanographic Methodology; UNESCO: Paris,
France, 1978.

Vasselon, V.; Domaizon, I.; Rimet, F.; Kahlert, M.; Bouchez, A. Application of High-Throughput Sequencing (HTS) Metabarcoding
to Diatom Biomonitoring: Do DNA Extraction Methods Matter? Freshw. Sci. 2017, 36, 162-177. [CrossRef]

Andrews, S. FastQCA Quality Control Tool for High Throughput Sequence Data [Online]. 2010. Available online:
http:/ /www.bioinformatics.babraham.ac.uk/projects/fastqc/ (accessed on 10 November 2025).

Martin, M. Cutadapt Removes Adapter Sequences from High-Throughput Sequencing Reads. EMBrnet. J. 2011, 17, 10. [CrossRef]
Bolyen, E.; Rideout, ].R.; Dillon, M.R.; Bokulich, N.A.; Abnet, C.C.; Al-Ghalith, G.A.; Alexander, H.; Alm, E.J.; Arumugam, M.;
Asnicar, F; et al. Reproducible, Interactive, Scalable and Extensible Microbiome Data Science Using QIIME 2. Nat. Biotechnol.
2019, 37, 852-857. [CrossRef]

Callahan, B.J.; McMurdie, PJ.; Rosen, M.].; Han, A.W.; Johnson, A.J.A.; Holmes, S.P. DADA2: High-Resolution Sample Inference
from Illumina Amplicon Data. Nat. Methods 2016, 13, 581-583. [CrossRef]

Bokulich, N.A.; Kaehler, B.D.; Rideout, J.R.; Dillon, M.; Bolyen, E.; Knight, R.; Huttley, G.A.; Gregory Caporaso, J]. Optimizing
Taxonomic Classification of Marker-Gene Amplicon Sequences with QIIME 2’s Q2-Feature-Classifier Plugin. Microbiome 2018,
6, 90. [CrossRef]

Rimet, F.; Chaumeil, P; Keck, F.; Kermarrec, L.; Vasselon, V.; Kahlert, M.; Franc, A.; Bouchez, A. R-Syst::Diatom: An Open-Access
and Curated Barcode Database for Diatoms and Freshwater Monitoring. Database 2016, 2016, baw016. [CrossRef]

Edler, L.; Elbrdchter, M. The Utermohl Method for Quantitative Phytoplankton Analysis. In Microscopic and Molecular Meth-
ods for Quantitative Phytoplankton Analysis; IOC Manuals and Guides-UNESCO; Karlson, B., Cusack, C., Bresnan, E., Eds;
Intergovernmental Oceanographic Commission: Paris, France, 2010; pp. 13-20.

https://doi.org/10.3390 /biology 15060487


https://doi.org/10.3390/biology12071038
https://doi.org/10.1371/journal.pone.0018169
https://doi.org/10.1038/s41598-024-56993-4
https://www.ncbi.nlm.nih.gov/pubmed/38499675
https://doi.org/10.3389/fmars.2019.00219
https://doi.org/10.1111/1462-2920.12194
https://www.ncbi.nlm.nih.gov/pubmed/23848238
https://doi.org/10.1093/femsec/fiw200
https://doi.org/10.1139/g02-103
https://doi.org/10.1038/s43705-023-00274-0
https://doi.org/10.3389/fmicb.2017.02224
https://doi.org/10.3897/mbmg.6.85794
https://doi.org/10.1016/j.hal.2021.102008
https://doi.org/10.3389/fmicb.2023.1071379
https://doi.org/10.1016/j.hal.2020.101773
https://www.ncbi.nlm.nih.gov/pubmed/32307066
https://doi.org/10.1007/s10750-024-05692-2
https://doi.org/10.1086/690649
http://www.bioinformatics.babraham.ac.uk/projects/fastqc/
https://doi.org/10.14806/ej.17.1.200
https://doi.org/10.1038/s41587-019-0209-9
https://doi.org/10.1038/nmeth.3869
https://doi.org/10.1186/s40168-018-0470-z
https://doi.org/10.1093/database/baw016
https://doi.org/10.3390/biology15060487

Biology 2026, 15, 487 18 of 19

56.

57.
58.

59.

60.

61.

62.

63.

64.

65.

66.

67.

68.

69.

70.

71.

72.

73.

74.

75.

76.

77.

78.

79.

80.

81.

McMurdie, PJ.; Holmes, S. Phyloseq: An R Package for Reproducible Interactive Analysis and Graphics of Microbiome Census
Data. PLoS ONE 2013, 8, e61217. [CrossRef]

Guiry, M.D.; Guiry, G.M. AlgaeBase. World-Wide Electronic Publication; National University of Ireland: Galway, Ireland, 2025.
Wickham, H. Getting Started with Ggplot2. In ggplot2; Use R!; Springer International Publishing: Cham, Switzerland, 2016;
pp. 11-31; ISBN 978-3-319-24275-0.

Dinno, A. Dunn.Test: Dunn'’s Test of Multiple Comparisons Using Rank Sums, version 1.3.6; R Foundation for Statistical Computing:
Vienna, Austria, 2014.

R Core Team. A Language and Environment for Statistical Computing; R Foundation for Statistical Computing: Vienna, Austria, 2023.
Available online: https:/ /www.R-project.org (accessed on 10 November 2025).

Pascoal, F.; Tomasino, M.P,; Piredda, R.; Quero, G.M.; Torgo, L.; Poulain, J.; Galand, PE.; Fuhrman, J.A.; Mitchell, A,;
Tinta, T.; et al. Inter-Comparison of Marine Microbiome Sampling Protocols. ISME Commun. 2023, 3, 84. [CrossRef]

Larsson, J. Eulerr: Area-Proportional Euler and Venn Diagrams with Ellipses, version 7.0.4; R Foundation for Statistical Computing;:
Vienna, Austria, 2016.

Maechler, M.; Rousseeuw, P.; Struyf, A.; Hubert, M. Cluster: “Finding Groups in Data”: Cluster Analysis Extended Rousseeuw et al.,
version 2.1.8.1; R Foundation for Statistical Computing: Vienna, Austria, 2025.

Kassambara, A.; Mundt, E Factoextra: Extract and Visualize the Results of Multivariate Data Analyses, version 1.0.7; R Foundation for
Statistical Computing: Vienna, Austria, 2016.

Neri, F; Romagnoli, T.; Accoroni, S.; Ubaldi, M.; Garzia, A.; Pizzuti, A.; Campanelli, A.; Grilli, F; Marini, M.; Totti, C.
Phytoplankton Communities in a Coastal and Offshore Stations of the Northern Adriatic Sea Approached by Network Analysis
and Different Statistical Descriptors. Estuar. Coast. Shelf Sci. 2023, 282, 108224. [CrossRef]

Vascotto, I.; Mozeti¢, P,; Francé, J. Phytoplankton Time-Series in a LTER Site of the Adriatic Sea: Methodological Approach to
Decipher Community Structure and Indicative Taxa. Water 2021, 13, 2045. [CrossRef]

Santi, I.; Kasapidis, P.; Karakassis, I.; Pitta, P. A Comparison of DNA Metabarcoding and Microscopy Methodologies for the Study
of Aquatic Microbial Eukaryotes. Diversity 2021, 13, 180. [CrossRef]

Bilbao, ].; Pavloudi, C.; Blanco-Rayén, E.; Franco, J.; Madariaga, I.; Seoane, S. Phytoplankton Community Composition in Relation
to Environmental Variability in the Urdaibai Estuary (SE Bay of Biscay): Microscopy and eDNA Metabarcoding. Mar. Environ.
Res. 2023, 191, 106175. [CrossRef] [PubMed]

Mordret, S.; Piredda, R.; Zampicinini, G.; Kooistra, W.H.C.E,; Zingone, A.; Montresor, M.; Sarno, D. Metabarcoding Reveals
Marked Seasonality and a Distinctive Winter Assemblage of Dinoflagellates at a Coastal LTER Site in the Gulf of Naples.
Mar. Ecol. 2023, 44, €12758. [CrossRef]

Pierce, E.; Torano, O.; Lin, Y.; Schnetzer, A.; Marchetti, A. Comparison of Advanced Methodologies for Diatom Identification
within Dynamic Coastal Communities. Limnol. Ocean. Methods 2023, 21, 687-702. [CrossRef]

Mukherijee, A.; Das, S.; Bhattacharya, T.; De, M.; Maiti, T.; Kumar De, T. Optimization of Phytoplankton Preservative Concentra-
tions to Reduce Damage During Long-Term Storage. Biopreserv. Biobank. 2014, 12, 139-147. [CrossRef]

Shiozaki, T.; Itoh, F; Hirose, Y.; Onodera, J.; Kuwata, A.; Harada, N. A DNA Metabarcoding Approach for Recovering Plankton
Communities from Archived Samples Fixed in Formalin. PLoS ONE 2021, 16, €0245936. [CrossRef]

Suzuki, M.T.; Ciotti, A.M.; Odebrecht, C. The Effect of Formaldehyde and Iodine as Fixatives for Phytoplankton and Protozoo-
plankton Samples from the Southern Brazilian Coast. Neritica 1991, 6, 65-71.

Fiocca, A.; Vadrucci, M.R.; Mazziotti, C. Influence of chemical fixative on the cell size of phytoplankton guilds. Transitional Waters
Bull. 2015, 1, 1-9.

Menden-Deuer, S.; Lessard, E.; Satterberg, J. Effect of Preservation on Dinoflagellate and Diatom Cell Volume, and Consequences
for Carbon Biomass Predictions. Mar. Ecol. Prog. Ser. 2001, 222, 41-50. [CrossRef]

Moncheva, D.S.; Parr, D.B. Manual for Phytoplankton Sampling and Analysis in the Black Sea; Commission on the Protection of the
Black Sea Against Pollution: Istanbul, Turkey, 2010; pp. 2-68.

Yang, Y.; Sun, X.; Zhao, Y. Effects of Lugol’s Iodine Solution and Formalin on Cell Volume of Three Bloom-Forming Dinoflagellates.
Chin. J. Ocean. Limnol. 2017, 35, 858-866. [CrossRef]

Accoroni, S.; Giulietti, S.; Romagnoli, T.; Siracusa, M.; Bacchiocchi, S.; Totti, C. Morphological Variability of Pseudo-nitzschia
pungens Clade I (Bacillariophyceae) in the Northwestern Adriatic Sea. Plants 2020, 9, 1420. [CrossRef] [PubMed]

Giulietti, S.; Totti, C.; Romagnoli, T.; Siracusa, M.; Bacchiocchi, S.; Accoroni, S. Nitzschia gobbii sp. nov. (Bacillariophyceae): A
Common but Overlooked Planktonic Diatom Species from the Northwestern Adriatic Sea. Phycologia 2021, 60, 558-571. [CrossRef]
Balzano, S.; Abs, E.; Leterme, S. Protist Diversity along a Salinity Gradient in a Coastal Lagoon. Aquat. Microb. Ecol. 2015, 74,
263-277. [CrossRef]

Tzafesta, E.; Saccomanno, B.; Zangaro, F.; Vadrucci, M.R.; Specchia, V.; Pinna, M. DNA Barcode Gap Analysis for Multiple Marker
Genes for Phytoplankton Species Biodiversity in Mediterranean Aquatic Ecosystems. Biology 2022, 11, 1277. [CrossRef]

https://doi.org/10.3390 /biology15060487


https://doi.org/10.1371/journal.pone.0061217
https://www.R-project.org
https://doi.org/10.1038/s43705-023-00278-w
https://doi.org/10.1016/j.ecss.2023.108224
https://doi.org/10.3390/w13152045
https://doi.org/10.3390/d13050180
https://doi.org/10.1016/j.marenvres.2023.106175
https://www.ncbi.nlm.nih.gov/pubmed/37717336
https://doi.org/10.1111/maec.12758
https://doi.org/10.1002/lom3.10575
https://doi.org/10.1089/bio.2013.0074
https://doi.org/10.1371/journal.pone.0245936
https://doi.org/10.3354/meps222041
https://doi.org/10.1007/s00343-017-5378-0
https://doi.org/10.3390/plants9111420
https://www.ncbi.nlm.nih.gov/pubmed/33114135
https://doi.org/10.1080/00318884.2021.1952513
https://doi.org/10.3354/ame01740
https://doi.org/10.3390/biology11091277
https://doi.org/10.3390/biology15060487

Biology 2026, 15, 487 19 of 19

82.

83.

84.

85.

86.

87.

88.

89.

90.

91.

92.

93.

Ershova, E.A.; Wangensteen, O.S.; Falkenhaug, T. Mock Samples Resolve Biases in Diversity Estimates and Quantitative
Interpretation of Zooplankton Metabarcoding Data. Mar. Biodivers. 2023, 53, 66. [CrossRef]

Preston, M.; Fritzsche, M.; Woodcock, P. Report Understanding and Mitigating Errors and Biases in Metabarcoding: An Introduction for
Non-Specialists; JNCC Report 699; JNCC: Peterborough, UK, 2022.

Santoferrara, L.F. Current Practice in Plankton Metabarcoding: Optimization and Error Management. J. Plankton Res. 2019, 41,
571-582. [CrossRef]

Rimet, F; Gusev, E.; Kahlert, M.; Kelly, M.G.; Kulikovskiy, M.; Maltsev, Y.; Mann, D.G.; Pfannkuchen, M.; Trobajo, R.; Vasselon, V.; et al.
Diat.Barcode, an Open-Access Curated Barcode Library for Diatoms. Sci. Rep. 2019, 9, 15116. [CrossRef]

Pérez-Burillo, J.; Mann, D.G.; Trobajo, R. Evaluation of Two Short Overlapping rbcL Markers for Diatom Metabarcoding of
Environmental Samples: Effects on Biomonitoring Assessment and Species Resolution. Chemosphere 2022, 307, 135933. [CrossRef]
Vidakovi¢, D.; Albert Serge Mayombo, N.; Burfeid Castellanos, A.; Kloster, M.; Beszteri, B. Diatom Metabarcoding as a Tool to
Assess the Water Quality of Two Large Tributaries of the Danube River. Ecol. Indic. 2024, 168, 112793. [CrossRef]

Hackett, ].D.; Anderson, D.M.; Erdner, D.L.; Bhattacharya, D. Dinoflagellates: A Remarkable Evolutionary Experiment. Am. ]. Bot.
2004, 91, 1523-1534. [CrossRef]

LaJeunesse, T.C.; Lambert, G.; Andersen, R.A.; Coffroth, M.A.; Galbraith, D.W. Symbiodinium (Pyrrhophyta) Genome Sizes
(DNAcontent) Are Smallest among Dinoflagellates. . Phycol. 2005, 41, 880-886. [CrossRef]

Wang, H.; Wu, P; Xiong, L.; Kim, H.-S.; Kim, ].H.; Kj, J.-S. Nuclear Genome of Dinoflagellates: Size Variation and Insights into
Evolutionary Mechanisms. Eur. ]. Protistol. 2024, 93, 126061. [CrossRef]

Snoeijs, P.; Busse, S.; Potapova, M. The Importance of Diatoms Cell Size in Community Analysis. ]. Phycol. 2002, 38,
265-281. [CrossRef]

Godhe, A.; Asplund, M.E; Héarnstrom, K.; Saravanan, V.; Tyagi, A.; Karunasagar, I. Quantification of Diatom and Dinoflagellate
Biomasses in Coastal Marine Seawater Samples by Real-Time PCR. Appl. Environ. Microbiol. 2008, 74, 7174-7182. [CrossRef]
Vasselon, V.; Bouchez, A.; Rimet, F; Jacquet, S.; Trobajo, R.; Corniquel, M.; Tapolczai, K.; Domaizon, I. Avoiding Quantification
Bias in Metabarcoding: Application of a Cell Biovolume Correction Factor in Diatom Molecular Biomonitoring. Methods Ecol.
Evol. 2018, 9, 1060-1069. [CrossRef]

Disclaimer/Publisher’s Note: The statements, opinions and data contained in all publications are solely those of the individual

author(s) and contributor(s) and not of MDPI and/or the editor(s). MDPI and/or the editor(s) disclaim responsibility for any injury to

people or property resulting from any ideas, methods, instructions or products referred to in the content.

https://doi.org/10.3390 /biology 15060487


https://doi.org/10.1007/s12526-023-01372-x
https://doi.org/10.1093/plankt/fbz041
https://doi.org/10.1038/s41598-019-51500-6
https://doi.org/10.1016/j.chemosphere.2022.135933
https://doi.org/10.1016/j.ecolind.2024.112793
https://doi.org/10.3732/ajb.91.10.1523
https://doi.org/10.1111/j.0022-3646.2005.04231.x
https://doi.org/10.1016/j.ejop.2024.126061
https://doi.org/10.1046/j.1529-8817.2002.01105.x
https://doi.org/10.1128/aem.01298-08
https://doi.org/10.1111/2041-210X.12960
https://doi.org/10.3390/biology15060487

	Introduction 
	Materials and Methods 
	Study Areas and Sampling 
	DNA Extraction, Sequencing and Bioinformatic Analyses 
	Phytoplankton Analysis 
	Data and Statistical Analysis 

	Results 
	Richness of Phytoplankton Genera and Species 
	Diversity of Phytoplankton at the Species Level 
	Community Composition and Correction Factors 
	Cluster Analysis 

	Discussion 
	Conclusions 
	References

