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Abstract  
 

Background: Phytoplankton diversity can be difficult to 

ascertain from morphological analyses, because of the existence 

of cryptic species and pico- and concealed phytoplankton. In-

depth sequencing and metabarcoding can reveal microbial 

diversity, and identify novel diversity. However, there has been 

little comparison of metabarcoding and morphological datasets 

derived from the same samples, and metabarcoding studies 

covering total eukaryotic phytoplankton diversity are rare. In this 

study, the variable V7 region of the 18S rDNA gene was 

employed to explore eukaryotic phytoplankton diversity in 11 

Chinese freshwater environments, and further compared with the 

dataset obtained through morphological identification.  
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Results: Annotation by the evolutionary placement algorithm 

(EPA) rather than alignment with the SILVA database improved 

the taxonomic resolution, with 346 of 524 phytoplankton 

operational taxonomic units (OTUs) being assigned to the genus 

or species level. The number of unassigned OTUs was greatly 

reduced from 259 to 178 OTUs by using the EPA in place of the 

SILVA database. Metabarcoding detected 3.5 times more OTUs 

than the number of morphospecies revealed by morphological 

identification; furthermore, the number of species and the 

Shannon-Wiener index inferred from the two methods were 

correlated. A total of 34 genera were identified via both methods, 

while 31 and 123 genera were detected solely in the 

morphological or metabarcoding dataset, respectively.  

 

Conclusion: The dbRDA plot showed distinct separation of the 

phytoplankton communities between lakes and reservoirs 

according to the metabarcoding dataset. The same pattern was 

obtained on the basis of 10 environmental variables in the PCO 

ordination plot, while the separation of the populations based on 

morphological data was poor. However, 30 morphospecies 

contributed 70% of the community difference between lakes and 

reservoirs in the morphological dataset, while 11 morphospecies 

were not found by metabarcoding. Considering the limitations of 

each of the two methods, their combination could substantially 

improve phytoplankton community assessment.  
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Distance-Based Linear Models; dbRDA-The Distance-Based 

Redundancy Analysis 

 

Background  
 

Phytoplankton have traditionally been described and 

characterized based on morphological characteristics. However, 

their correct identification is often difficult or impossible, 

especially for cryptic species complexes, species with distinct 

sexual dimorphism, or species with multiple life stages [1,2]. 

Photosynthetic pico-phytoplankton with a diameter below 3 μm 

diameter are usually ignored, although they are very important 

contributors to primary production due to exhibiting high cell-

specific carbon fixation rates [3-5]. Trained experts often come 

to inconsistent conclusions concerning detailed species lists, 

which could be explained by differences in their experience and 

understanding of changing taxonomic system, and the different 

criteria used for species delimitation. Consequently, 

phytoplankton community composition based ecological 

assessment, and the suggested relationships between different 

taxa based on morphological characteristics will be misleading.  

 

Molecular approaches can detect cryptic species, and have been 

treated as one of the most important approaches for the 

taxonomic revision of phytoplankton [6]. Many new and revised 

species, genera and taxonomic ranks higher than genera have 

been proposed every year [7]. Molecular techniques link a 

unique DNA sequence to a phytoplankton taxon based on 

sequence similarity to reference databases regardless of the 

dimensions, life stage, pleomorphism, or taxonomy of the 

phytoplankton [8]. Next-generation sequencing (NGS) 

technologies produce a large sequence dataset consisting of 

molecular markers, making them a promising tool for 

understanding microbial diversity in ecosystems. NGS allows 

automated sample handling and involves standard laboratory 

protocols, which increases the potential for comparisons between 

different research studies and facilitates large-scale in-depth 

monitoring programs and investigations [8].  
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NGS has been extensively used to investigate phytoplankton 

diversity [9], but has been limited largely to specific 

phytoplankton groups, including diatoms [8,10] and 

dinoflagellates [11]. NGS reveals a greater number of identified 

diatom taxa than morphological analysis, and their presence can 

be subsequently verified by light microscopy [8]. Eiler et al. 

(2013) [12] investigated total phytoplankton diversity based on 

the 16S ribosomal DNA (rDNA) gene and compared it with the 

results of morphological identification. Unsatisfactorily, the 

detailed taxonomic lists presented low correspondence. A 

relatively low ratio of the number of phytoplankton reads and 

OTUs was observed, and the in-depth sequencing results were 

far from saturated.  

 

There have been few studies targeting the full range of 

phytoplankton diversity via NGS methods, and comparisons of 

the morphologically- and NGS-determined community 

composition have rarely been performed. In this study, high 

throughput amplicon sequencing based on the 18S rDNA gene 

was performed to investigate total eukaryotic phytoplankton 

diversity, and the results were compared with datasets based on 

morphological identification. Furthermore, the variation of the 

phytoplankton composition explained by environmental 

variables was evaluated to discuss the compatibility and potential 

application of the metabarcoding approach. 

 

Materials and Methods  
Sampling and Microscopic Observation  
 

A total of 62 samples from 6 lakes and 5 reservoirs were 

surveyed during spring (Figure 1, Table S3). Water was 

collected 5 cm below the surface with a 5-L water sampler. The 

water (1.5 L) was preserved with 1.5% Lugol‟s iodine solution 

[13], and after 48 hours of sedimentation, a final 50 mL volume 

was concentrated for microscopic cell identification and 

counting. At least 50 random fields of view per sample were 

scanned using a 400X microscope (Eclipse 50i, Nikon, Japan). 

Morphological identification followed the descriptions of Hu and 

Wei (2006) [14]. The classification system proposed by 

Ruggiero et al. (2015) [15] was adopted (Table S1). Aliquots of 



Prime Archives in Environmental Research 

6                                                                                www.videleaf.com 

100-200 mL of water, depending on algal density, were filtered 

through 0.2 μm nucleopore filters (Whatman, United Kingdom) 

for NGS analysis. The filters were stored at -20 °C until being 

processed for NGS sequencing. An aliquot of 500 mL water was 

used for the assessment of environmental variables.  

 

 
 

Figure 1: Locations of 6 lakes and 5 reservoirs investigated in the study. 

Numbers in brackets represented number of sampling sites in each freshwater. 

 

TN (total nitrogen), TP (total phosphorus), ammonia and nitrate 

nitrogen were measured following Chinese standard methods 

[16]. Briefly, for TN determination, the sample was digested 

with alkaline potassium persulfate, and all available nitrogen was 

converted to nitrate, followed by scanning at wavelengths of 220 

nm and 275 nm. Nitrate was directly tested at these wavelengths. 

For ammonia, the reaction of ammonia and ions with the sodium 

reagent produced a yellow-brown complex, which was then 

scanned at a wavelength of 420 nm. For TP, the sample was 

digested with potassium persulfate under neutral conditions, and 

all available phosphorus was converted to orthophosphate. 

Molybdophosphate was produced in the presence of ammonium 

molybdate and reduced by ascorbic acid to a blue complex, 

which was then scanned at a wavelength of 700 nm.  

 

T (water temperature), DO (dissolved oxygen), conductivity and 

pH were obtained with a multiparameter meter (YSI 6820, 

Yellow Spring Instruments, USA). Transparency (Secchi depth, 

SD) was measured with a 20-cm diameter black and white 

Secchi disk. 
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DNA Extraction and Library Construction  
 

Genomic DNA extraction was performed according to the 

manual instructions of the PowerSoil®DNA Isolation Kit (MO 

BIO Laboratories, USA). The concentration and purity of the 

extracted genomic DNA was assessed with a NanoDrop 

spectrophotometer (ND-1000, NanoDrop Technologies, USA). 

The amplicon library was prepared through polymerase chain 

reaction (PCR) amplification of the V7 region of the 18S rDNA 

gene using the primers 960F (5′-

GGCTTAATTTGACTCAACRCG-3′) [17] and NSR1438 (5′-

GGGCATCACAGACCTGTTAT-3′) [18] combined with 

adapter sequences and barcode sequences. The primers were 

designed to balance primer usage frequencies and could reduce 

the frequency of cross-contamination [19]. Moreover, primers 

were chosen for a high proportion of the phytoplankton (over 

40%) reads among total the eukaryotes obtained in Lake Bourget 

[20]. Two-step tailed PCR was performed in this study [21]. 

Each amplification reaction was performed in a 50 μL volume, 

which contained 25 μL 2× Phusion
®
 High-Fidelity PCR Master 

Mix with HF Buffer (New England Biolabs Inc., America) 

consisting of Phusion DNA Polymerase, deoxynucleotides and 

MgCl2, 10 μL High GC Enhancer, 1 μL of each primer at 10 μM, 

11 μL ddH2O, and 2 μL template, with the following conditions: 

95 °C for 3 min, then 15 cycles of 95 °C for 1 min, 55 °C for 1 

min, and 72 °C for 1 min, and a final extension at 72 °C for 10 

min. Negative controls showed no amplicons. The 260-bp-long 

PCR products were purified with the same volume of VAHTS
TM

 

DNA Clean Beads. A second round of PCR was then performed 

in a 40 μL reaction containing 20 μL of 2× Phusion
®
 High-

Fidelity PCR Master Mix with HF Buffer, 8 μL ddH2O, 1 μL of 

each primer at 10 μM, and 10 μL of the PCR products from the 

first step. The thermal cycling conditions were as follows: initial 

denaturation at 98 °C for 30 s, followed by 10 cycles at 98 °C for 

10 s, 55 °C for 30 s and 72 °C for 30 s, with a final extension at 

72 °C for 5 min. The second round PCR products were purified 

with E.Z.N.A.® Gel Extraction Kit (OMEGA, America), and 

quantified using the Quant-iT
TM

 dsDNA High Sensitivity Assay 

Kit with microplate reader. Finally, 150 ng PCR products were 

pooled for library construction. 
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Metabarcoding Sequencing and Analysis  
 

Qualified amplicon libraries were sequenced on the Illumina 

HiSeq 2500 platform (2×250 paired ends) at Biomarker 

Technologies, China. The original paired-end reads were merged 

using FLASH v1.2.7 (http://ccb.jhu.edu/software/FLASH/) with 

a minimum overlap length of 10 bp and maximum mismatch 

ratio of 0.2 within overlapping regions. The raw reads were 

quality filtered to obtain high-quality clean reads using 

Trimmomatic v0.33 [22]. The window size was set as 50 bp with 

minimum average quality scores of 20. Chimera sequences were 

detected and removed using UCHIME v4.2 [23]. The final 

processed reads were clustered into OTUs based on 97% 

sequence similarity with USEARCH v10.0 [24]. OTUs 

comprising less than 0.005% of total reads were filtered from the 

dataset. The sequences with the greatest number of reads were 

selected as the representatives of each OTU and then compared 

against the SILVA database ( Release 128, http://www.arb-

silva.de, [25]) with a confidence threshold of 80% to identify 

OTUs belonging to phytoplankton with the RDP taxonomy 

assigner (v2.2) implemented in QIIME v1.8.0 [26]. OTUs 

annotated as fungi, protozoa, unassigned or other groups of 

eukaryotes were removed from further analysis.  

 

The phytoplankton OTUs identified using SILVA were further 

delimited with the evolutionary placement algorithm (EPA) to 

improve the taxonomic resolution [27] because half of these 

OTUs were assigned to taxonomic ranks higher than the genus 

level. For this purpose, first, the reference phylogenetic tree was 

computed with published reference sequences longer than 1000 

bp selected from the GenBank database for EPA assignments. 

Detailed information on the published reference sequences for 

each phylum/class is shown in Table S2. The sequences for the 

reference tree were aligned using online MAFFT v7.429 with the 

autoselect algorithm depending on the size of reference 

sequences (https://mafft.cbrc.jp/alignment/server/), and trimmed 

using trimAI v2.0 [28], the resulting alignment was called 

reference alignment.. The tree was computed with RAxML-HPC 

v8.0 in XSEDE at the CIPRES Science Gateway 

(http://www.phylo.org/portal2/). The reference tree was 
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calculated using the GTRGAMMA model, and RaxML was 

allowed to halt bootstrapping automatically [29]. Second, every 

representative read obtained from the phytoplankton OTUs in 

this study was aligned to the reference alignment with MAFFT 

v7.429 online (https://mafft.cbrc.jp/alignment/server/add.html), 

and the alignment length was kept the same as the reference 

alignment. Then, EPA was performed to assign our 

phytoplankton OTUs onto the reference phylogenetic trees 

[27,30]. The resulting tree containing the reference sequences 

and our phytoplankton OTUs was visualized with Archaeopteryx 

Treeviewer v0.970 [31]. The phytoplankton OTUs were 

manually delimited based on the branch where they were 

affiliated in the phylogenetic backbone tree and the classification 

likelihood weights supporting the branch. When the branch 

contained a mix of taxa from 2 or more genera, they were 

delimited at family or higher taxonomic ranks and were 

recognized as unassigned reads. The EPA analyses were 

performed individually for every phylum/class, and 9 reference 

phylogenetic trees were constructed for Dictyochophyceae, 

Bacillariophyceae, Dinophyceae, Chrysophyceae, 

Cryptophyceae, Eustigmatophyceae, Chlorophyta/charophyte, 

Euglenales, and Xanthophyceae, while the remaining 5 classes 

with only 11 phytoplankton OTUs were included in a single 

phylogenetic tree.  

 

Finally, 524 phytoplankton OTUs were used to calculate alpha 

diversity metrics including rarefaction curves, OTU diversity, 

the Chao1 index, the Simpson index, and the Shannon-Wiener 

index with Mothur v1.30 [32].  

 

Statistical Analysis  
 

The morphological and metabarcoding datasets of phytoplankton 

abundance were standardized prior to analysis, followed by 

fourth root or square root transformation, respectively. 

Environmental variables other than DO, T, and pH were 

log(x+1) transformed. All transformed datasets met the 

requirements for homogeneity and normality of variance inferred 

from the histogram plots. Randomization/permutation procedure 

analysis of similarities (ANOSIM) was carried out to evaluate 
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significant differences in the community composition between 

groups. The ANOSIM statistic R is calculated from the 

differences in the between-group and within-group mean rank 

similaritie, and can reveal the degree of separation between 

groups. R values approaching 1 indicate complete separation, 

while R values close to 0 indicate no separation. The similarity 

percentage (SIMPER) routine was used to discriminate dominant 

species within or between groups. Principal coordinate analysis 

(PCO) was performed to investigate environmental variables 

correlated with lakes or reservoirs. Distance-based linear models 

(DISTLMs) provided quantitative measures and tests of 

phytoplankton community variation according to environmental 

variable, and were visualized in distance-based redundancy 

analysis (dbRDA) ordination plots. Marginal and sequential tests 

were performed to quantify the contribution of 10 environmental 

variables, both individually and together, to the variation in the 

phytoplankton community. The dbRDA was constrained to 

identify the linear combinations of the predictor variables that 

explained the greatest amount of variation in the data cloud. The 

environmental variables that presented correlations > 0.4 or < -

0.4 with the dbRDA axis are shown in the dbRDA plot. All of 

the abovementioned analyses were performed with PRIMER v7 

[33]. 

 

Results  
Environmental Variables  
 

The average pH was higher in all examined reservoirs (9.08-

11.59) except for the Changtan Reservoir (7.15) than in the lakes 

(8.34-9). The average T and DO values showed no difference 

between the lakes and reservoirs within the ranges of 19.7 to 

23.3 °C and 7.2 to 13.6 mg/L, respectively, with the exception of 

a relatively lower T of 9.9 °C in the Changtan Reservoir. The 

average conductivity exhibited obviously higher values in lakes 

(245-539 μS/cm) than in reservoirs (37-95 μS/cm). Reservoirs 

(1.0-2.6 m) showed higher average transparency than lakes (0.2-

0.7 m) except for Lake Gucheng (1.7 m). In lakes, TP (3.36-

13.45 μmol/L) values were much higher than those in reservoirs 

(0.52-3 μmol/L). TN presented little difference and exhibited 

overlapping values between lakes (40.71-191.43 μmol/L) and 
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reservoirs (35.86-104.93 μmol/L). Much higher ammonia 

nitrogen values were observed in lakes (13.86-51.29 μmol/L) 

than in reservoirs (6-14.14 μmol/L), except for Foziling 

Reservoir (31.29 μmol/L). Apart from the Changtan Reservoir 

(35.5 μmol/L), the other reservoirs (1.86-2.5 μmol/L) displayed 

lower average nitrate nitrogen values than the lakes (2.29-63.64 

μmol/L). The reservoirs presented much higher TN and TP ratios 

(7.4-51.2) than the lakes, which showed low values (2.6-8.2) 

(Figure S1).  

 

The first two axes of the PCO explained 57.3% of the total 

variation in 10 environmental variables, showing that the 

differences were clearly distinguishable between 6 lakes and 5 

reservoirs in the ordination plot. TN, ammonia nitrogen, TP, T 

and conductivity presented strong positive relationships with 

PCO axis1 that were indicative of the samples from lakes, while 

SD and TN and TP ratio had negative relationships with PCO 

axis1 which were indicative of samples in reservoirs. DO and pH 

exhibited strong positive relationships with PCO axis2, which 

separated the samples from the Foziling Reservoir and the 

Bailianya Reservoir from the samples from the other 3 reservoirs 

(Figure 2).       

 

 
 

Figure 2: Vector overlay on the PCO of the environmental variables datasets, 

showing environmental variables with vectors longer than 0.5. 
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Morphological Identification  
 

A total of 150 taxa (132 at the species level) from 8 eukaryotic 

phytoplankton groups were identified from 62 samples, with 

Chlorophyta (69) and Bacillariophyceae (55) contributing 87% 

of the total phytoplankton diversity. In each sample, 1 to 38 

morphospecies were detected (Figure 3). Four species exhibited 

high frequencies at 11 freshwaters sites, including 1 from 

phylum Chlorophyta (Chlorella vulgaris), 2 from class 

Bacillariophyceae (Synedra acus, Cyclotella) and 2 from class 

Cryptophyceae (Cryptomons ovata, Cryptomons erosa), all of 

which were detected in over 40 samples. The total phytoplankton 

density ranged from 1.16×10
5
 to 8.2×10

7
 cells/L in each sample. 

Chlorophyta and Bacillariophyceae dominated phytoplankton 

abundance, together accounting for 43.2% to 100% (avg. 87.0%) 

of the observed abundance, except in Lake Yangcheng sample 

01, where euglenoids contributed 79.0% of the total abundance 

(Figure 3).  

 

 
 

Figure 3: The species diversity (A) and abundance (B) of 8 eukaryotic 

phytoplankton groups identified in morphological method. 

Note: Number on the X axis indicates the number of samples in each 

freshwater. 

 

Metabarcoding to Determine Phytoplankton Diversity 

and Novel OTUs  
 

A total of 40,526 to 74,292 reads (avg. 71,421) with average 

lengths ranging from 223 to 238 base pairs were obtained from 

each sample (Table S3). Finally, 524 eukaryotic phytoplankton 

OTUs from 15 phytoplankton groups were determined with the 

RDP classifier against the SILVA database and EPA, with the 
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number of phytoplankton reads ranging from 4,892 (6.6%) to 

59,550 (79.6%) (avg. 34,962 [48.7%]). The number of 

phytoplankton reads surpassed 12,000 in all but two samples, 

from Lake Taihu and the Mozitan Reservoir. The rarefaction 

curves of the majority of samples approached the plateau curve 

(Figure S2), and good coverage (≥0.992) of OTU richness was 

observed for each sample (Table S3), indicating that the number 

of phytoplankton reads approached saturation in most samples. 

 

Using the RDP classifier against the SILVA database, 265 OTUs 

were identified at the genus and species levels, and a large 

number of OTUs (up to 259 (49.4%) OTUs with 875,271 

(40.4%) reads) were annotated to taxonomic ranks higher than 

the generic level and were identified as unassigned OTUs. EPA 

identified 346 OTUs at the genus and species levels, and 178 

(34%) unassigned OTUs with 686,352 (31.7%) reads were also 

identified (Table 1). The EPA improved the resolution of the 

assignment of OTUs. 

 

Each sample contained 56 to 278 phytoplankton OTUs (avg. 

178), and the most diversity was observed in Lake Changdang, 

Lake Gucheng, Lake Baima, and Lake Yangcheng, all of which 

presented OTU numbers surpassing 182 (Figure 4). Chlorophyta 

was the most diverse, with 222 OTUs (42.3%), followed by 

Chrysophyceae (87, 16.6%), Bacillariophyceae (55, 10.5%), 

Cryptophyceae (48, 9.1%), Dinophyceae (44, 8.4%), 

Dictyochophyceae (24, 4.6%), and Eustigmatophyceae (17, 

3.2%). The other 9 phytoplankton groups presented low 

diversity, including Euglenales, Xanthophyceae, Haptophyta, 

Raphidophyceae, Bolidophyceae, Charophyta, 

Schizocladiophyceae, Leucocryptea, and Picophagophyceae, all 

of which showed fewer than 10 OTUs and contributed 5.3% of 

the total phytoplankton diversity. Chlorophyta (avg. 44.7%), 

Bacillariophyceae (avg. 18.8%), and Cryptophyceae (avg. 

18.4%) dominated or codominated the abundance values in all 

samples with the exception of those from the Changtan 

Reservoir, where Chlorophyta (avg. 41.6%) and Dinophyceae 

(avg. 41.7%) exhibited the highest abundance. 
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Table 1: Assigned or unassigned eukaryotic phytoplankton OTUs identified in 62 samples.  

 
Note: Assigned or unassigned OTUs were defined as OTUs were assigned at genus and species levels or taxonomic ranks higher than genus when using RDP classifier against SILVA database and 

the evolutionary placement algorithm (EPA). 

 

 

 

 

 

 no. of assigned OTUs no. of assigned reads no. of unassigned OTUs no. of unassigned reads no. of total OTUs / 

reads 
 SILVA EPA SILVA EPA SILVA EPA SILVA EPA 

Dictyochophyceae 9 21 5,314 8,368 15 3 5,645 2,591 24 (4.6%) / 10,959 

(0.5%) 

Bacillariophyceae 37 53 372,783 328,519 18 2 5,668 49,932 55 (10.5%) / 378,451 

(17.5%) 

Dinophyceae 20 16 130,212 111,997 24 28 4,560 22,775 44 (8.4%) / 134,772 

(6.2%) 

Chrysophyceae 33 32 32,321 37,427 54 55 59,713 54,607 87 (16.6%) / 92,034 

(4.2%) 

Cryptophyceae 40 38 377,469 296,149 7 9 31,291 112,611 47 (9.0%) / 408,760 

(18.9) 

Eustigmatophyceae 11 11 49,346 49,429 6 6 5,570 5,487 17 (3.2%) / 54,916 

(2.5%) 

Chlorophyta 100 158 302,888 631,754 122 64 720,919 392,053 222 (42.4%) / 

1,023,807 (47.2%) 

Euglenophyceae 3 3 97 97 0 0 0 0 3 (0.6%) / 97 (0.0%) 

Xanthophyceae 1 2 56 1,452 5 4 7,134 5,738 6 (1.1%) / 7,190 (0.3%) 

Charophyta 6 3 4,958 801 2 5 1,105 5,262 8 (1.5%) / 6,063 (0.3%) 

Haptophyta 2 3 13,510 13,527 1 0 17 0 3 (0.6%) / 13,527 

(0.6%) 

Raphidophyceae 0 2 0 593 2 0 593 0 2 (0.4%) / 593 (0.0%) 

Bolidophyceae 1 1 1,140 1,140 0 0 0 0 1 (0.2%) / 1,140 (0.1%) 

Leucocryptea 1 0 2,266 0 1 2 33,030 35,296 2 (0.4%) / 35,296 

(1.6%) 

Picophagophyceae 1 3 4 30 2 0 26 0 3 (0.6%) / 30 (0.0%) 

Sum 265 (50.6%) 346 (66.0%) 1,292,364 (59.6%) 1,481,283 (68.3%) 259 (49.4%) 178 (34.0%) 875,271 (40.4%) 686,352 (31.7%) 524 / 2,167,635 
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Figure 4: The species diversity (A) and proportion of abundance (B) of 15 

eukaryotic phytoplankton groups determined by metabarcoding approach. 

Note: Number on the X axis indicated the number of samples in each 

freshwater. 

 

Comparison of the Phytoplankton Community 

Identified with the Two Methods  
 

A significantly (p < 0.001) higher number of phytoplankton 

OTUs (56-278) was found compared to the number of 

morphospecies (1-38) (Figure S3), and these measures were 

positively correlated (R
2
 = 0.13, P = 0.003) (Figure 5A). The 

community composition determined by metabarcoding exhibited 

higher Shannon-Wiener index values (ave. 2.66) than that 

obtained through morphological identification (ave. 1.78), and 

the Shannon-Wiener index values determined by these two 

methods were positively correlated (R
2
 = 0.349, P < 0.001) 

(Figure 5B-C). 

 

 
 
Figure 5: Phytoplankton diversity compared between metabarcoding and 

morphological methods. Linear regression analysis of the number of species 

(A); Shannon-Wiener index (B) and linear regression analysis (C). 

Note: The calculation of Shannon-Wiener index was based on cell numbers in 

morphological dataset and number of reads in metabarcoding dataset. 

 



Prime Archives in Environmental Research 

16                                                                                www.videleaf.com 

The phytoplankton communities characterized by morphological 

and metabarcoding methods were compared at the generic level 

due to morphological and molecular complexity. The 

comparison was performed for 8 phytoplankton groups identified 

according to the morphological data. These 8 groups were 

Chlorophyta, Chrysophyceae, Cryptophyceae, 

Bacillariophyceae, Dinophyceae, Euglenales, Xanthophyceae, 

and Charophyta. The two methods detected 34 genera in 

common, while 31 and 123 genera were specific to the 

morphological and metabarcoding datasets, respectively (Figure 

6). The genera identified by morphological methods in 

Chrysophyceae, Cryptophyceae, and Dinophyceae were all 

found in the metabarcoding dataset, while 31 genera from the 

other 5 phytoplankton groups were not fully detected by 

metabarcoding (Figure 6). The detailed list and information on 

the genera obtained via both methods and those only identified in 

the morphological or metabarcoding datasets are presented in 

Tables S4, S5 and S6, respectively. The morphological and 

metabarcoding datasets contained 27 and 54 genera with more 

than 2 morphospecies or OTUs, respectively (Tables S4-S6). 

 

 
 
Figure 6: Genera co-detected or solely found with metabarcoding and 

morphological determination. 
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As inferred via ANOSIM, the phytoplankton communities in the 

lakes and reservoirs were clearly separated from each other in 

the metabarcoding dataset (global R = 0.421, P = 0.001), while 

their separation according to the morphological data was much 

poorer (global R = 0.185, P = 0.001). A total of 8 and 6 species, 

from 3 phytoplankton groups in both cases, contributed 70% of 

the abundance in lakes and reservoirs, respectively, in the 

morphological dataset (Figure 7; Table S7), while 58 and 42 

OTUs from 8 and 9 phytoplankton groups contributed 70% of 

the abundance in lakes and reservoirs according to the 

metabarcoding dataset (Figure 7; Table S8). A total of 30 

morphospecies and 117 OTUs contributed 70% of the difference 

between phytoplankton that allowed discrimination between 

lakes and reservoirs in the respective morphological (Figure 7; 

Table S9) and metabarcoding datasets (Figure 7; Table S10).  

 

 
 
Figure 7: Taxa and species contributing 70% accumulation of phytoplankton 

abundance in lakes and reservoirs (A); species contributing 70% community 

difference of phytoplankton abundance between lakes and reservoirs (B). 

Note: Numbers on the bars represented the number of morphospecies or OTUs 

in the morphological or metabarcoding datasets.   

 

Phytoplankton Community Explained by 

Environmental Variables  
 

The sequential tests of the 10 environmental variables explained 

a total of 36.4% and 44.1% of the variation in the phytoplankton 

composition according to the morphological and metabarcoding 

methods, respectively (Table S11). The first two dbRDA axes 

captured 50.8% of the variability in the fitted model, and 18.5% 

of the total phytoplankton variation in the morphological dataset, 
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showing incomplete separation of the samples between lakes and 

reservoirs except for the samples from the Changtan Reservoir, 

which exhibited much greater similarity of the phytoplankton 

composition to the samples from lakes. Conductivity presented a 

strong negative relationship with dbRDA axis1, which was 

indicative of the samples from lakes, whereas pH exhibited a 

strong positive relationship with dbRDA axis1, which was 

indicative of the samples from reservoirs. The community in 

lakes exhibited much dissimilarity, TN, and nitrate presented 

strong positive relationships with dbRDA axis2 and separated 

the samples from Lake Tai from those of the other 5 lakes 

(Figure 8).  

 

 

 
 
Figure 8: Distance-based redundancy analysis (dbRDA) ordination plot for the 

fitted model of phytoplankton community in morphological and metabarcoding 

datasets versus environmental variables of correlations greater than 0.4 were 

shown on the plot.  

 

The first two dbRDA axes captured 60.1% of the variability in 

the fitted model and 26.5% of the total phytoplankton variation 

in the metabarcoding dataset, showing clear separation of the 

samples from lakes and reservoirs. The conductivity exhibited a 

strong positive relationship with dbRDA axis1 which was 

indicative of samples in lakes, while SD had strong negative 

relationship with dbRDA axis1, which was indicative of the 

samples in reservoirs. The community in reservoirs exhibited 

much dissimilarity, pH, and TN and TP ratio exhibited strong 

positive relationships with dbRDA axis2 and separated the 

samples from the Changtan Reservoirs from those of the other 4 

reservoirs. The communities in the lakes exhibited less 
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dissimilarity and T presented a strong positive relationship with 

dbRDA axis2, which separated the samples from Lake Gucheng 

from those of the other 5 lakes (Figure 8). 

 

Discussion  
 

NGS facilitates the investigation of environmental microbial 

diversity by producing a large dataset of molecular marker 

sequences for target microorganisms. Metabarcoding has been 

employed to investigate eukaryotic phytoplankton diversity [8-

11]; however, research involving metabarcoding efforts to reveal 

phytoplankton communities and their correspondence with 

morphological identification results has rarely been reported. In 

this study, total eukaryotic phytoplankton diversity was explored 

via the metabarcoding of 18S rDNA gene amplicons, and the 

results were further compared with those of morphological 

identification. 

 

Sequencing Efforts and Applicability of the 

Metabarcoding Method  
 

Half of the reads were assigned to eukaryotic phytoplankton in 

our samples. The number of phytoplankton reads varied widely 

among the samples, ranging from 4,892 (6.6%) to 59,550 

(80.0%) (Table S3). Although the sequencing efforts were poor 

in 2 samples, the percentages of phytoplankton reads retrieved 

from 60 samples were high (avg. 34,962, 48.7%), and the 

majority of samples approached the plateau curve (Figure S2). 

Moreover, good coverage (≥0.992) of OTU richness was 

observed for each sample (Table S3), indicating that the number 

of phytoplankton reads was approaching saturation in most 

samples and that the performance of the 18S rDNA primers 

selected for revealing phytoplankton diversity in the 

environment was good.  

 

Comparatively, the obtained ratio and the sequencing effort 

achieved for phytoplankton far surpassed those in reference [12], 

with a 60-fold increase in phytoplankton coverage being 

observed for our samples (avg. 34,962). In reference [12], in 

which the authors attempted to identify total phytoplankton 
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diversity, including that of cyanobacteria, using 16S rDNA 

plastid gene amplicons, 120 out of 259 samples produced fewer 

than 100 phytoplankton reads, and the average number of 

phytoplankton reads analyzed in the remaining 139 samples was 

596. We suggest that the chloroplast 16S rDNA gene used in 

reference [12] might not be an appropriate choice for detecting 

eukaryotic phytoplankton diversity. First, there is a bias toward 

bacteria when common primers targeting this gene are used in an 

attempt to cover a wide spectrum of taxa, thus reducing the 

sequencing efforts aimed at the phytoplankton diversity. Second, 

eukaryotic phytoplankton acquire their chloroplasts via 

endosymbiosis; endosymbiont origins are diverse; and 

endosymbionts are permanently or temporarily retained in host 

cells. Diatom, cryptophyte, and haptophyte algae have been 

reported to serve as endosymbiont chloroplasts in diverse 

dinoflagellate species [34]. Therefore, the chloroplast 16S rDNA 

gene might not truly reflect host phytoplankton diversity. 

 

EPA Improves Taxon Resolution  
 

The reference reads were assigned a place in the reference 

backbone phylogenetic tree and could be delimited 

corresponding to the branch on which they were found. On the 

branch, we could check and revise the taxonomic names of the 

published reference sequences to guarantee that accurate 

assignments were obtained for a large number of misidentified 

algal cultures, and their sequences were deposited in a public 

database. Novel phytoplankton diversity estimates may vary with 

the approach and the gene database selected for the taxonomic 

assignment of OTUs. Novel phytoplankton diversity was largely 

reduced, and up to 66% of OTUs were assigned to the genus and 

species levels using the EPA instead of the SILVA database. 

Although the SILVA database contains highly quality controlled 

18S rDNA gene sequences [35], it may not include enough 

representatives at low taxonomic ranks [36]. The curated SILVA 

database is composed of numerous environmental samples, and 

these sequences are predicted rather than representing the 

authoritative taxonomy (Yilmaz et al., 2014). Many of these 

sequences are annotated as unnamed or uncultured species 

(Yarzaet al., 2014), and the assignment of metabarcoding data 
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via the SILVA database might result in many OTUs that are 

unresolved at the genus/species level in many studies. A highly 

quality controlled database incorporating sequences from diverse 

phytoplankton groups is needed to investigate phytoplankton 

diversity with metabarcoding data.  

 

Metabarcoding Detects Diverse Phytoplankton  
 

Due to its high sequencing depth, metabarcoding can detect rare 

species [39], cryptic species [6], picophytoplankton [40], and 

uncultured eukaryotic phytoplankton [4]. Metabarcoding 

detected 3.5 times more phytoplankton OTUs than 

morphospecies in our 62 samples considering that each OTU 

represented one species at 97% sequence similarity. 

Metabarcoding and morphological data detected 15 and 8 

phytoplankton groups, respectively, and the rare Haptophyta, 

Raphidophyceae, Bolidophyceae, Leucocryptea, and 

Picophagophyceae were not detected in the latter (Figs. 3 and 4), 

leading to an underestimation of phytoplankton diversity in the 

environment according to morphological identification.  

 

These two methods differed greatly in the number of 

phytoplankton groups detected and the estimated abundance of 

phytoplankton groups. This difference could be ascribed to the 

fact that in-depth sequencing based metabarcoding retrieved 

higher number of sequences compared with counting according 

to morphological methods, and that rare species and pico-

phytoplankton are easily ignored [41]. Second, molecular 

methods may reveal concealed phytoplankton diversity when 

morphologically identical taxa exhibit distinct genetic variation 

[42-43]. However, the phytoplankton diversity identified under 

these two methods is highly correlated, including the number of 

species identified and the Shannon-Wiener index (Figure 5).  

 

A total of 34 genera were detected by both methods, and 31 and 

123 genera were detected solely in the morphological and 

metabarcoding datasets, respectively (Figure 6; Tables S4-S6). 

Genera from 5 phytoplankton groups identified by 

morphological evaluation were detected almost in the 

metabarcoding dataset, while within Chlorophyta and 
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Bacillariophyta, 19 and 8 genera, respectively, were not found in 

the metabarcoding dataset (Figure 6). The identification of 

genera by morphological methods that are not found via 

metabarcoding techniques could arise from primer bias [44] or 

morphological misidentification due to limited diacritical 

characteristics [7]. The metabarcoding dataset was assigned by 

the EPA but not the Protist Ribosomal Reference database (PR2) 

because many more OTUs (66.0% vs 22.1%) were identified at 

the genus and species levels. Moreover, the genera identified by 

morphology that were missing from the metabarcoding dataset 

with our selected GenBank database were not resolved by 

analysis at the PR2 database (data not shown).  

 

Metabarcoding Community Pattern Consistent with 

Environmental Variables  
 

As inferred from the dbRDA ordination plot, the phytoplankton 

communities identified in the samples from 6 lakes and 5 

reservoirs were clearly separated from each other in the 

metabarcoding dataset, while the separation in the morphological 

dataset was indistinct for the community composition in the 

Changtan Reservoir, which showed much greater similarity with 

samples from lakes (Figure 8). This was further corroborated by 

ANOSIM, which showed that the phytoplankton communities of 

lakes and reservoirs were much more distinctly separated from 

each other according to the metabarcoding dataset (global R = 

0.421, P = 0.001) than that in morphological dataset (global R = 

0.185, P = 0.001).  
 

There were many dissimilarities in the phytoplankton 

communities among the samples from the 5 reservoirs according 

to the metabarcoding dataset, and the same pattern could be seen 

in the PCO ordination plot of the 10 environmental variables, 

suggesting that the phytoplankton community is reflected in 

environmental changes. In the morphological dataset, many 

dissimilarities were observed in the samples from different lakes, 

according to which Lake Taihu was separated from the other 5 

lakes. The results following the elucidation of hidden diversity 

(including rare species, picophytoplankton, and concealed 

phytoplankton) revealed by metabarcoding approached the size 

of the actual phytoplankton community, and the obtained 
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community composition could reflect changes in environmental 

variables. 
 

The first dbRDA axis separated the samples from lakes and 

reservoirs from each other according to both methods, although 

the separation was much weaker for the morphological dataset. 

Conductivity and SD were strongly correlated with lakes and 

reservoirs, respectively, according to the metabarcoding dataset, 

while for the morphological dataset, conductivity and pH were 

strongly correlated with lakes and reservoirs, respectively, along 

the first dbRDA axis (Figure 8). Additionally, in the PCO plot 

inferred from environmental variables, conductivity and SD 

strongly were correlated with lakes and reservoirs along the first 

PCO axis, while pH was correlated with the second PCO axis, 

which separated the Foziling Reservoir and the Bailianya 

Reservoir from the other 3 reservoirs. These results showed a 

consistent pattern in which the same separation pattern of lakes 

and reservoirs was inferred from the environmental variables and 

the phytoplankton communities revealed by the metabarcoding 

dataset, as well as the community variation explained by the 

environmental variables.  
 

The Combination of the Two Methods Revealed the 

Actual Phytoplankton Community  
 

The metabarcoding technique is a promising tool for revealing 

phytoplankton communities, which can reflect and be clearly 

separated by the changes in environmental variables in different 

freshwater environments as shown in reference [12] and by our 

study (Figs.2 and 8). However, 31 genera from Chlorophyta, 

Bacillariophyceae, Euglenida, Dinophyceae, and Xanthophyceae 

that were identified in the morphological dataset were not 

detected under the metabarcoding method in our study (Figure 6, 

Table S5). The 1 to 77 reference sequences were obtained for 25 

genera that were solely detected in the morphological dataset 

(Table S5). This showed the gaps existed for only 6 genera in the 

reference database, while reference sequences were present in 25 

genera. Thus, we demonstrated that bias could be introduced in 

the metabarcoding processes by DNA extraction and PCR 

procedures [45-46] or primer bias [44], which might result in the 

absence of these genera in our metabarcoding dataset. Moreover, 
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30 species contributed 70% of the differences between the 

communities of lakes and reservoirs according to the 

morphological dataset, while 11 morphospecies were not 

identified by the metabarcoding method (Figure 7, Table S9), 

showing that this method was flawed in revealing the actual 

phytoplankton community. The morphological and 

metabarcoding approaches were complementary, and combining 

these two methods could substantially improve phytoplankton 

community assessment. 
 

Conclusion and Perspective  
 

The metabarcoding technique was shown to be more valuable for 

assessing picophytoplankton and novel phytoplankton diversity 

than morphological identification due to the in-depth sequencing 

that is achieved. It is a promising tool for revealing the 

phytoplankton community, which can reflect and be clearly 

separated by the differences in environmental variables between 

lakes and reservoirs, but their separation in the morphological 

dataset was poor. Moreover, the number of OTUs (species) and 

the Shannon-Wiener index were much higher for the 

metabarcoding dataset than the morphological dataset and were 

strongly correlated under each method. However, biases could be 

introduced during the metabarcoding processes by the DNA 

extraction and PCR procedures or primer bias, as 31 genera 

identified in the morphological dataset were not detected by the 

metabarcoding method. Drawbacks exist for both of these 

methods. In the future, morphological and metabarcoding 

methods should be combined to reveal the phytoplankton 

community in the environment.   
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