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In this study, 39 sediment samples were collected from Qilian Island, Iltis Bank, and Yongxing Island in Xuande Atoll in the South China Sea (SCS), and the microbial community structures and distribution were analyzed. The microbial community was influenced by both natural environmental factors and human activities. The abundance of genera Vibrio and Pseudoalteromonas, which are associated with pathogenicity and pollutant degradation, were significantly higher in Qilian Island than in Yongxing Island and Iltis Bank, suggesting possible contamination of Qilian Island area through human activities. Pathogenic or typical pollutants-degrading bacteria were found to be negatively correlated with most of the commonly occurring bacterial populations in marine sediment, and these bacteria were more likely to appear in the sediment of deep water layer. This co-occurrence pattern may be due to bacterial adaptation to environmental changes such as depth and contaminations from human activities, including garbage disposal, farming, and oil spills from ships. The findings of this study could help in understanding the potential influences of human activities on the ecosystem at the microbial level.
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INTRODUCTION

Marine sediments are an important component of the marine environment and represent the largest organic carbon reservoir on Earth (Parkes et al., 2000). Marine sediments, which are mainly derived from continental transport and sedimentation of biological products, are rich in nutrients and provide important habitats for microorganisms (Kallmeyer et al., 2012; Parkes et al., 2014). Microorganisms in sediments play key roles in the regulation of major geochemical and eco-environmental processes of marine ecosystems, particularly nutrient dynamics and biogeochemical cycles (Fuhrman, 2009; Nogales et al., 2011; Graham et al., 2012). Environmental factors, such as pH, water temperature, silicate, and ocean currents, cause differences in the structure and diversity of marine microbial communities (Gilbert et al., 2009; Hollister et al., 2010; Kirchman et al., 2010). Besides, the dispersion and movement of microorganisms are also driven by hydrography (Hamdan et al., 2013). The grain-size distribution of sediments can reflect the hydrodynamic conditions, such as tide and ocean current. Bimodal distribution and large difference of sediment particle size indicate complex hydrodynamic forces (Anthony and Héquette, 2007; Hu et al., 2012).

The microbial community composition of sediment samples has been noted to show geographic differences. Examination of the microbial community from several marginal waters and sediments of the Sea of Japan, South China Sea (SCS) Trough, Sea of Okhotsk, Peruvian Marginal Sea, revealed that the structure and diversity of microbial communities vary among different regions (Rochelle et al., 1994; Inagaki et al., 2003; Newberry et al., 2004; Webster et al., 2006). For instance, the proportions of some genera belonging to the phyla Proteobacteria, Firmicutes, Actinobacteria, and Bacteroides, which can use petroleum as carbon sources, are increased in coastal sediments that are heavily polluted by human activities such as Hangzhou Bay and Bohai Bay; in addition, classes such as γ-Proteobacteria and δ-Proteobacteria have been found to dominate such areas (Kochling et al., 2011; Wang et al., 2013; Guan et al., 2014; Lu et al., 2016; Su et al., 2018). These microorganisms are considered to be potential indicator groups (Xiong et al., 2014). In addition, genera such as Firmicutes and Bacilli have also been noted to be dominant in many areas that have been heavily contaminated and disturbed by human activities (Zhang et al., 2008; Lu et al., 2016). Microbial communities in marine sediments are significantly influenced by changes in spatial distribution and environment factors, and specific microorganisms can be used as environmental indicators (Gillan et al., 2005; Glasl et al., 2019).

The SCS is located in the south of mainland China, and is exposed to complex tidal and ocean currents (Lien et al., 2005; Liu et al., 2010; Xiaodong Deng and Cai, 2013), which might affect migration and the distribution of microbial communities. Microbial communities in the sediments of the SCS are affected by both natural and anthropogenic factors. In the SCS, the sediment microbial diversity is high, and γ-Proteobacteria, Planctomycetes and Bacteroidetes are the main taxa in this area. Moreover, new unnamed bacteria are constantly being identified and different sediments have been shown to have different microbial community structures (Zhu et al., 2013; Yu et al., 2018). There are a large number of protease-producing bacteria in γ-Proteobacteria, which play an important role in the degradation of organic nitrogen in sediments (Zhou et al., 2009). The composition and diversity of microbial communities have been noted to show spatial and seasonal changes in the SCS (Du et al., 2011), and total organic carbon and nitrogen also impact bacterial community structure (Li and Wang, 2014). The hypoxic environment of the seabed forms a unique microbial community in which the anaerobic group of the community is more active (Walsh et al., 2016). In recent years, human activities and offshore oil spills have led to serious threats to the marine ecological environment, as well as causing significant changes to the structure and diversity of microbial communities in this region (Yuan, 2015; Limei Guo et al., 2017; Lufei Yang and Li, 2019).

Xuande Atoll is the largest residential area in the SCS, and is possibly influenced by human activities such as garbage disposal, farming, and oil spills from ships. In the present study, different sediment samples from three island reefs in Xuande Atoll area were investigated to elucidate the structure of the sediment microbial community, microbial response to human activities and environmental factors, and the role of the microbial community as indicators of pollution. The goals of this study were: (1) to identify the spatial distribution of microbial community structure in sediments among different islands and reefs, and the main impacts of various environmental factors on microbial communities; (2) to understand the role of sediment microorganisms in the SCS as indicators of environmental pollution associated with human activities; and (3) to reveal the possible response mechanism of sediment microbial communities to natural and anthropogenic factors. The results of this study will provide a reference for future environmental protection in the SCS, as well as impart valuable information on microbial indicators in the SCS.



MATERIALS AND METHODS


Sample Collection and Grouping

A total of 39 surface sediment samples were collected from the Xuande Atoll area of the SCS using a grab sampler from September to October of 2015. The water depth of the sampling points ranged from 16.5 to 97.6 m. To study the microbial community structure among sediments at different water depths, the samples were divided into three groups, namely, L (15–50 m), M (50–70 m), and H (70–100 m) according to the water depth. The sediment samples with three depth layers were located at Qilian Island (QL1-8, QM9-21, QH22-25), Iltis Bank (IL26-31, IM32, IH33-34), and Yongxing Island (YL35, YM36-39) (Figure 1 and Table 1). To investigate the distribution of the regional microbial communities and the differences in microbial community structure among the three islands, all 39 samples were divided into three groups according to the distribution of sampling points on the three islands and three depth groups (Tables 2, 3). The collected sediment samples were quickly packed in 50 mL sterile centrifuge tubes and frozen at −20°C until they were transported to the laboratory, where they were stored at −80°C, and the genomic DNA was extracted as soon as possible.
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FIGURE 1. Sampling sites of all sediment samples.



TABLE 1. Sampling locations and depths.
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TABLE 2. Samples from different islands.

[image: Table 2]
TABLE 3. Samples from different depths.
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Measurement of Environmental Factors

The sediment samples were centrifuged at 5000 rpm for 30 min at room temperature, and the supernatant sediment pore water was filtered through a 0.45 μm Millipore filter. The pH and salinity of the sediment pore water were measured using a YSI Professional Plus handheld multi-parameter water quality meter (Yellow Springs Instrument Company, United States). The concentrations of ammonium (NH4+), nitrate (NO3–), and nitrite (NO2–) were measured by using UV-visible spectrophotometer HP 8453 (Hewlett-Packard, United States) at wavelengths of 220–275, 540, and 420 nm, respectively. Ion chromatography was employed for the detection of chloridion (Cl–), sulfate (SO42–), calcium (Ca2+), and potassium (K+) (Thermo Fisher, United States). The total organic carbon (TOC) of each sample was determined by a TOC analyzer (Shimadzu, Japan) with a detection limit of 0.1 mg/L. Sediment samples were processed as previously described (Shuqing et al., 2010), and sediment particle size was measured using a Mastersizer 2000 laser particle size analyzer (Malvern Instruments, United Kingdom).



16S Amplicon Sequencing and Data Processing

Total DNA from each sample (0.5 g) was extracted using a PowerSoil DNA Extraction Kit (QIAGEN Instruments, United States). The extracted DNA was stored at −20°C for further use and at −80°C for permanent preservation. The quantity and quality of isolated DNA were evaluated using a Nano Drop spectrophotometer (Thermo Fisher Scientific, United States) and agarose gel electrophoresis (Bio-Rad, United States), respectively.

The V4-V5 regions of the bacterial 16S ribosomal RNA gene was amplified by PCR (95°C for 2 min, followed by 25 cycles of 95°C for 30 s, 55°C for 30 s, and 72°C for 30 s and then final extension at 72°C for 5 min) using the 515F 5′-barcode-GTGCCAGCMGCCGCGG)-3′ and 907R 5′-barcode-CCGTCAATTCMTTTR AGTTT-3′ primers, where the barcode was an eight-base sequence unique to each sample. PCR reactions were performed in triplicate 20 μL mixtures containing 4 μL of 5× FastPfu Buffer, 2 μL of 2.5 mM dNTPs, 0.8 μL of each primer (5 μM), 0.4 μL of FastPfu Polymerase, and 10 ng of template DNA. Amplicons were extracted from 2% agarose gels and purified using an AxyPrep DNA Gel Extraction Kit (Axygen Biosciences, United States), according to the manufacturer’s instructions, then quantified using QuantiFluorTM-ST (Promega, United States). Purified amplicons were pooled in equimolar concentrations and paired-end sequenced (2 × 300) on an Illumina MiSeq platform according to the standard protocols.

Raw fastq files were demultiplexed, then quality-filtered using QIIME (version 1.17) with the following criteria: (i) the 300 bp reads were truncated at any site receiving an average quality score <20 over a 50 bp sliding window and truncated reads that were shorter than 50 bp were discarded; (ii) exact barcode matching, two nucleotide mismatches during primer matching, reads containing ambiguous characters were removed, and (iii) only sequences that overlapped more than 10 bp were assembled according to their overlap sequence. Reads that could not be assembled were discarded.

SILVA 132 rRNA database1 was employed as the reference database, and RDP Classifier 2.11 was used for taxonomy annotation2. Operational Taxonomic Units (OTUs) were clustered with a 97% similarity cutoff using UPARSE (version 7.1)3 and chimeric sequences were identified and removed using UCHIME.



Statistical Analysis

Among the 39 samples, the particles of 34 sediment samples were in compliance with the Mastersizer 2000 test. The Udden-Wentworth φ particle size standard was used for the grain size, and the average particle size was calculated by the moment method (McManus, 1988) as follows: Average particle size (Mz) = 1/φ. The remaining five samples, QL6, QL8, QM13, QM14, and SL35, could not be measured because of the large particle size and were therefore assigned values of 0.331, 0.332, 0.333, 0.334, and 0.335, respectively, based on three times the standard deviation.

To determine the alpha diversity, we rarified the OTUs and calculated the Chao index (species abundance), Shannon’s diversity (community diversity), and Shannon’s evenness (community uniformity). To test whether the sequencing results represented the actual situation of the microorganisms in the sample, the Coverage value reflecting the coverage of the sample library was calculated using Mothur. Bray-Curtis dissimilarity between samples was calculated using the R package ecodist. In addition, Spearman’s correlation between environmental factors and microbial diversity indices were calculated using the R package psych. Wilcoxon rank-sum tests of environmental factors among different islands or depths were conducted using the R package stats. Heatmaps to show the composition of the bacterial community and Spearman’s correlation between bacterial abundance and environmental factors were generated using the R package psych. Differential testing of bacterial abundance at the genus level among islands or depth groups was conducted using the Kruskal-Wallis H test in the R package statistics, and the p-value was checked using false discovery rate (FDR).

To conduct co-occurrence network analysis, the Spearman correlations of bacteria were computed based on the relative abundance of genus, and the networks were visualized using the R igraph package,4 after which the modularity of the network was calculated and modules were detected using the greedy modularity optimization method (Deng et al., 2012). Non-metric multidimensional scaling (NMDS) analysis based on Bray-Curtis distance was performed using the R package “ecodist,” which demonstrated the similarity of the microbial community structure among the 39 samples. To analyze the similarities among samples from different depths and spatial distribution, ANOSIM was employed to examine whether the differences among the groups were significantly higher than those within groups, which was calculated using the R package vegan, function “anosim.” Constrained ordination methods (CCA) were calculated using the R package vegan, function “cca” to investigate the key factors affecting the variation in the microbial communities among different sites.



RESULTS AND DISCUSSION


Physicochemical Factors of Sediments

The particle size distribution curve of the sediments showed two clear components in the grain-size frequency curves (Supplementary Figure S1). The finer peaks concentrate at ca. 30 μm, which can be found for all the samples except QM12 (Supplementary Figure S1A) and IL27 (Supplementary Figure S1C), containing one peak at ∼60 μm. On the contrary, the coarser peaks distribute at ca. 120 μm, existing only in several samples either depositing in proximal or at the steep slope, and all the samples are at Qilian Island except IH34. The finer peak likely represents the mean hydro-energy of the current westward in our study area, while the appearance of the coarse fraction is determined by the submarine topography, location or the source distance. The mean grain-size of the samples collected from the open water area is relatively small and characterized by the solely finer component, might be indicative of the influence of the current transportation. However, as a consequence of proximal deposition, sediments collected from the areas close to the islands and banks are significantly coarser, such as sample QM10 and QM11. Moreover, as representative of the maximum hydro-energy, cumulative 1% of the grain-size for these coarse samples around 1900 μm correlated to the rolling transportation (Passega, 1957, 1964). Therefore, we inferred that the commonly existing fine fraction with peak at 30 μm was indicative of the current hydro-energy, and the coarse fraction is related to the proximal deposition especially in Qilian Island.

The environmental factors are shown in Supplementary Table S1. The concentrations of TOC of pore water of sediments at Qilian Island were significantly higher than those at Iltis Bank (Wilcoxon’s test, p < 0.01), suggesting that the content of organic matter in the sediment of Qilian Island was significantly higher than that at Iltis Bank. The concentrations of NH4+ and PO43– at Qilian Island were significantly higher than those at Yongxing Island (Wilcoxon’s test, p < 0.01). The concentrations of TOC in sediments of water depth H (70–100 m) were significantly higher than those of water depth M (50–70 m) (Wilcoxon’s test, p < 0.05). The concentrations of NO2– in sediments of water depth M (50–70 m) were significantly higher than those of water depth L (15–50 m) (Wilcoxon’s test, p < 0.05). The concentrations of NO3– in sediments of water depth H (70–100 m) were significantly higher than those of water depth L (15–50 m) (Wilcoxon’s test, p < 0.05), suggesting that the concentrations of TOC and NO3– in sediments of water depth H (70–100 m) were higher than those of water depth 15–70 m.



Microbial Community Structure and Its Correlation With Environmental Factors

A total of 4,404,200 high-quality sequences were retained for post-run analysis. A total of 9698 OTUs were assigned at a 3% dissimilarity threshold. The microbial diversity indices are shown in Supplementary Table S2. The correlation between the microbial diversity index and environmental factors showed that the Shannon and Shannon even indices were significantly negatively correlated with TOC, NO3–, and depth, while Chao index was significantly negatively correlated with TOC and NO3– (Table 4).


TABLE 4. Correlations between environmental factors and microbial diversity indices.

[image: Table 4]The dominant phyla in the sediments were Proteobacteria (55.50%, mainly γ-, δ-, α-), Actinobacteria (8.54%), Bacteroidetes (6.56%), and Firmicutes (6.27%) (Supplementary Figure S2). Proteobacteria are widely found in sediments and distributed in marine sediments worldwide (Bienhold et al., 2016). The top 20 dominant genera were Escherichia-Shigella, Vibrio, Pseudoalteromonas, Psychrobacter, Bacillus, and Lactococcus, and some norank bacteria (Figure 2). We found that Bacillus and Lactococcus had a high abundance in samples QH25 and YH33. Most Bacillus are saprophytic, with a wide range of habitats, and some strains are pathogenic (Ruger et al., 2000). Lactococcus is found in some cultured marine fish and can cause fish diseases (Tanekhy, 2013). Psychrobacter was in high abundance in sample QL1, and was detected only in oil-contaminated waters (Prabagaran et al., 2007). Additionally, Escherichia-Shigella was found in high abundance at eight sampling points from QH23 to YM32 distributed at different water depths and different islands (Figure 2). Escherichia-Shigella is a pollution indicator and part of the main bacterial group responsible for diarrhea worldwide (Brunette et al., 2015). We speculate that the frequent and complex horizontal and vertical currents in the SCS (Liu and Gan, 2017) and the frequent flow of people in this region are likely responsible for the presence and spread of Escherichia-Shigella. Vibrio was found to be highly abundant at four sampling points (QM9, QM11, QM12, and QM13). Many strains of Vibrio are well-known pathogenic bacteria that can cause disease in humans or marine animals (Xiaohua et al., 2018). The increased abundance of Vibrio is associated with algal outbreaks (such as diatoms and brown algae) (Miller et al., 2005; Gilbert et al., 2012). In the Deepwater Horizon oil spill in the Gulf of Mexico, Vibrio was dominant in the petroleum-associated microbial community in surface seawater samples (Hamdan and Fulmer, 2011) and salt marsh plant samples contaminated by petroleum foam (Liu and Liu, 2013). In addition, QM9, QM11, QM12, and QM13 at southeast of Qilian Island are exposed to frequent human activities. Therefore, it is very likely that the domestic garbage on the island could lead to eutrophication of the sea, causing high growth of Vibrio. Pseudoalteromonas was highly abundant in QM14, reaching 93.32%. This genus is mainly distributed in open sea and coastal waters, affecting sedimentation, germination, and metamorphosis of various invertebrates and algae (Holmstrom and Kjelleberg, 1999; Bowman, 2007). In the present study, high abundances of Escherichia-Shigella, Vibrio, Pseudoalteromonas, Bacillus, Psychrobacter, and Lactococcus were distributed almost around Qilian Island, suggesting that Qilian Island has rapidly developed with frequent human activities, including garbage disposal, farming, and oil spills from ships, which had caused an increase in pathogenic bacteria and pollution indicator bacteria.
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FIGURE 2. Heatmap of the relative abundance of the top 20 genera of all sediment samples. Clusters based on microbial community composition are above the heatmap, clusters based on the genera are on the left of the heatmap, and special samples and bacteria are shown in bold. n_ indicates no rank. The data were scaled per column. The values represent the relative abundance of genera in the sample.


As shown in Figure 3A, the top 50 genera were divided into three clusters, G1, G2, and G3, based on the clustering tree. G1 was positively correlated with NH4+, PO43–, TOC, and Mz, but was negatively correlated with salinity and pH. However, G2 was positively correlated with TOC. G3 contained the largest number of genera, almost all of which were unnamed bacteria in the ocean and negatively correlated with depth, NO2–, NH4+, PO43–, TOC, and NO3–. The CCA further revealed the correlation between environmental factors and unique genera (Supplementary Figure S3). The genera Vibrio and Pseudoalteromonas clustered in G1 had positive correlation with Mz, PO43–, NO3–, and TOC; Psychrobacter was mainly affected by NH4+ and TOC; and Escherichia-Shigella, Bacillus, Pseudomonas, and Lactococcus belonging to G2 presented positive relationship with TOC. These findings indicated that different taxon clusters in the marine sediment showed varied responses to environmental factors. However, the effects of different bacteria and functional groups on environmental factors need to be further investigated, along with the influence of environmental factors on different bacteria and functional groups.
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FIGURE 3. Correlation analysis. (A) Correlation heatmap between the top 50 genera and environmental factors. Clusters based on environmental factors are above the heatmap and clusters of genera are on the left of the heatmap; n_ and u_ indicate no rank and unclassified, respectively. The asterisks in the cell represent significant correlation, *p < 0.05, **p < 0.01, and ***p < 0.001. The values denote correlation coefficient. (B) Network of the top 50 genera. Top 50 abundant genera in all 39 samples were selected to calculate the correlation among bacteria. Each node represents a genus, the nodes are colored by module, and the connection between the nodes represents a significant correlation (Spearman, p < 0.05, r > 0.6). (C) Network of the correlation between modules and environmental factors (Spearman, p < 0.05, r > 0.3) across all 39 samples. The sum of all bacterial abundances in the module represents the richness of the module. Brown nodes represent the modules of the microbiome, and the sizes of the brown nodes indicate the relative abundance of the bacteria. Green nodes represent environmental factors. Red edge represents positive correlation and green edge denotes negative correlation.


In complex environments, network analysis provides a promising beginning for exploration of the organization and dynamics of microbial interactions and niches (Duran-Pinedo et al., 2011; Zhou et al., 2011; Faust and Raes, 2012). To identify functional groups that may interact with each other or share niches in sediments, we constructed a co-occurrence network of sediment bacteria in the study area. Upon modular analysis of the created network, 50 nodes and 468 edges were divided into seven modules (top 50 genera, r > 0.6, p < 0.05, Supplementary Table S3). There were many unclassified and norank bacteria in modules 1 and 5, and they were widely distributed and dominant in the marine environment (Figure 3B). These findings suggest that modules 1 and 5 have high co-occurrence, which may represent two main co-evolutions of functional communities. To investigate the factors affecting the classification and abundance of bacterial clusters, we analyzed the network diagram of the correlation between modules and environmental factors (Figure 3C). Modules 1 and 5, which had high diversity, shared positive relationship with each other, but had negative relationship with modules 3, 6, and 7. Unlike modules 1 and 5, modules 2, 6, and 7 were positively correlated with TOC. Modules 6 and 7 were positively correlated with Mz.

Polluted areas usually show higher types of pollutant resistance and different community compositions, when compared with pristine areas (Sun et al., 2013; Quero et al., 2015; Gubelit et al., 2016). The presence of potential pathogenicity and pollution indicator bacteria, such as Vibrio, Pseudoalteromonas, Escherichia-Shigella, Psychrobacter, and Pseudomonas, along with strong hydrodynamic conditions of the current migrating westward, makes the ecological risks more serious. Different modules reflect the habitat heterogeneity, which is affected by different environmental selection mechanisms (Thompson, 2005; Olesen et al., 2007). In addition, modules 3 and 7 (Vibrio, Pseudoalteromonas, Lactococcus, Bacillus, and Pseudomonas) showed negative correlation with modules 1 and 5 (dominant microbial functional groups), indicating that the increase in pathogenic and pollution indicator bacteria may decrease the diversity of pristine bacteria in the SCS. Thus, sediment microbial communities of the SCS disturbed by human activities could present altered interactions of bacteria and correlation between functional groups, which might affect the bacterial element cycle and ecological function in sediment.



Spatial Distribution of Microbial Community in Xuande Atoll Sediments

There were no significant differences in the richness, diversity, and evenness of microbial communities among the three islands (Wilcoxon test, p > 0.05, Supplementary Table S2). Previous studies have shown that geographical location has a strong impact on the composition of microbial communities, and the β diversity distance attenuation model of bacterial community composition depends on the spatial scale (Martiny et al., 2011; Zinger et al., 2011). A study of the SCS showed that control of the environment and diffusion limiting microorganisms will result in a distribution pattern of biogeography (Zhang et al., 2014). Through ANOSIM analysis of bacterial community composition between the three islands at the OTU level (Figure 4A), the within-group difference of Qilian Island was greater than the difference between the islands, while that of Yongxing Island was the lowest. For Iltis Bank, the within-group difference was relatively large and slightly lower than the difference between the groups. The results of NMDS analysis also showed that the sediment samples around Qilian Island were most dispersed, indicating that the microbial community structure near Qilian Island was most diverse (Figure 4B). The sample points at Yongxing Island were closest together. The sample points at Iltis Bank were also scattered.
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FIGURE 4. Difference in microbial communities among three islands. QLI, YXI, and IB represent Qilian Island, Yongxing Island, and Iltis Bank, respectively. (A) Similarity within and between islands. ANOSIM analysis based on Bray-Curtis distance of bacterial community structure at the OTU level (p = 0.775, r = –0.0785). (B) NMDS analysis based on Bray-Curtis distance of bacterial community structure at the OTU level among all 39 sediment samples. (C) Differences in bacterial abundance among three islands based on the Kruskal-Wallis test, and the p-value was checked using FDR. *p < 0.05; **p < 0.01; ***p < 0.001. n_ and u_ indicate no rank and unclassified, respectively, MBG represents marine_benthic_group.


Subsequently, the microbial community structures of three islands were compared at the genus level (Figure 4C). The abundance of Vibrio, Pseudoalteromonas, and Psychrobacter at the three islands was significantly different, and the abundance of these three genera in Qilian Island was higher than that in Yongxing Island and Iltis Bank. In Qilian Island, Vibrio was abundant in sample QM9 (84.6%), QM11 (73.3%), QM12 (80.3%), and QM13 (66.8%); Pseudoalteromonas was abundant in sample QM11 (9.1%), QM12 (12.5%), QM13 (25.8%), and QM14 (93.3%); and Psychrobacter was abundant in sample QL1 (74.3%). These findings suggested that the differences in community structure were mainly between unique sites (QM1, QM9, QM11, QM12, QM13, QM14) and the genera Psychrobacter, Vibrio, and Pseudoalteromonas.



Effects of Different Depths on Microbial Community Structure in Sediments

The depth of water significantly affects the community structure of microorganisms in coastal areas (Hewson et al., 2007; Boer et al., 2009). For instance, sediment depth related patterns in bacterial community structure were detected in a variety of benthic habitats, such as cold seep sediments (Inagaki et al., 2002), warm deep Mediterranean sea (Luna et al., 2004), coral reef sediments (Hewson and Fuhrman, 2006), as well as continental shelf sediments of the southern North Sea (Franco et al., 2007). Environmental parameters, such as wave impacts (Hewson and Fuhrman, 2006), organic carbon and chlorophyll a contents in the sediment (Polymenakou et al., 2005), eutrophication associated with fish farms (Vezzulli et al., 2002), and inorganic nutrients enrichment (Hewson et al., 2003), have been found to be related to shifts in the benthic bacterial community structure. In this study, the differences in Wilcoxon rank-sum test of microbial diversity indices in the sediments from different water depths showed that the Shannon indices of L (15–50 m) and H (70–100 m) groups were significantly different (Wilcoxon test, p < 0.05, Supplementary Table S2). In addition, Chao index of M (50–70 m) and H (70–100 m) groups were significantly different (Wilcoxon test, p < 0.05, Supplementary Table S2). These findings indicated a decreased microbial diversity along the vertical depth in the ocean.

The results of ANOSIM at the OTU level (Figure 5A) showed that the within-group difference of water depth L (15–50 m) was less than the difference between the groups, indicating that the microbial community structure in the water depth L (15–50 m) was similar. In addition, the sample points of water depth M (50–70 m) were scattered, and the within-group difference was slightly larger than the difference between the groups. Moreover, the within-group difference of water depth H (70–100 m) was significantly larger than the difference between groups. The microbial community structure at water depth H (70–100 m) presented the most significant difference. The proportion of Vibrio at water depth M (50–70 m) was the highest, reaching 18.54% (Figure 5B). In addition, the proportion of Bacillus differed significantly among the three water depths, with the highest level of 12.20% being observed at water depth H (70–100 m). Furthermore, the proportion of Pseudoalteromonas at water depth M (50–70 m) was 8.07%. Overall, the proportion of pathogenic and pollutant metabolism associated bacteria at the depth of 50–100 m was significantly higher than that in the shallow water layer of 15–50 m across all the 39 samples, indicating that the study area had been contaminated and the deep water layer is more severely polluted than the shallow water layer.
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FIGURE 5. Variation in microbial communities among three different depths. L, M, and H represent samples from depths of 15–50, 50–70, and 70–100 m, respectively. (A) Similarity analysis within and between depths. ANOSIM analysis based on Bray-Curtis distance of bacterial community structure at the OTU level (p = 0.004, r = 0.1911). (B) Differences in bacterial abundance among three depths based on the Kruskal-Wallis test and the p-value was checked using FDR. **p < 0.01; ***p < 0.001. n_ and u_ indicate no rank and unclassified, respectively; MBG represents marine_benthic_group.


As shown in Figure 6, there were 20 nodes in each of the two network diagrams (A and B; top 20 genera, p < 0.01, r > 0.6), and there were 35 and 131 edges in the sediment of water depths L (15–50 m) and M (50–70 m), respectively. In addition, there were 32 and 121 edges with positive correlations and 3 and 10 edges with negative correlations, respectively. Moreover, the number of connections in the network increased from the sediment of water depth L (15–50 m) to M (50–70 m), and the proportion of positive correlation edges at the sediment of water depth L (15–50 m) and M (15–50 m) were 91.4 and 92.4%, respectively. Many positive interactions have been found to occur in natural bacterial populations (Morris et al., 2012; Hallam and McCutcheon, 2015). The network represents coordinated variability, where a common change in abundance of members reflects interactions between members or responds to environmental factors (Shi et al., 2016). Studies on macrobiology and microbiology have shown that resources and food supply are important drivers of ecological network structure (Henzi et al., 2009; Foster et al., 2012). In the sediment of water depth L (15–50 m), Psychrobacter was negatively correlated with Spirochaeta_2 and Zeaxanthinibacter, and Escherichia-Shigella was negatively correlated with c_Acidobacteria (Figure 6A). In the sediment of water depth M (50–70 m), Pseudoalteromonas was negatively correlated with other bacteria except Vibrio, and Vibrio was negatively correlated with f_Sandaracinaceae (Figure 6B). Besides, another network diagram was constructed based on 39 samples (Supplementary Figure S4) using Spearman correlation with p < 0.01 and r > 0.5, and it was found that Psychrobacter was negatively correlated with f_Sandaracinaceae and f_Anaerolineaceae, and Lactococcus was negatively correlated with Sva0081_sediment_group, but positively correlated with Bacillus. There was a significant positive correlation among all indigenous bacteria. Psychrobacter and Lactococcus are pollutants-degrading bacteria, suggesting that the indigenous bacterial group may have been affected. Therefore, we speculate that, in our study area, the relationship between microbes shows negative correlation between pathogenic and pollutants-degrading bacteria and indigenous bacteria, and that this phenomenon may be affected by pollution and competition among different ecological groups. When the seawater is polluted, the ecological group may change more severely, and the competition between the pathogen and indigenous group would make recovery of the ecological environment difficult.
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FIGURE 6. Networks of microorganisms in sediment of different water depths. Co-occurrence of the top 20 genera in sediment of different water depths: (A) Depth L (15–50 m), (B) Depth M (50–70 m). Network diagrams were constructed using 15 (L) and 15 (M) samples; in the group M (50–70 m), we discarded the samples QM17, QM20, and SM36. Blue nodes represent indigenous bacteria and yellow nodes denote pathogenic and pollutants-degrading bacteria. The size of the nodes represents the relative abundance of the bacteria. The edge between the points represents a significant correlation, with the red edge signifying positive correlation and the green edge denoting a negative correlation (Spearman, p < 0.01, r > 0.6).




CONCLUSION

In the Qilian Island area, high abundance of potential pathogenic bacteria, Escherichia-Shigella, Lactococcus, and Pseudoalteromonas, and pollutants-degrading bacteria, Bacillus and Vibrio, revealed that this study area is likely to have been contaminated, and that the pollution is mainly affected by geographical location and hydrodynamic conditions, with a possible tendency to spread. The existence of unique genera in the study area is the main reason for the difference in community structure between islands. The pathogenic bacterial group was negatively correlated with most of the indigenous bacteria in the ocean, suggesting that the indigenous bacterial group might have been influenced, and that the complexity of this effect is reflected in how different groups of microbes respond to different environmental factors, the pattern of interaction between ecological groups, and mechanisms of microbial community formation at different depths. Because of the increased human activity in the area, the impact of anthropogenic activities on microbial community structure and the potential changes in the role of microorganisms in the cycle of elements require further research.
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Given the biogeochemical functions of marine microbes, the structure and functional diversity of bacterioplankton communities could be regarded as bioindicators that reflect environmental quality. The habitat of the large yellow croaker (Pseudosciaena crocea) is suffering from widespread degradation, but the study of the croaker habitat is still insufficient. Here, we used 16S rRNA gene sequencing and functional prediction to investigate the surface bacterioplankton communities in an overwintering ground of P. crocea during the overwintering period (November 2018 to April 2019). Our results showed that the taxa and functions of the environmental bacterioplankton community exhibited obvious seasonality. Specifically, the bacterioplankton communities in autumn were characterized by animal parasites or symbionts, such as Acinetobacter baumannii and Moraxella, while organic substance–degrading bacteria, such as Rhodococcus, Stenotrophomonas, and Alcanivorax, dominated in spring. Moreover, phylogenetic-based mean nearest taxon distance (MNTD) analyses indicated that dispersal limitation was the most important process governing the spatiotemporal assembly of the bacterioplankton communities. The distance decay of similarity also suggested the impact of dispersal limitation on the generation of biogeographical patterns. Furthermore, variation partitioning analysis (VPA) and a partial Mantel test revealed that environmental filters, such as nutrients, temperature, and salinity, had relatively weak deterministic effects on the bacterioplankton community assembly. Overall, these findings provide a basis for understanding the theory of surface microbial community assembly in the overwintering habitat of the large yellow croaker.
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INTRODUCTION

Abundant fisheries resources are indispensable cornerstones for the sustainable development of the coastal economy (Tursi et al., 2015; Keen et al., 2018). However, as China’s most productive fishing area, the East China Sea has been suffering from resource degradation in recent decades due to increasing human impacts, such as overexploitation, pollutant discharge, and climate change (Wang et al., 2012). The Chinese government has implemented a series of strict fishing moratoriums and stock management systems since 1995, and the current status of most natural resources has generally improved. Despite all these programs, the wild stocks of large yellow croaker (Pseudosciaena crocea), which is known as China’s national fish, have not recovered (Liu and de Mitcheson, 2008). Evidence strongly suggests that coastal pollution, habitat degradation, and possible ecosystem changes may have compromised the potential for stock recovery (Liu and de Mitcheson, 2008). However, the habitat (including the spawning, nursery, and overwintering grounds and migration channels) of the large yellow croaker has not been sufficiently researched. According to inferred migratory routes, croaker aggregate in overwintering grounds from October to April each year (Liu and de Mitcheson, 2008; Xu and Chen, 2011; Chen and Xu, 2012). Because the low temperature may suppress croaker immune functions by influencing multiple physiological processes and thereby make the croaker susceptible to the surrounding environment (Yang et al., 2015; Liu et al., 2019), the habitat conditions of their overwintering grounds are vital for recovering their stock and supporting this marine resource.

Water microorganisms, especially planktonic bacteria, are one of the largest reserves of biodiversity and promote various ecological processes in marine ecosystems (Sunagawa et al., 2015). On the one hand, bacteria have long been used as sensitive and aggregative indicators of changes in environmental conditions due to their wide distribution, short generation time, and diverse functions (Dai et al., 2017; Yang et al., 2018). On the other hand, the bacterioplankton community includes a large number of probiotic organisms and pathogens that can directly affect fish health (Xiong et al., 2015; Hu et al., 2017). Effects of bacterioplankton on fish could also be indirect through the food chain (Kalcheva et al., 2008). For example, a microbial loop mediated by bacteria could affect the upper elements of the food chain of the croaker. Therefore, an accurate representation of the overwintering ground’s current conditions can be systematically derived by observing the marine bacterioplankton community. Given the important roles of the bacterioplankton community in the assessment of the habitat environment, it is necessary to reveal the fundamental processes that underlie biogeographic and ecological patterns of bacterioplankton diversity. However, this field of study remains a major challenge in bacterial ecology (Jiao et al., 2019). Historically, bacterial community assembly has been studied from a deterministic perspective, for example, environmental filtering and biotic interactions (Dini-Andreote et al., 2015). However, an increasing number of recent studies support the idea that stochasticity plays a predominant role in some microbial systems (Zhou et al., 2013; Chen W. D. et al., 2019), especially in the biogeographical patterns of marine bacterioplankton systems (Giovannoni and Nemergut, 2014). In fact, community assembly is affected by deterministic and stochastic processes simultaneously, but the relative effects of these two processes vary among different ecosystems. Various methods have been developed to separate the relative effects of deterministic and stochastic processes. Among them, a phylogenetic framework that uses information about phylogenetic relatedness and phylogenetic dissimilarity derived from phylogenetic trees has been widely used (Stegen et al., 2013, 2015). Using this framework will help us to reveal the potential factors underlying the spatiotemporal patterns of bacterial communities in the overwintering grounds for croaker. In addition, the focus of bacterial ecology is turning from its initial focus on pattern description toward functional profiling. The Functional Annotation of Prokaryotic Taxa (FAPROTAX), which focuses on the biogeochemical cycle functions of microorganisms, is commonly used (Louca et al., 2016). This method depends on prokaryotic functional data from culturable bacteria and species classification (OTU table) to obtain community function information and provides opportunities to understand the differences in the structure and function of bacterioplankton communities (Yan et al., 2019).

In the present study, we investigated the surface bacterioplankton communities in the overwintering grounds of P. crocea during the overwintering period using high-throughput sequencing of 16S rRNA genes, aiming at (1) revealing the spatiotemporal patterns of taxonomic and functional profiles of bacterioplankton communities in the overwintering grounds and (2) understanding the processes that underlie the observed patterns in species abundances across space and time. These results are essential for understanding microbial community assembly theory in this marine ecosystem and adding to the data on the environmental microbiome in the surface water of croaker habitat.



MATERIALS AND METHODS


Study Site, Sample Collection, and Environmental Variables Analyses

Surface water samples (∼2 m) were collected in sterile containers from the overwintering ground for P. crocea (Figure 1), which is located in the East China Sea during 17 November–5 December 2018 (November) and 7–30 April 2019 (April). In total, we obtained 50 water samples (25 sites × 2 time points). The samples were stored in an icebox (4°C) and immediately transported to the refrigerator at −20°C. Environmental variables of water samples, including water temperature (WT), salinity (SAL), orthophosphate (PO4), nitrite (NO2), nitrate (NO3), ammonium (NH4), silicate (SiO3), total nitrogen (TN), and total phosphorus (TP), were analyzed following the standard methods (AQSIQ, 2007) (Supplementary Table S1). Approximately 500 mL of a water sample from each site was filtered-sterilized onto one 0.2-μm pore-sized polycarbonate membrane (47 mm diameter, Millipore, Boston, MA, United States) on the sampling day. The membranes were immediately frozen at −80°C until they were needed.
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FIGURE 1. Study area and location of sampling stations in the overwintering ground. To keep the data comparable with future studies, we keep the discontinuous numbers for site names according to the routine-monitoring project. The sampling sites remain the same for both seasons, except for November at B2 and F2 and April at B1 and F1.




DNA Extraction, Bacterial 16S Amplification, and Illumina HiSeq Sequencing

Bacterioplankton DNA was extracted using a DNA extraction kit (MinkaGene Water DNA Kit). A NanoDrop One spectrophotometer was used to measure the DNA concentration and purity (Thermo Fisher Scientific, MA, United States). The V4 regions of the bacterial 16S rRNA genes were amplified (50 μL reaction volume) by thermocycling: 5 min at 94°C for initialization; 30 cycles of 30 s denaturation at 94°C, 30 s annealing at 52°C, and 30 s extension at 72°C, followed by 10 min final elongation at 72°C using the primer sets 515F (5’-GTGCCAGCMGCCGCGGTAA-3’) and 806R (5’-GGACTACNNGGGTATCTAAT-3’) with barcodes (Parada et al., 2015). One pooled sample was combined through an equimolar amount of each PCR product from each sample and sequenced using an Illumina HiSeq 2500 platform to generate 250 bp paired-end reads (Guangdong Magigene Biotechnology Co., Ltd., Guangzhou, China).



Sequencing Data Processing

Sequenced paired-end reads were processed using USEARCH (Version 11) (Edgar, 2010). The paired reads were merged with the fastq_mergepairs function and filtered with a “maxee” value of 1.0 (Edgar, 2010). The unique sequence reads were obtained with the fastx_uniques function and then denoised using the UNOISE3 (unoise_alpha = 2 and minsize = 4 as per default settings) algorithm to correct errors and remove chimeras (Edgar, 2016). This generated a list of zero-radius operational taxonomic units (ZOTUs). A ZOTU abundance table was produced by mapping the total reads to the list of ZOTUs with the -otutab function with an identity threshold of 0.97. The representative sequences for each ZOTU were assigned to taxonomic groups using the RDP classifier within the SILVA database (release 138) clustered at 99% similarity. Raw sequences have been deposited in the NCBI Sequence Read Archive (SRA) database under the BioProject number PRJNA604077 and the accession number SRP247264. Functional profiles of the bacterial community were annotated using FAPROTAX 1.2.2 using python collapse_table.py with the rarefied ZOTU table (Louca et al., 2016).



Bacterioplankton Diversity and Composition Analyses

All statistical analyses were performed in the R software environment (version 3.5.2) unless otherwise noted. To improve the normality and homoscedasticity of the data, all of the biotic data were transformed by the Hellinger transformation, and the abiotic data were normalized by a chord transformation using the decostand function (Legendre and Gallagher, 2001). The Bray–Curtis dissimilarity matrix for bacterioplankton communities was generated to identify the relationships among samples with the vegdist function. Principal coordinate analysis (PCoA) and cluster analysis were used to visualize the overall structure of the bacterioplankton communities with the hclust (method = “ward.D”) function. Permutational multivariate analysis of variance (PERMANOVA) was performed to quantitatively evaluate the contributions of seasons, latitude, and offshore distances to the variation in community structure with the adonis function. Analysis of similarity (ANOSIM) was performed to test whether there was a statistically significant difference in the community composition between the two seasons with the anosim function from the vegan package. To acquire the biomarker functions for each season, we used the randomForest (importance = TRUE, proximity = TRUE) function to generate a classification model for November and April. The biomarker functions were identified by the most important season-discriminating features using tenfold cross-validation implemented with the rfcv function (Zhang et al., 2019).



Ecological Process Estimation and Environmental Driver Analyses

The quantification of the effects of ecological processes on bacterioplankton community assembly was performed according to Stegen et al. (2013) based on the turnover in the phylogenetic community composition and species composition. First, the observed nearest-phylogenetic-neighbor distance (βMNTDobs) as well as the null expectation of the mean nearest-phylogenetic-neighbor distance (βMNTDexp) were used to calculate β-nearest taxon index (βNTI) metrics, which quantify the phylogenetic turnover between communities (Wang et al., 2019). The relative contributions of heterogeneous and homogeneous selection were estimated as the fractions of pairwise βNTI values that were >+2 and <-2, respectively (Stegen et al., 2015). Subsequently, the outcome of the βNTI analyses in combination with a second null model referred to as a Bray–Curtis-based Raup–Crick (RCbray) (Chase et al., 2011) model was used to estimate the relative contributions of stochastic processes (Stegen et al., 2013). Specifically, a fraction of pairwise |βNTI| <2 but RCbray <-0.95 or >+0.95 indicated the relative contributions of homogenizing dispersal or dispersal limitation, respectively; a fraction of pairwise |βNTI| <2 and |RCbray| <0.95 indicated that the community assembly was not dominated by any single process (Stegen et al., 2015).

Linear regressions were performed on Bray–Curtis dissimilarity (dependent variable) versus geographical distance (independent variable) through distance-decay analysis to quantify the distance decay in the bacterioplankton community (Wang et al., 2015). The relative contributions of environmental and spatial variables were evaluated by variation partitioning analysis (VPA). First, the spatial variables were derived from geographic coordinates using both linear trend and principal coordinates of neighbor matrices (PCNM) procedures (Griffith and Peres-Neto, 2006) to capture all spatial scales with the PCNM function. Second, the environmental, trend, and PCNM variables that explained a significant (P < 0.05) amount of variation in bacterioplankton community composition were selected by a forward selection model with the forward.sel function (Blanchet et al., 2008). The significance of the selected variables was assessed with 1000 permutations by using the rda and anova.cca functions from the vegan package. Finally, variance partitioning was performed using the varpart function from the vegan package on the Hellinger-transformed bacterial data, the forward-selected environmental variables, and the forward-selected spatial variables, and the data were tested for significance with 999 permutations (Meot et al., 1998). Pairwise comparisons of environmental variables were performed using the corrplot function from the corrplot package. Partial Mantel correlations between environmental variables and bacterioplankton community composition controlled for geographic distance were computed using the mantel.partial function from the corrplot package.



RESULTS


Taxonomic and Functional Characteristics of Bacterioplankton Communities

The bacterioplankton communities were mainly composed by Gammaproteobacteria (mean relative abundance, 24.5%), Alphaproteobacteria (23.7%), Actinobacteria (18.1%), Bacteroidetes (11.9%), and Cyanobacteria (9.9%) during the overwintering period, but the composition of phyla/classes between the two seasons was significantly different [ANOSIM, R = 0.148, p = 0.003] (Figure 2). Similarly, the functional composition of bacterioplankton communities between two seasons was significantly different [ANOSIM, R = 0.321, p = 0.001] although they were all dominant by chemoheterotrophy (mean relative abundance, 24.7%), aerobic chemoheterotrophy (22.1%), phototrophy (6.13%), photoautotrophy (6.04%), cyanobacteria (6.00%), and oxygenic photoautotrophy (6.00%) (Figure 2). Additionally, we observed that the relative SD of functional variability was significantly lower than those of variability at different taxonomic levels (Figure 3), indicating high taxonomic variability (even at phylum level) accompanied by relatively stable functional distributions in the overwintering ground.


[image: image]

FIGURE 2. Spatial and temporal variation of taxonomy and function of surface bacterioplankton communities in the overwintering ground. (A) Phylum-level (phylum Proteobacteria is grouped into the class level) taxonomic compositions of all samples. (B) Functional characterization of all samples.
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FIGURE 3. The relative SD of bacterioplankton taxonomic and functional variability in the overwintering ground. Different lowercase letters denote significant differences (p < 0.05) among levels based on one-way ANOVA.




Spatiotemporal Variation and Patterns of Bacterioplankton Taxa and Function

To visualize the overall taxonomic and functional structure of bacterioplankton communities and their underlying driving forces, we used PCoA, Cluster in combination with PERMANOVA on Bray–Curtis dissimilarities among the samples. We found that samples in the overwintering ground display a temporal pattern of divergence along the first principal coordinate (Figures 4A,B), and this divergence was further corroborated by Cluster, where the communities from November and April formed separate clusters (Figures 4C,D). PERMANOVA of pairwise dissimilarities between bacterioplankton communities indicated that seasonal compartmentalization comprises the largest source of variation (Table 1). Although the latitude and offshore distances also showed significant effects (Table 1), the community structure did not exhibit a regular or obvious spatial pattern (Figures 4A,B).
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FIGURE 4. The spatial and temporal patterns in the structure of bacterioplankton taxa and function. Principal coordinates analysis (PCoA) of the bacterioplankton taxa (A) and function (B) derived from the Bray–Curtis dissimilarity matrix. Hierarchical clustering of samples based on the bacterioplankton community profiles at the OTU level (C) and function (D). The ovals denote the 95% confidence ellipse.



TABLE 1. Quantitative effects of seasons, latitude, and offshore distances on variation in community structure (taxonomic and functional) using non-parametric permutational multivariate analysis of variance (PERMANOVA).
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Specific Functional Groups and Genera of Bacterioplankton Communities in Two Seasons

In view of the functional differences of the bacterioplankton community between seasons, we further explored the specific functional groups and functional genera for November and April. A model based on the random forest machine-learning algorithm was established to evaluate the importance of indicator bacterial functions. Ultimately, five bacterial functions were defined as biomarkers when considering the minimum cross-validation error of the model (Figure 5A). Of these, four bacterial functions showed higher relative abundance in April than November, and only one bacterial function showed higher relative abundance in November than April (one-way ANOVA, p < 0.001) (Figure 5A). Furthermore, we observed that the dynamics of bacterial genera that drive the biomarker functions showed significant temporal divergence (Figure 5B). For example, the genus Acinetobacter and Moraxella were abundant in the bacterioplankton communities collected in November, and the genus Rhodococcus and Stenotrophomonas were abundant in the bacterioplankton communities collected in April (Figure 5B).
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FIGURE 5. Specific bacterial functions of two seasons. (A) Biomarker functions with higher relative abundance in two seasons. The eight biomarker functions were identified by applying the random-forest classification of the relative abundance of the bacterioplankton communities against November and April. Data bars represent means. Error bars represent SEM. (B) The spatial and temporal dynamics of bacterioplankton genera that drive the biomarker functions.




Ecological Processes Governing the Spatiotemporal Assembly of Bacterioplankton Communities

To explore the underlying driving forces of bacterioplankton community variation, we used the mean nearest taxon distance (MNTD) to quantify the relative contributions of major ecological processes that regulate the community assembly. The ecological process dominating the community assembly was dispersal limitation (accounting for 67.0–79.7%), which was relatively stable over the seasons (Figure 6). Second, 20.3–31.0% of the variation in community composition was primarily due to heterogeneous selection (Figure 6). In addition, there was still 0–3.7% of compositional variation unexplained by any ecological processes (Figure 6). These results indicate that stochastic rather than deterministic processes structured the bacterioplankton community assembly in the overwintering ground.
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FIGURE 6. Summary of ecological processes governing the compositional variation of total bacterioplankton communities and the bacterioplankton communities collected in November and April. The percentages are given as the relative contribution of each process to the community variation as indicated by different colors.




Distance-Decay of Similarities in Taxonomy and Function of Bacterioplankton Communities

The spatial dissimilarities in bacterioplankton taxonomic composition were significantly higher than that in functional composition (Figure 7B). Furthermore, the taxonomic composition of bacterioplankton communities collected in both November (adjusted R2 = 0.139, p < 0.001) and April (adjusted R2 = 0.040, p < 0.001) exhibit a clear distance-decay pattern in similarities (Figure 7A). This pattern was also observed in the bacterial functional composition in November (adjusted R2 = 0.142, p < 0.001) but not in April (adjusted R2 = -0.001, p = 0.395) (Figure 7A).
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FIGURE 7. Distance-decay of similarities in taxonomy and function of bacterioplankton communities in different seasons. (A) Corrections between Bray–Curtis dissimilarities with geographic distance between sites. (B) The spatial dissimilarities in bacterioplankton taxonomic composition and functional composition.




Drivers of Bacterioplankton Taxonomic and Functional Composition

To explore the deterministic mechanisms underlying community assembly, we used VPA for disentangling the relative role of environmental and spatial variables. Results of the variation partitioning showed that the drivers of bacterioplankton community composition were different between seasons and between taxonomic and functional levels (Figure 8). Specifically, the environment-related variables (pure environmental variables, environmental-trend covariation, environmental-PCNM covariation, covariation of all variables) dominated the variation of bacterioplankton taxonomic composition collected in all seasons (both November and April) and November (only November) and the variation of bacterioplankton functional composition collected in April (only April), while space-related variables (pure linear trend, pure PCNM, environmental-trend covariation, environmental-PCNM covariation, trend-PCNM covariation, covariation of all variables) dominated the variation of bacterioplankton taxonomic composition collected in April and the variation of bacterioplankton functional composition collected in all seasons and November (Figure 8). Remarkably, there was a large proportion (53.4–76.7%) of variation unexplained by the above variables. To further identify the geographic-independent environmental drivers, we correlated distance-corrected dissimilarities of taxonomic and functional community composition with those of environmental variables (Figure 9). Overall, nutrients were the strongest correlates of both taxonomic and functional composition in both seasons. Moreover, significant correlations were found between the temporal differences in community composition (between the seasons) and various environmental variables (Figure 9A), and the spatial differences in community composition (within the season) were weakly driven by environmental variables (Figures 9B,C).
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FIGURE 8. Variation partitioning of the taxonomic and functional structure of total bacterioplankton communities (all) and the bacterioplankton communities collected in November (nov) and April (apr) by the seawater environmental variables (Env) and the spatial variables including linear trend (Trend) and PCNM variables (PCNM).
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FIGURE 9. Environmental drivers of taxonomic and functional composition of total bacterioplankton communities (A) and the bacterioplankton communities collected in November (B) and April (C). Pairwise comparisons of environmental variables are shown with a color gradient denoting Spearman’s correlation coefficients. The taxonomic and functional composition of bacterioplankton communities was related to each environment variable by partial (geographic distance-corrected) Mantel tests. Edge width corresponds to Mantel’s r statistic for the corresponding distance correlations, and edge color denotes the statistical significance based on 9999 permutations. WT, water temperature; SAL, salinity; PO4, orthophosphate; NO2, nitrite; NO3, nitrate; NH4, ammonium; SiO3, silicate; TN, total nitrogen; TP, total phosphorus.




DISCUSSION


The Spatiotemporal Patterns and Characteristics of Surface Bacterioplankton Communities in an Overwintering Ground

The habitats of the large yellow croaker are being degraded due to the increased use of coastal areas for aquaculture operations and development (Kang et al., 2018). The failed recovery of the common snook (Centropomus undecimalis) indicates that habitat degradation is considered more significant than exploitation in explaining population declines (Brennan et al., 2008), which indicates the need for the study and restoration of croaker habitat. Planktonic bacteria are generally used as a bioindicator to systematically reflect or record the conditions of the marine environment or fish habitats due to their biogeochemical significance and direct relationship with fish health (Dowle et al., 2015; Dai et al., 2017). Over the past decade, dozens of studies have characterized patterns, associations, and drivers in the bacterioplankton community in various fish habitats and elucidated similarities and differences in the bacterioplankton communities between fish farms and natural areas (Tamminen et al., 2011; Xiong et al., 2015; Jing et al., 2019). However, comprehensive information on the spatial and temporal patterns of bacterioplankton communities in the croaker habitat is scarce.

Our study systematically investigated the surface bacterioplankton communities in an overwintering ground for large yellow croakers. We found that, during the overwintering period, the dominant bacterioplankton phyla and functions remained unchanged, but their relative abundance exhibited seasonality (Figures 2, 4 and Table 1). Specifically, the bacterioplankton community in autumn was characterized by animal parasites or symbionts (Figure 5A), and Acinetobacter was the representative genus (Figure 5B). Acinetobacter baumannii, which was detected in our samples, is a virulent pathogen for many fish species that can trigger serious septicemia outbreaks (Brahmi et al., 2016; Li et al., 2017). More seriously, A. baumannii has been proven to be a serious human clinical pathogen involved in a large number of infections, including bacteremia, secondary meningitis, urinary tract infection, and ventilator-associated pneumonia (Mari-Almiralla et al., 2019). Therefore, the presence of Acinetobacter in overwintering grounds increases the latent risk of fish disease and the possibility of coinfection between fish and humans through handling or consumption (Xia et al., 2008). In addition, other functional genera found in autumn, such as Moraxella (Figure 5B), are opportunistic pathogens of fish (Walke et al., 2015). Once the environment deteriorates or suddenly changes, those bacteria might threaten the health of the croaker or other fish. In spring, many nutrient-related functional bacterioplankton were dominant (Figure 5). Rhodococcus, one of the dominant functional genera in April (Figure 5B), is generally regarded as the most versatile and efficient group of organisms that are suitable for the biodegradation of organic compounds (Larkin et al., 2005; Martínková et al., 2009). Given this characteristic, Rhodococcus has been found worldwide in eutrophic aquatic ecosystems (Wu et al., 2009; Lee et al., 2010), suggesting that it might be used as an organismal indicator of nutrient enrichment (Rowbotham and Cross, 1977). Moreover, Alcanivorax (Figure 5B), a hydrocarbon-degrading bacterium, could also be enriched in eutrophic environments and could be related to the presence of pollutants (Patel et al., 2014). Other functional genera in spring, such as Stenotrophomonas (Jia et al., 2019) and Neptunomonas (Lanfranconi et al., 2010), were also organic-degrading or nitrogen-related organisms that prefer organic-rich or eutrophic conditions. Therefore, the functional composition of the bacterioplankton community in April suggests that the nutrient level in the surface water of the habitat in spring was higher than that in the winter, which was verified by environmental data (Supplementary Table S1) and implies that this sea area has a high risk of developing eutrophication.



The Mechanism of Surface Bacterioplankton Community Assembly in the Overwintering Ground for Large Yellow Croaker

One key question in ocean microbial ecology is the extent to which environmental filtering and various biological interactions, on the one hand, and limited dispersal and historical contingency, on the other, are responsible for spatiotemporal patterns (Sunagawa et al., 2015). Nevertheless, the answer to this question in marine ecosystems is still controversial. For example, some studies have proposed that marine bacterioplankton communities are structured by deterministic factors (Pontarp et al., 2012; Sunagawa et al., 2015; Wang et al., 2019), and other studies have demonstrated that stochastic factors can potentially overwhelm the influences of selection on community structure (Beaton et al., 2016; Evans et al., 2017; Zhou and Ning, 2017). The latter theory is supported by our findings as dispersal limitation dominated the processes governing both the spatial and temporal scales of bacterioplankton community assembly (Figure 6). It has historically been considered that free-living bacteria are small, numerous, and easily transported and, hence, do not experience passive dispersal limitations (Cottenie, 2005; Shurin et al., 2009). However, numerous studies have recently documented that bacterial communities in water show spatial differences and reveal strong biogeographic patterns (Verreydt et al., 2012; Müller et al., 2014; Wu et al., 2018). The distance-similarity decay relationships for the bacterioplankton communities observed in our study (Figure 7) also suggest the impact of dispersal limitation on the generation of biogeographical patterns in marine bacteria (Bell, 2010; Adams et al., 2013). It is interesting to note that, even though the study area is located in the East China Sea and the geographic scale of the overwintering ground we investigated is comparatively broad, the distance-decay patterns in our study were weaker than those in other studies as the distance decay rates (the regression slopes) of our bacterioplankton communities were lower (Wang et al., 2015; Dai et al., 2017). The strong distance-decay patterns in Wang et al. (2015) and Dai et al. (2017) were mainly attributed to spatially structured environmental gradients, which essentially suggests that the spatial heterogeneity of bacterioplankton communities in their studies was structured by the deterministic heterogeneous selection of abiotic and biotic environmental conditions (Dini-Andreote et al., 2015). However, stochastic dispersal exerted a dominant role in shaping our bacterioplankton communities (Figure 6), contributed to the relatively random distribution of the bacterial community compared with that under harsh environmental filters (Evans et al., 2017), and attenuated the heterogeneity of bacterial taxa in our study. Additionally, lower or no distance-similarity decay relationships were found in bacterial functions compared with the relationships found in bacterial taxa (Figure 7). This is a universal phenomenon because functional redundancy, which means that different populations share similar or the same functions, appears to be quite high in the microbial community, especially compared with the level of functional redundancy in plant or animal communities (Delgado-Baquerizo et al., 2016; Louca et al., 2018).

Comparatively, environmental stressors wielded less power than stochastic processes in creating temporal and spatial differences in the bacterioplankton communities’ taxonomical and functional composition in the overwintering habitat for croaker. Our variation partitioning results showed that over 50% of the variation in the bacterioplankton community structure was unexplained by the environment-related variables (Figure 8). The lower power of the environmental variables could be explained by the restraining force of stochastic effects (Zhou and Ning, 2017); dispersal limitation can obscure the relationships between environmental variables and microbial community composition, resulting in apparently weak deterministic effects (Evans et al., 2017).

Among the purely environmental filters that were independent of spatial effects, nutrient-related variables, such as silicate, nitrate, and ammonium, could have exhibited some degree of heterogeneous selection on temporal and spatial variations in the bacterioplankton community composition in the overwintering grounds (Figure 9). The mechanism by which silicate influences the composition of the bacterioplankton community could be related to its influence on diatom growth; it may shape bacterioplankton community composition due to the tight coupling between diatoms and bacteria (Topper et al., 2010; Wang et al., 2015). The correlations of bacterioplankton community composition with nitrogenous nutrients could be attributed to the abundant biodegrading bacteria in the habitat (Figure 5), which are capable of decomposing organic substances into various inorganic nutrients (Manser et al., 2006; Li and Boyd, 2016). An equally important driver of variation in the bacterioplankton community was temperature (Figure 9); this finding is in accordance with those reported in freshwater ecosystems, oceans, and forests at the global scale (Penuelas et al., 2012; Sunagawa et al., 2015; Chen C. Y. et al., 2019). The importance of salinity in shaping the composition of the bacterioplankton community was also observed (Figure 9). Salinity may contribute to density gradients that physically separate water masses and their resident bacterial communities from near-shore to offshore areas (Lozupone and Knight, 2007; Fortunato et al., 2012) (Supplementary Table S1). Notably, more correlations were found between the temporal differences in community composition and the various environmental variables than between spatial differences and environmental variables (Figure 9); this difference may have resulted from the greater differences in environmental variables between seasons. Interestingly, the interactions among community composition and purely environmental filters were more complex and closer in spring than in autumn (Figures 9B,C). One possible explanation for this difference is that the high eutrophication level in April (Supplementary Table S1), as a long-term and continuous disturbance, could increase the importance of deterministic environmental filtering to bacterioplankton community assembly (Figure 6) (Dai et al., 2017).

Overall, we obtained a unique taxonomic and functional profile of the bacterioplankton community in the surface water of the overwintering ground and revealed the assembly mechanisms that structure it on the spatial–temporal scale. The systematic map of the surface bacterioplankton community has implied that current conditions are not conducive to the high primary productivity and the health of upper elements of the croakers’ food chain. There are, however, potential limitations to our approach that merit further discussion. First, although the above results and discussion display the patterns and processes of bacterioplankton community assembly in the overwintering grounds for large yellow croaker, samples collected from the surface water can only somewhat reflect habitat conditions for the croaker who live at moderate and lower water depths (Lü et al., 2008). Therefore, we will further study the habitat microbiome of the water masses in which croaker is located. Additionally, we did not sample replicates at the study sites, which might have limited the analysis of the within-site variability and thereby might affect the accuracy of the results of the random forest classification and the distance decay analysis to a certain extent.
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Much is known about how broad eukaryotic phytoplankton groups vary according to nutrient availability in marine ecosystems. However, genus- and species-level dynamics are generally unknown, although important given that adaptation and acclimation processes differentiate at these levels. We examined phytoplankton communities across seasonal cycles in the North Atlantic (BATS) and under different trophic conditions in the eastern North Pacific (ENP), using phylogenetic classification of plastid-encoded 16S rRNA amplicon sequence variants (ASVs) and other methodologies, including flow cytometric cell sorting. Prasinophytes dominated eukaryotic phytoplankton amplicons during the nutrient-rich deep-mixing winter period at BATS. During stratification (‘summer’) uncultured dictyochophytes formed ∼35 ± 10% of all surface plastid amplicons and dominated those from stramenopile algae, whereas diatoms showed only minor, ephemeral contributions over the entire year. Uncultured dictyochophytes also comprised a major fraction of plastid amplicons in the oligotrophic ENP. Phylogenetic reconstructions of near-full length 16S rRNA sequences established 11 uncultured Dictyochophyte Environmental Clades (DEC). DEC-I and DEC-VI dominated surface dictyochophytes under stratification at BATS and in the ENP, and DEC-IV was also important in the latter. Additionally, although less common at BATS, Florenciella-related clades (FC) were prominent at depth in the ENP. In both ecosystems, pelagophytes contributed notably at depth, with PEC-VIII (Pelagophyte Environmental Clade) and (cultured) Pelagomonas calceolata being most important. Q-PCR confirmed the near absence of P. calceolata at the surface of the same oligotrophic sites where it reached ∼1,500 18S rRNA gene copies ml–1 at the DCM. To further characterize phytoplankton present in our samples, we performed staining and at-sea single-cell sorting experiments. Sequencing results from these indicated several uncultured dictyochophyte clades are comprised of predatory mixotrophs. From an evolutionary perspective, these cells showed both conserved and unique features in the chloroplast genome. In ENP metatranscriptomes we observed high expression of multiple chloroplast genes as well as expression of a selfish element (group II intron) in the psaA gene. Comparative analyses across the Pacific and Atlantic sites support the conclusion that predatory dictyochophytes thrive under low nutrient conditions. The observations that several uncultured dictyochophyte lineages are seemingly capable of photosynthesis and predation, raises questions about potential shifts in phytoplankton trophic roles associated with seasonality and long-term ocean change.
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INTRODUCTION

Open ocean ecosystems undergo seasonal changes that influence water column vertical structure and productivity, and these ecosystems are predicted to expand under future ocean conditions (Flombaum et al., 2013; Worden et al., 2015). The Bermuda Atlantic Time-series Study (BATS) is located in a seasonally oligotrophic subtropical gyre in the Sargasso Sea (Carlson et al., 1994; Steinberg et al., 2001; Lomas et al., 2013). Pronounced seasonality at BATS is reflected in winter deep-mixing and strong summer thermal stratification, making it an exceptional site for studying transitions in plankton communities associated with warming oceans and declining productivity (Carlson et al., 1994; Steinberg et al., 2001; Lomas et al., 2013). In average years at BATS, deep vertical mixing entrains nutrients into the photic zone during the winter months, supporting relatively high primary productivity in spring, followed by strong thermal stratification and lower summertime productivity. The seasonal dynamics of phytoplankton communities track these periods, transitioning from eukaryotic phytoplankton dominance in the winter and spring, to cyanobacterial dominance in summer and fall, based on high-performance liquid chromatography (HPLC) analysis of pigments and numerical abundance by flow cytometry (Durand et al., 2001; Lomas et al., 2010). Further, although eukaryotic phytoplankton number less than cyanobacteria in this subtropical gyre, they often comprise a significant proportion of phytoplankton biomass (Goericke, 1998; Durand et al., 2001; Cuvelier et al., 2010; Lomas et al., 2010).

While cyanobacterial communities have been well studied at BATS (Malmstrom et al., 2010), characterization of eukaryotic phytoplankton here and at other oligotrophic ocean settings has mainly focused on broad taxonomic categories. At BATS, an early feature of the winter/spring cycle of phytoplankton turnover is a prasinophyte bloom, based on terminal restriction fragment length polymorphism (T-RFLP) analysis and limited qPCR data (Treusch et al., 2012), while afterwards haptophytes and pelagophytes appear to rise in importance based on HPLC pigment analyses and limited molecular data (Goericke, 1998; Cuvelier et al., 2010). Apart from the haptophytes (Cuvelier et al., 2010), the specific taxa that comprise eukaryotic phytoplankton communities at BATS have not been characterized using high throughput molecular marker gene sequencing approaches that help to identify patterns at finer taxonomic scales.

Global scale efforts like TARA Oceans (de Vargas et al., 2015) have found a diversity of stramenopiles across the oceans. Stramenopiles include algae that are considered important in higher latitude and coastal systems, such as diatoms, which appear to bloom only rarely at BATS (Steinberg et al., 2001; Lomas et al., 2010). Apart from diatoms, other relatively well studied stramenopile algal classes include pelagophytes (Andersen et al., 1993, 1996) and chrysophytes (Hibberd, 1976; Andersen et al., 1999), and lesser known ones include the bolidophytes (Guillou et al., 1999) and dictyochophytes (Henriksen et al., 1993; Andersen, 2004). The ecology of the former two lineages has been studied with multiple methods in various ocean regions, including BATS. These studies utilized approaches such as HPLC and T-RFLP (Andersen et al., 1996; Goericke, 1998; Steinberg et al., 2001; Treusch et al., 2012). However, one serious issue is that some stramenopile classes, like the dictyochophytes, cannot be discriminated from diatoms and pelagophytes using HPLC (Guillou et al., 1999; Daugbjerg and Henriksen, 2001). Further, the paucity of sequence data from a broad range of characterized stramenopiles or taxonomically verified environmental sequences has restricted studies of diversity and distributions. Hence, although distributions of pelagophytes (and some other stramenopiles) have been described at BATS based on HPLC data (Steinberg et al., 2001), the seasonal patterns and depth distributions for specific pelagophyte taxa are as yet unknown. In the Mediterranean Sea and South Pacific Ocean, analyses of the plastid-derived psbA gene and rRNA genes have indicated the presence of uncultured pelagophytes (Man-Aharonovich et al., 2010; Shi et al., 2011), while targeted metagenomic approaches connected to traditional metagenomic analyses indicate that pelagophytes highly similar to Pelagomonas calceolata are distributed across subtropical surface ocean waters (Worden et al., 2012). Further, in the Pacific Ocean this species can dominate 0.1-20 μm size fractionated samples from the subsurface chlorophyll maximum (SCM), based on metagenomics analyses in coastal California (Dupont et al., 2015).

Perhaps one of the most enigmatic stramenopile algal classes is the dictyochophytes. They have few cultured representatives, little biogeographical data apart from TARA (de Vargas et al., 2015), and little seasonal data. This group contains the silicoflagellates, which can be microscopically identified by their distinctive siliceous skeletons, and have been studied mainly in coastal northern ecosystems and sediments or as paleoecological markers (Henriksen et al., 1993; Rigual-Hernandez et al., 2016; van de Poll et al., 2018). Indeed, there are few oceanic time-series analyses that tease apart the contributions of diatoms, chrysophytes, and pelagophytes, and more newly discovered groups like bolidophytes (Goericke, 1998; Steinberg et al., 2001; Lomas et al., 2013), or those with few cultured representatives, like the dictyochophytes. Perhaps the best time-series molecular characterization has been performed at the San Pedro Ocean Time-series (SPOT) in the eastern North Pacific (ENP) off coastal USA where several dictyochophyte Amplicon Sequence Variants (ASVs) were reported as being common (Needham et al., 2018). The ENP differs dramatically from BATS, in part due to the paucity of phosphate in the latter as compared to the former (Coleman and Chisholm, 2010). In addition to SPOT, eukaryotic phytoplankton dynamics have been extensively studied in the ENP using classical approaches such as HPLC and microscopy as part of the California Cooperative Oceanic Fisheries Investigation (CalCOFI), which samples multiple transect ‘lines’ that run perpendicular to the California, United States coast on an approximately bimonthly basis (Collins et al., 2003; McClatchie, 2014). These transect lines typically cross the coastal zone, traverse productive upwelling waters and continue outward to the edge of the North Pacific Subtropical Gyre. Along the ENP’s CalCOFI Line-67, which extends from Monterey Bay to 800 km offshore, cyanobacterial diversity has been relatively well described at the level of molecular diversity (Sudek et al., 2015), and quantitative data exists for some algal groups, based on methods such as qPCR (Simmons et al., 2016; Kolody et al., 2019), HPLC and microscopy (Paerl et al., 2011; Chavez et al., 2017). However, less is known about the general molecular diversity of eukaryotic algae in the different trophic regimes of the ENP.

Here, we examined eukaryotic phytoplankton community structure in the Sargasso Sea over seasonal cycles and compared this data to algal distributions along the ENP Line-67. V1-V2 16S rRNA gene amplicon data from BATS photic-zone profiles (Treusch et al., 2009) were analyzed using phylogenetic approaches (Matsen et al., 2010; Choi et al., 2017). At BATS, we found a dominance of non-diatom stramenopile-derived amplicons in the multi-year dataset. This prompted us to develop well-curated, full-length 16S reference alignments and phylogenetic reconstructions for the most highly represented stramenopile groups, specifically the pelagophytes and dictyochophytes. The reconstructions provided new insights into clade diversity within these groups, as well as spatiotemporal patterns of fine-scale phytoplankton diversity. Comparison to community structure at Line-67 mesotrophic and oligotrophic sites highlighted similarities in phytoplankton community composition, with parallels between the influences of the seasonal cycle of nutrient availability at BATS and variation in nutrients along Line-67. To evaluate amplicon-based relative abundance patterns, a qPCR primer probe set was developed and implemented to enumerate Pelagomonas calceolata, which was identified as being the most abundant pelagophyte in amplicon data. Finally, because a prior Pacific Ocean 18S rRNA stable isotope probing experiment indicated that bolidophytes and a Florenciella-like dictyochophyte may act as mixotrophic predators (Frias-Lopez et al., 2009), we also performed single-cell food-vacuole-staining / chlorophyll-based cell sorting (Wilken et al., 2019) in order to capture potential mixotrophs among the wild phytoplankton taxa that were abundant in our flow cytometric histograms. This led to sequencing of uncultured dictyochophytes that appear to be predatory mixotrophs (present in the field sort experiments) and rendered the complete chloroplast genome of one such species. Collectively, the similarities observed between the two ecosystems, BATS and the ENP, were found to be especially strong for predatory mixotrophic stramenopiles in surface oligotrophic environments, based on trends that emerged when sequence data was parsed at high taxonomic resolution and with the aid of single-cell sort data from wild dictyochophytes.



RESULTS


Eukaryotic Phytoplankton in the Western North Atlantic

A spring phytoplankton bloom and subsequent thermal stratification during summer were evident in chl a data (Figures 1A,B; Lomas et al., 2013). At BATS, the highest nutrient concentrations in surface waters occur during the period of Deep Mixing (DM), which helps initiate the bloom, while nutrient concentrations are low during the summer months (Steinberg et al., 2001). During summer, nitrate and phosphate concentrations in most samples were below detection limits, which are 30 and 10 nM, respectively. During month 0, defined as the month when deepest mixing occurs, eukaryotic phytoplankton contributed 56 ± 17% (Figure 1C) and 59 ± 24% (Supplementary Figure S1A) of total phytoplankton amplicons at the surface and at depth, respectively. More generally, in winter/spring (−1 to +5), eukaryotes contributed a higher proportion (44 ± 19%) of photosynthetic amplicons relative to months +6 to +10 (12 ± 8%, p < 0.0001, two-tailed Mann-Whitney U-test). During the latter strongly stratified summer months, Prochlorococcus was abundant (Supplementary Table S1), as observed in previous studies based on cell counts (Durand et al., 2001). Thus, eukaryotic phytoplankton amplicon contributions rivaled those of cyanobacteria (Synechococcus and Prochlorococcus together; Figure 1C) during the winter/spring months, but were much lower during the period of most intense stratification, as reported previously (Treusch et al., 2012).
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FIGURE 1. Characteristics of the water column and phytoplankton distributions in the northwestern Sargasso Sea. (A) Mean temperature and (B) chlorophyll a concentrations show the oceanographic details in this study site. (C) The relative abundance of overall phytoplankton 16S V1-V2 amplicons expressed as a percentage of amplicons phylogenetically assigned to plastids, Prochlorococcus, Synechococcus and other cyanobacterial groups and (D) major eukaryotic phytoplankton lineages illustrate broad spatiotemporal dynamics of phytoplankton diversity and distribution in surface waters. Integrated monthly data from 1991 to 2004 at the BATS site after adjusting to the month of the maximum mixed layer depth (month 0). (E) Hierarchical clustering analysis with Bray-Curtis dissimilarity based on the relative abundance of plastid amplicons after assignment to broad taxonomic groups alongside cyanobacterial amplicons in surface waters. Approximately unbiased (AU) probability values based on multiscale bootstrap resampling (10,000 replicates) were calculated and expressed as p-values (%). The annual transition from the deep mixing (DM) period to early (Early Stratification) and late stratified (Late Stratification) periods is indicated. Error bars represent the standard deviation. The number of samples used (with each having all data types) for developing unweighted means and pooled standard deviation is indicated by n.


Average contributions of broad eukaryotic phytoplankton groups, i.e., stramenopiles, haptophytes, prasinophytes (Viridiplantae) and cryptophytes, to total plastid amplicons varied over the year, especially at the surface (Figure 1D and Supplementary Figure S1B). To identify patterns related to seasonal changes, we performed hierarchical clustering on the relative abundances of groups in surface amplicon data. This resulted in three statistically supported groupings, ‘Deep Mixing (DM)’, ‘Early Stratification’ and ‘Late Stratification’, comprised of month −1 and 0, month +1 to +5 and month +6 to +10, respectively (Figure 1E). During DM, contributions were relatively even throughout the water column. Viridiplantae algae (largely prasinophytes) formed 55 ± 19% (surface) and 53 ± 25% (at depth) of the plastid amplicons and stramenopiles formed 23 ± 15% (surface) and 25 ± 17% (at depth). Haptophytes showed lower but more consistent relative contributions throughout the year, forming 23 ± 8% (23 ± 8%, surface; 22 ± 9%, depth) of plastid amplicons. During Early Stratification (+1 to +5) the community shifted such that stramenopiles comprised about half of plastid amplicons at the surface (57 ± 12%) and developing DCM (53 ± 7%), and had similar contributions during Late Stratification (58 ± 9%, surface; 50 ± 10%, DCM; Figure 1D, Supplementary Figure S1B, Supplementary Table S2). These variations raised questions about whether the stramenopile contributions came from a few taxa, with changes in relative amplicon abundances being a byproduct of dynamics of other phytoplankton groups, or potentially shifts within stramenopile community structure. Therefore, we developed reference phylogenetic trees based on near full-length 16S rRNA gene sequences to further resolve stramenopile taxa.



Stramenopiles at BATS

Eleven photosynthetic classes were delineated in the near-full length 16S stramenopile plastid reference tree developed herein (Supplementary Figure S2). All 10 known photosynthetic stramenopile classes (Andersen, 2004) were recovered with statistical support alongside a new clade, containing only environmental sequences in a supported position adjacent to bolidophytes, that likely represents an unrecognized class.

Dictyochophytes dominated surface stramenopile amplicons during both the Early and Late Stratification periods, but showed lower, more variable percentages during DM (Figure 2A). Pelagophytes were also notable during these periods and other groups formed a smaller, more variable proportion of stramenopile amplicons. Hierarchical clustering using stramenopile classes alone delineated the DM clearly, as well as a transition into and out of the stratified period, bringing together months +1, +2, +8, +9 and +10 (termed Transitional), separate from months +3 to +7 (Maximum Stratified; Supplementary Figure S3). This grouping gained modest statistical support using pvclust, but not by similarity profile analysis (SIMPROF, p > 0.05). Thus, a slightly different seasonal organization of the stramenopile community (albeit with weak statistical support) was observed versus that based on all phytoplankton amplicons (Figure 1E). The stramenopile-based sample clustering corresponded to distinct temperature ranges during DM (20 ± 1°C), Transitional (22 ± 2°C) and Maximum Stratified (26 ± 2°C; p < 0.0001, one-way ANOVA with Tukey’s post-hoc test; Supplementary Figure S3).
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FIGURE 2. Photosynthetic stramenopile class distributions in the northwestern Sargasso Sea and reference trees for finer-scale analyses. (A) Photosynthetic stramenopile distributions expressed as a percentage of amplicons phylogenetically assigned to stramenopile classes at BATS surface (0.3–7.6 m). Error bars represent the standard deviation and ‘n’ indicates the number of samples used for the analysis. Phylogenetic reference trees were developed to then resolve clades within the (B) pelagophytes and dictyochophytes (Supplementary Figure S5) using near full-length 16S rRNA gene sequences. For pelagophytes, sequences came from nine cultured species, 56 environmental clones and two dictyochophyte sequences as an outgroup. The tree was constructed with Maximum Likelihood inference (RAxML) under the gamma corrected GTR model of evolution with 1,000 bootstrap replicates. Additional phylogenetic reconstructions were performed with PhyML and MrBayes and the node statistical supports are indicated. Five known clades were resolved and previously unrecognized nine additional clades were identified Pelagophyte Environmental Clades I-IX (PEC-I to PEC-IX). These were primarily comprised of environmental sequences. Colors indicate oceanic region of origin.


Diatom relative abundances, as a fraction of stramenopile amplicons, were low and highly variable at the surface: 13 ± 13%, DM; 7 ± 10%, Transitional; and 3 ± 3%, Maximum Stratified period (Figure 2A) as well as at depth (Supplementary Figure S1C, Supplementary Table S3, and Supplementary Data S1). Other groups were typically < 5% of stramenopile amplicons, except chrysophytes (surface; 8 ± 5%, Transitional; 8 ± 5%, Maximum Stratified) and eustigmatophytes (surface; 5 ± 6%, Transitional; 7 ± 7%, Maximum Stratified). Overall, among all stramenopiles recovered, dictyochophytes and pelagophytes dominated amplicon contributions over all three seasonally influenced periods.

Dictyochophytes were most important in surface waters during low nutrient periods, specifically Transitional (51 ± 19%) and Maximum Stratified (64 ± 12%) (Figure 2A and Supplementary Table S3). They formed lower and more variable contributions during DM (28 ± 26%) and their contributions varied, similarly, at depth (40–80 m) during DM and in the DCM as the year progressed (Supplementary Figure S1C). Pelagophyte surface contributions trended opposite to dictyochophytes forming 56 ± 23% (DM) of stramenopile amplicons and dropping to 28 ± 20% and 15 ± 6% in the Transitional and Maximum Stratified periods, respectively (p < 0.0001, two-tailed Mann-Whitney U-test). Pelagophyte contributions at depth were more consistent year round (54 ± 23%; Supplementary Figure S1C).

These overall trends were upheld at multiple depths in the subset of samples having sufficient sequencing depth for plastid analysis (Supplementary Figure S4A). During DM, pelagophytes dominated stramenopile amplicons throughout the water column (63 ± 16%). The exception was from single samples (160 m, −1; 120 m, 0) when diatoms (e.g., Chaetoceros, Thalassiosira and unidentified species) were nearly as high, although low overall plastid amplicon numbers suggest few eukaryotic phytoplankton cells were present. Dictyochophytes were the dominant stramenopiles throughout the upper 80 m during the Transitional (43 ± 27%) and Maximum Stratified (59 ± 23%) periods, but generally decreased alongside increased pelagophyte relative abundances below 80 m.



An Expanded Phylogeny of Pelagophytes and Dictyochophytes

There is a growing literature on the ecological importance of pelagophytes in the ocean (Man-Aharonovich et al., 2010; Worden et al., 2012; Dupont et al., 2015), however, less is known about dictyochophyte distributions and diversity. We examined both these groups at higher phylogenetic resolution. Phylogenetic reconstruction of dictyochophyte 16S rRNA gene sequences delineated 20 clades, including 11 not previously reported and termed here Dictyochophyte Environmental Clades, DEC-I to DEC-VIII (Supplementary Figure S5) and Florenciella Clades FC-I to FC-III. All of these clades lack cultured representatives, but FC have high nucleotide identity to Florenciella parvula, which forms a separate clade (termed here FpC, Florenciella parvula Clade). DEC and FC contained sequences from surface ocean samples collected in the eastern North Pacific, South Pacific, South China Sea, and other habitats, such as the microbial mats from the hypersaline region in Guerrero Negro, Mexico (DEC-V) and the Puerto Rico Trench at 6000 m (DEC-VIII), indicating they are widely distributed and potentially are exported to deep waters.

The reconstruction of pelagophyte 16S rRNA gene sequences resolved the five known pelagophyte clades (Wetherbee et al., 2015), as well as nine undescribed pelagophyte clades, termed here Pelagophyte Environmental Clades, PEC-I to PEC-IX (Figure 2B). Some were solely comprised of sequences from a specific region/study, such as PEC-I (northeast subarctic Pacific Ocean), PEC-II (South Pacific), PEC-IV (ENP), PEC-V (Antarctic), PEC-VII (sea ice near Alaska) and PEC-IX (North Sea near Helgoland).



Diversity and Seasonality of Pelagophytes at BATS

We detected pelagophyte amplicons at BATS belonging to 13 of the 14 clades, including all the uncultured clades formed of full-length sequences from a single region (Figures 2B, 3A). Most clades contributed < 1% of the total pelagophyte amplicons, apart from PEC-V (the one clade not detected in BATS data). By contrast, P. calceolata Clade (hereafter PcC) formed 56 ± 23% (surface) and 62 ± 14% (at depth) of pelagophyte amplicons during DM and at the DCM later in the year (59 ± 38%). PcC were low and variable at the surface during the Transitional period (22 ± 21%) and rare during the Maximum Stratified period (1 ± 5%).
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FIGURE 3. Diversity and distributions of newly resolved dictyochophyte and pelagophyte clades at BATS and in the ENP. High-taxonomic resolution of (A) pelagophyte and (B) dictyochophyte distributions at the surface (SUR) and depth (SCM/DCM) at BATS and ENP. Reference trees to the left of each panel indicate clades. Heatmaps show the percentage of amplicons relative to those of pelagophytes (A) and dictyochophytes (B) during each BATS month or ENP samples (vertical columns; see Figure 4 for additional details on ENP samples). Bootstrap support and phylogenetic inferences are as detailed in Figure 2B and Supplementary Figure S5. ENP samples are partitioned based on standing stock nutrient concentrations which were considered mesotrophic (MESO) or oligotrophic (OLIGO) (Supplementary Table S5).


Pelagophyte Environmental Clades-VIII contributed relatively high percentages of pelagophyte amplicons during DM at the surface (41 ± 23%) and more so during stratified periods (70 ± 19%, Transitional; 80 ± 16%, Maximum Stratified at the surface; Figure 3A). These trends were upheld when multiple depths were examined for months with deeper amplicon data (−1, 0, +4 and +6; Supplementary Figure S4B and Supplementary Table S4). Additionally, PEC-III and a group of basal sequences (BP-I) were also relatively abundant in Maximum Stratified surface waters (Figure 3A). Overall, PcC and uncultured PEC-VIII had the highest relative abundances among pelagophytes at BATS, but BP-I and PEC-III, also rose in prominence during intense stratification (Figure 3A).



Uncultured Dictyochophytes in the Sargasso Sea

A diverse set of uncultured dictyochophyte clades exhibited seasonal variations. Dictyochophytes formed 35 ± 10% of all plastid amplicons in BATS Maximum Stratified surface waters (Figure 2A). Assignment of amplicons to distinct clades showed that uncultured groups DEC-I and DEC-VI were prevalent during this period while FC-III appeared more important during DM throughout the water column (Figure 3B). DEC-I contributed the most dictyochophyte amplicons at the surface during Transitional (43 ± 11%) and Maximum Stratified periods (39 ± 11%), and at the DCM during the latter (49 ± 25%). DEC-VI was also notable at the surface during Transitional (23 ± 14%) and Maximum Stratified (26 ± 15%), but less important at depth. Corresponding FC-III contributions were minor except during DM, when they formed 38 ± 27% (surface) and 39 ± 16% (at depth) of total dictyochophyte amplicons.

These patterns were generally maintained in 19 vertical profiles examined. During the DM period FC-III formed the greatest percentage of dictyochophyte amplicons throughout the photic zone (∼140 m; Supplementary Figure S4C). In contrast, during the Transitional and Maximum Stratified periods, DEC-I had the highest relative contributions at the surface, but at the DCM (ranging from 40–120 m) it was rivaled by other clades. Thus, uncultured environmental groups comprised most of the dictyochophyte amplicons at BATS (e.g., in surface waters 92 ± 4%, DM; 92 ± 5%, Transitional; 85 ± 4%, Maximum Stratified). Further, they contributed a large proportion of the total eukaryotic phytoplankton amplicons in surface waters, especially during Transitional (30 ± 14%) and Maximum Stratified (30 ± 10%) periods. This indicates that uncultured dictyochophytes form a large portion of the eukaryotic phytoplankton that persist at BATS during oligotrophic periods, when Prochlorococcus typically dominates cell counts.



Comparisons With ENP Communities

The Sargasso Sea results indicated the potential importance of diverse uncultured dictyochophyte clades under oligotrophic conditions and a phylogenetically narrower range of pelagophyte clades at the nutricline of stratified water columns. We therefore next examined ENP communities at two well characterized (Monier et al., 2012; Sudek et al., 2015; Simmons et al., 2016; Limardo et al., 2017) stratified oligotrophic sites (termed “OLIGO”), specifically Station 67-135 and 67-155, based on 3 surface and 3 DCM samples (Figures 4A,B and Supplementary Table S5). We also characterized samples from a more mesotrophic region (termed MESO), based on four surface and four SCM samples collected at Stations 67-60drift and 67-70. Here, we distinguish between periods or sites exhibiting a deep chlorophyll maximum (DCM), as seen in oligotrophic gyres, typically located between 80 to 130 m, depending on the season and system (Karl and Church, 2014), and subsurface chlorophyll maxima (SCM), that often occur in the upper 40 m of more nutrient-rich sites.
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FIGURE 4. ENP (A) stations and (B) chlorophyll a depth profile in 2009 with sampling for DNA indicated by stars (Stations 67-60drift and 67-70, mesotrophic sites; Stations 67-135 and 67-155, oligotrophic sites). Relative abundance of stramenopile V1-V2 16S rRNA gene amplicons assigned to the Pelagomonas calceolata Clade or other groups in Line-67 samples. (C) Taxon distributions at sites with well stratified water columns where nitrate was 0.02 and 0.08 μM (plus 1 sample < 30 nM detection limit) at the surface and 0.05 to 0.3 μM (0.17 ± 0.13 μM, n = 3) in the deep chlorophyll maximum (DCM). (D) Distributions in surface (SU, 2–14 m) or near the base of the photic zone (31-41 m) at mesotrophic sites. (E,F) P. calceolata 18S rRNA gene copies ml–1 enumerated by qPCR in the same samples as analyzed for panels C, D. Note the different scale on the y-axis in (E) and (F). ND: no data. Error bars represent the standard deviation of three technical replicates.


Oligotrophic nitrate concentrations at the surface ranged from < 30 nM (detection limit) to 80 nM, and from 50 to 300 nM (n = 3) at the DCM, while phosphate was much higher (e.g., > 340 nM, Supplementary Table S5). Similar to BATS, Prochlorococcus dominated photosynthetic amplicons at ENP OLIGO sites, forming 92 ± 2% and 84 ± 6% at the surface and DCM phytoplankton amplicons, respectively (Supplementary Figure S6A). Eukaryotic phytoplankton amplicon contributions (7 ± 2%, surface; 15 ± 6%, DCM) followed and were higher than Synechococcus (0.9 ± 0.0%, surface; 0.2 ± 0.1%, DCM). Stramenopiles comprised 69 ± 5% and 57 ± 7% of plastid amplicons, at the surface and DCM, respectively, appearing to dominate eukaryotic phytoplankton amplicons in the oligotrophic stations (Supplementary Figure S6C).

At ENP MESO stations, eukaryotic phytoplankton amplicons were more abundant at the surface (59 ± 18%) and SCM (65 ± 21%) than cyanobacteria (Supplementary Figure S6B). In the four MESO SCM samples stramenopiles averaged 45 ± 8% of total plastid amplicons. During the more nutrient rich ENP MESO sample periods (2011 and 2012, 2.05 ± 0.66 μM; surface NO3–) stramenopile contributions were 22 ± 9% in surface waters, similar to BATS during the DM period (23 ± 15%). In 2009 and 2013, when ENP MESO surface nitrate was lower (0.33 ± 0.10 μM), stramenopile contributions were stronger, more akin to oligotrophic waters (Supplementary Figure S6D).

Among stramenopiles, dictyochophyte amplicons were the most highly represented in OLIGO surface samples (70 ± 6%). They formed 13 ± 6% of stramenopile amplicons at the MESO surface and SCM, similar to the OLIGO DCM (16 ± 5%) (Figures 4C,D). Pelagophytes had the highest relative abundances within stramenopile amplicons in OLIGO DCM samples (70 ± 6%). They formed 73 ± 8% and 56 ± 17% of stramenopile amplicons at the MESO surface and SCM, respectively, while much lower in OLIGO surface samples (14 ± 0%).



ENP Dictyochophyte and Pelagophyte Diversity Patterns

We next evaluated the community structure of dictyochophytes and pelagophytes in the ENP. Among dictyochophytes, DEC-I (43 ± 3%) and DEC-VI (19 ± 3%) were notable in OLIGO surface samples (Figure 3B) as observed in BATS surface samples during the Transitional and Maximum Stratified periods. At the ENP SCM and DCM, FC-III and FC-I contributions were higher than either DEC-I and DEC-VI (Figure 3B; 29 ± 6%, FC-III; 28 ± 3%, FC-I). FC-III was also prominent in ENP mesotrophic waters, representing 24 ± 8% (surface) and 27 ± 10% (SCM) of total dictyochophyte amplicons (Figure 3B). Contributions from other Florenciella clades to dictyochophyte amplicons were also notable in ENP MESO samples, such as FC-I (19 ± 2%, surface; 22 ± 6%, SCM) as well as FpC (12 ± 11%, surface; 17 ± 9% SCM) which was not observed in ENP OLIGO samples. The latter two Florenciella clades were rare in BATS amplicon data. Another clade that appeared to have greater importance in the ENP relative to BATS was DEC-IV, which formed 15 ± 9% (surface) and 12 ± 6% (SCM) of MESO dictyochophyte amplicons.

With respect to pelagophytes, PcC was the most prominent clade in ENP mesotrophic waters, forming 83 ± 8% (surface) and 78 ± 9% (SCM) of the total pelagophyte amplicons (Figure 3A). It represented 24 ± 13% (surface) and 20 ± 8% (SCM) of total plastid amplicons. PEC-VIII formed only 8 ± 6% (surface) and 8 ± 7% (SCM) MESO pelagophyte amplicons, similar to OLIGO DCM (6 ± 3%) levels. PcC contributions to total pelagophyte amplicons were high (88 ± 3%) in OLIGO DCM samples but dropped to 2 ± 3% in surface waters, concurrent with an increase in PEC-VIII (63 ± 26%). Amplicons assigned to the clade containing A. anophagefferens and PEC-III were ≤ 10% on average in all ENP OLIGO and MESO samples. Other environmental pelagophyte clades were detected and contributed < 1% or, for Pelagococcus, PEC-VII and PEC-IX, averaged < 10% of total pelagophyte amplicons in oligotrophic surface waters.

To further validate results derived from amplicon relative abundance patterns we quantified abundance using qPCR (Figures 4E,F). Secondly, having noticed that dictyochophytes reach their highest relative abundances during the stratified conditions, when the oligotroph Prochlorococcus exhibits its greatest numerical abundances, we examined the potential trophic modes and evolution of uncultured dictyochophytes for clues to their success in nutrient-deplete systems (Durand et al., 2001; Malmstrom et al., 2010).



Relationship Between Relative Amplicon Abundance and Quantitative Analysis

Our analyses identified previously unrecognized environmental clades and provided insights into dynamics of phytoplankton community structure. However, patterns in relative amplicon abundance are strongly influenced by the interplay between a taxon’s own abundance and changing abundances of other taxa. Moreover, differences in gene copy number between different phytoplankton groups remain unconstrained (Demir-Hilton et al., 2011; Limardo et al., 2017). Therefore, using PcC as a case study, we quantified P. calceolata abundance in Line-67 samples using an 18S rRNA qPCR primer-probe set developed herein (Supplementary Tables S6, S7). P. calceolata was selected because of its importance in samples with higher nutrient concentrations at both BATS and the ENP, and in other semi-quantitative studies (Worden et al., 2012; Dupont et al., 2015). The abundance of P. calceolata varied considerably in mesotrophic samples over the four years: 5,882 ± 2,855 (surface) and 3,917 ± 1,976 (SCM) 18S rRNA gene copies ml–1 (range from 792 to 10,596 18S rRNA gene copies ml–1). It had low abundance in OLIGO surface samples (9 ± 11 copies ml–1; range from below detection to 26 copies ml–1; Figures 4E,F), in agreement with amplicon analyses. Its abundance was higher at the OLIGO DCM (992 ± 538 copies ml–1; range 289 to 1,665 copies ml–1), supporting its prominence in DCM amplicon data (Figures 4C,D).

Amplicon relative abundance data did sometimes mask differences observed in quantitative abundance data. For example in 2009, surface and SCM mesotrophic samples showed abundances of 3,334 ± 425 and 819 ± 24 18S rRNA gene copies ml–1, respectively (Figure 4F; SU vs. 41 m), whereas relative abundance of P. calceolata in stramenopile amplicons was almost equal (55%, surface; 56%, SCM) between these samples (Figure 4D), and only moderately different relative to all plastid amplicons (40%, surface; 30% SCM). Additionally, while there was little difference in absolute abundance between 2011 and 2012 mesotrophic SCM samples (Figure 4F; 35 m in 2011 vs. 31 m in 2012), amplicon data suggested there were large changes (Figure 4D), which, in light of the qPCR data, now appear to have been driven by increased abundance of other phytoplankton taxa in the 2011 sample, reducing relative pelagophyte contributions.



Dictyochophyte Dynamics and Activity Expose a Predatory Mixotroph Signature

The distribution patterns of environmental dictyochophyte clades showed greater prominence during conditions of low nutrient availability where predatory mixotrophic strategy might be advantageous (Edwards, 2019; Wilken et al., 2019). We therefore used single-cell sorting that targeted eukaryotic cells (Cuvelier et al., 2010) with stained food vacuoles to try to recover mixotrophic dictyochophytes in ENP waters (Figures 4A,B; Stations M1 and M2; Supplementary Figure S7A). Several uncultured dictyochophytes were recovered based on 16S V4 amplicon sequencing (Supplementary Figure S7B). Sequencing of single-cell sorts revealed a dictyochophyte representing DEC-IV (DEC-IV sort, 100% nt identity), a Pseudopedinella-like dictyochophyte (Pseudopedinella-like sort, 97% nt identity), two Pedinellales-like sorts and seven other more divergent dictyochophytes that had < 95% nucleotide identity to reference sequences, based on analysis of the V4 region of the 16S rRNA gene.

The seven more divergent sorted dictyochophytes formed two distinct environmental clades. One, DEC-IX comprised four sorted cells (Supplementary Figure S7B) for which we then sequenced the complete 16S rRNA gene in order to better resolve their phylogeny relative to other dictyochophytes. The reconstruction based on near-full length 16S sequences indicates that DEC-IX is basal to multiple other environmental sequences and clades (Supplementary Figure S8). The other three more divergent sorted cells grouped together, forming the distinct clade DEC-X (Supplementary Figure S7B). DEC-X cells were unlike other sorted cells in having minimal chl a fluorescence (i.e., near the baseline in the chl a channel), indicating they potentially had non-functional remnant plastids (achlorophyllous), or very low chlorophyll content, and hence likely require prey to grow (Supplementary Figure S7A).

We next constructed both full-length 18S rRNA gene and 18S V4 amplicon–based reconstructions for the dictyochophyte sorts (Supplementary Figure S9). All but one 18S amplicon were placed in environmental-only clades. The one exception (termed here CCMP2098-like sort 1) had 100% 18S rRNA gene identity to cultured Pedinellales isolates from the Arctic Ocean, i.e., CCMP2098, RCC2301 and RCC2286. The branching position of the CCMP2098 clade differed between the 18S and 16S rRNA gene reconstructions, but it was consistently separate from Florenciella. Unfortunately, incomplete taxon sampling of dictyochophyte (especially the lack of 16S and 18S rRNA genes from the same reference organisms) confounds comparisons of the tree topologies at finer scales.

Given the interesting phylogenetic position of the new DEC-IX clade, as well as the paucity of genomic data from dictyochophytes, we next performed metagenomic sequencing on cells that had both chlorophyll fluorescence and food vacuoles (based on LysoTracker and LysoSensor signals; Supplementary Figure S7A). We assembled DEC-IX’s complete chloroplast genome, which has 100,783 bp (36.9% G+C) and encodes 113 proteins, 28 tRNAs, and an rRNA operon as well as other features (Figure 5A). Compared to P. calceolata (Worden et al., 2012), which was also abundant in our amplicon data, the DEC-IX chloroplast genome has two fewer protein encoding genes, 6 additional characterized genes (psaE, psbY, ycf66, rpl12, rpl32 and rps19), and additional ORFs, ORF1 and ORF2, of unknown function (Supplementary Data S2).
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FIGURE 5. The complete chloroplast genome of (A) uncultured dictyochophyte DEC-IX (B) and wild P. calceolata (Worden et al., 2012), and transcriptional activity in the ENP. Recruitment of metatranscriptomic reads (inner layers) at ≥ 99% nucleotide identity shown as mapped reads binned at 100 bp increments and log2 transformed for the heat plots which reflect the normalized transcripts. While the metatranscriptomes were unreplicated and therefore unsuitable for quantifying expression, qualitatively, similar patterns of expression were observed for genes present in both the DEC-IX and P. calceolata chloroplast genomes. All come from surface samples except the 67-155 metatranscriptome (100 m, DCM). Outermost ticks represent kilobase pairs (chloroplast genome size). (C) Structure of the psaA gene group II intron, showing upstream and downstream exons, intron domains and conserved IEP consisting of a reverse transcriptase (RT), a maturase domain (X), a DNA-binding domain (D) and an endonuclease domain (En).


The DEC-IX plastid genome also has a group II intron (2923 bp) inserted in the psaA gene (Figure 5C). The DEC-IX psaA gene appears to be intact with no sign of disruption by this intron invasion and was actively expressed in ENP metatranscriptomes (Figure 5A). Based on predicted secondary structure, it is a type IIB intron with six predicted RNA domains (DI-DVI) common to group II introns and contains the conserved specific junction sequences at the boundaries of the introns (5′-GUGYG…AY-3′) (Lambowitz and Zimmerly, 2011). An IEP (Intron Encoded Protein) of 593 amino acids is encoded within the loop of DIV, containing the characteristic domains for reverse transcriptase (RT), maturase (X), DNA binding (D) domain and the H-N-H endonuclease domain (En). Transcripts from psaA and the group II intron were identified in the seven ENP metatranscriptomes analyzed by mapping to the chloroplast genome generated herein (Figure 5). Otherwise, major components of PSII from both DEC-IX and P. calceolata, encoded by psbA, psbB, psbC and psbD, were most highly expressed along the transect, relative to the other chloroplast-encoded genes they contain, as were the RUBISCO small and large subunits rbcS and rbcL (Figures 5A,B and Supplementary Data S3). Furthermore, the two novel DEC-IX ORFs (ORF1, 276 nt and ORF2, 915 nt) were transcribed. Akin to amplicon relative abundance patterns, higher read numbers mapped to DEC-IX in surface samples, than in the single DCM metatranscriptome sequenced, in which P. calceolata recruited many transcripts (Supplementary Data S3).



DISCUSSION

Here, 16S rDNA-based metabarcoding methods were used to examine phytoplankton diversity in time-series (BATS) and transect (ENP) samples. We captured marked seasonal trend and contributions from photosynthetic stramenopiles, which accounted for up to 73% of the total eukaryotic phytoplankton amplicons in the samples. The high relative abundances of dictyochophytes in oligotrophic waters and pelagophytes in mesotrophic or seasonally nutrient rich waters that we report are a previously unrecognized feature of stramenopile ecology. We focused on the unexpected observation that dictyochophytes, a stramenopile class largely represented by silicoflagellates in culture (Eikrem et al., 2004), reached their highest relative abundances in the most oligotrophic samples. High precision in phylogenetic identification was achieved by building a well curated backbone tree from plastid sequences, enabling us to identify transitions among numerous uncultured clades that had not clearly emerged from previous studies.


Phytoplankton Successional Patterns

Our amplicon analyses demonstrated that prasinophytes bloom during the BATS DM period, consistent with results from an earlier T-RFLP study (Treusch et al., 2012). These blooms were followed by a shift to eukaryotic communities dominated by stramenopiles as the water column became stratified and nutrients decreased (Figure 1D). At the coarse level of phylogenetic supergroups, eukaryotic phytoplankton did not shift dramatically after DM, unlike cyanobacteria, where Prochlorococcus dominance was most pronounced late in the stratified period (Figure 1C). However, the high-resolution analysis of eukaryotic plastids captured previously unobserved seasonal shifts in the stramenopile community at BATS. During the DM period, pelagophytes, specifically PcC, were the dominant stramenopiles. In the transition to stratification, we observed reduced percentages of pelagophyte amplicons and increased contributions from dictyochophytes. During the stratified period, when stramenopiles were the most prominent eukaryotic phytoplankton, surface waters were dominated by dictyochophytes, while pelagophytes exhibited higher relative contributions in DCM communities (Figure 2A and Supplementary Figure S1). Diatoms, the most well-studied photosynthetic taxa among stramenopiles, rarely reached high relative abundances in our 10 year ∼monthly sample set and their variability (0 to 37% of stramenopile amplicons) appeared to be driven by punctuated, ephemeral blooms occurring or captured in some years and not others.

When the highly resolved genetic data was synopsized to provide a qualitative overview of the biogeography of the major phyla in the ENP, distinct spatial distributions were identified across environmental gradients, from oligotrophic ocean dominated by Prochlorococcus, to a mesotrophic region with increased signals from Synechococcus and eukaryotic phytoplankton. While not a focus in this paper, our primers clearly recovered diatoms as these phytoplankton were abundant in an ENP coastal sample (Supplementary Figure S10). Among eukaryotic phytoplankton at the mesotrophic and oligotrophic sites, stramenopiles and prasinophytes were the two most abundant phyla (Supplementary Figure S6). The seasonal analysis of BATS revealed that large overall contributions of stramenopiles at the surface and DCM during stratified periods were driven by pelagophytes and dictyochophytes, paralleling features of community structure observed in OLIGO ENP samples. In contrast, the ENP mesotrophic region showed interannual variability at the surface, with stramenopile dominance during 2009 and 2013, versus prasinophyte dominance during 2011 and 2012. Mesotrophic ENP stations were dominated by pelagophyte amplicons throughout the photic zone (64 ± 15%), similar to what was observed during the DM period at BATS (60 ± 21%). Indeed, hierarchical clustering based on stramenopile classes using BATS and ENP surface amplicon data, for which we had the greatest statistical power, showed the BATS DM period clustering with mesotrophic ENP sites and the stratified periods with oligotrophic ENP sites (Supplementary Figure S11). Additionally, contributions at depth were remarkably stable over the regimes and sites studied, although stramenopiles in the ENP MESO SCM were notably higher than at BATS during DM period (Supplementary Figure S6D). We note that the ENP MESO SCM has measurable nutrients while at BATS during the DM period nutrients are frequently below detection. As a whole, stramenopiles contributed less to the overall community relative to other phytoplankton groups, particularly prasinophytes and cyanobacteria, in BATS DM and ENP MESO samples. However, collectively, the dominant stramenopile lineages across seasonal and combined regime averages for BATS, and the ENP OLIGO and MESO sites, were dictyochophytes and pelagophytes.

High-performance liquid chromatography-based studies have reported that pelagophytes and haptophytes are important at BATS, with abundance peaks occurring during DM and at the DCM (Andersen et al., 1996; Goericke, 1998; Haidar and Thierstein, 2001; Steinberg et al., 2001). Additionally, prasinophytes were shown by qPCR to have high numerical abundances during spring and even to bloom relative to other taxa during DM based on T-RFLP analyses (Treusch et al., 2012), similar to our observations. Silicoflagellates have also been reported at BATS, in a microscopy-based study on haptophytes (Haidar and Thierstein, 2001). Our studies resolve phytoplankton molecular diversity and seasonal patterns, and demonstrate a previously unrecognized nutrient-linked seasonal switch between pelagophytes and dictyochophytes.

Our findings demonstrate that dictyochophyte amplicons form the greatest percentage of those from eukaryotic phytoplankton, and dominate stramenopile amplicons in surface waters throughout the stratified period at BATS (Figure 2A) and in oligotrophic surface waters of the North Pacific Gyre (Figure 4C). These results are different from conclusions on important taxa in prior studies and it is possible that the seasonal importance of dictyochophytes observed herein has gone undetected in some studies, especially HPLC-based studies, because their pigments overlap with those of better-studied taxa, such as diatoms. Cultured dictyochophytes contain Chl a and c, and fucoxanthin as the main carotenoid, a carotenoid also found in diatoms, haptophytes and chrysophytes, alongside one acylfucoxanthin derivative, 19′-butanoyloxyfucoxanthin [19′-but], which is generally considered a specific marker for pelagophytes (Daugbjerg and Henriksen, 2001; Eikrem et al., 2004; Chang et al., 2012). Thus, cultured dictyochophytes exhibit pigments typically considered as markers for other, better-studied phytoplankton classes (Daugbjerg and Henriksen, 2001). Variations in pigment composition among the few cultured dictyochophyte groups further confound field sample interpretation. For example, Dictyocha speculum and Vicicitus globosus possess 19′-hexanoyloxyfucoxanthin [19′-hex], a major pigment in haptophytes (Daugbjerg and Henriksen, 2001; Chang et al., 2012), whereas pedinellids and Rhizochromulina have 19′-but and lack 19′-hex (Daugbjerg and Henriksen, 2001). Our analyses indicate that dictyochophytes likely contribute significantly to the oceanic 19′-but and 19′-hex pigment pool, and that their contributions were previously miss-assigned to pelagophytes and haptophytes. Indeed, as outlined above, prior HPLC studies at BATS indicated haptophytes and pelagophytes were the most abundant eukaryotic phytoplankton groups (Andersen et al., 1996; Goericke, 1998; Steinberg et al., 2001). Given that our primers clearly recovered pelagophytes and haptophytes, it seems likely that the importance of dictyochophytes in eukaryotic phytoplankton communities has been significantly underestimated. Collectively, these results shift our view of how different phytoplankton groups contribute at BATS, and in the ENP, and identify potential shifts in trophic modes among eukaryotic phytoplankton (see below).



Extensive Molecular Diversity of Photosynthetic Stramenopiles

In addition to the broad trends discussed above, phylogenetic reconstructions of near full-length 16S rRNA gene sequences revealed numerous previously unrecognized clades within both the pelagophyte (Figure 2B) and dictyochophyte (Supplementary Figure S5) classes. Moreover, we identified a novel eukaryotic (plastid-based) clade that is a sister of bolidophytes and may represent a new stramenopile class (Supplementary Figure S2).

High resolution phylogenetic comparisons of stramenopiles between BATS and the ENP indicated that several dictyochophytes clades, DEC-I, DEC-VI and FC-III, were prominent at BATS and ENP (Figure 3B). These groups also drove the trends seen for the overall class. Among dictyochophyte amplicons, DEC-I and DEC-VI were prevalent during the Transitional and Maximum Stratified periods in BATS surface waters and oligotrophic ENP surface waters, while FC-III was prominent during DM period and the DCM of the ENP oligotrophic site. Different patterns were observed for other clades, such as FC-I and FpC, which were barely detected at BATS and more abundant along ENP Line-67. Similarly, increased contributions from DEC-IV were found in ENP samples (Figure 3B). Among pelagophytes PcC showed high relative abundances at depth throughout the year at BATS and on Line-67 (mesotrophic and oligotrophc stations), whereas it had much lower relative abundances at the surface during the BATS stratified period and on Line-67 at the most oligotrophic sites (Figure 3A). In contrast PEC-VIII showed high relative abundances among pelagophytes at BATS throughout the year regardless of depth or period, but in the ENP only exhibited high abundance at the surface of the oligotrophic site. Our results also indicate that current phytoplankton isolation enrichment methods are not suited to recovering these important taxa, as frequently discussed for heterotrophic protists (Keeling et al., 2014; Needham et al., 2019), or that insufficient effort has been made to recover cultures from oligotrophic sites. In fact, just one dictyochophyte clade observed in our samples is represented in culture, and it exhibited higher relative abundances in more nutrient-rich waters, whereas the key clades found in oligotrophic samples remain uncultured.



Distinct Pelagophyte Clades and Contributions During More Nutrient Rich Periods

The first described pelagophyte, Pelagomonas, is considered a cosmopolitan genus that is frequently isolated from sea water (Andersen et al., 1993; Andersen et al., 1996). Recently, metagenomic approaches revealed their presence in SCM communities, but not in the surface (Dupont et al., 2015). Our results clearly demonstrated that P. calceolata is among the major phytoplankton taxa in SCM/DCM communities, at least based on relative amplicon abundances. This corresponds well with results from a metagenomic mapping study using the P. calceolata chloroplast genome, which showed it being broadly distributed (Worden et al., 2012). Additional metatranscriptomic (Dupont et al., 2015; Kolody et al., 2019) and qPCR (herein) studies correspond relatively well with our amplicon-based inferences. Interestingly, a metatranscriptomic study in the oligotrophic North Pacific suggested that P. calceolata dominated nitrate assimilation in the SCM, but was experiencing nutrient stress in surface waters (Dupont et al., 2015). Here, during the BATS DM period, when vertical mixing brings nutrients to the surface, P. calceolata showed higher relative abundances at the surface than throughout the rest of the year (Figure 3A), supporting the idea that this species relies on nitrate as a primary nitrogen source. In terms of overall abundances, while P. calceolata was detected by qPCR and formed a notable percentage of stramenopile amplicons, other eukaryotic phytoplankton comprised the majority of plastid amplicons at BATS during DM and often in the ENP MESO samples (e.g., prasinophytes, up to 79% of plastid amplicons in each setting).

We identified an unknown pelagophyte clade, PEC-VIII, in ENP OLIGO and BATS stratified surface waters where nutrient availability was low relative to other periods and sites (Figure 3A). Reference sequences for PEC-VIII clade come from prior studies in the northeast subarctic Pacific, South Pacific, tropical Pacific near Cocos island, and the ENP (Allers et al., 2013; Yin et al., 2013; Choi et al., 2017), suggesting their broad distribution and potential importance in the phytoplankton communities of oligotrophic surface oceans. At BATS, PEC-VIII was a major contributor at the surface during the stratified period. Phagotrophy has not yet been observed in cultured pelagophytes (Stoecker et al., 2006), however, Aureococcus utilizes dissolved organic matter (as likely many phytoplankton do).



Dictyochophyte Importance in Oligotrophic Surface Oceans

Dictyochophytes have been reported in other molecular surveys of planktonic communities (Shi et al., 2011; de Vargas et al., 2015). A striking finding from our high-resolution phylogenetic analyses beyond the broad molecular diversity of dictyochophytes (Supplementary Figure S5), which has been noted in the Tara Oceans study (de Vargas et al., 2015), is the remarkably strong, reproducible patterns that aligns with low nutrient conditions or potentially co-associated factors (e.g., temperature, Figure 3B). In our samples dictyochophytes formed up to 81% and 77% of stramenopile amplicons in oligotrophic BATS and ENP surface waters, respectively, and, on average, 64 ± 12% during the Maximum Stratified period at BATS, and 70 ± 6% in the ENP OLIGO surface waters (Figures 2A, 4D). Further, the majority of these amplicons came from uncultured dictyochophyte groups that we identify herein.

One factor that could drive plankton composition in oligotrophic waters is vitamin biosynthesis capabilities, since vitamins exhibit low concentrations (Sañudo-Wilhelmy et al., 2012). For example, eukaryotic phytoplankton taxa present at BATS exhibit different configurations of thiamin biosynthetic genes (McRose et al., 2014; Gutowska et al., 2017; Paerl et al., 2017), which led us to investigate available dictyochophyte transcriptome-derived genomic information (Keeling et al., 2014). Pseudopedinella elastica CCMP716 and the related undescribed species CCMP2098 have complete thiamin pathways (Supplementary Table S8) and phylogenetically group together with clade DEC-I, the main dictyochophyte clade in stratified waters (Figure 3B). The other dictyochophyte with a complete pathway, D. speculum CCMP1381, is never numerically abundant in our samples. The four Florenciella transcriptomes in the MMETSP dataset contain only one or no genes from the thiamin pathway (Supplementary Table S8). While absence in transcriptomes is not definitive, it is interesting to note that the environmental Florenciella-like clades are most abundant when nutrients are elevated (although vitamin concentrations are not known), such as in BATS surface waters during deep mixing, the DCM, and ENP mesotrophic waters (Figure 3B).



Biology and Evolution of Dictyochophytes

Most of the clades identified herein lack cultured representatives. Hence, reports of dictyochophyte biology, including reports of predatory, mixotrophic nutritional modes (Sekiguchi et al., 2003), come largely from cultured taxa that belong to phylogenetic clades different from those that dominated at BATS and the ENP (Supplementary Figure S5). Likewise, our knowledge of dictyochophyte pigment composition (Daugbjerg and Henriksen, 2001; Eikrem et al., 2004; Chang et al., 2012), and silicoflagellate cell structure (Henriksen et al., 1993), comes from cultured species. Silicoflagellates have served as paleoecological markers, due to their distinct silicate skeletons (Rigual-Hernandez et al., 2016), and have been shown to be common in nutrient rich, high-latitude environments by HPLC and light microcopy (van de Poll et al., 2018). The Dictyochales order as a whole takes a basal position within the dictyochophyte phylogeny (Supplementary Figure S5). Further, Florenciella which holds a less basal position, encodes the well characterized SIT gene, a Si transporter, also present in diatoms and several other marine eukaryotic lineages (Marron et al., 2016) and is purportedly a mixotroph based on field SIP data (Frias-Lopez et al., 2009). Because the dominant clades observed at BATS and the ENP lack cultured representatives, it remains unclear whether the capacity to feed via phagocytosis extends across dictyochophyte diversity. However, as with diatoms (Durkin et al., 2016), which were low in relative abundance at our study sites, dictyochophyte silicification has been associated with efficient carbon export (Marron et al., 2016; Rigual-Hernandez et al., 2016).

Just one known predatory mixotrophic stramenopile had a sequenced chloroplast genome, the chrysophyte alga Ochromonas CCMP1393 (Supplementary Figure S2) (Sevcikova et al., 2015), until the recent addition of plastid genomes from four cultured dictyochophytes species D. speculum, Rhizochromulina marina, F. parvula and P. elastica (Han et al., 2019). We sequenced the complete chloroplast genome of newly identified uncultivated clade DEC-IX from a wild cell. The phylogenetic position of DEC-IX requires further evaluation using phylogenomic approaches, as the tree topology using near full length 16S rRNA gene sequences was supported primarily at terminal nodes (Supplementary Figure S8), and the use of missing positions to place 16S and 18S amplicons (Supplementary Figures S7, S9) also rendered largely unsupported nodes, apart from terminal nodes. The DEC-IX chloroplast genome (100,783 bp) is smaller than that of Ochromonas and several other stramenopiles, e.g., diatoms and eustigmatophytes (Sevcikova et al., 2015), and the four dictyochophytes, which range from 108,152 to 140,025 bp. However, it is larger than that of P. calceolata (91,306 bp), one of the major players in our study, and other pelagophytes (A. anophagefferens, 89,599 bp; A. lagunensis, 94,346 bp) (Ong et al., 2010). The numbers of protein encoding genes in the chloroplast genomes of DEC-IX and the four cultured dictyochophytes (Han et al., 2019) are similar. Curiously, both the D. speculum and DEC-IX plastid genomes lack the inverted repeats (IRs) present in other dictyochophyte plastid genomes (Han et al., 2019) and many other plastid-bearing taxa (Sabir et al., 2014). D. speculum however, has a distinct phylogenetic position from DEC-IX, based on 16S and 18S phylogenies (Supplementary Figures S7–S9).

The group II intron in the psaA gene of DEC-IX is relatively rare. PsaA encodes a protein critical for binding P700, the primary electron donor of photosystem I. The presence of a mobile genetic element, specifically a group II intron in a psaA gene, has previously been reported in the green alga Chlamydomonas reinhardtii (Perron et al., 1999), and, among stramenopiles, in a diatom, Toxarium undulatum (Ruck et al., 2017), and most recently D. speculum, but not R. marina, F. parvula, P. elastica or other taxa (Han et al., 2019). Group II introns have also been reported in a handful of other plastid genes in other taxa (Perrineau et al., 2015). The intron within the diatom psaA gene lacks the En domain that confers mobility, and the C. reinhardtii chloroplast genome lacks this domain as well. In contrast, both the D. speculum and DEC-IX psaA genes contain a fully functional mobility element. The field transcriptomes mapping to this intronic region indicates its expression levels are similar to psaA (Figure 5A).



Mixotrophy in Dictyochophytes

It is long known that some groups of phytoplankton engage in phagotrophy. These predatory mixotrophs prey upon other microbes and photosynthesize, an important factor because, depending on the extent of prey consumption and respiration versus photosynthesis, contributions to primary production are altered (Mitra et al., 2014; Flynn et al., 2019). Further, predatory mixotrophs are recognized as being quantitatively important in marine ecosystems (Worden et al., 2015; Ward and Follows, 2016; Edwards, 2019). Field experiments indicate that mixotrophs contribute close to 50% of total bacterivory at an oligotrophic site in the Mediterranean (Unrein et al., 2007) and in open ocean areas along a north-south transect in the Atlantic Ocean (Hartmann et al., 2012). The relative importance of predatory mixotrophs may vary with depth, for example a Sargasso Sea study found that 50% of photosynthetic nanoflagellates consumed prey in the surface mixed layer, while only 0.5% ingested prey in the DCM (Arenovski et al., 1995). Further, based on modeling studies, the combination of high light intensities and low availability of dissolved nutrients (as would occur in the surface) has been suggested to favor mixotrophs over photoautotrophic algae in oligotrophic surface waters (Duhamel et al., 2019; Edwards, 2019).

The phylogenetic affiliations of predatory mixotrophs remain poorly characterized, especially in offshore oligotrophic waters. Identification based on FISH showed high rates of bacterivory by haptophytes in the Mediterranean Sea, as well as cryptophytes and dinoflagellates (Unrein et al., 2014), the latter two being well recognized mixotrophic groups, including in oligotrophic ocean regions (Stoecker, 1999; Duhamel et al., 2019). By the same approach, haptophytes and chrysophytes (another stramenopile lineage) were found to feed on Prochlorococcus in the Atlantic subtropical gyres (Hartmann et al., 2013). Moreover, an obligate-predatory strategy has been reported for two cultured marine chrysophytes belonging to the Ochromonas genus, which, although actively photosynthesizing in the light, cannot achieve positive growth rates by photosynthesis alone, and one of which can live without light (Wilken et al., 2020).

Microscopy on field samples comes with its own set of challenges, including that FISH requires sequence information for the design of probes with specific targets. Our results provide target sequence information and an impetus to examine dictyochophytes in the field. This may help to fill in gaps, as in the Mediterranean study discussed above, where only about 50% of mixotrophic flagellates could be identified either morphologically or by the FISH-probes employed (Unrein et al., 2014). To date feeding by dictyochophytes has not been targeted in FISH studies, but situations in which they dominate amplicon reads from eukaryotic phytoplankton are ecologically similar to the oligotrophic surface waters of the Sargasso Sea (Arenovski et al., 1995), where a high proportion of actively feeding photosynthetic flagellates had been observed and the dominant phytoplankton are cyanobacteria (Figure 1C). In combination with our observation that flow sorted phytoplankton cells containing acid vacuoles are substantially composed of photosynthetic dictyochophytes, this suggests that the success of at least several dictyochophyte clades at BATS involves predatory mixotrophy - and that this is likely a means by which summertime photosynthetic eukaryotes acquire nutrients and can co-exist with cyanobacteria in the upper water column. The higher amplicon abundances of dictyochophytes relative to diatoms and other eukaryotic phytoplankton outside the picoplankton size class, may further reflect a capacity to outcompete these other eukaryotic taxa for nutrients by circumventing reliance on transporter affinity and an optimized surface to volume ratio.

Various lines of evidence indicate that predatory mixotrophy is at least common within dictyochophytes. Members of the Pedinellales from freshwater and marine environments have been reported as predatory mixotrophs (Sekiguchi et al., 2003), and photosynthetic freshwater Pseudopedinella can be important bacterivores in lakes (Gerea et al., 2016). The purely heterotrophic dictyochophyte species Pteridomonas danica and Ciliophrys infusionum lost photosynthetic capacity independently from each other, although both retain a non-photosynthetic plastid (Sekiguchi et al., 2002). DEC-X had an ill-supported position in the phylogenetic reconstructions and potentially could be a heterotrophic predator, since, although it retains a plastid 16S rRNA gene and presumably a plastid genome, it lacked chlorophyll fluorescence and was selected by having a stained vacuole (Supplementary Figure S7). In contrast to DEC-X, DEC-IX clearly retained a fully functional plastid, showing both chlorophyll fluorescence and expression of key photosynthetic genes. Evidence that a marine Florenciella species (Supplementary Figure S9; 98.5 – 99.8% nt identity to F. parvula) could be a predatory mixotroph comes solely from 18S rRNA data from an on-deck SIP experiment in the Pacific Ocean (Frias-Lopez et al., 2009) during which these taxa incorporated 13C from labeled cyanobacteria. Predatory mixotrophic trophic modes could thus be widely represented among diverse dictyochophytes, potentially including some of the environmental clades recovered here. The fact that 74 ± 15% of the dictyochophyte amplicons in our oligotrophic surface ocean samples do not have cultured counterparts calls for targeted efforts to characterize their physiology and ecological roles.



CONCLUSION

Our field studies show that similar eukaryotic phytoplankton community structure patterns can be observed along different zones of the ENP when compared to seasonal periods in the Sargasso Sea. Prasinophyte algae comprise the bulk of eukaryotic amplicons in mesotrophic conditions and the deep mixing period at BATS, but among stramenopiles, pelagophytes are also notable under these conditions. We observed considerable diversity in pelagophytes and found that one species in particular, P. calceolata, persisted at the DCM in oligotrophic regimes. Additionally, a previously undescribed environmental clade, PEC-VIII, was also abundant among stramenopile amplicons. However, it was dictyochophytes that dominated eukaryotic phytoplankton amplicons in those regions of the water column where nutrient availability was at its lowest, regions where prior studies indicate mixotrophy is most prevalent. The cell sorting experiments indicated that the taxa comprising natural dictyochophyte populations have food vacuoles (Wilken et al., 2019), implying that they are predatory mixotrophs. Of note, both diatoms and at least some dictyochophytes require Si, opening the potential for competitive exclusion between these taxa, and for both to be agents of biomass export. We propose that dictyochophytes acquire nutrients from prey, circumventing direct competition with Prochlorococcus and Synechococcus for inorganic nutrients. This would enable them to contribute significantly to net primary production in the oligotrophic regions without relying on uptake of scarce dissolved nutrients.

Our findings support the outcomes of models that a synergistic coupling exists between prey ingestion for nutrients, and photosynthetic acquisition of carbon and energy, which enables mixotrophs to be successful in stable oligotrophic gyres (Duhamel et al., 2019; Edwards, 2019). Mixotrophic behavior also has consequences when assimilated into global food web models, shifting biomass to larger size classes and thereby enhancing sinking carbon flux (Ward and Follows, 2016). Thus, although the amount of carbon traversing food webs via mixotrophic inputs and the distribution of mixotrophic behaviors across algal diversity remain sparsely explored, there are mounting reasons to regard mixotrophy as a widespread behavior that significantly alters carbon cycling. Our results, combined with outcomes from modeling studies (Ward and Follows, 2016; Edwards, 2019), indicate that the dynamics of these dictyochophytes and other mixotrophs are likely to be sensitive to environmental change connected to enhanced ocean stratification, including changes in the duration and intensity of light exposure.



MATERIALS AND METHODS


Oceanographic Sampling

BATS samples were collected between August 1991 to February 1994, and September 1997 to January 2004 as in Carlson et al. (2009). For ENP study sites, 15 samples were collected on four cruises, WFAD09, CANON11, C0912 and CN13ID, from 2009, 2011, 2012 and 2013, 8 sequenced for a prior cyanobacterial study (Sudek et al., 2015) and 7 sequenced herein (Supplementary Table S5). Samples were collected using Niskin bottles mounted on a rosette equipped with an SBE9 conductivity, temperature and depth (CTD) sensor (Sea-Bird Electronics). Samples for nucleic acid extraction were collected by filtering 500–2000 ml seawater through 0.2 μm pore size polyethersulfone membrane filters (Supor 200, Pall Gelman). Filters were placed into sterile cryovials, flash-frozen in liquid nitrogen and transferred to −80°C until further use. ENP RNA samples were collected by filtering 15–20 L of seawater onto a 3 μm pore-size, 142 mm diameter Versapor filter (Pall Corporation), storing at −80°C and extracting as described previously (Needham et al., 2019). These came from five 2014 samples, two previously sequenced (Needham et al., 2019). Others were processed and sequenced herein, specifically from 20 March at 10 m (ERS3865411) and 20 m (ERS2592094), 5 May at 10 m (ERS3865412) and 20 m (ERS3865413) and 2 April at 20 m (ERS2592093). Samples from 2 April 2014 and 5 May 2014 were pre-filtered through a 30 μm mesh, while those from 20 Mar 2014 were not. In 2013, additional metatranscriptome samples were collected at 10 m at 67–70 and 100 m at Station 67-155 and pre-filtered through a 20 μm mesh before final filtration, freezing and processing. Nutrient data were acquired as described previously for BATS (Treusch et al., 2009) and the ENP (Sudek et al., 2015).



DNA Extraction

Briefly, 384 monthly BATS samples (from August 1991 to February 1994 and September 1997 to January 2004) were extracted as described previously in Treusch et al. (2009). The 15 ENP samples were extracted using the DNeasy Plant Mini Kit (Qiagen) with a modification of the manufacturer’s protocol, as described previously (Demir-Hilton et al., 2011).

Pelagomonas calceolata CCMP1756 was acquired from the National Center for Marine Algae and Microbiota (NCMA) and grown on L1-Si medium at 21°C under a 14:10 h light:dark cycle with 100 μmol quanta m–2 s–1. The culture was harvested during exponential growth by centrifugation at 8,000 × g for 10 min. Most of the supernatant was removed, the pellet resuspended in the remaining ∼1 ml supernatant, transferred to a microcentrifuge tube and pelleted again. DNA was extracted from pellets using the DNeasy Plant Mini Kit following the manufacturer’s protocol.



16S rRNA Gene V1-V2 Amplicon PCR and Sequencing

BATS amplicons were generated as part of a prior study and ENP sequencing used the same 16S rRNA V1-V2 primers 27FB (5′-AGRGTTYGATYMTGGCTCAG-3′) and 338RPL (5′-GCWGCCWCCCGTAGGWGT-3′) as in Vergin et al. (2013), Sudek et al. (2015) using the 454 platform. Twelve samples per plate were sequenced using Roche/454 GS FLX Titanium platform (Roche 454 Life Sciences). Quality control (QC) of 454-pyrosequenced reads was performed using published methods (Hamady et al., 2008). This amounted to 907,022 ENP amplicons in total after QC, as well as 2,540,966 16S V1-V2 amplicons after QC from 384 BATS samples (latitude ranges from 31.164 to 31.906 and longitude from −64.679 to −63.773).



Reference Alignments and Trees for Amplicon Placement

16S rRNA V1-V2 amplicons were initially parsed using PhyloAssigner v6.166 (Vergin et al., 2013) with amplicons from either plastids or cyanobacteria first taxonomically placed using global cyanobacterial and plastid phylogenetic trees, as described in Sudek et al. (2015), Choi et al. (2017). Briefly, this method aligns amplicons to the unmasked alignment from the phylogenetic reconstruction based on full length sequences and requires statistical support for the placement to be considered valid (Matsen et al., 2010). Here, in addition to using the previously published PhyloAssigner alignments (Choi et al., 2017), we took a total of 270 high-quality, near full-length 16S rRNA gene sequences from 84 described stramenopile species and 182 environmental sequences from undescribed stramenopile taxa, including many from 2007 ENP samples (Choi et al., 2017), and aligned them using MAFFT v7.055b (Katoh and Standley, 2013) with default parameters. After manual curation this alignment was used to generate a high-quality stramenopile reference tree, which included four rhodophyte sequences as an outgroup. Positions with gaps were masked using Gblocks v0.91b (Castresana, 2000) and phylogenetic inferences were done using Maximum Likelihood inference implemented in RAxML v8.0.0 (Stamatakis, 2014) under the gamma corrected GTR model of evolution with 1,000 bootstrap replicates (-m GTRGAMMA -f a -# 1,000 parameters) based on the analysis of 1,033 homologous positions. Another maximum likelihood inference was made using PhyML v3.0.1 (Guindon et al., 2010) with the substitution model of gamma corrected GTR and 100 bootstrap replicates (-m GTR -f e -v e -c 8 -a e -b 100 -BEST -n_rand_starts 10). Additional phylogenetic reconstructions were performed in MrBayes v3.2.6 (Ronquist et al., 2012) with the parameters of lset nst = 6 rates = invgamma ncat = 6, and ngenval = 10,000,000 samplefreqval = 1,000 and tempval = 0.200, and the final tree figure was produced with assistance from FigTree v1.4.3 and topology from RAxML (Supplementary Figure S2). More refined specific reference alignments and phylogenetic trees were constructed for two stramenopile classes, pelagophytes and dictyochophytes (Figure 2B and Supplementary Figure S5) using the same approaches described above. Briefly, a total of 68 and 61 sequences were used for pelagophytes and dictyochophytes with 1,210 and 1,066 homologous positions, respectively. To improve the resolution of the trees, 16S rRNA gene reference sequences from the MMETSP datasets (10 for pelagophytes, 5 for dictyochophytes) were added.

In order to ascertain the accuracy of placement of amplicon sequences on the unmasked alignment by PhyloAssigner we performed quality control with a set of known sequences. Specifically, for both the pelagophyte and dictyochophyte reference trees, 10 sets of V1-V2 sequences were generated from 50 near-full length 16S rRNA gene sequences and tested by running them through PhyloAssigner, with the new reference trees, to verify correct classification. The placement results were 100% correct.



Data Set Description and Statistical Analysis

For BATS, 384 monthly samples collected over a 12 year period from 1991 to 2004 were aligned using the month of deepest mixing (month “0”) as the reference point to establish months −1 to +10 (Carlson et al., 2009). Because our focus was on eukaryotic phytoplankton, samples with low amplicon sequencing depth (and poor statistical quality for high taxonomic resolution plastid analysis) were excluded, resulting in retention of 191 samples having > 1,000 total 16S V1-V2 rRNA amplicons and > 100 representing plastids. Of these, 77 were from the surface (0–10 m, 8,025 ± 4,896 16S amplicons sample–1) and 27 from the SCM/DCM (40 – 120 m, 7,395 ± 3,528 16S amplicons sample–1). Eighty-seven came from other depths between 40 and 300 m (7,612 ± 4,592 16S amplicons sample–1). For stramenopile analyses samples were excluded with < 100 for total stramenopile, or < 20 for an individual stramenopile class, amplicons.

Within samples, relative abundance for each phylogenetic subgroup was calculated based on the total number of amplicons from the respective higher taxonomic group (Supplementary Figure S12). Additionally, because Prochlorococcus and Synechococcus generally have one and two copies of the rRNA operon, respectively, the latter were divided by two prior to computing percentages as in (Sudek et al., 2015). At each depth averages and standard deviations (SD) of phylogenetic group abundances were computed per month (−1 to +10) at BATS (Carlson et al., 2009). Due to uneven sample numbers for each month (data S1), the unweighted mean, notated here as μ x̄, equation (1), was calculated as

[image: image]

and the pooled SD, notated here as σ x̄, equation (2), was calculated as

[image: image]

where n is the number of means. Due to limited SCM/DCM data, averages and SDs at this depth were computed using monthly data with ≥ 3 samples that met amplicon cutoff criteria (months 0, DM; +4, +6 and +9 stratified).

Fifteen ENP samples were analyzed using the same PhyloAssigner approach. Overall ENP sequencing depth was greater, with on average 11,300 ± 6,894 total and 3,366 ± 2,641 plastid-derived amplicons recovered per sample excluding one sample with 63,526 total and 26,672 plastid-derived amplicons.



Hierarchical Clustering

Hierarchical clustering was carried out using log-transformed normalized unweighted means of relative amplicon abundances. The approximately unbiased p-values (%) as well as bootstrap probabilities were computed via multiscale bootstrap resampling with 10,000 replications using the R package Pvclust (Suzuki and Shimodaira, 2006), modified to allow Bray-Curtis similarities for distance calculations.



qPCR Primer Design, Testing and Implementation

To generate 18S rRNA gene insert-bearing plasmid standards for qPCR, the 18S rRNA gene was amplified from P. calceolata CCMP1756 using the primers 5′-ACCTGGTT GATCCTGCCAG-3′ and 5′-TGATCCTTCYGCAGGTTCAC-3′ (Moon-Van Der Staay et al., 2001). PCR cloning and plasmids purification was performed as in (Demir-Hilton et al., 2011). Clones were bidirectionally (Sanger) sequenced using Big Dye Terminator chemistry (Applied Biosystems) with plasmid primers M13F/M13R and the two internal primers 502f and 1174r (Worden, 2006).

To quantify P. calceolata abundance, a P. calceolata-specific TaqMan primer-probe set was developed (Supplementary Table S6) after retrieving cultured pelagophyte and environmental 18S rRNA gene sequences from GenBank. Primers specific to P. calceolata were designed manually and a P. calceolata-specific probe sequence was identified using Beacon Designer 8.14 (PREMIER Biosoft International). Melting temperature and secondary structures were checked using OligoAnalyzer 3.1 from IDT SciTools. The primer-probe set specificity for P. calceolata was validated using Pelagococcus subviridis and Aureococcus anophagefferens (Supplementary Table S7). qPCR including inhibition tests and analysis was performed as described previously (Demir-Hilton et al., 2011) for fourteen environmental samples from mesotrophic and oligotrophic ENP sites that were also amplicon sequenced.



Single-Cell Sorting

For flow sorting, ENP seawater was collected on 2 April 2014 (20 m) at Station M1 and 5 May 2014 (10 m) at M1 and M2. Seawater was run through a BD Influx flow cytometer with two lasers (488 nm and 355 nm excitation), operated using sterile nuclease-free 1 × PBS as sheath (Cuvelier et al., 2010). Prior to sorting, samples were pre-filtered through a 30 μm nylon mesh and concentrated 30–50 times by gravity filtering over a 0.8 μm Supor (Pall Gelman). Two stains, LysoTracker Green DND-26 (25 nM, final concentration) and LysoSensor Blue DND-167 (1 μM, final concentration) with emission collected through a 520/35 nm bandpass and a 435/30 nm bandpass, respectively, natural Forward Angle Light Scatter (FALS, a proxy for cell size) and chlorophyll fluorescence (692/40 nm bandpass) were used in a variety of gating scenarios. Stained samples were incubated for 10 to 20 min before being run. Unstained controls were run to discern positive signals from stains. 384-well plates were illuminated with UV for 2 min prior to performing the sorts and selected cells were then sorted using the Single-cell sorting mode from the BD FACS Sortware (software v1.0.0.650), ensuring that only one cell would be sorted into each well. The drop delay and sort quality were controlled by sorting known numbers of fluorescent beads and counting on a microscope. Negative and positive controls on each plate involved leaving a subset of wells empty and having a column of wells receive 20 cells, respectively. Plates were covered with foil and immediately frozen at −80°C.



Single-Cell Genome Amplification and Analysis

Whole genome amplification (Cuvelier et al., 2010) and rRNA amplicon sequence analysis of sorted dictyochophyte cells followed the methods detailed previously (Needham et al., 2019) with the latter using pooled triplicate reactions from the Illumina adapted TAReuk454FWD1/TAReukREV3 primers for the 18S rRNA V4 region (Stoeck et al., 2010). Sequences were de novo clustered at 99% nt identity by UCLUST. The dictyochophyte wells had only a single 18S amplicon type. Whole genome sequencing of two single cells was then performed via Illumina HiSeq (Illumina), generating 14,848,205 and 15,058,189 PE 2 × 251 bp reads. Analysis of genome sequences from the dictyochophyte cells were quality controlled as previously detailed (Needham et al., 2019). For assembly of the uncultured dictyochophyte, paired and unpaired quality filtered reads from the two dictyochophyte-containing wells were initially assembled as individual single cell assemblies as well as a co-assembly of both samples using SPADES v 3.11.0 (Bankevich et al., 2012) as previously described (Cuvelier et al., 2010). Then, mapping of reads to the assembled contigs and identification of chloroplast genomes was performed in Anvi’o v3 as previously described (Eren et al., 2015), and enabled by identification of chloroplast rRNA genes with metaxa2 (Bengtsson-Palme et al., 2015). The chloroplast contigs from the two wells were determined to have > 99.9% nt identity to one another via the ani.rb function within the enveomics package (Rodriguez-R and Konstantinidis, 2016). A single well was chosen as a representative of the dictyochophyte chloroplast genome assembly and used for the downstream analysis of metatranscriptome mapping. The complete chloroplast genome was annotated using DOGMA (Wyman et al., 2004) and all intergenic spaces were manually scanned using BLAST for ORFs or additional proteins that might not be present in chloroplast genomes from other phytoplankton.



RNA Extraction and Sequencing

RNA was extracted using the TotallyRNA kit (Life Technologies) with the following initial steps to maximize lysis and accommodate the large filter: in a sterile petri dish 2 ml of lysis buffer from the kit was added to the frozen filter half. The filter was then cut into six pieces and the filter pieces along with buffer transferred into two 2 ml screw cap tubes pre-filled with ∼200 μl of a 1:1 mixture by volume of 0.1 mm and 0.5 mm diameter autoclaved glass beads (Biospec Products). After one minute of bead beating filter pieces and lysis buffer from the two tubes were recombined in a 15 ml screw cap tube and a further 3 ml lysis buffer added. The remainder of the extraction followed the manufacturer’s instructions. DNA was digested using the TurboDNA-free kit (Life Technologies) following manufacturer’s instructions. RNA integrity was evaluated on a Bioanalyzer (Agilent) and quantity determined on a Qubit fluorometer (Life Technologies). RNA yield ranged from 7.1 to 19.5 μg and after library construction was sequenced via Illumina HiSeq. Quality-filtered metatranscriptome reads (QC performed as above) were mapped to the uncultured dictyochophyte chloroplast genome assembly and P. calceolata chloroplast genome (accession JX297813) via bbmap.sh (v37.17) (Bushnell, 2014) at a sequence similarity cutoff of 0.99. Mapped reads were parsed via HTSeq-count (Anders et al., 2015), binned at 100 bp increments and placed on the circos (Krzywinski et al., 2009) plot based on the start position of their match in the uncultured dictyochophyte plastid genome.
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Microbial food web (MFW) in the seawater encompasses the smallest organisms: viruses, autotrophic prokaryotes and heterotrophic prokaryotes (HP), nanoflagellates, eukaryotic phytoplankton and ciliates. For many years, scientists investigated the MFW structure differences in distinct water masses. However, the MFW structure seasonal variation in coastal areas remains poorly documented. In this study, we report on the seasonal and spatial variations of the MFW structure in the temperate Sanggou Bay in four successive seasons, from spring to winter. With a temperature increase from 1.90 to 24.20°C, HP biomass increased from 3.77 to 135.77 μg C dm–3, almost covering the whole variation range for the global ocean. The autotrophic (AUTO) components, including Synechococcus, phototrophic picoeukaryotes (PEUK) and pigmented nanoflagellates (PNF), exhibited biomass variation ranges as large as previously reported. The MFW structure seasonal variation was driven by MFW relative biomasses (biomass ratios of MFW components to HP). With the increase of HP biomass, PNF and PEUK relative biomasses increased more rapidly than those of other groups while that of ciliates slightly decreased. The HETE:AUTO (biomass ratio of heterotroph to autotroph organisms) decreased with temperature, it was <1 in summer and >1 in other seasons. Cluster analyses distinguished Inside Bay and Outside Bay on the basis of hydrological characteristics. Consistently, the two subdivisions of Sanggou Bay exhibited different MFW structures as well as distinct tintinnid communities. The main MFW structure difference between Inside and Outside Bay was the biomass ratios of AUTO components to HP. Our results showed that the variations of autotrophic component biomass ratios relative to HP were the main factor responsible for the MFW structure seasonal variation. The spatial difference in MFW structure as well as in tintinnid taxonomic composition between Inside and Outside Bay was linked to the semienclosed nature of the Bay that does not favor efficient mixing with outside Yellow Sea waters.

Keywords: microbial food web, structure, seasonal, spatial, variation, Sanggou Bay


INTRODUCTION

The marine planktonic microbial food web (MFW) is a vital component of the pelagic ecosystem (Pomeroy, 1974; Azam et al., 1983). It encompasses the smallest marine organisms: viruses, autotrophic (Prochlorococcus and Synechococcus) prokaryotes and heterotrophic prokaryotes (HP), nanoflagellates, eukaryotic phytoplankton and ciliates (Sherr and Sherr, 1988; Kirchman, 2008). Abundances and biomasses of the MFW components may vary by 3 orders of magnitude in response to complex physiochemical and biological changes in different oceanic habitats. Very often they did not change in the same direction (increase or decrease) or with the same amplitude. Therefore, the spatial and temporal variations of MFW in different ocean areas are critical to our understanding of the pelagic ecosystem dynamics.

The biomass and abundance relationships among different MFW components (Microbial Structure) were compared in previous studies. According to the involved organisms, Microbial Structure was divided into several levels. Because picophytoplankton in one sample could be simultaneously analyzed by flow cytometry, the relative contribution of different picophytoplankton components (Synechococcus, Prochlorococcus and phototrophic picoeukaryotes) to total picophytoplankton was most frequently studied and was named as picophytoplankton community structure (e.g., Van Dongen-Vogels et al., 2012). When heterotrophic bacteria were included, it was called microbial community structure (Bock et al., 2018) or picoplankton community structure (e.g., Zubkov et al., 1998, 2000; Otero-Ferrer et al., 2018). The term MFW structure was used when ciliates and flagellates were incorporated into the microbial community (Garrison et al., 2000), which was scarcely studied.

The Microbial Structure temporal variation in a given study site is poorly documented. At two deep (>1000 m) Adriatic Sea stations, picoplankton community was dominated by SYN in December, while HP and PEUK were dominant in April (Šantić et al., 2019). Picoplankton community structure was investigated over 6 months at a station off Baja California (>100 m depth). Picoplankton biomass was positively and significantly correlated with Chl a (Linacre et al., 2010). In the Arabian Sea, HP biomass was higher than other MFW components in all seasons (Garrison et al., 2000). Temperate coastal waters exhibited the largest seasonal temperature differences in the world ocean (Mackas et al., 2012) which might generate MFW structure seasonal variations. However, the seasonal variation of MFW in temperate coastal waters has rarely been studied.

In contrast with the seasonal variation, the Microbial Structure spatial variation received more attention. At large scale level, different provinces exhibited different picoplankton community structures along the Atlantic Meridional Transect (Zubkov et al., 1998, 2000) and between coastal water and open sea in the central Adriatic Sea (Šantić et al., 2014). At mesoscale, microbial community structure was compared inside and outside of mesoscale eddies (Fernandez et al., 2008). At smaller scale, upwelling conditions influenced the picoplankton community structure in oceans south of Australia (Van Dongen-Vogels et al., 2012) and in coastal China Sea (Wu et al., 2014). Stratification (Bouman et al., 2011; Mena et al., 2019) and fronts (Pan et al., 2006) also separated water masses with different Microbial Structure. The coast geomorphology increases the diversity of habitat (Pierrot-Bults and Angel, 2012). The shoreline curvature forms bays in many places around the world ocean, which trap seawater inside and generate different environmental conditions with outside of the bay. As a result, the MFW inside and outside of the bay might be different, but this remains to be substantiated.

Sanggou Bay located in the east part of Shandong Peninsula, is a semi-enclosed (mouth of 11.5 km, area of 144 km2) Bay in the Yellow Sea (Figure 1). The maximum and average depths of the Bay are 21 and 7.5 m, respectively. The seasonal temperature variation of 2–26°C in Sanggou Bay (Kuang et al., 1996) is one of the largest in the world ocean (Mackas et al., 2012). In fact, only very limited regions of the ocean have annual temperature variation larger than 12°C (Mackas et al., 2012). Sanggou Bay is among the most heavily exploited bays in the world, with suspended aquaculture rafts covering nearly 2/3 of the area. Each raft holds up cultured plants (kelps, asparagus) or animals (oysters, scallops) over most of the year. The cultured organisms could influence the MFW through releasing dissolved organic matter and direct grazing on the MFW (Lu et al., 2015a, b; Zhao et al., 2016). As the Yellow Sea waters intrude into the Bay from the north and outflow from the south slowly, water masses should be different inside and outside of the Bay (Zeng et al., 2015).
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FIGURE 1. Location of the sampling stations superimposed on the aquaculture area [(A) scallop monoculture area, (B) oyster monoculture area, (C) fish monoculture area, (D) kelp and bivalve polyculture area, (E) kelp Saccharina japonica monoculture area].


In this study, we analyzed the biomass of different MFW components in the Sanggou Bay in four successive seasons (from spring to winter) in order to identify (1) the seasonal variation of the MFW structure; (2) the difference of MFW structure inside and outside the Bay. Our hypotheses are that (1) variation trends and amplitudes of MFW components in different seasons should be different, which will lead to the seasonal variation of MFW structure; (2) differences of water masses inside and outside of the Bay will induce MFW structure differences.



MATERIALS AND METHODS


Investigated Area and Sampling Strategy

The Sanggou Bay MFW was assessed in the area located in 37.02–37.15°N and 122.45–122.65°E (Figure 1). Four cruises were conducted on spring (April 23–24, 2011), summer (August 3–4, 2011), autumn (October 26–27, 2011), and winter (January 5–6, 2012), on board the R/V Lurongyuyang-65577. The same 19 stations were occupied and sampled at each cruise (Figure 1).

Surface seawater samples were collected by bucket at each station. Temperature and salinity of surface seawater were determined by a portable water quality analyzer YSI (Professional Plus made in United States) as soon as the seawaters were collected by dropping the probe into the bucket seawater. Different subsamples were collected for chlorophyll a (Chl a) concentration determination, abundances of picoplankton, nanoflagellates and ciliates counting. Picoplankton included HP, Synechococcus (SYN) and phototrophic picoeukaryotes (PEUK). Nanoflagellates (NF) were divided into pigmented NF (PNF) and heterotrophic NF (HNF). We defined SYN, PEUK and PNF as autotrophic organisms, while HP, HNF and ciliates were defined as heterotrophic organisms. ACLW-RS chlorophyll turbidity temperature sensor (ALEC Electronics Co., Ltd., Japan) with a precision of ±0.1 μg dm–3 was used to determine the Chl a concentration. Detailed description of nutrient concentration determination was shown in Zhao et al. (2016).



Picoplankton

Picoplankton subsamples (5 cm3) were fixed onboard with paraformaldehyde (final concentration 1%) immediately after collection and kept at room temperature for about 15 min, then freeze-trapped and stored in liquid nitrogen on the boat. Samples were stored at −80°C once in the laboratory where analyses were carried out within 3 months.

The seawater samples were thawed at room temperature before analysis. Picoplankton analyses were run with a FACS Vantage SE flow cytometer (Becton Dickinson) equipped with a water-cooled argon laser (488 nm, Coherent). To analyze autotrophic picoplankton, subsamples (1 cm3) were initially supplemented with 1 mm3 fluorescent beads suspension (2 μm, Polysciences) to be used as internal standard, and red fluorescence was set as the trigger signal to discard signals from HP and inorganic particles. SYN and PEUK were resolved on the basis of their side scatter and red fluorescence signals (Marie et al., 2000). For HP analysis, seawater subsamples (50 mm3) were diluted five fold with TE buffer (Tris-EDTA, 100 mM Tris-Cl, 10 mM EDTA, pH = 8.0, Sigma, United States), then stained with the nucleic acid dye SYBR Green I (Molecular Probes, United States) (final dilution 10–4, v/v) and let incubate 20 min in the dark before analysis. HP were resolved on the basis of their green fluorescence from staining and scatter properties (Marie et al., 2000). Data was collected and analyzed with CellQuest software (Version 3.3, Becton Dickinson). Biomass values of SYN, PEUK and HP were calculated by using the following conversion factors: 250 fg C cell–1 (Li et al., 1992), 1500 fg C cell–1 (Zubkov et al., 1998), 20 fg C cell–1 (Lee and Fuhrman, 1987), respectively.



Nanoflagellates

For the enumeration of NF cells, seawater samples were pre-filtered through a nylon mesh of 20 μm pore size by gravity, then fixed with cold glutaraldehyde (final concentration 0.5%, v/v). Subsamples (20 cm3) were filtered onto 0.2 μm pore size black polycarbonate membrane filters at <100 mm Hg pressure. When 1 cm3 of the sample remained in the funnel, turned off the vacuum pump and stained the sample with DAPI (final concentration 10 μg cm–3) for 5 min, then turned on the pump again to let the residual liquid pass through the membrane filter completely. Then mounted the filter on a microscope slide, dropped a few drips of paraffin on the filter center and placed a coverslip on the top. Finally, stored the sample slide in the dark at −20°C immediately. NF cells were counted using epifluorescence microscopy (Leica DM4500B) at 1000× magnification. PNF and HNF were distinguished by the presence of red-autofluorescence in the former with a blue excitation filter set (Tsai et al., 2005). At least 30 fields of view were examined. Flagellates abundances were calculated from the average of cell counts made on duplicate samples. The length and width of a NF cell were measured on photomicrographs using the Leica DM 4500 self-carried software. At least 60 cells (PNF and HNF) were measured per sample. Cell volumes of NF individuals were estimated by assuming their nearest geometrical figures. The mean cell volumes were estimated and converted to carbon biomass using a conversion factor of 0.22 pg C μm–3 (Børsheim and Bratbak, 1987).



Ciliates

For ciliate counts, 1 dm3 seawater samples were fixed with Lugol’s solution (final concentration 1%). After 48 h settling, the supernatant was gently siphoned out to concentrate each ciliate sample to about 100 cm3. A subsample of 20 or 25 cm3 was settled in an Utermöhl counting chamber for at least 24 h, then examined using an inverted microscope (Olympus IX 71) at magnification of 100× or 200×. Aloricate ciliates and tintinnids were counted and their abundances were calculated respectively. Species of tintinnids were identified based on their morphological characteristics according to references (Kofoid and Campbell, 1929, 1939; Zhang et al., 2012). About 5–10 individuals of each species (a total of 75–150 individuals) were picked out randomly for calculating the biovolume. Ciliate dimensions including body length, oral diameter, etc., were measured and average biovolume of each taxon was estimated from appropriate geometric shapes. Biomass values of aloricate ciliates were calculated from their biovolume multiplied by a conversion factor (0.19 pg C μm–3) (Putt and Stoecker, 1989). The tintinnid biomass was assumed to occupy 30% of the lorica volume (Gilron and Lynn, 1989).



Statistical Analysis

Correlation analysis was conducted using SPSS version 19. Spearman rank correlation analysis was used to estimate relationships between biological and environmental variables. Cluster analysis was performed using Primer 5.0 based on (i) environment variables (temperature, salinity), (ii) biomasses of six microbial groups, and (iii) abundances of different tintinnid species. Group-average linkage based on Bray-Curtis similarity matrix of fourth root transformed from original data was used.




RESULTS


Seasonal and Spatial Variation of Environmental Variables

Seasonally, temperature varied within a large range (Table 1) from 1.90°C in winter to 24.20°C in summer. Salinity fell in the range 26.17–31.57 over all four seasons, with the lowest salinity value observed in summer and the highest in winter. Over the four seasons, chlorophyll a (Chl a) concentration varied from 0.42 to 38.74 μg dm–3 (Figure 2 and Table 1). Both the lowest and the highest concentration of dissolved inorganic nitrogen (DIN) occurred in autumn, which were 0.96 and 32.15 μM, respectively. Average DIN concentration was the lowest in summer and highest in autumn. PO43– concentration fell in the range 0.00–0.23 μM over all four seasons, average concentration was the highest in spring and the lowest in winter (Table 1).


TABLE 1. Maximum, minimum, and average values of temperature (T), salinity (S), Chlorophyll a concentration (Chl a), nutrient concentrations, microbial food web component abundances and biomasses in Sanggou Bay at four consecutive seasons.
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FIGURE 2. Seasonal surface distribution of temperature (T, °C), salinity (S), Chlorophyll a concentration (Chl a, μg dm–3), and microbial food wed component biomasses (μg C dm–3) through four successive seasons, spring to winter. SYN, Synechococcus; PEUK, phototrophic picoeukaryotes; PNF, pigmented nanoflagellates; HP, heterotrophic prokaryotes; HNF, heterotrophic nanoflagellates.


Temperature and salinity had obvious changes from outer part to inner part of the bay. The outer part had higher temperature in autumn and winter and vice versa in spring and summer (Figure 2). The inner part had lower salinity in summer, autumn and winter. The spatial salinity difference was very narrow in spring, autumn and winter (0.53, 0.74, and 0.25, respectively). In summer, salinity varied in the range 26.17–31.41 (Table 1). Similarly, Chl a concentrations showed inner-outer Bay gradients. In spring, Chl a concentration was high in both outer and inner parts of the bay with a narrow band of low values in between. In summer and autumn, Chl a concentration was very high in the inner part of the bay and sharply decreased toward outer part. In winter, it was higher in the outer part than in the inner part (Figure 2).



Seasonal Variation of Microbial Food Web Components

The six MFW component abundances and biomasses varied with seasons. HP abundances and biomasses were in the ranges 1.88–67.89 × 105 cells cm–3 and 3.77–135.77 μg C dm–3, respectively (Table 1). Biomasses of all MFW components showed positive and significant correlations with temperature and Chl a (all P < 0.01; Supplementary Table S1). However, the amplitude of their increase was not proportional to that of temperature (Figure 3). Biomasses of most MFW components except SYN showed negative and significant correlations with salinity (P < 0.01; Supplementary Table S1).
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FIGURE 3. Variations of different microbial food web component biomasses (μg C dm–3) and biomass ratio of HETE to AUTO with respect to temperature increase. SYN, Synechococcus; PEUK, phototrophic picoeukaryotes; PNF, pigmented nanoflagellates; HP, heterotrophic prokaryotes; HNF, heterotrophic nanoflagellates; AUTO, autotrophic organisms; HETE, heterotrophic organisms.


The autotrophic (AUTO) and heterotrophic (HETE) biomasses were in the ranges 1.50–720.27 and 5.40–227.29 μg C dm–3, respectively. The AUTO and HETE biomasses showed significant positive correlations with temperature (all P < 0.01; Supplementary Table S1), but AUTO biomass increased faster than that of HETE (Figure 3). Consequently, the biomass ratio HETE:AUTO showed significant and negative correlations with temperature (P < 0.01; Supplementary Table S2).

Totally 26 tintinnid species belonging to 8 genera were identified with 4, 14, 13, and 8 species in spring, summer, autumn and winter, respectively. Among them, only Tintinnopsis beroidea was observed in all four seasons, T. acuminate occurred in 3 seasons, 7 species occurred in 2 seasons. Total tintinnid abundance was higher in summer and autumn than in winter and spring (Figure 4 and Table 1).
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FIGURE 4. Tintinnid and main species abundance (ind. dm–3) surface distribution in four successive seasons, spring to winter.


To assess the MFW structure, the biomass values of the MFW components [including Synechococcus (SYN), phototrophic picoeukaryotes (PEUK), pigmented nanoflagellates (PNF), heterotrophic nanoflagellates (HNF)] and ciliates were normalized by that of HP belonging to the same sample. Among them, PNF relative biomass had the largest variation range from 0.06 (St.7 in winter) to 4.20 (St. 18 in summer). SYN relative biomass had the narrowest variation range from 0.00 (St.3 in spring) to 0.64 (St.11 in autumn). Ciliate relative biomass was in the range 0.02 to 0.94, while PEUK relative biomass was in the range of 0.04–3.57 (Figures 5, 6). The relative biomasses of most MFW components showed significant positive correlations with temperature, Chl a and HP biomass except ciliates which was significantly and negatively correlated with those environmental variables (P < 0.01; Supplementary Table S2). All autotrophic (AUTO) components relative biomasses increased with HP biomass at a higher rate than HNF and ciliates. The only exception was that ciliate relative biomass decreased when HP biomass increased (Figure 5).
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FIGURE 5. Microbial food web component biomass variations relative to HP biomass (μg C dm–3) changes. HETE to AUTO biomass ratio variations as a function of HP biomass increase and AUTO biomass (μg C dm–3) in Sanggou Bay and Arabian Sea. The data of Arabian Sea were extracted from Garrison et al. (2000). HP, heterotrophic prokaryotes; SYN, Synechococcus; PEUK, phototrophic picoeukaryotes; PNF, pigmented nanoflagellates; HNF, heterotrophic nanoflagellates; AUTO, autotrophic organisms; HETE, heterotrophic organisms.
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FIGURE 6. Microbial food web structures in Sanggou Bay and Arabian Sea in four successive seasons and Monsoon stages, respectively. The data of Arabian Sea were extracted from Garrison et al. (2000). The relative biomasses of the MFW components were normalized by the HP biomass belonging to the same sample. SYN, Synechococcus; PEUK, phototrophic picoeukaryotes; PNF, pigmented nanoflagellates; HNF, heterotrophic nanoflagellates.


The annual averaged MFW structure was thus HP: SYN: PEUK: PNF: HNF: ciliates = 1: 0.18: 1.40: 1.35: 0.44: 0.13 (Figure 6). The average relative biomass (ARB) seasonal variation trends of different organisms were distinct. ARBs of SYN and PEUK increased from spring to autumn and decreased in winter. ARBs of PNF and HNF increased from spring to summer, then decreased from summer to winter. ARB of ciliates decreased slightly from spring to summer, then increased until winter (Figure 6).

ARBs of all MFW components were <1 in spring and winter. ARBs of PEUK and PNF were >1, while SYN, HNF and ciliates were <1 in summer. In autumn, only ARB of PEUK was >1 (Figure 6). SYN ARB was lower than that of PEUK and PNF at all seasons, and was lower than that of HNF in spring, summer and winter. PEUK ARB was lower than that of PNF in spring and summer, but higher in autumn and winter. In spring and summer, PEUK ARB was higher than that of other organisms, whereas in autumn and winter, PNF ARB was the highest. PEUK and PNF ARBs were >1 over a year, while SYN, HNF and ciliate ARBs were <1 (Figure 6).

The biomass ratio of HP:AUTO decreased with the increase of AUTO biomass. When the biomass ratio of HP:AUTO was about 1, the AUTO biomass was in the range of 6–35 μg C dm–3 (Figure 5). In winter and spring, the biomass ratio HETE:AUTO was >1, while it was <1 in summer. When the biomass ratio HETE:AUTO was about 1, the HP and AUTO biomasses were in the range 5–13 and 10–40 μg C dm–3, respectively (Figure 5).

Biomass ratios of HP, HNF and ciliates to HETE were in the ranges of 0.40–0.86, 0.05–0.58, and 0.01–0.37, respectively (Figure 7). The relationships between biomass ratios of different HETE components to HETE were different: HP and ciliates were significantly and negatively correlated with HETE, while HNF was significantly and positively correlated with HETE (all P < 0.01; Supplementary Table S2). With the increase of preys (HP, SYN, PEUK, PNF, and HNF) biomass, biomass ratio of Ciliates:Preys decreased (Figure 7).
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FIGURE 7. Biomass ratio variations of HP, HNF and ciliates to HETE with the increase of HETE biomass (μg C dm–3), and biomass ratio of ciliates to preys with the increase of prey biomass in Sanggou Bay and Arabian Sea. The data of Arabian Sea were extracted from Garrison et al. (2000). HP, heterotrophic prokaryotes; HNF, heterotrophic nanoflagellates; HETE, heterotrophic organisms.




Spatial Variation of MFW Structure

Biomasses of MFW component showed inner-outer Bay gradients (Figure 2). For AUTO components, higher SYN biomass was observed in the outer part in spring and winter, and vice versa in summer and autumn. PEUK and PNF biomasses always exhibited higher values in the inner part (Figure 2). For HETE components, HP biomass showed higher values in the inner part than in the outer part at all seasons. In summer, autumn and winter, HNF biomass was higher in the inner part than in the outer part. In spring, HNF biomass reached higher values in both inner and outer parts with a narrow low-value band in between. The ciliate biomass exhibited higher values in the inner part over all seasons (Figure 2).

Although some tintinnid species occurred all over the bay (e.g., T. rapa in spring, T. beroidea in summer and autumn), the most conspicuous characteristic was that the inner part and outer parts of the bay had different species in every season. In spring, T. acuminata and T. brasiliensis occurred in the outer and inner parts of the bay, respectively. T. beroidea occurred in 3 stations in the outer and 2 stations in the inner part of bay, respectively. In summer, T. kofoid only occurred in the inner part, Tintinnidium primitivum mainly occurred in the outer part. T. acuminate was restricted to several stations in the north part of the bay. In autumn, E. tubulosus appeared in the inner part. T. nana and T. primitivum occurred in the outer part. In winter, high abundance of T. nana occurred in the outer part. T. beroidea occurred in 3 stations in the outer part and T. acuminata only occurred once in the outer part (Figure 4).

In each season, three distinct cluster analyses were run on three data sets of (i) environmental conditions including temperature and salinity (Supplementary Figure S1), (ii) biomasses of the MFW components (Supplementary Figure S2) and (iii) abundances of the tintinnid species (Supplementary Figure S3). All cluster analyses could divide the stations into similar Inner Bay cluster and Outer Bay cluster. Though the shape and position of the division lines between clusters were different from one season to another, they were generally similar to the nearest isothermal (Figure 8).
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FIGURE 8. Cluster analysis of stations according to (A) environmental conditions; (B) microbial food web component biomasses; (C) tintinnid abundances. ∙: Outer Bay cluster stations; +: Inner Bay cluster stations; ∘: stations neither belonging to Inner Bay nor Outer Bay clusters. The solid lines show the dividing position between Inner Bay and Outer Bay in Figure 9 mainly according to (A) in the four seasons.


Differences of MFW structure between Inner Bay and Outer Bay were mainly caused by PEUK, PNF and HNF. In spring, relative biomass of PNF and PEUK were higher in Inner than Outer Bay. In summer, PEUK relative biomass was higher in Outer than Inner Bay. The HNF biomass was higher in Outer than Inner Bay in spring, but higher in Inner than Outer Bay in summer.

In autumn, the difference between Inner and Outer Bay was mainly due to SYN, PEUK and PNF. SYN and PEUK relative biomasses were higher in Inner than in Outer Bay, while PNF relative biomass was higher in Outer than Inner Bay. In winter, the difference between Inner and Outer Bay was mainly caused by PEUK and PNF, which also had higher relative biomasses in Inner than in Outer Bay (Figure 9).
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FIGURE 9. Microbial food web structures in Inner and Outer Sanggou Bay in four successive seasons, spring to winter. The Inner and Outer Bay boundary were shown as solid lines in Figure 8. Relative biomasses of MFW components were normalized by heterotrophic prokaryotes biomass belonging to the same sample. SYN, Synechococcus; PEUK, phototrophic picoeukaryotes; PNF, pigmented nanoflagellates; HNF, heterotrophic nanoflagellates.





DISCUSSION


Large Seasonal Variation Range of Environmental Variables and Microbial Food Web Components in the Sanggou Bay

Only data of surface waters were presented in this study. Most of the previous studies in the Sanggou Bay only sampled the surface layers because the bay is shallow and waters in the upper 10 m was well mixed in most seasons (Jihong Zhang, self-communication). The surface water temperature seasonal range of the Sanggou Bay was about 22°C, which was among the largest in the world ocean (Mackas et al., 2012). Salinity range was 26.17 and 31.57 in our study, this was a little larger than the range of 28.23–31.31 reported by Jiang et al. (2017) in the same Bay. The Sanggou Bay exhibited different trophic regimes, from oligotrophy to eutrophication with a large Chlorophyll a (Chl a) concentration-range from 0.42 to 38.74 μg dm–3 in present study and 0.10–20.46 μg dm–3 in Jiang et al. (2017). Phytoplankton with size fraction < 20 μm was the most important contributor to total Chl a in the Sanggou Bay, and contributed about 60.2, 83.0, 78.3, and 75.0% to total Chl a in spring, summer, autumn and winter, respectively (Jiang et al., 2017). The average concentration of DIN was highest in autumn in our study. This is consistent with Jiang et al. (2017) who observed the highest value of average DIN concentration in autumn. Seasonal variation of PO43– concentration also presented the same trend in our study as in Jiang et al. (2017): decreasing from spring to winter.

These large gradients corresponded to a large range of HP abundance (1.88–67.89 × 105 cells cm–3) similar to the HP abundance ranges 1–152 and 1–100 × 105 cells cm–3 in the world ocean, reported by Sanders et al. (1992) and Gasol (1994), respectively. The autotrophic (AUTO) organism biomass in our study, which was in the range of 1.50–720.27 μg C dm–3, almost covered the full range of phytoplankton biomass in Herndl (1991), from 6.9 to 415.5 μg C dm–3. These large ranges of biomass variations showed that the MFW components in Sanggou Bay experienced very large seasonal changes.



Relative Biomass Variation of Different MFW Components in Four Seasons

We found that relative biomass variations of different MFW components exhibited different trends with respect to HP biomass increase. The diverse variations of different groups relative to HP biomass express the seasonal variation of the MFW. To our knowledge, this finding was not reported previously.

The work of Garrison et al. (2000) was the only one trying to compare different MFW structures in four cruises in the Arabian Sea. The HP biomass in the Arabian Sea was in the range of 5.1–17.4 μg C dm–3 in the upper 100 m, which was very similar to that in spring and winter in Sanggou Bay (Table 1). The average relative biomasses (ARB) of each MFW component was <1 at all seasons in the Arabian Sea, which is equivalent to those in spring and winter in the Sanggou Bay (Figure 6). Therefore, the seasonal variation in Sanggou Bay is larger than that in the Arabian Sea. The MFW structure differences in Arabian Sea and Sanggou Bay may be caused by lower values and a smaller range of HP biomass in the Arabian Sea than in the Sanggou Bay.

ARB of PEUK was higher than ARB of SYN in all seasons in the Sanggou Bay, but it was the opposite in the Arabian Sea (Garrison et al., 2000) (Figure 6). This obvious difference between the MFW structure in Sanggou Bay and Arabian Sea may indicate different MFWs in coastal and open waters. Previous studies on picoplankton (picophytoplankton) community structure in coastal area were focused on spatial variation, but seasonal change was very seldom investigated. The dominance of PEUK in Sanggou Bay is consistent with previous studies in coastal areas (Pan et al., 2006; Linacre et al., 2010; Bock et al., 2018; Patten et al., 2018; Otero-Ferrer et al., 2018; Mena et al., 2019). In the deep waters of Adriatic Sea, SYN dominated in December while HP and PEUK dominated in April (Šantić et al., 2019).



Relationships Between MFW Components

In our study, both AUTO and HETE biomasses increased with temperature, but with the increase of AUTO biomass, the biomass ratio of HETE:AUTO decreased. This was consistent with the work of Gasol et al. (1997) reporting that unproductive waters were characterized by high relative HETE biomass, whereas productive waters were distinguished by a smaller contribution of HETE to community biomass.

As the biomass ratio of HP:AUTO decreased with the increase of AUTO biomass, the AUTO biomass ranges where the biomass ratio of HP:AUTO was about 1 were considered as boundary below which a system can be considered oligotrophic enough for bacteria to dominate phytoplankton (Li et al., 1993). In our study, when the AUTO biomass was ranged in 6–35 μg C dm–3, the biomass ratio of HP:AUTO was about 1. This was similar with phytoplankton biomass range of 10 and 20 μg C dm–3 in Li et al. (1993).

Although flagellates and ciliates were important components of MFW, their dynamics in relation to picoplankton were very rarely studied. We found that with the increase of the HETE biomass, biomass ratio of HP and ciliates to total HETE biomass decreased slightly, while HNF biomass ratio to total HETE increased slightly (Figure 7). In the absence of similar investigation in the literature, we could estimate the proportion of different HETE component biomasses in total HETE biomass from published figures. We thus found that the biomass ratio of HP:HETE in the present work (range 0.40–0.86) was similar to that in the northeastern Atlantic Ocean (range 0.70–0.87), as derived from the work of Maixandeau et al. (2005).

In our study, HP abundances and biomasses were in the ranges 1.88–67.89 × 105 cells cm–3 and 3.77–135.77 μg C dm–3, respectively (Table 1). Ciliate relative biomass was in the range 0.02–0.94, and its annual ARB was 0.16 (Figures 5, 6). This was similar to that in the Lower St. Lawrence Estuary where HP abundance and biomass were in the ranges 1.2–67.9 × 105 cells cm–3 and 0.55–146.70 μg C dm–3, respectively. Meanwhile, ciliate biomass represented about 22% of HP biomass (Sime-Ngando et al., 1995). The value in our study was a little higher than that in the Arabian Sea, where ciliate relative biomass was in the range 0.02–0.26 (average 0.10) (Figures 5, 6) (Garrison et al., 2000).

With the increase of prey biomass, the biomass ratio of Ciliates:Preys decreased in our study (Figure 7). This is inconsistent with that in the deep east part of East China Sea where the ratio of ciliate biomass was larger under higher prey candidate conditions (Suzuki and Miyabe, 2007). The biomass range of ciliates (0.44–33.09 μg C dm–3) in our study (Table 1) was similar to that in the deep east part of East China Sea (0.03–29.26 μg C dm–3) (Suzuki and Miyabe, 2007). The study in the East China Sea was based on the biovolumes of ciliates and prey candidates, while our study was based on the biomasses of ciliates and prey candidates. This difference may alter the comparison, but does not affect the variation trends of both studies. In addition, the present study was based on surface data, while Suzuki and Miyabe (2007) addressed the vertical variation of ciliates and their prey candidates. This may be the main reason why the biomass ratio variation trends of ciliates to prey candidates appear different in our study and that in East China Sea.



Inner Bay and Outer Bay Difference of MFW Structure

More and more studies have indicated that MFW component distribution may be significantly influenced by water masses (Hashihama et al., 2008; Samo et al., 2012; Zhao et al., 2013; Bachy et al., 2014; Sun et al., 2020; Yang et al., 2020). Among all the seawater variables, temperature and salinity are the conservation properties used to distinguish water masses (Emery, 2001). Tintinnids were also used as water mass indicators (Modigh et al., 2003; Kim et al., 2012). In the present study, we divided the Sanggou Bay into the Inner and Outer Bay mainly according to cluster analysis based on temperature and salinity, as well as MFW component biomasses and tintinnid abundance (Figure 8).

Our results showed that in every season, the Inner and Outer Bay had different tintinnid communities (Figure 8). Similar to the division of tintinnid community, MFW structure also exhibited spatial partitioning: MFW structure was different in Inner and Outer Bay in every season (Figure 8), although the cluster analysis results based on different variables were not exactly coinciding. These divisions are generally corresponding to hydrobiological divisions (Figure 8).

In the Sanggou Bay, water intruded into the Bay mainly through north opening, while water was flowing out of the Bay through the opening south part (Zeng et al., 2015). The division into Inner and Outer Bay water masses showed obvious “north in, south out” pattern in summer, autumn and winter (Figure 9). This division pattern might be caused by exchange pattern between Inner Bay and Outer Bay. In addition to the water exchange between Inner and Outer parts of the Bay, the aquaculture activity also had influence on MFW components (Lu et al., 2015a, b). In our study, the division line between the Inner and Outer parts of the MFW in the four seasons did not match the division of aquaculture area. Therefore, the water exchange process between Inner and Outer parts of the Sanggou Bay would be the main factor influencing the MFW structure.

Tintinnids was the only MFW component that could be identified at the species level which was instrumental in distinguishing Inner Bay from Outer Bay. In the coastal area, neritic tintinnid was centered in waters at 30–50 m depth (Chen et al., 2018). Neritic species intruded from the coastal center area to the Sanggou Bay. Temperature and salinity had obvious influence on tintinnid community structure in coastal and estuarine waters (Feng et al., 2018; Li et al., 2019). As one important contributor of planktonic ciliate, aloricate ciliate distribution also showed obvious seasonal variations and was significantly influenced by water masses (Jiang et al., 2011; Yu et al., 2014). In the Jiaozhou Bay, northern China, species numbers, abundances and biomasses of both tintinnids and aloricate ciliates exhibited unimodal variations with peaks occurring in August (Jiang et al., 2011). In the Yellow Sea, ciliate (including tintinnid and aloricate ciliate) abundances and biomasses showed a clear annual cycle (Yu et al., 2014). Seasonal and spatial variations of aloricate ciliate community were not mentioned in our study. However, we speculate that aloricate ciliates might have similar seasonal and spatial variations as tintinnids.




CONCLUSION

Our study showed that MFW structure in a temperate coastal bay had different modes in different seasons. The different amplitudes of autotrophic component variations were the main reason for the seasonal change of MFW structure. Spatially, tintinnid community and MFW structure were different in Inner and Outer parts of the Sanggou Bay in every season. Those spatial differences were generated by differences in water masses in Inner and Outer parts of the Sanggou Bay.
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Bacteria play a pivotal role in shaping ecosystems and contributing to elemental cycling and energy flow in the oceans. However, few studies have focused on bacteria at a trans-basin scale, and studies across the subtropical Northwest Pacific Ocean (NWPO), one of the largest biomes on Earth, have been especially lacking. Although the recently developed high-throughput quantitative sequencing methodology can simultaneously provide information on relative abundance, quantitative abundance, and taxonomic affiliations, it has not been thoroughly evaluated. We collected surface seawater samples for high-throughput, quantitative sequencing of 16S rRNA genes on a transect across the subtropical NWPO to elucidate the distribution of bacterial taxa, patterns of their community structure, and the factors that are potentially important regulators of that structure. We used the quantitative and relative abundances of bacterial taxa to test hypotheses related to their ecology. Total 16S rRNA gene copies ranged from 1.86 × 108 to 1.14 × 109 copies L−1. Bacterial communities were distributed in distinct geographical patterns with spatially adjacent stations clustered together. Spatial considerations may be more important determinants of bacterial community structures than measured environmental variables. The quantitative and relative abundances of bacterial communities exhibited similar distribution patterns and potentially important determinants at the whole-community level, but inner-community connections and correlations with variables differed at subgroup levels. This study advanced understanding of the community structure and distribution patterns of marine bacteria as well as some potentially important determinants thereof in a subtropical oligotrophic ocean system. Results highlighted the importance of considering both the quantitative and relative abundances of members of marine bacterial communities.

Keywords: relative abundance, bacterial community structure, distribution patterns, ecology of marine bacteria, quantitative abundance


INTRODUCTION

Bacteria play a pivotal role in shaping ecosystems and contributing to the cycling of elements and the flow of energy in the oceans (Ducklow, 2000; Kirchman, 2016; Steinberg and Landry, 2017). Knowledge of the distribution patterns of marine bacteria, their community composition, and the factors that shape that composition in surface seawater is of great interest, especially because of the ongoing climate changes that are expected to cause warming and acidification of the surface waters of the ocean, shoaling of the surface mixed layer, and increased irradiance within that shallower mixed layer (Hutchins and Fu, 2017). With well-developed, high-throughput sequencing (HTS) technology, it is now technologically and economically feasible to finely resolve bacterial community composition. Sequences obtained from HTS can provide both genetic (taxonomic) information and relative abundance. This information has dramatically expanded our understanding of the composition and biogeography of bacterial communities and the mechanisms by which they are assembled (Sunagawa et al., 2015; Goodwin et al., 2016; Lindh et al., 2018). Even though HTS can provide only two basic attributes of a community on relative abundance and taxonomic affiliation; it cannot provide information on absolute abundance, which is needed for an accurate and comprehensive interpretation of the biological and ecological implications of bacterial community structure (Props et al., 2017; Vandeputte et al., 2017; Zhang et al., 2017; Yang et al., 2018). The addition of artificial standard spike-ins (i.e., internal standard sequences) before HTS (that is, high-throughput quantification sequencing, HTQS) makes it possible to estimate microbial abundances (Tourlousse et al., 2017; Yang et al., 2018). Although the effects of PCR bias cannot be ruled out in HTQS and would impact estimates of microbial abundances, it has been shown that estimates of microbial community structure and composition are not perturbed by artificial standard spike-ins, and even complex 16S rRNA gene pools do not affect quantification based on artificial standard spike-ins (Tourlousse et al., 2017). In this study, we considered that gene copy numbers estimated from HTQS were metrics of quantitative abundance rather than relative abundance and could provide, at least to some extent, information about all three community attributes (i.e., taxa, relative abundance, and quantitative abundance) and could thereby enhance the significance of HTS-based microbiome studies (Tourlousse et al., 2017; Wang et al., 2018; Yang et al., 2018; Jiang et al., 2019; Mou et al., 2020). However, to our knowledge, only one study has previously applied this improved HTQS method to an aquatic ecosystem. That study linked net community production and microbial community composition in the western North Atlantic and revealed that the microbial community that resulted from an algal bloom was associated with a regional peak of net community production (Wang et al., 2018). Moreover, little is known about the differences and similarities of the implications of relative and quantitative abundances in marine microbial ecology.

The subtropical NWPO is one of the largest biomes on Earth and is characterized by warm, nutrient-poor, low-biomass, stratified surface waters (Spalding et al., 2012; Tseng et al., 2016). Although the subtropical NWPO plays a significant role in moderating the global climate and biogeochemical cycles, it is undersampled and not well understood in terms of its ecosystem structure and functionality (Tseng et al., 2016; Karl and Church, 2017; Kavanaugh et al., 2018).

There have previously been many studies of marine bacterial communities over different geographic ranges with high sample numbers and/or great depth coverage. However, those studies have been conducted at only a few scattered stations or within only a few subdivisions of the North Pacific Ocean, and only a small number of samples have been collected from the subtropical NWPO (Fuhrman et al., 2008; Zinger et al., 2011; Sunagawa et al., 2015; Lindh, 2017; Shulse et al., 2017; Li et al., 2018; Lindh et al., 2018). Zinger et al. (2011) identified the global patterns of bacterial distributions across the world's oceans by analyzing 509 samples, encompassing snapshot locations in the North Pacific Ocean. Sunagawa et al. (2015) have studied the structure and function of the global ocean microbiome based on samples from 68 locations, including six from the eastern North Pacific Ocean. Li et al. (2018) have estimated bacterial diversity and nitrogen utilization in the northwestern Pacific Ocean, and Shulse et al. (2017) have collected samples from the Clarion-Clipperton Zone of the Eastern North Pacific to examine the diversity and composition of the microbial communities. The distribution patterns and mechanisms of assembly of communities are affected by spatial scale (Martiny et al., 2011; Shi et al., 2018). To our knowledge, however, there has been no trans-basin study of marine bacteria in the North Pacific Ocean.

In this study, we collected surface seawater samples for HTQS of the 16S rRNA gene along a transect across the subtropical NWPO. The objectives of the study were to (1) reveal bacterial community structure, distribution patterns, and potential determinants thereof, and (2), to compare the quantitative and relative bacterial abundances as indicators of the roles of bacterial communities in subtropical NWPO surface seawater.



MATERIALS AND METHODS


Sample Collection and Processing

Surface seawater from 20 stations located in the subtropical NWPO (Figure 1), ranging from 126.21°W to 158.77°E and from 9.31°N to 28.96°N, were collected with 12-L Niskin bottles deployed with a conductivity-temperature-depth (SBE911 plus CTD system) profiler or manually from July 16 to August 5, 2018, as a part of the Dayang 50 cruise (Supplementary Table 1). The map of sampling stations was constructed using the Ocean Data View version 4.7.10 (Schlitzer, 2015). Sea surface temperature was measured with an onboard thermosalinograph (SeaBird Electronics model SBE 45). Daily mean sea surface salinity data for each sampling location were extracted from the GLOBAL-REANALYSIS-PHY-001-30 reanalysis product (1/12° horizontal resolution) provided by the Copernicus Marine Environment Monitoring Service (http://marine.copernicus.eu/).


[image: Figure 1]
FIGURE 1. Sampling locations in the Northwest Pacific Ocean. Surface seawater samples were collected from 20 stations (marked by black dots). The map with sampling locations was constructed using Ocean Data View version 4.7.10.


The seawater was passed through 200-μm nylon mesh to remove metazoans, and the cells from 4.25 to 7.3 liters of the filtrate were harvested through 47-mm-diameter polycarbonate filters (0.2-μm pore size, Millipore, USA). It was inevitable that bacteria-associated particles (> 200 μm) were also removed with the 200-μm nylon mesh. The filters were then stored at −80°C until DNA extraction. Duplicate seawater samples from each station were stored at −20°C in acid-washed, 250-mL polyethylene bottles, which were transported to the laboratory and analyzed (i) for dissolved reactive phosphorus (DRP) concentrations following the manual, solid phase extraction method described previously (Yuan et al., 2016), (ii) for NOx (nitrate + nitrite) concentrations using a colorimetric method with a Flow Injection Analysis-Liquid Waveguide Capillary Cell system (Zhang, 2000) and (iii) for Si(OH)4 concentrations using an AA3 AutoAnalyzer (Bran+Luebbe, Germany) following procedures described previously (Du et al., 2013).

For measurement of chlorophyll a (Chl a) concentrations, 4.3 liters of seawater from each station were filtered onto Whatman 25-mm-diameter GF/F filters and stored at −80°C. Chl a was extracted with N, N-dimethylformamide from filters, and measured by high-performance liquid chromatography (Liu et al., 2016). Seawater samples for enumeration of bacterial abundance were fixed with 50 % paraformaldehyde (Sangon Biotech, China) at a final concentration of 1 % (v/v), incubated in the dark for 10–15 min, and stored at −80°C. Bacteria were stained with 100× SYBR Green I (final concentration 1×) (Thermo Fisher Scientific, USA) were counted using a BD Accuri C6 flow cytometer (BD Biosciences, USA) after mixing with 1-μm yellow-green latex beads (Sigma, USA) (Marie et al., 1999).



High-Throughput Quantification Sequencing

To quantify taxa abundance across samples, HTQS, which has been described in pioneer studies (Tourlousse et al., 2017; Wang et al., 2018; Jiang et al., 2019; Mou et al., 2020), was applied and carried out mainly in Genesky Biotechnologies (China), with some modifications. Briefly, total genomic DNAs were extracted using a DNeasy PowerWater Kit (Qiagen, Germany) following the manufacturer's instructions from polycarbonate filters with concentrated cells. DNA quality and purity were evaluated by gel electrophoresis and NanoDrop 2000 (Thermo Fisher Scientific, USA), and the concentration was quantified with an Invitrogen Qubit 3.0 Spectrophotometer (Thermo Fisher Scientific, USA). Artificial standard spike-in sequences consisted of both conserved regions that were identical to natural 16S rRNA genes and artificial variable regions that were random sequences with about 40% G+C content and that shared negligible identity with sequences in the public databases. Artificial standard spike-ins were designed and synthesized in Genesky Biotechnologies (China). Nine artificial standard spike-ins were added to genomic DNAs for each sample at four different concentrations (103, 104, 105, and 106 copies of sequences for three, two, two, and two standard spike-ins, respectively), followed by amplification of the V3-V4 region of bacterial 16S rRNA gene with primers 341F and 805R in triplicate for 25 cycles (Herlemann et al., 2011). Amplicons were checked using gel electrophoresis and purified with Agencourt AMPure XP PCR Purification Beads (Beckman Coulter, USA). Purified amplicons of each sample were added with a sample-specific index sequence and then used to construct a library. The library was quantified, pooled, checked, and then sequenced using an Illumina Miseq Benchtop Sequencer (Illumina, USA) for 2 × 250 base pair (bp) paired-end reads.



Processing and Analysis of Sequencing Data

The raw paired-end reads with Q20 values ≥97.1% and Q30 values ≥94.37% were cleaned using Trim Galore v0.4.5 (http://www.bioinformatics.babraham.ac.uk/projects/trim_galore/), FLASH2 v2.2.00 (Magoc and Salzberg, 2011), mothur v.1.39.3 (Schloss et al., 2009), and Usearch v10 (Edgar, 2013), including quality checking, filtering, and assembly of data. First, Trim Galore was applied to trim adapter and bases with quality scores <20 at the end of the read and reads shorter than 100 bp were removed. Second, FLASH2 was used to merge paired-end reads, followed by the removal of low-quality sequences (Magoc and Salzberg, 2011). Third, mothur was applied to identify and remove primers from sequences and filter out sequences with N-base or homopolymer >6 bp. Finally, sequences with total base error rates larger than two or lengths shorter than 200 were removed using Usearch, resulting in clean sequences for further processing (Edgar, 2013). UPARSE (Edgar, 2013) implemented in Usearch v10 was performed for processing chimera removal, singleton removal, Operational Taxonomic Unit (OTU) clustering (97% similarity cut-off), and picking of representative sequences.

Representative sequences were then blasted against the Silva132 database (Yilmaz et al., 2014) for taxonomic assignment. OTUs assigned to spike-in sequences were identified, counted, and removed for each sample, and the relative and quantitative abundances of the remaining OTUs were then calculated. For relative abundance analyses, an OTU table without singleton and non-bacterial sequences (i.e., spike-in, archaea, and chloroplast) was randomly rarefied to the same sequence number of 85442 (the minimum number of sequences in the samples) for each sample. For analyses of quantitative abundances, a standard curve equation based on the 9 added standard spike-ins for each sample was first constructed following y = ax + b (1), where y is the log-transformed number of spike-in OTU sequences, x represents log-transformed copies of the added spike-in, and the parameters a and b are fitting coefficients.

The quantitative abundance of each OTU in a sample was then determined as follows: [image: image], where ABotu is the quantitative abundance of OTUs in the unit of copies L−1; Yotu represents OTU abundance calculated from equation (1); R is the recovery ratio of DNA concentration (sequenced genomic DNA/total genomic DNA extracted in each sample), and V represents the volume of seawater filtered. Based on relative abundance, richness (observed OTU number), Chao 1, Shannon, and Faith's phylogenetic diversity (PD) (Faith, 1992) indices were calculated by applying command alpha_diversity.py in QIIME v.1.9.0 (Caporaso et al., 2010).



Statistical Analysis

All statistical analyses and figures were done with R (version 3.6.1) (R Core Team, 2016) unless otherwise mentioned. Spearman rank correlation tests were applied to pairs of variables, including biogeochemical factors and alpha diversity indices of bacteria, with P-values corrected using the false discovery rate (fdr) method. To evaluate inner-community connections, the function corr.test() (arguments: method = “spearman,” adjust = “fdr”) in package ‘psych’ (Revelle, 2017) were used to calculate the pairwise correlations for OTUs with relative abundance >0.1% (relative to total sequences), followed by depicturing significant correlations (adjusted p < 0.05 and r ≥ 0.6) and analysis of network attributes through the software Gephi (Bastian et al., 2009). Pairwise Spearman correlation coefficients between relative and quantitative abundances were analyzed for OTUs recovered in all samples with p-values adjusted in the package “q-value” (Dabney et al., 2010). The procrustes analysis was applied to test the agreement between relative and quantitative abundances in presenting the distribution patterns of bacterial communities using the “vegan” package (Oksanen et al., 2016).

First, Principal Coordinates Analysis was performed separately on relative and quantitative abundances of bacterial communities to reduce their dimensionalities. Then, the Procrustes analysis was used to stretch and rotate the points in principal coordinates matrices using the function procrustes(). The statistical significance was measured with a Monte Carlo test, with M2 indicating the goodness of fit. The Mantel test was applied to reveal the potential effects of factors such as environmental and geographic metrics on bacterial community composition based on Bray-Curtis distance.

To evaluate the relative effects of environmental and spatial variables in constructing the bacterial communities, a variation partitioning analysis (VPA) was performed based on redundancy analysis (RDA), as previously described (Borcard et al., 2011). A sparse partial least squares (sPLS) approach implemented in the R package “mixOmics” (Rohart et al., 2017) was performed to simultaneously select variables from bacterial subgroups (at phylum and order levels, respectively), and variables (i.e., environmental and geographic factors) that could identify certain bacterial subgroups having high correlations with specific parameters.




RESULTS


Environmental Characteristics

Twenty surface seawater samples were collected and measured for relevant environmental variables (Supplementary Table 1, Supplementary Figure 1) across the subtropical NWPO during the summer of 2018. Sea surface temperature averaged 29.11°C (range: 28.55–29.68°C) (Supplementary Figure 1A). Sea surface salinity averaged 34.36 (range: 33.66–35.12) (Supplementary Figure 1B). Concentrations of NOx (nitrate + nitrite) averaged 0.033 μmol/L (range: 0.014–0.104 μmol/L) (Supplementary Figure 1C). Dissolved reactive phosphate (DRP) concentrations averaged 0.07 μmol/L (range: 0.01–0.15 μmol/L) (Supplementary Figure 1D). The geographical distribution of Si(OH)4 concentrations, which averaged 1.08 μmol/L (range: 0.57–1.93 μmol/L) (Supplementary Figure 1E) was opposite that of the DRP concentrations. The Si(OH)4 concentrations increased from west to east across the subtropical NWPO and decreased toward the north (Supplementary Figures 1D,E, Figure 2A). The concentrations of Chl a averaged 25.2 ng/L (range: 5.4–48.8 ng/L) (Supplementary Figure 1F). Bacterial abundances varied from 1.15×105 cells/ml to 1.68 × 105 cells/ml (Supplementary Figure 1G).


[image: Figure 2]
FIGURE 2. Spearman correlation matrix and distribution patterns of bacterial α-diversity indices. The Spearman correlation matrix (A) showing the results of Spearman rank correlation tests among α-diversity indices, environmental variables, geographic factors, and copy number of 16S rRNA gene. The p-values were corrected using package “psych.” Only adjusted p < 0.05 are shown in the Spearman correlation matrix with color indicating the r value. Distribution patterns of α-diversity indices including Chao1 and richness, PD, and Shannon are shown in (B–D), respectively. PD, phylogenetic diversity; CopyNum, copy number of 16S rRNA gene; NOx, nitrite + nitrate; DRP, dissolved reactive phosphorus; BA, bacterial abundance.




α-Diversity of Bacterial Communities

Rarefaction curves indicated that all amplicon samples were almost saturated with respect to the number of sequences. The implication of this was that the majority of bacterial communities in the amplicon samples collected from subtropical NWPO surface water were recovered at the current sequencing depth (Supplementary Figure 2). All samples rarefied to 85,442 sequences yielded a total of 1,192 OTUs at a cutoff value of 97% similarity. The samples contained 453–682 OTUs per sample (Figure 2B). The distribution patterns across the subtropical NWPO were consistent for richness based on the Chao 1, phylogenetic diversity (PD), and Shannon diversity indices. The Chao 1 ranged from 561 to 799 (average of 651), the PD index from 42 to 58 (average of 46), and the Shannon from 4.5 to 5.8 (average of 4.8). The richness, Chao 1, and phylogenetic indices peaked at station N01, whereas the maximum of Shannon index was at station N17 (Figures 2B–D).



Structure and Distribution Patterns of Bacterial Communities

Strong linear relationships (R2 > 0.988) were found between the added copy numbers of spike-in standards and the abundances of spike-in OTU sequences recovered from sequencing for all samples (Supplementary Table 2). The quantitative taxonomic abundances calculated from spike-in standards averaged 7.09 × 108 copies L−1 (range: 1.86 × 108-1.14 × 109 copies L−1) for bacterial communities (Figure 3B). At the phylum level, both relative and quantitative sequence abundances derived from all samples were dominated by Proteobacteria (average about 65.4% and 4.6 × 108 copies L−1, respectively), followed by Cyanobacteria (average about 22.0% and 1.9 × 108 copies L−1, respectively). These two phyla accounted for more than 87% of the total relative abundance. The α-proteobacteria and γ-proteobacteria dominated within Proteobacteria, accounting for 48.7 and 15.3% of total sequences, respectively (Supplementary Figure 3).


[image: Figure 3]
FIGURE 3. Bacterial community composition of relative abundance and rRNA gene abundance at the order levels (A,B), respectively. Only the most abundant orders (12) are shown. The other orders are presented as “Others”.


Bacteroidetes and Actinobacteria were ubiquitous in the investigated region and present in high relative abundance at some stations (e.g., stations N17 and N22, Supplementary Figure 3A). At the order level, the SAR11 clade within the Proteobacteria dominated in both relative (average of 32.4%) and quantitative (4.1 × 107−4.0 × 108 copies L−1 with an average of 2.6 × 108 copies L−1) sequence abundances at all stations and sequences assigned to Synechococcales (Cyanobacteria) accounted for 21.9% of total sequences (Figure 3).

The Spearman correlation coefficients between relative and quantitative abundances were <0.8 in 46.2% of the cases, and 7.3% of the Spearman correlation coefficients were not significant (adjusted P > 0.05; Supplementary Figure 4). Furthermore, the community connections revealed by relative and quantitative abundances were markedly different, and the latter showed more complex and tighter connections (Figure 4, Table 1). Although equal numbers of OTUs were included in the analyses, compared to relative abundances, the quantitative abundances were associated with: (i) twice as many connections, with much more positive (1005 vs. 151) and fewer negative (29 vs. 143) connections; (ii) a higher average degree of clustering and clustering coefficient; and (iii) shorter average path length and lower modularity (Table 1). Procrustes analysis showed remarkable agreement between relative and quantitative abundances in presenting the distribution patterns of bacterial communities with M2 = 0.017 and p = 0.001. Moreover, it was noteworthy that bacterial communities, based on both relative and quantitative abundances presented distinct geographical patterns with spatially adjacent stations clustered together (Figure 5).


[image: Figure 4]
FIGURE 4. Network analysis of relationships among OTUs for relative abundance (A) and quantitative abundance (B) of bacterial communities. The OTUs with relative abundances >0.1% of total sequences were included to calculate pairwise Spearman correlations using the function corr.test() in the package “psych,” with p-values adjusted using the “fdr” method. Only significant correlations (adjusted p < 0.05 and r ≥ 0.6) were used to construct the network using the software Gephi. Red and blue lines represent significant positive and negative correlations, respectively.



Table 1. Network characteristics of bacterial community based on relative and quantitative abundances.
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[image: Figure 5]
FIGURE 5. Procrustes analysis of relative abundance against quantitative abundance in presenting bacterial distribution patterns obtained from Principal Coordinates Analysis. Principal Coordinates Analysis based on Bray–Curtis distance of bacterial communities. The M2 that was approximated to zero indicated the remarkable agreement of comparison. The statistical significance was measured by the Monte Carlo test.




Potentially Important Factors Influencing the Bacterial Communities

No significant relationship with measured environmental and geographic variables was found for alpha diversity indices or quantified rRNA gene abundances, except for bacterial abundances and NOx concentrations, which were positively correlated with Shannon and PD indices, respectively (Figure 2A). The effects of environmental and geographic factors on community composition were evaluated using Mantel tests (Table 2), VPA (Supplementary Figure 5), and sPLS analyses (Figure 6, Supplementary Figure 6).


Table 2. Mantel tests for the correlations between environmental variables, geographic factors, and bacterial composition based on Bray-Curtis distance for relative and quantitative abundances.
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[image: Figure 6]
FIGURE 6. Heatmaps showing significant correlations between specific orders (A,B) of bacteria and environmental variables (e.g., temperature, salinity, nutrients, and Chl a) and geographic factors for relative and quantitative abundances using a sparse partial least squares approach. The orders present in all samples were used. Significant correlations (|r| > 0.5) are labeled with asterisks. NOx, nitrite + nitrate; DRP, dissolved reactive phosphorus.


The variations of whole bacterial communities based on the Bray-Curtis distance were significantly correlated with salinity (r = 0.396, P < 0.001 and r = 0.429, P < 0.001 for relative and quantitative abundances, respectively), DRP concentrations (r = 0.294, P = 0.002 and r = 0.322, P = 0.001 for relative and quantitative abundances, respectively), Si(OH)4 concentrations (r = 0.353, P = 0.025 and r = 0.330, P = 0.025 for relative and quantitative abundances, respectively), Chl a concentrations (r = 0.367, P = 0.014 and r = 0.291, P = 0.035 for relative and quantitative abundances, respectively), and geographic distances (r = 0.738, P < 0.001 and r = 0.785, P < 0.001 for relative and quantitative abundances, respectively) (Table 2). Furthermore, the VPA showed that purely geographic factors might play significant roles in shaping bacterial communities based on both relative (30.2%) and quantitative (31.9%) abundances, but purely measured environmental factors explained no significant percentage of community variance. A large percentage of community variance was unexplained based on relative (47.8%) and quantitative (47.0%) abundances (Supplementary Figure 5).

We used sPLS to identify and visualize significant correlations between subgroups of bacteria and each environmental parameter and geographic factor, and in this way, we were able to reveal many significant relationships (Figure 6, Supplementary Figure 6). In terms of both relative and quantitative abundances, groups such as Dadabacteria and Gammaproteobacteria were correlated with longitude and latitude, and bacteria recovered as phyla (Dadabacteria and Firmicutes) were correlated with DRP concentrations (Supplementary Figure 6). However, the relative or quantitative abundance of no phylum was found to be correlated with temperature, NOx, or Chl a concentrations (Supplementary Figure 6). There were similar patterns at the order level for both relative and quantitative abundances. For example, the abundance of groups such as Alteromonadales, Bacillales, Betaproteobacteriales, cellvibrionales, Pirellulales, Pseudomonadales, and Verrucomicrobiales was correlated with longitude and latitude, whereas the abundances of lineages were uncorrelated with temperature and NOx concentrations (Figure 6). Discrepancies of correlations with geographic factors, nutrients, and Chl a were also notably apparent for the relative and quantitative abundances of bacterial subgroups. For example, geographic factors correlated with the relative abundances of groups such as Ianctomycetes, Margulisbacteria, and Verrucomicrobia, but not for their quantitative abundances, whereas only the quantitative abundances of the orders Chitinophagales, Phycisphaerales, Planctomycetales, Puniceispirillales, and Opitutales were correlated with geographic variables (Figure 6, Supplementary Figure 6).




DISCUSSION


Bacterial Community Composition Across the Subtropical NWPO

Although HTQS does not preclude a PCR-bias effect, which would impact absolute microbial abundances, it could, to some extent, enhance the significance of HTS-based microbiome studies (Tourlousse et al., 2017; Wang et al., 2018; Yang et al., 2018; Jiang et al., 2019; Mou et al., 2020). In our study, the strong linear relationships observed between the added copy numbers of spike-in standards and the abundances of spike-in OTU sequences (Supplementary Table 2) suggested that HTQS might be a robust method for quantifying the sequence abundances. Our observations of total bacterial 16S rRNA abundances were within the range of bacterial 16S rRNA abundances (1.78 × 108−5.4 × 109 copies L−1) reported in the surface seawater of the western North Atlantic, based on the HTQS method (Wang et al., 2018) and consistent with bacterial 16S rRNA gene abundances based on real-time PCR in the surface seawater of the South Pacific Gyre (5.96 × 108−2.55 × 109 copies L−1) (Yin et al., 2013). Quantitative abundances of the SAR11 16S rRNA gene in our samples were also in accordance with previous observations. For example, a mean quantitative abundance of 2.6 × 108 copies L−1 has been reported for SAR11 in surface seawater of the western North Atlantic based on the HTQS method (Wang et al., 2018), and SAR11 gene abundances estimated by quantitative PCR (qPCR) have been reported to fall in the range 0.3 × 108−6.3 × 108 copies L−1 at Station ALOHA (Eiler et al., 2009).

Our results were also consistent with the SAR11 cell abundances of 2 × 108 cells L−1 estimated from FISH in the Sargasso Sea (Morris et al., 2002), if there is one gene copy number per SAR11 cell (Giovannoni et al., 2005). It should be noted, however, that there was no correlation between bacterial abundance enumerated with flow cytometry and 16S rRNA gene abundance based on the HTQS method (Figure 2A). Because there are significant methodological differences between HTQS and flow cytometry, it was reasonable to anticipate that they do not provide estimates of the same characteristics of bacterial communities.

At the basin scale, the bacterial communities were dominated at the phylum level by Proteobacteria, followed by Cyanobacteria (Supplementary Figure 3). Furthermore, the SAR11 (Proteobacteria) and Synechococcales (Cyanobacteria) lineages were the predominant groups at the order level in our study (Figure 3).

With some exceptions, our results were generally consistent with the results of previous studies in oligotrophic surface seawater at both the global and local scales (Yin et al., 2013; Sunagawa et al., 2015; Lindh, 2017; Shulse et al., 2017; Li et al., 2018). Based on metagenomic data, for example, Sunagawa et al. (2015) found that typical members of the Proteobacteria (i.e., SAR11 and SAR86 clades) and Cyanobacteria were the dominant bacteria in samples collected across all oceanic provinces during the Tara Oceans expedition. Moreover, Proteobacteria and Cyanobacteria have generally been shown to be the predominant phyla in surface seawater based on either 16S rRNA gene clone libraries from the center to the edge of the South Pacific Gyre (Yin et al., 2013) or HTS results of the 16S rRNA gene (V3 region) in the NWPO (Li et al., 2018). However, Lindh (2017) found that Cyanobacteria dominated bacterial communities along a transect from Honolulu to Station ALOHA based on HTS of the V3–V4 region of the bacterial 16S rRNA gene, and Li et al. (2018) found that Bacteroidetes was the second most abundant phylum at several stations in the northwestern Pacific. These discrepancies could be partially attributed to the different methodologies used, such as PCR primers. Previous studies, for example, have revealed that different primer sets can result in biased diversity metrics for bacterial communities (Cai et al., 2013). The fact that the primers used by Lindh (2017) and by us were the same, but that there were differences in the community compositions based on those primers indicates that factors other than primer sets contributed to the observed differences. Li et al. (2018) have shown that either Cyanobacteria or Proteobacteria can be the dominant bacterial phylum in the surface water of the NWPO. We, therefore, hypothesize that differences of the environmental factors associated with currents, water masses (Tseng et al., 2016), and/or physical processes such as eddies and upwelling might play a more important role than methodological differences (i.e., different primers) in explaining the differences of bacterial community composition in the different studies.



Potentially Important Factors That Influence Bacterial Communities

We identified environmental variables (i.e., salinity, nutrient, and Chl a concentrations) and geographic factors as potential determinants of bacterial communities (Table 2, Supplementary Figure 5). Moreover, these potential determinants were correlated to varying degrees with different bacterial lineages (Figure 6, Supplementary Figure 6). More specifically, Chl a concentrations were found to be potentially important factors that shaped whole bacterial communities (Table 2), but they were uncorrelated with specific lineages at the phylum level (Supplementary Figure 5). Similarly, Li et al. (2018) found that bacterial community structure is positively correlated only with temperature, whereas, at the phylum level, Proteobacteria, and Cyanobacteria are weakly correlated with both temperature and nutrients, and Chloroflexi are negatively correlated with ammonium concentrations in the surface water of the NWPO.

Partial least squares regression analyses revealed that latitude, longitude, and temperature are associated with specific groups of prokaryotic taxa in the western North Atlantic (Wang et al., 2018). In addition, Lindh et al. (2018) have shown that the effects of environmental and spatial factors vary in terms of their ability to explain whole bacterioplankton assemblages and subgroups thereof in the Clarion-Clippperton zone of the Pacific Ocean and along global ocean transects (i.e., the TARA and Malaspina expeditions). The implication is that the mechanisms that shape bacterioplankton communities differ between whole communities and subgroups. To comprehensively understand the biogeography of marine bacteria and the mechanisms that structure marine bacterial communities, the distinction between different taxonomic levels should be taken into consideration in future studies.

Our results revealed that spatial factors might play more important roles than environmental variables in regulating bacterial communities (Table 2, Supplementary Figure 5). Mantel tests revealed that spatial factors were more significantly correlated with bacterial communities than environmental variables (Table 2), and VPA showed that purely spatial factors could explain a large percentage of the variance of bacterial community composition, whereas the environmental metrics that we measured explained no significant percentage of the variance (Supplementary Figure 5). By contrast, Lindh et al. (2018) found that purely environmental conditions accounted for a significant percentage of the variance of epipelagic (5, 80, and 125 m) bacterioplankton composition in the Clarion-Clipperton Zone of the Eastern North Pacific. Based on rRNA gene data from the Tara oceans, the same study observed that environmental conditions might play a more important role than spatial differences in structuring epipelagic (0–200 m) bacterial assemblages. Water temperature was recognized to be the most important driver of the selection of surface prokaryotes sampled during the Malaspina and TARA Oceans expeditions (Logares et al., 2020). One possible explanation for these disparate results is that environmental heterogeneity was much higher in previous studies than in this study. For example, water temperatures ranged from 28.55 to 29.68°C in this study, but it fluctuated between 12.79 and 27.63°C in the epipelagic waters of the Clarion-Clipperton Zone during the study of Lindh et al. (2018) and from 15.7 to 29.3°C across the “Meta-119 Malaspina dataset” during the study of Logares et al. (2020).

Our results also revealed that environmental variables such as salinity, DRP, and Si(OH)4 concentrations were correlated with spatial factors (Figure 2A), and that correlation could explain their shared effect on the variations of bacterial community structure (Supplementary Figure 4). It should be noted that there was a large percentage of community variance that was unexplained by the spatial and environmental variables in our study (Supplementary Figure 5). We speculate that this unexplained community variance might have been due to unmeasured but important environmental factors (e.g., wind speeds and water current velocities), ecological processes (e.g., dispersal and ecological drift), and/or biological variables, such as taxon-specific mortality by grazers, viral infection, and biotic interactions.



Comparing the Quantitative and Relative Abundances of Members of the Bacterial Communities

We evaluated community structure, distribution patterns, and the potentially important determinants of bacterial community composition in terms of both relative and quantitative abundances. The distribution patterns of the relative and quantitative abundances of whole communities of bacteria were similar (Figure 5) and were affected in similar ways by potential determinants of community structure (Table 2, Supplementary Figure 5). At the subgroup level, the distributions and potential determinants of relative and quantitative abundance differed (Table 1, Figures 4, 6, Supplementary Figures 4, 6). The attributes of networks constructed from relative and quantitative abundances were quite different (Figure 4, Table 1). Because positive connections might tend to destabilize bacterial communities, or vice versa (de Vries et al., 2018), our results may indicate that bacterial networks appear to be less stable when they are assessed in terms of quantitative abundance vs. relative abundance. Furthermore, the Spearman correlation coefficients between relative and quantitative abundances were <0.8 in 46.2% of cases, and 7.3% were not significant correlations (adjusted P > 0.05; Supplementary Figure 4). Hence there were significant differences between relative and quantitative abundances at the subgroup level.

By combining the HTS approach with single-cell enumeration technology, Props et al. (2017) showed that there is no inevitable correlation between enrichment (increase in relative abundance) and outgrowth (increase in absolute abundance) of taxa. This result highlights the need to consider both relative and absolute abundances to present a comprehensive interpretation of ecological scenarios. The consideration of the potentially important factors that might shape bacterial community composition in this study was based on relative and quantitative abundances that revealed similar patterns for whole communities, but the patterns were dissimilar for specific subgroups (Table 2, Figure 6, Supplementary Figures 4, 6). Previous studies have shown significantly different trends in the abundances of major groups within microbial communities, based on relative abundances generated using HTS and measured abundances estimated by direct or indirect measurements with adenosine triphosphate, flow cytometry, quantitative real-time PCR (qPCR), concentrations of phospholipid fatty acids or microbial carbon biomass (Zhang et al., 2017), and internal standard strains (Yang et al., 2018). In addition, Vandeputte et al. (2017) revealed that quantitative microbiome profiling plays a very important role in the analysis of relationships between species that occur together and the characterization of changes of pathogenic microorganisms through parallelization of HTS and flow cytometric enumeration technology. Collectively, the trends of the relative and quantitative abundances of marine bacteria might be significantly different at subgroup levels. A consideration of the quantitative and relative abundances of members of the bacterial community might therefore be pivotal in revealing important aspects of marine microbial ecology.




CONCLUSIONS

Although bacteria play a pivotal role in shaping ecosystems and contributing to the cycling of elements and flow of energy in the oceans, few studies have addressed the basin-scale distribution of marine bacteria based on the quantification of bacterial abundance. This study revealed that total 16S rRNA gene copies ranged from 1.86 × 108 to 1.14 × 109 copies L−1 in the subtropical NWPO. The spatial distributions of the bacterial communities were distinct, and geographic factors appeared to play important roles in structuring bacterial communities. Our analyses indicated that consideration of both the relative and quantitative abundances of bacteria in a community might help to reveal important aspects of marine microbial ecology. However, because our conclusions are based on analysis of only surface seawater sampled from the subtropical NWPO, further investigations are needed to extend this approach to subsurface waters (e.g., the deep chlorophyll maximum layer, twilight zone, and deep ocean), and/or to regions with gradients of environmental conditions (e.g., salinity and nutrient concentrations). Such studies would greatly enhance our knowledge of how ocean ecosystems work and how they may respond to climate change.
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Microbial life in the oceans impacts the entire marine ecosystem, global biogeochemistry and climate. The marine cyanobacterium Prochlorococcus, an abundant component of this ecosystem, releases a significant fraction of the carbon fixed through photosynthesis, but the amount, timing and molecular composition of released carbon are still poorly understood. These depend on several factors, including nutrient availability, light intensity and glycogen storage. Here we combine multiple computational approaches to provide insight into carbon storage and exudation in Prochlorococcus. First, with the aid of a new algorithm for recursive filling of metabolic gaps (ReFill), and through substantial manual curation, we extended an existing genome-scale metabolic model of Prochlorococcus MED4. In this revised model (iSO595), we decoupled glycogen biosynthesis/degradation from growth, thus enabling dynamic allocation of carbon storage. In contrast to standard implementations of flux balance modeling, we made use of forced influx of carbon and light into the cell, to recapitulate overflow metabolism due to the decoupling of photosynthesis and carbon fixation from growth during nutrient limitation. By using random sampling in the ensuing flux space, we found that storage of glycogen or exudation of organic acids are favored when the growth is nitrogen limited, while exudation of amino acids becomes more likely when phosphate is the limiting resource. We next used COMETS to simulate day-night cycles and found that the model displays dynamic glycogen allocation and exudation of organic acids. The switch from photosynthesis and glycogen storage to glycogen depletion is associated with a redistribution of fluxes from the Entner–Doudoroff to the Pentose Phosphate pathway. Finally, we show that specific gene knockouts in iSO595 exhibit dynamic anomalies compatible with experimental observations, further demonstrating the value of this model as a tool to probe the metabolic dynamic of Prochlorococcus.

Keywords: constraint-based reconstruction and analysis (COBRA), flux balance analysis (FBA), computation of microbial ecosystems in time and space (COMETS), cyanobacteria, exudation, gap-filling algorithm, photosynthesis


INTRODUCTION

Marine phytoplankton perform about one-half of the photosynthesis on Earth (Field et al., 1998). Prochlorococcus is one of the most abundant phytoplankton clades in the world’s oceans and is estimated to produce about 4 Gt of organic carbon annually (Flombaum et al., 2013). As such, these clades play a key role in a variety of ecosystems (Partensky and Garczarek, 2010; Biller et al., 2015). Recent evolutionary studies suggested several evolved metabolic innovations contributing to high picocyanobacterial abundance in the harsh oligotrophic ocean waters, usually limited by several nutrients such as nitrogen, phosphorus, and iron. These innovations include a proteome that contains less nitrogen rich amino acids (Gilbert and Fagan, 2011), membranes that contain glyco- and sulfolipids rather than phospholipids (Van Mooy et al., 2006) and streamlining of the genome associated with outsourcing of important cellular functions to co-occurring organisms (Holtzendorff et al., 2008; Partensky and Garczarek, 2010; Morris et al., 2012; Ma L. et al., 2018; Braakman, 2019).

Another innovation employed by these organisms is an increased metabolic rate that in turn manifest in the exudation of organic compounds (Fogg et al., 1965; Mague et al., 1980; López-Sandoval et al., 2013; Braakman et al., 2017; Braakman, 2019; Moran and Durham, 2019). Typically, 2–25% of the carbon fixed by photosynthesis is released by exudation from the cell, although values as high as 90% have been reported (Bertilsson et al., 2005; López-Sandoval et al., 2013; Roth-rosenberg et al., 2019; Szul et al., 2019). This exudation, combined with cell death, lytic viral infections, and grazing debris made by predators (“sloppy feeding”), makes dissolved organic matter of phytoplankton origin omnipresent in natural waters (Thornton, 2014). However, it is currently impossible to provide a universal chemical description of dissolved organic matter (Kujawinski, 2011; Arrieta et al., 2015; Moran et al., 2016), partly because the exuded organic compounds differ between strains and environmental conditions (Becker et al., 2014; Ma X. et al., 2018). Nevertheless, in general, phytoplankton exudate includes a small proportion of low-molecular weight compounds, such as organic acids, carbohydrates, and amino acids (Bertilsson et al., 2005), as well as a larger proportion of complex, high-molecular weight compounds (Kujawinski, 2011). Another strategy employed by these bacteria to manage their carbon budget is the internal storage of carbon in polymeric form, specifically, glycogen (Zinser et al., 2009; Reimers et al., 2017; Luan et al., 2019). The extent to which Prochlorococcus, in particular, also stores glycogen has recently been measured, showing increased glycogen pools (up to 40 fg cell–1) in nitrogen-limited conditions compared to nitrogen-replete (Szul et al., 2019). Glycogen accumulates in the bacterial cell during the light hours and was recently suggested to have two primary roles; as energy storage in preparation for darkness and as a regulation strategy to manage high-light photosynthesis products (Welkie et al., 2019). The allocation of glycogen is suggested to be tightly associated with the overflow metabolism hypothesis and also known to be widely affected by nutrient limitations (Damrow et al., 2016; Cano et al., 2018; Forchhammer and Schwarz, 2019; Szul et al., 2019). Importantly, the carbon fixed and released by phytoplankton is then used by heterotrophic organisms as a source of energy, whereas the heterotrophic bacteria may recycle nutrient elements and support the growth of phytoplankton in other ways, as suggested by the Black Queen Hypothesis (Amin et al., 2012; Morris et al., 2012; Moran et al., 2016; Cirri and Pohnert, 2019; Moran and Durham, 2019). Thus, carbon fixation, storage and release are tightly intertwined with microbial interactions and microbial ecosystem dynamics.

Quantitative models at various scales have provided critical insights into how ocean microbial ecosystems function, and how they are related to broader biogeochemical cycles (Deutsch et al., 2007; Follows et al., 2007; Arteaga et al., 2016; Coles et al., 2017; Foster et al., 2018; Moradi et al., 2018; Nicholson et al., 2018; Braakman, 2019; Oschlies et al., 2019; Ward et al., 2019). Most of these models represent organisms in terms of simplified stoichiometric reactions converting elements into biomass, thus making it possible to incorporate biological processes into dynamic-coupled Earth System models (Follows et al., 2007; Reid, 2012). The exponential increase in genomic information on marine organisms provides an opportunity to seek methods to link such detailed genome-scale information to biochemical flows (Coles et al., 2017). In recent years, genome-scale metabolic models (GEMs), combined with linear programming, have made it possible to produce testable predictions of metabolic phenotypes of individual organisms or microbial communities (Gu et al., 2019). This computational framework is based on the identification of individual enzymes and transporters in an organism’s genome, and on simplifying assumptions that bypass the need for kinetic parameters (Maarleveld et al., 2013; O’Brien et al., 2015; Casey et al., 2016; Kim et al., 2016; Reimers et al., 2017). While genome-scale modeling has proven to be a powerful approach in cyanobacterial model organisms such as Synechocystis sp. PCC 6803, Synechococcus elongatus PCC 7942 and Prochlorococcus MED4 (Kettler et al., 2007; Knoop et al., 2013; Broddrick et al., 2016; Casey et al., 2016; Yoshikawa et al., 2017), the exudation of organic compounds in phototrophic organisms has not been studied in detail through Flux Balance Analysis (FBA) or similar methods (Varma and Palsson, 1994; Orth et al., 2010). On the other hand, several examples exist of FBA-based predictions of exudation-mediated interactions between different species, including those generated using the Computational of Microbial Ecosystems in Time and Space (COMETS) platform (Harcombe et al., 2014). In fact, FBA calculations also suggest that “costless” secretions (i.e., secretions that do not induce a fitness cost) might be quite common, and can support the growth of co-occurring organisms (Pacheco et al., 2018).

Experimental evidence and theoretical considerations indicate that Prochlorococcus exudes different metabolites in a way that strongly depends on environmental conditions (Dubinsky and Berman-Frank, 2001; Szul et al., 2019) as well as on the strain’s genetic makeup (Becker et al., 2014; Roth-rosenberg et al., 2019). While GEMs can be used to predict these fluxes, they require modifications to deal with processes not usually considered in FBA, including: (a) the special nature of photon fluxes [which, unlike molecular fluxes, cannot easily be “shut off” at short time scales (Dubinsky and Berman-Frank, 2001)]; (b) the buffering role of intracellular storage molecules such as glycogen. The primary focus of this study is to obtain better knowledge of the potential metabolic effect of a combination of key nutrients (carbon, nitrogen, phosphorous, and light) and carbon fixation rate on the allocation (including storage and exudation) of carbon in Prochlorococcus using a revised genome-scale metabolic model (Figure 1). We start by describing model revisions and updates to capture the current, most complete metabolic knowledge available for Prochlorococcus. Next, we use a variety of FBA approaches to uncover the potential relationships between a set of key nutrients, carbon storage and exudates in static and dynamic (time dependent) settings. The implementation and use of these approaches improve our understanding of the intricate metabolic workings of Prochlorococcus and provide insights on its storage and exudation trends under different environmental conditions.


[image: image]

FIGURE 1. iSO595 is an updated reconstruction of Prochlorococcus marinus MED4, featuring a complete Entner–Doudoroff pathway, rewired glycogen metabolism and increased coverage of the genome. The central panel is a simplified illustration covering the most relevant metabolic features. (A) To simulate the natural environmental constraints experienced by Prochlorococcus we use “Push-FBA”: Light and bicarbonate uptake are given a fixed flux independent of growth rate. This contrasts standard FBA where light and bicarbonate would be “pulled” in by the demand needed to support maximal growth rate up to a given bound. (B) We rewired the glycogen metabolism in iSO595 to study the dynamic allocation the dynamic allocation of glycogen. (C) Additionally, we implemented dynamic light conditions and light absorption in COMETS to simulate the growth of P. marinus during the diel cycle. (D) iSO595 has increased coverage both in terms of genes, reactions and metabolites compared to its ancestor iJC568.




MATERIALS AND METHODS


Model Update and Curation

The iJC568 genome-scale reconstruction of Prochlorococcus marinus subsp. pastoris str. CMP1986 (referred to throughout the manuscript as MED4) as described by Casey et al. (2016), was used as the starting point for model enhancement. The update process started with an in-depth study of the reconstructed network and available knowledge not previously incorporated into the model of the organism. During this process, we ended up implementing the following specific steps of curation and update: (i) A key modification to the model was the decoupling between the glycogen storage flux and the biomass production. In standard stoichiometric reconstructions for FBA modeling (Thiele et al., 2011; Nogales et al., 2012; Feist et al., 2014; Broddrick et al., 2016; Monk et al., 2017; Kavvas et al., 2018), glycogen is listed as one of the biomass components, thus accounting for the carbon flux into storage. However, given the fixed stoichiometry of biomass composition, this classical implementation cannot account for the time-dependent storage and re-utilization of glycogen observed in picocyanobacteria. We thus removed the glycogen from the biomass function and streamlined the existing glycogen granule representation to a direct link between ADP-Glucose to the production of glycogen (Figure 1B). (ii) In addition to targeted refinement of selected reactions, we used the KEGG database (Kanehisa and Goto, 2000) to perform an extensive search for previously known but missing metabolic reaction annotations. Indeed, we found 354 reactions that could be potentially added to the existing network. To incorporate this knowledge, we developed a semi-automated algorithm (ReFill, described below). (iii) We coupled the implementation of the algorithm with several steps of manual curation. These included the addition of transports, such as that of hydrogen peroxide and ethanol, known to diffuse across the cell membrane (Seaver and Imlay, 2001; Noreña-Caro and Benton, 2018), and the addition of the complete Entner–Doudoroff pathway, that has recently been discovered in cyanobacteria (Chen et al., 2016). Additionally, we performed a BLAST search (Supplementary Material 1) (Altschul et al., 1990) from which we identified 6PG-dehydratase (EC: 4.2.1.12) encoded by PMM0774, thereby completing this pathway in the model reconstruction. (iv) The revised model was checked for redox and elemental balance. Since the biomass function was based on experimental data (Casey et al., 2016), it was not updated. In line with best practices, a memote quality assessment (Supplementary Material 2) (Lieven et al., 2020), as well as model files and a detailed changelog, are provided at https://github.com/segrelab/Prochlorococcus_Model. All reactions added to iJC658 to form iSO595 are found in Supplementary Table 1 and modified reactions are found in Supplementary Table 2.



ReFill Algorithm

Following an extensive search of literature and the KEGG (Kanehisa and Goto, 2000), TransportDB (Elbourne et al., 2017) and Metabolights (Haug et al., 2013) databases, we found a large number of new or previously known but missing reaction, transporter, and metabolite annotations. Adding large amounts of data to an existing network might create new gaps and may give rise to new blocked reactions and orphan metabolites that in general reduce model quality and can convolute later curation efforts, quality control or assessment of model predictions. To add this knowledge to the network in a controlled approach, we developed the semi-automated recursive algorithm ReFill (Recursive Filler of metabolic gaps). The algorithm is based on the principle of using diverse information, such as enzyme and reaction annotations, and experimental data (such as metabolomics), to selectively increase the metabolic knowledge of an organism’s existing curated genome-scale metabolic network. ReFill makes use of a repository of reactions, in this case KEGG reaction annotations for MED4 absent from the model, to construct all potential chains of reactions connecting two metabolites in the existing network. It systematically tests the potential of adding each new reaction and suggests adding it only if it can be a part of a chain in which all the metabolites are part of a path in the network (Figure 2). This prevents the creation of new orphan metabolites and potential blocked reactions. The algorithm starts by selecting a reaction from the repository. It then inspects each metabolite in the reaction for presence in the existing network. In case a metabolite is not present, the set of available reactions is scanned for other reactions using this metabolite as a substrate or product. If such a reaction is found, it is added to the chain of potential reactions. The algorithm then iteratively expands the chain until either the repository is exhausted or all the metabolites in the most recent reaction added are present in the network. After all the possible chains of new reactions are expanded, the algorithm examines the connectivity of all the metabolites in each chain (see example in Figure 2B). Following the manual addition of transporters found through TransportDB (Elbourne et al., 2017) and Metabolights (Haug et al., 2013) (Study MTBLS567), using the ReFill algorithm, we updated reactions that belong to several different pathways, including metabolism of cofactors and vitamins, carbohydrate metabolism, amino acid metabolism and nucleotide metabolism. A complete list of added reactions can be found in Supplementary Table 1. ReFill was coded in python 3.7 and generates MATLAB-compatible files formatted to be used with the COBRA Toolbox (Heirendt et al., 2019), including a list of suggested reactions to add and their gene-reaction rules. Other outputs include the added reaction chains and possible metabolic circuits that can be formed by these additions.
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FIGURE 2. Schematic description of the ReFill algorithm. New reaction annotations are added only if all the metabolites are connected to the existing network. A connected metabolite is denoted in a green circle. An orphan (unconnected metabolite) is denoted in a red circle. (A) A simple case in which all the metabolites comply with the selection rule. (B) In case one or more metabolites are not connected to the existing network, other new reactions may be added to complete the missing connections. For example, consider reaction a to be composed of two substrates and two products, one of which, x (a metabolite that did not exist in the initial network), is not connected to the existing network and is currently an orphan. After the expansion step, the algorithm identified one reaction, b, in which x is used as a substrate. All other metabolites in b exist in the network thus creating a path from reaction a through reaction b to the network.




Parameter Sampling

To study the effects of combinations of key nutrients on glycogen production and exudation in the iSO595 model we focused on four parameters representing the uptake fluxes of light, bicarbonate, ammonium, and phosphate. Light and inorganic carbon (bicarbonate) are the substrates for photosynthesis, whereas nitrogen and phosphorus limit the growth of Prochlorococcus in large regions of the world ocean (Davey et al., 2008; Moore et al., 2013; Saito et al., 2014), and nutrient limitation is likely to influence the exudation of fixed carbon (Dubinsky and Berman-Frank, 2001). We sampled 10,000 different environmental conditions by drawing random values from uniform distributions of these four parameters. The range of each parameter was based on physiologically relevant ranges we extracted from the literature and on the requirement that each range covers important phase transitions, such as nutrient and light limitations (Supplementary Table 3). Light flux was converted from micromole quanta m–2 sec–1 to mmol gDW–1h–1 similarly to Nogales et al. (2012) using 8% photosynthesis efficiency rate (Zinser et al., 2009). All uptake flux parameters are described in FBA-compatible units (mmol gDW–1h–1), while corresponding values in biogeochemistry relevant units are illustrated in Supplementary Table 3. As MED4 is a photoautotroph, it is exposed to a constant stream of light during daylight hours. The bacterium is then forced, or ‘pushed,’ to fix carbon even when there is not enough of other elements, such as nitrogen or phosphate, to combine the fixed carbon into biomass. To capture this phenomenon in silico we developed a ‘push’-FBA framework where we fixed both upper and lower uptake rates of light and bicarbonate (Figure 1A). For the other sampled nutrients, ammonium and phosphate, we defined standard FBA bounds where the maximal uptake rate was set to the sampled value and the lower bound was set to zero. Note that we only considered uptake of sulfur in the form of sulfate (not hydrogen sulfide), and no upper limit was set for the uptake of sulfate because of its abundance in seawater. The maximum rate of RuBisCO (R00024) was fixed to 4.7 mmol gDW–1 h–1, as previously reported (Casey et al., 2016). Before sampling we blocked a set of artificial exchange reactions that were added in the previous version of the model, most likely to allow export of dead-end metabolites that would otherwise limit flux feasibility (Supplementary Table 4). Subsequently, we removed all unconditionally blocked reactions in the model to speed up computations. For each random sample, we first tested the model for feasibility using FBA (Varma and Palsson, 1994). If the solver returned a solution that was feasible and optimal, we further calculated optimal fluxes with parsimonious FBA (Lewis et al., 2010), and determined the range of possible fluxes at optimum with Flux Variability Analysis (FVA) (Gudmundsson and Thiele, 2010). Exchange fluxes from FBA, parsimonious FBA and FVA were recorded and used in subsequent analyses. All environmental sampling and calculations were performed using CobraPy (Ebrahim et al., 2013) and GUROBI 8.1.1 (Gurobi Optimization, Inc., Houston, TX, United States).



Statistical Analysis of the Sampled Spaces

We sampled 10,000 different environmental conditions based on the flux ranges described above, and analyzed the results of FBA optimization, with the goal of characterizing the distribution of, and correlation between, specific exchange (import/export) fluxes. To that end, we calculated Pearson correlations between exchange reaction fluxes in the sampling data using the python (version 3.7) Pandas package version 1.0.3 (McKinney, 2010). While negative values are normally used to define uptake in FBA, we converted them to positive values for the uptake of light, bicarbonate, phosphate, ammonium, and sulfate when calculating correlations to ease interpretation of the results. We also performed hierarchical clustering using the Nearest Point Algorithm in SciPy (Virtanen et al., 2020) to sort the order of the compounds in the correlation matrix.

We performed dimensionality reduction on normalized exchange reaction fluxes using the T-distributed Stochastic Neighbor Embedding (t-SNE) method (van der Maaten and Hinton, 2008) in Scikit-learn (Pedregosa et al., 2011) with perplexity of 50 and 3,000 iterations. The reaction fluxes were normalized to [−1,1] by dividing by the maximum absolute flux value of each reaction to ensure a consistent influence on the t-SNE results from the different exchange reactions. We considered other normalization schemes, in particular standardization, but found that it was preferable not to center the data to easily discriminate uptake and exudation without further modifications in subsequent data visualization. Finally, the t-SNE transformed data was clustered using HDBSCAN (McInnes et al., 2017) with a minimum cluster size of 200. Transport of inorganic ions, water, and protons were not considered when calculating correlations, dimensionality reduction or clustering. We also discarded transport reactions with no absolute flux value above 10–3 mmol gDW–1 h–1 in any of the environmental samples.



Dynamic Modeling of Light Absorption During the Diel Cycle in COMETS

Cyanobacteria follow a diel cycle. To capture this dynamic behavior, we extended the Computation Of Microbial Ecosystems in Time and Space (COMETS) platform (Harcombe et al., 2014; Dukovski et al., 2020), and developed a module for diurnal-cycle simulations allowing oscillations of light intensity and light absorption. Attenuation of light through each grid cell was modeled using the Beer–Lambert law, as described previously (Yang, 2011; Gomez et al., 2014):
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Here, I(t,z) is the light irradiance given in mmolphotonsm−2s−1, t is the time, z is the depth (from the top of the grid cell), adw is the cell- and wavelength-specific absorption coefficient given in m2gDW−1, aw the absorption coefficient of pure water given in m−1, X(t) the biomass concentration in gDWm−3, and I0(t) the time-dependent incident light irradiance at the top of the grid cell. In the current version, we simplified the process by assuming that the light irradiance is either monochromatic or a sum of the total light bandwidth, and the absorption coefficient should match the wavelength(s) of the light source. The total light attenuation (ΔI) through a grid cell of thickness Δz is then
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The light absorbed by the cells is a fraction of the total light attenuation, i.e.,
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The total number of photons absorbed per dry cell weight [Φ(t)] in mmolphotonsgDW−1s−1 by the cells within a grid cell of thickness Δz, volume V, and surface area A is then
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For all COMETS simulations presented here we have used monochromatic light at 680 nm with a calculated biomass-specific absorption coefficient adw as previously described (Morel and Bricaud, 1981; Bricaud et al., 2004). Briefly, the biomass-specific absorption is the weighted sum of the absorption coefficients of the light-absorbing pigments divinyl-chlorophyll A and B, since none of the other pigments in Prochlorococcus absorb light at 680 nm. Additionally, to account for the discrete distribution of chlorophyll into separate cells, the absorption coefficient is scaled by the packaging factor. All coefficients used to calculate light attenuation and absorption are provided in Table 1.


TABLE 1. Coefficients and values used to calculate light absorption in COMETS.

[image: Table 1]The changing light conditions throughout a diel cycle was modeled as
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where the angular frequency is [image: image].

Following the development of the diel cycle simulation capability in COMETS we set out to dynamically simulate the growth of MED4. Since the nutrient uptake follows Michaelis–Menten kinetics, we estimated the kinetic parameters Vmax and Km using a heuristic approach from experimental data (Grossowicz et al., 2017), first by finding the range of possible parameter combinations corresponding to the gross growth rate of 0.5 d–1 (Supplementary Figure 1A), and secondly by comparing predicted growth and ammonium depletion with the experimental time-series cultivation data (Supplementary Figures 1B,C). The estimated parameters were used in the remaining dynamic FBA simulations in COMETS. Finally, to simulate the dynamic storage and consumption of glycogen we applied a multiple objective approach consisting of the following four steps: (1) Maximization of the flux through the non-growth associated maintenance reaction. Note that, this reaction has an upper bound of 1 mmol gDW–1 h–1 (Casey et al., 2016). In contrast to standard practice, where one uses a lower bound for the non-growth associated maintenance reaction, this method provides a more realistic scenario where the organism continues to consume resources trying to keep up cellular maintenance even at zero growth; (2) Maximization of growth; (3) Maximization of glycogen production (storage); and (4) Parsimonious objective which minimizes the sum of absolute fluxes. To simulate nitrogen-abundant and nitrogen-poor growth conditions, we used the PRO99 medium with standard (800 μMol) and reduced (100 μMol) ammonium concentration, as previously described (Grossowicz et al., 2017). Light availability was modeled as described in Equation 5, with an amplitude of 40 μmol Q m–2 s–1 and a period of 24 h. We also incorporated a death rate of 0.1 d–1, similar to previous modeling efforts on Prochlorococcus (Grossowicz et al., 2017). All parameter values used in the COMETS simulations are given in Supplementary Table 5. All dynamic growth simulations were performed using COMETS v.2.7.4 with the Gurobi 8.1.1 solver, invoked using the associated MATLAB toolbox1.



Simulating Growth of Knockout Mutants

Simulations of the knockout mutants where performed by constraining the flux to zero for the reactions catalyzed by the enzymes encoded by glgC (PMM0769) and gnd (PMM0770), respectively. For glgC, the reaction is glucose-1-phosphate adenylyltransferase (R00948) and for gnd the two reactions are NADP+ and NAD+ associated 6-phosphogluconate dehydrogenases (R01528 and R10221). We then used dynamic FBA in COMETS with PRO99 medium (Moore et al., 2007) with limited ammonium and diel light conditions to simulate growth over 7 days. The growth curves where qualitatively compared with experimental data from Shinde et al. (2020).



RESULTS AND DISCUSSION


Model Curation and Update

Prochlorococcus fixes carbon through photosynthesis during daytime. Fixed carbon that is neither used for cell growth nor stored in the form of glycogen is exuded. Here, we set out to study dynamic changes in the carbon allocation and storage mechanisms in MED4 using a genome-scale metabolic modeling approach. To that end, we first re-curated and updated the available iJC586 model (Casey et al., 2016), as described in detail in the “Materials and Methods” section. The update involved the development of a new semi-automatic algorithm (ReFill), which can be broadly applied to other reconstructions (see section Materials and Methods). Concurrently, we introduced a revised mechanism for carbon storage, effectively treating glycogen as an independent component of biomass. This dynamic implementation of glycogen storage, introduced here in dFBA, makes it possible for glycogen to be accumulated and depleted at variable rates (Figure 1), aligning with the overflow metabolism hypothesis (Szul et al., 2019; de Groot et al., 2020). Other key modifications induced by the ReFill algorithm and subsequent manual curation (see section Materials and Methods) include the completion of the Entner–Doudoroff (ED) pathway, recently discovered in cyanobacteria (Chen et al., 2016) and proposed as the primary Prochlorococcus glucose metabolism pathway under mixotrophic conditions (Biller et al., 2018; Muñoz-Marín et al., 2020). Additional revisions focused on the exudation of fixed carbon products from the cell and included various transports such as pyruvate, fumarate, citrate, ethanol, various nucleotides and hydrogen peroxide as well as metabolites found in both the endo- and exo- metabolome of Prochlorococcus (Metabolights study MTBLS567). The end product of our revision, reconstruction iSO595, has 595 genes, 802 metabolites and 994 reactions, i.e., 27 genes, 123 metabolites and 196 reactions more than the previous version, iJC568 (Figure 1D).



Carbon Fixation and Storage Are Affected by Nutrient Uptake Rate

Prochlorococcus thrive in oligotrophic environments (Johnson et al., 2006), where, in surface waters, its growth and carbon fixation rates are usually limited by the abundance of nitrogen, phosphate or iron (Krumhardt et al., 2013; Saito et al., 2014; Szul et al., 2019). Deeper in the water column Prochlorococcus growth becomes limited by light (Vaulot et al., 1995). We set out to explore the combined effect of different levels of light and nutrients on carbon fixation, storage and exudation. Similarly to Phenotypic Phase Plane analysis (Edwards et al., 2002), we sought a global perspective of metabolism in this multi-parameter spaces while explicitly taking into account the fact that the inflow of light and bicarbonate may not be easily controllable by the cell, and that Prochlorococcus may need to deal with excess amounts of fixed carbon. Thus, in contrast to normal FBA where the uptake of metabolites is constrained by an upper bound, we introduced a ‘push- FBA’ approach (Figure 1A), in which the influx of bicarbonate and light have a fixed imposed value (see section “Materials and Methods” and Supplementary Table 3 for specific values used). This approach attempts to mimic implications of photosynthesis, in which light is the driving force. Once photons are absorbed by the chlorophyll in the photosynthetic reaction centers, most of the energy must be used to produce ATP and reducing power, otherwise it is dissipated in ways that may cause cell damage (Long et al., 1994). We note that this modeling approach over-simplifies the complex process of photosynthesis; for example, we do not account for the dynamics of photoprotective pigments, which allow some of the incident photons to be dissipated as heat. Indeed, the ratio of the photoprotective pigment zeaxanthin to divinyl chlorophyll a increases under nitrogen starvation, suggesting that, under these conditions, some of the photon flux may be diverted from the reaction centers (Steglich et al., 2001; Roth-rosenberg et al., 2019). Nevertheless, Prochlorococcus undergo photoinhibition at high light intensities (Moore et al., 1995; Mella-Flores et al., 2012), despite the presence of photoprotective pigments and other protection mechanisms such as cyclic electron flow [which is represented in the model (Casey et al., 2016)]. Thus, these mechanisms do not allow the cell to fully control the flux of photons through the photosystem and the resulting fluxes in ATP and reducing power, in a manner that is reflected in the push-FBA approach. This subtle difference in applied constraints has major effects on model predictions. While flux rearrangement is usually viewed as a consequence of environmental nutrient limitations, the results of this analysis show that a substantial rewiring of fluxes is caused by this imposed excess of fixed carbon as well.

To understand how different combinations of environmental parameters (availability of nitrogen, phosphate, light and bicarbonate) affect the way Prochlorococcus can manage its carbon budget, we implemented FBA under 10,000 randomly sampled growth environments. Overall, this sampling analysis demonstrated that the exudation of organic acids, amino-acids, and nucleobases/nucleosides, as well as the extent of glycogen storage, are strongly modulated by environmental factors (Figure 3). To observe the full range of possible optimal solutions per sample, we implemented and compared different flux balance analysis methods, including flux variability analysis (FVA) and parsimonious FBA (pFBA). These two methods provide complementary insight: FVA estimates the range of possible values for the flux of each reaction at the optimum, providing insight into the structure of the phenotypic space at maximal growth rate. In contrast, pFBA, by minimizing the sum of fluxes at optimality, generates flux predictions less likely to involve unrealistic loops, and thus potentially provides predictions closer to experimental values (Lewis et al., 2010). Together, these two FBA methods help analyze the solutions of our high-dimensionality dataset.


[image: image]

FIGURE 3. Histograms of environmental sampling results provide insight into how the fixed uptake rates of light and bicarbonate and the upper bounds on ammonium and phosphate affect exudation of organic acids, nucleobases and nucleotides, amino acids as well as glycogen storage. The y-axis represents the fraction of all sampled environments yielding feasible models. Although we initially sample each parameter uniformly the final sample distribution is not uniform because some combinations of parameters represent infeasible phenotypes (no solution can satisfy the constraints). The final sample distribution for each parameter is therefore shown in the figure panels as a blue line. The black and red lines represent the histograms of samples where exudation is predicted by FBA and pFBA, respectively. The shaded green region represents the span between histograms of samples as predicted by FVA: the lower and upper bounds represent the number of samples where exudation is predicted using the minimum and maximum value of FVA, respectively. This FVA region covers the range of possible phenotypes. The lower bound of the FVA region displays the number of samples where a certain outcome is obligatory to maximize growth, while the upper bound of the FVA region displays the number of samples where the outcome is possible without reducing growth.


Our predictions simulate the metabolic effects and variability in glycogen production modulated by environmental constraints (Figure 3). Glycogen production was observed only above light levels of 50 mmol gDW–1 h–1 (corresponding to 7.5 micromole quanta m–2 sec–1), and decreased as ammonium and phosphate concentrations increase. These observations do not contradict previous evidence showing increased glycogen accumulation in faster growing cyanobacteria (Zavřel et al., 2019), rather they align with previous studies finding that glycogen storage is enhanced in nutrient-limiting conditions (Monshupanee and Incharoensakdi, 2014; Szul et al., 2019). Interestingly, FVA consistently predicted the glycogen production range minimal value to be zero across all samples. This implies that glycogen storage is possible, but not necessary to achieve optimal growth in the feasible solution space. This was also the case in the more stringent pFBA analysis, indicating that while metabolism may be a strong modulator of glycogen metabolism, more types of regulation, not accounted for in FBA, are involved. One example of such regulation may be allosteric regulation of ADP-glucose pyrophosphorylase by 3-phosphoglycerate (Iglesias et al., 1991), possibly in combination with redox regulation (Díaz-Troya et al., 2014). Specific regulation aimed at tuning up glycogen storage may also occur at the transcriptional level, e.g., by multiple transcription factors previously suggested to be involved in the regulation of glycogen metabolism in fluctuating environments (Luan et al., 2019).

The range of possible rates of glycogen production (through FVA) displays a bell-shaped bicarbonate-dependent distribution, indicating low storage of glycogen (zero flux) under both low and high uptake rates of bicarbonate. When bicarbonate uptake rates are low, all available carbon is diverted into growth. The reduced glycogen storage at high bicarbonate uptake, when RuBisCO is saturated, seems to be caused by the increased ATP demand associated with the conversion of bicarbonate to exudation-products, since the onset and rate of change of this trade-off is modulated by the ATP availability, as demonstrated by phenotypic phase planes analysis (Supplementary Figure 2). This agrees with recent work suggesting that Prochlorococcus use available ATP to drive pathways to saturation by shifting reaction directions toward favoring dephosphorylation of ATP to ADP, disrupting the cellular ATP/ADP ratio and increasing the metabolic rate of the cell by pushing forward ATP consuming reactions, until it is restored. Together with organic carbon exudation this strategy allows for growth in lower nutrient concentrations (Braakman, 2019).

We next sought to explore the effect of combinations of key nutrients on storage and exudation patterns in our sampling spaces. To that end, we visualized the data using t-SNE clustering (Figure 4A). To explore the strongest trends, we chose to employ a high stringency approach and use only our set of pFBA results in this context. Due to the nature of pFBA, any exudation observed in this analysis could not be easily removed without imposing a cost on growth. We observed 6 typical phenotypes (clusters) rising out of the sampling spaces (Figure 4). These 6 phenotypes are characterized by subtle differences in combinations of environmental parameters, yielding significantly different exudation patterns. Generally, we observed the highest biomass value in phenotype 5, and the lowest in phenotype 4. All key nutrient uptake rates were highly variable (ranging from 33 to 44% variability). Phenotype 1 is characterized by high light, bicarbonate, a maximum RuBisCO flux (indicating maximal photosynthesis rate) but low nitrogen uptake. Additionally, we observed high exudation of pyruvate coming from the pentose phosphate and Entner–Doudoroff pathways. Both are alternative routes coming out of carbon fixation (Waldbauer et al., 2012; Chen et al., 2016). Together with a low biomass value, this phenotype might indicate a scenario of exudation due to overflow metabolism.
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FIGURE 4. T-SNE clustering identifies typical phenotypes from the pFBA results from the random samples. (A) The random samples are reduced into two dimensions with t-SNE. We have subsequently used HDBSCAN to cluster the data. HDBSCAN identified six disjoint clusters which represent different phenotypes. (B) For each of the six clusters the mean uptake or exudation across all samples within the respective cluster is shown. Only exchange reactions with an absolute flux above 1e-3 mmol gDW− 1 h− 1 in any of the random samples are included.


The two largest clusters (numbers 2 and 3, Supplementary Figure 3), tie together high and low light, carbon and nitrogen uptake rates, and different exudation patterns. Interestingly, phenotype 3 (high light) showed exudation of fumarate and malate while phenotype 2 (low light) did not. Recent work suggested that, in high light conditions, fumarate is generated through oxaloacetate and malate creating a broken acyclic form of the TCA cycle, while in the dark, fluxes are diverted into forming the cyclic form of it. This low light form of the TCA cycle is then active and works toward energy generation (Xiong et al., 2017). Similarly, we observed two forms of the TCA cycle in the high and low light phenotypes (2 and 3, respectively) with a difference in the direction of one reaction (KEGG R00342, Supplementary Figure 3). Phenotype 2, describing low-light conditions, showed the L-Malate/oxaloacetate balance to shift in favor of oxaloacetate, completing the route toward 2-Oxoglutarate, a key metabolite known to act as a starvation signal and modulator of the C/N balance in cyanobacteria (Domínguez-Martín et al., 2018; Zhang et al., 2018), and subsequently into energy generation. On the other hand, Phenotype 3, describing high light conditions, showed the L-Malate/oxaloacetate balance to shift in favor of L-Malate and away from the formation of 2-oxoglutarate. In both phenotypes fumarate is converted to L-Malate. While in Phenotype 2 it is fed into a semi-cyclic form of the TCA cycle, fumarate is partly exuded and partly converted to L-malate in phenotype 3, in agreement with overflow metabolism.

We observed a similar TCA cycle flux distribution in phenotype 4 as in phenotype 3, leading to high exudation of L-Malate. Interestingly, Phenotype 1 and 4 are comparable in all key nutrients except light (High in phenotype 1 and low in phenotype 4). As a result of an in-depth flux distribution analysis, we observed a reaction direction change in UDP-glucose:NAD+ 6-oxidoreductase [R00286, EC 1.1.1.22, PMM1261] between the two phenotypes. In phenotype 4 this reaction shifted toward the creation of UDP-glucose, a precursor for the production of glycogen (due to the high stringency of this analysis we did not observe the direct formation of glycogen). In phenotype 1, this reaction favored the formation of UDP-glucuronate which in turn was diverted into the formation of amino sugars. These phenotypes may correlate to the 12:00 (phenotype 1) and 16:00 (phenotype 4) scenarios described in Szul et al. (2019). Finally, Phenotypes 5 and 6 may represent a high-light nutrient-rich environment resulting in a high biomass value.



Nutrient Uptake Rates Modulate Exudation of Organic Compounds

The use of genome-scale metabolic models captures a comprehensive picture of the metabolic processes taking place in the cell, including those that lead to metabolite exudation. From the random sampling of environmental conditions, we identified conditions in which organic acids must be exuded. This was noticeable by a non-zero lower bound of the FVA region (Figure 3). Interestingly, organic acids were more likely to be exuded when the growth became limited by phosphate or nitrogen. Since Prochlorococcus is known to thrive in oligotrophic ocean gyres where nitrogen or phosphate is limited (Partensky et al., 1999; Flombaum et al., 2013), this represents a likely natural phenotype, and as such, supports previous findings (Bertilsson et al., 2005; Szul et al., 2019). Costly metabolites, essential for cell survival and growth, such as amino acids, nucleobases and nucleotides, tend to be exuded in nitrogen and carbon rich conditions and might be a result of overflow metabolism (Cano et al., 2018; Pacheco et al., 2018). To explore this phenomenon in further detail, we looked into exudation patterns of specific metabolites as a function of key nutrient limitations (Figure 5). Of the environmental factors, the uptake of nitrogen (ammonium) is a decisive factor differentiating between exudation of organic acids or amino acids. While it is positively correlated with the exudation of nitrogen-rich compounds such as amino acids, it is negatively correlated with exudation of organic acids and glycogen. Additionally, glycogen formation is positively correlated with the exudation of malate, citrate, fumarate, and succinate, which are most of the TCA cycle constituents. This is in line with previous findings suggesting the re-direction of carbon metabolism toward the formation of macromolecules (including glycogen) in nitrogen limiting conditions (Forchhammer and Selim, 2019; Szul et al., 2019). Thus, our reconstruction captured known possible aspects of the carbon/nitrogen balance in Prochlorococcus.
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FIGURE 5. Correlations between maximal FVA values demonstrate which compounds can be secreted in similar environmental conditions. There are two clearly correlated groups of compounds: The first group comprises nucleobases, nucleotides, and amino acids while the second contains organic acids, glycogen and glycerol 3-phosphate. From the correlation of each of these groups with the uptake bounds on ammonium and phosphate we observe that these factors determine which of the groups can be secreted. Note that the environmental constraints have been converted to positive values prior to calculating the correlation.


Finally, we observed a general pattern of strong positive correlations between amino acids, nucleobases, nucleosides, as well as a range of other compounds. In an interesting deviation from this general pattern, L-aspartate showed a decreased correlation with other exudates. L-aspartate, together with its role in protein nucleic acid biosynthesis, can serve as a precursor for nitrogen storage metabolites such as polyamines (Szul et al., 2019). Indeed, we observed a slightly stronger correlation between L-aspartate and the uptake of nitrogen compared to other amino acids. Finally, In contrast to other amino acids, L-aspartate is negatively correlated with light uptake and hydrogen peroxide exudation. Hydrogen peroxide is produced from L-aspartate and oxygen by L-aspartate oxidase [R00481, EC 1.4.3.16, PMM0100]. L-amino acid oxidases have been previously described in cyanobacteria and have been related to the use of amino acids as carbon sources (Campillo-Brocal et al., 2015). The production of hydrogen peroxide is also strongly correlated with light, a result consistent with the expectation that reactive oxygen species are created during photosynthesis.



Dynamic Allocation of Carbon Storage

Nutrient and light limitations are well-known modulators of carbon storage in Prochlorococcus (Zinser et al., 2009; Szul et al., 2019). Recent work has suggested the storage of carbon to be one of the major metabolic tasks during the day-night cycle (Cano et al., 2018; Szul et al., 2019; Shinde et al., 2020). To explore time-modulated trade-offs and trends related to carbon storage, we performed in silico dynamic FBA diel-cycle simulations using the Computational of Microbial Ecosystems in Time and Space (COMETS) platform (Harcombe et al., 2014; Dukovski et al., 2020). COMETS is a population-based dynamic FBA implementation that can simulate growth of millions of cells, but it is important to note that the framework assumes continuous growth on a mesoscopic scale and does therefore not explicitly account for individual cells nor regulated cell cycle events such as cell division. COMETS relies on uptake flux kinetic information such as Km and Vmax to simulate the spatial growth and exudation patterns of microbes in a simulated discretized time course. To improve the accuracy and biological relevance of our simulations we used kinetic constants either obtained from experimental measurements reported in the literature (Krumhardt et al., 2013; Hopkinson et al., 2014) (Supplementary Table 3) or from fitting model simulations to measured growth and depletion of ammonium rates (Grossowicz et al., 2017). We found Km and Vmax values of 0.39 mM and 0.9 mmol gDW–1 h–1 for the uptake of ammonium to best fit the experimental data (Grossowicz et al., 2017) (Supplementary Figure 1). Surprisingly, the estimated Km value is 3 orders of magnitude larger than previous estimates (Marañón et al., 2013). This deviation might occur due to several reasons. First, our estimates are based on the assumption that growth is indeed limited by the availability of ammonium and that Prochlorococcus operates at a metabolic state close to optimal growth. Other limiting factors or non-optimal growth may lead to incorrect estimates. Nevertheless, it is challenging to fit Km values accurately from batch cultivation data, as this parameter only becomes dominant in the short time-period immediately prior to nutrient depletion. Furthermore, the accuracy of the fitted Km value can suffer from the rather high uncertainty in the measured ammonium concentrations, although not more than 2 orders of magnitude (Supplementary Figure 1). Finally, we raise the possibility that Prochlorococcus may possess several ammonium transporters with different affinity as previously observed in marine eukaryotic phytoplankton (McDonald et al., 2010) and cyanobacteria (Kashyap and Singh, 1985). To account for this uncertainty we assessed the sensitivity of our dFBA simulations to variation in the value of Km, in combination with variation in the maximum uptake rate of ammonium (Vmax), ammonium concentration and light intensity (Supplementary Figure 4). The parameters that dictate light absorption (Table 1) affect the number of available photons, so that by including a large span of light intensities in our sensitive analysis, we also cover their associated uncertainty. We find that ammonium concentration, kinetic coefficients for ammonium uptake and the availability of photons combined have a considerable impact on whether carbon is stored during daytime in our dynamic FBA simulations, underpinning the importance of accurate and context specific values for these parameters. This echoes the well-known modulation of carbon storage by nutrient and light limitations (Zinser et al., 2009; Szul et al., 2019). We note that, despite the potentially large impact of Prochlorococcus on marine nitrogen budgets, to the best of our knowledge there are currently no direct experimental measurements of the kinetics (Km, Vmax) of nitrogen uptake by Prochlorococcus.

Since the tight coupling between carbon and nitrogen metabolism in cyanobacteria is known to influence carbon allocation and storage (Zhang et al., 2018; Szul et al., 2019), it was chosen as a case study. As such, we focused in more detail on the dynamic changes in metabolism in nitrogen-abundant and nitrogen-poor media, as previously defined (Grossowicz et al., 2017). Specifically, we set out to explore glycogen production and consumption with COMETS in these conditions (Figure 6). We did not observe glycogen storage in nitrogen-abundant simulations, and therefore no growth nor cellular maintenance during nighttime. One explanation for this may arise from the limitations of the platform. First, the simulations performed in this work were performed in a modeling framework based on linear programming with ordered multi-objective optimization: (1) cellular maintenance; (2) growth; (3) glycogen storage. Thus, glycogen was only stored when there were excess energy and carbon available, which occurred when growth was nitrogen limited. Although some observer bias was introduced by assuming that Prochlorococcus is striving toward these cellular objectives, in this order, we found a reasonable conceptual alignment with previous work showing that bacterial metabolism balances a trade-off between maximal growth and the ability to adapt to changing conditions (Schuetz et al., 2012). However, we do note that one might obtain more nuanced results by taking into account suboptimal solutions (Segrè et al., 2002; Fischer and Sauer, 2005; Wintermute et al., 2013), and that real phenotypes may be in the continuum between the two extremes found here. Another limitation that might affect glycogen storage is the lack of regulatory mechanisms not usually accounted for in this version of dynamic FBA (Mahadevan et al., 2002). The addition of regulatory layers or more specifically tailored objective functions, such as global optimization over the entire diel cycle (Reimers et al., 2017), could lead to smaller but non-zero generation of glycogen also during nitrogen-rich conditions.
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FIGURE 6. Insight into metabolic rearrangements during the diel cycle. (A) Light irradiance, biomass and glycogen storage throughout the diel cycle. We observe that the largest accumulated growth is found in the nitrogen-abundant condition (green), but glycogen is only predicted to be stored in the nitrogen-poor condition (orange). (B) The flux distributions shifts when the metabolism switches from photosynthesis to glycogen catabolism, displayed by five reactions representing the Calvin Cycle (CBB), Glycogen metabolism, lower part of glycolysis, The Entner–Doudoroff (ED) and the Pentose Phosphate Pathway (PPP). (C) iSO595 predicts that the depletion of glycogen is accompanied by exudation of formate and pyruvate.


In agreement with previous work (Szul et al., 2019), under nitrogen-limiting conditions, glycogen accumulates throughout the day and is subsequently used to support respiration and growth during the night (Figure 6A). However, the predicted glycogen storage is simulated as not sufficient to support neither growth nor cellular maintenance throughout the night. This may contribute to the increased death rate during night time (Zinser et al., 2009; Ribalet et al., 2015). However, the rate of glycogen depletion is strongly affected by the associated kinetic parameters (Supplementary Figure 5), emphasizing the value of accurate kinetic coefficients for GlgP, the main contributing factor to glycogen catabolism in bacteria (Dauvillée et al., 2005; Alonso-Casajús et al., 2006; Fu and Xu, 2006), in future work. Furthermore, the rate of glycogen depletion might be modulated by transcriptional regulation. Previous work suggested that glycogen storages are not sustained beyond dawn, because the genes responsible for glycogen degradation are depleted during the first 5 h of darkness (Biller et al., 2018). Interestingly, the model predicts consumption of glycogen during dusk to increase growth when photosynthesis is declining (Figure 6), closely resembling observations in Synechococcus, in particular for the ΔkaiC mutant with a dysfunctional circadian clock (Diamond et al., 2015). The closer resemblance of the dysfunctional circadian clock phenotype might be a result from the limitations of the applied modeling framework that does not include regulatory mechanisms.

The switch from photosynthesis at daytime to glycogen consumption at nighttime is reflected in the metabolic shifts observed in key pathways (Figure 6B). Interestingly, we observed higher fluxes through the Calvin cycle in nitrogen-poor conditions. This difference may be caused by the increased ATP demand necessary to support higher growth rates in nitrogen-abundant conditions. Additionally, our simulations predicted that the use of the Entner–Doudoroff pathway during photosynthesis creates precursor metabolites for growth during light hours, and a shift to the Pentose Phosphate Pathway (PPP) during nighttime. This trend might occur as an alternative for generating NADPH (Supplementary Figure 6). Upregulation of the PPP enzymes during dusk and the first half of the night time was also observed in the proteome of Prochlorococcus (Waldbauer et al., 2012). Several enzymatic transformations participate in both the Calvin cycle and the PPP, although in opposite directions (Waldbauer et al., 2012). These transformations were captured in our simulations, specifically as demonstrated by transketolase (Figure 6B). Additionally, the consumption of glycogen during nighttime might lead to exudation of pyruvate and formate (Figure 6C). This prediction is supported by recent observations; formate is exuded during both nutrient-replete and phosphate-limited growth in Prochlorococcus strains MED4 and MIT9312 under constant light (Bertilsson et al., 2005), as well as when phosphonates are metabolized in Prochlorococcus strain MIT9301 (Sosa et al., 2019). Thus, Prochlorococcus are potential formate sources for heterotrophs. However, degradation of phosphonates yields formate as an immediate byproduct, and the current modeling framework is not suited to evaluate whether a equally high amount of intracellular formate is feasible during glycogen degradation, as intracellular metabolite concentrations are not readily represented in dFBA. Pyruvate exudation in Prochlorococcus is indicated from previous co-cultivations with SAR11 (Becker and Hogle, 2019), and from upregulation of genes encoding pyruvate kinase and a pyruvate efflux transporter during extended darkness (Biller et al., 2018). Furthermore, pyruvate is exuded when fixed carbon is consumed in the closely related strains S. elongatus PCC 7942 and S. sp. PCC 6803 (Carrieri et al., 2012; Benson et al., 2016).

The shift from photosynthesis and carbon fixation to glycogen catabolism is also associated with a switch in production and consumption of energetic cofactors (Supplementary Figure 6). Generation of ATP is performed concomitantly by ATP synthase in both the thylakoid membrane and the periplasmic membrane during photosynthesis. The periplasmic ATP synthase is first driven by reduced cofactors (NADPH) generated by the electron transport chain in the light-dependent part of photosynthesis (Supplementary Figure 6). ATP is consumed by two separate processes: growth- and maintenance-associated reactions reach a threshold once growth is limited by the nitrogen abundance, while the recycling of precursors for the Calvin cycle follows the shape of light absorption throughout the day. In agreement with previous work (Park and Choi, 2017), our model predicted higher rates of NADPH production than NADH.

Next, we explored the ability of our model to dynamically capture biologically relevant phenotypes by performing dynamic FBA simulations of knock-out mutants in Prochlorococcus, focusing on two gene deletions disrupting different parts of glycogen metabolism. ΔglgC breaks synthesis of ADP-glucose and thus the storage of glycogen and Δgnd, knocking out 6-phosphogluconate dehydrogenase, a key reaction in the Pentose Phosphate pathway found to fuel the Calvin cycle with precursor metabolites during the onset of photosynthesis (Shinde et al., 2020). Our dynamic FBA simulations in COMETS (Supplementary Figure 7) showed similar growth between Δgnd and the wild type and slightly lower growth for ΔglgC. We set out to compare these observations with available experimental data. Since genetic tools for the modification of Prochlorococcus are still lacking (Laurenceau et al., 2020), we chose data from the closely related cyanobacteria Synechococcus as recent work described the impact of ΔglgC and Δgnd on its growth during diel cycles (Shinde et al., 2020). Indeed, we found very good agreement between measured and predicted growth for both the wild-type and ΔglgC mutant where glycogen storage is disrupted (Shinde et al., 2020) (Supplementary Figure 7). One of the notable limitations of dynamic FBA is the ability to quantify intermediates and precursor pools that might drive the initiation of a pathway. This comes mainly from the assumption of a quasi steady-state of intracellular metabolite pools at each time point. Although the comparison is strictly qualitative and concerns strains with known differences (Mary et al., 2004), these findings demonstrated the ability of our reconstruction to capture metabolic trends in response to genetic perturbations, indicating that iSO595 will be a valuable tool in future research of Prochlorococcus. Overall, our dynamic simulations display biological and physiological behaviors that are consistent with expectations, and at the same time provide valuable insight into the putative internal metabolic processes that might modulate the Prochlorococcus growth under environmental and genome-induced constraints.



CONCLUSION

Our study provides a detailed systematic view of the underlying metabolic trends modulating carbon storage and exudation in Prochlorococcus. Prochlorococcus is known to interact with other bacteria in its surroundings (Sher et al., 2011; Aharonovich and Sher, 2016; Biller et al., 2018; Hennon et al., 2018). It is currently impossible to predict the fluxes of organic matter (or of the myriad metabolites comprising it, such as amino acids, sugars, and organic acids) between phytoplankton and bacteria. Yet, quantifying such fluxes and predicting them from genomic surveys, as shown here, serves a number of roles: (1) It can provide experimentally testable and mechanistic hypotheses on inter-microbial exchanges and competition, (2) It has the potential to increase knowledge about the specific metabolites that may mediate these interactions; and (3) It would enable the construction of improved models of biogeochemical cycles which consider the diverse and powerful metabolic capabilities of the ocean microbiome.

Genome-scale metabolic-network reconstructions are powerful tools, but not without limitations. Mainly, the predictive accuracy rests on the quality and completeness of the metabolic network. The construction and curation of these metabolic networks depend heavily on data availability and annotation accuracy, which may be scarce for less studied organisms. Several methods have been developed to fill the gaps of incomplete network reconstructions. For example, FastGapFill incorporates missing knowledge from universal, non-organism specific data (Thiele et al., 2014), ModelSEED fills gaps through the use of thermodynamic parameters and FBA simulations to achieve minimal growth (Henry et al., 2010), and MENECO uses a topology graph based approach to look for minimal sets of metabolic reactions that support growth and the producibility of target metabolites (Prigent et al., 2017). In this work we used a novel semi-automated gap-filling method (ReFill) to increase existing knowledge in the reconstruction by up to 25%. In contrast to other standard gap filling approaches, ReFill has the specific capability to add individual reactions through a recursive algorithm that guarantees complete connectivity to the existing network, incorporating the maximal possible amount of validated, organism specific metabolic annotations. However, this approach employs high stringency and thus adds limited amounts of knowledge. Considering that Prochlorococcus strains have some of the smallest known genomes among free-living organisms, a 25% increase in knowledge serves as a significant improvement in the predictive capacity of the model. However, reconstruction of high-quality genome-scale metabolic models is an iterative process, where new data, knowledge, and scope create opportunities for further model improvement. One example of this possibility is the CO2 concentrating mechanisms in Prochlorococcus. This mechanism is known to be sustained by proton and ion gradients across the cell membrane at an energetic cost (Hopkinson et al., 2014; Burnap et al., 2015). However, the comprehensive knowledge and annotation of ion transporters necessary to model this mechanism are lacking, and are therefore not included in iSO595. With the advancement of data collection and annotation tools, together with the use of ReFill or similar algorithms, metabolic knowledge can be added to such reconstructions, improving their predictive abilities and mimicry of biological and physiological processes.

Other limitations of static and dynamic FBA simulations include the inability to represent metabolite concentrations and the lack of regulatory effects. Furthermore, since COMETS, like most other implementations of dFBA, simulates millions of asynchronously growing and dividing cells on the mesoscopic scale, cell cycle processes are not readily incorporated into this framework. Thus, future extensions to this work include the implementation of cell division in Prochlorococcus, known to occur in the afternoon (Vaulot et al., 1995). Another improvement would be an accurate representation of the costs associated with light damage and the production of protective pigments required to combat excessive light absorption. This could potentially be accounted for by extending the current Prochlorococcus GEM to a framework that includes macromolecular allocation, such as Resource Balance Analysis (Goelzer et al., 2011), conditional FBA (Rügen et al., 2015) or models of metabolism and macromolecular expression (ME models) (Thiele et al., 2012). Along these lines, one could relate mortality with an inability to maintain basic cellular functions, rather than a fixed death rate. However, the relationship between cell mortality and metabolism is not well constrained, and its representation in dFBA models is currently rudimentary. Future work is needed to better understand mortality and represent it in models of cell metabolism, ecosystems and biogeochemistry. Finally, our findings contribute to a growing body of work on the underlying metabolic mechanisms modulating the metabolic success of Prochlorococcus. The approaches shown here provide systematic insights corroborated in recent and well-known works and provide strong foundations for future studies of Prochlorococcus metabolism with particular interest in its interaction with other microorganisms and the effects of these on community composition and larger biogeochemical cycles.
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Supplementary Figure 1 | Estimation of kinetic parameters for the uptake of ammonium in Prochlorococcus. (A) All combinations of Km and Vmax along the red trajectory matches the observed gross growth rate of 0.5 d–1 (Grossowicz et al., 2017). However, when we compare the dynamics of cell density (B) and ammonium concentration (C) we find that the best overall prediction is achieved using Km = 0.39 mM and Vmax = 0.9 mmol gDW–1 h–1 (marked by an orange dot in A).

Supplementary Figure 2 | ATP availability influence modulates the trade-off between glycogen storage and growth. Phenotypic phase planes (Edwards et al., 2002) illustrate the combined effect of glycogen storage and bicarbonate uptake on the maximal growth rate. Compared to the base model (A), we observe how that the trade-off is strongly affected by modulated ATP availability, either from an artificial reaction providing extra ATP (B) or by increasing (C) or decreasing (D) the amount of available light. Increasing ATP allows more glycogen storage without reducing the growth rate.

Supplementary Figure 3 | TCA cycle flux diagram differences between the most common phenotypes. Flux diagrams of the TCA cycle in the most common phenotypes 2 (colored orange) and 3 (colored blue). Reactions are denoted by KEGG reaction ids. Reaction colors correspond to cluster colors presented in Figure 4.

Supplementary Figure 4 | Sensitivity analysis of dFBA simulations to variability in ammonium concentration, kinetic coefficients of ammonium uptake and light irradiance. (A) These phase diagrams display which combinations of Km and Vmax, describing the uptake of ammonium, that leads to glycogen accumulation (red area) at peak irradiance based on the light amplitude and ammonium concentration used to simulate nitrogen-abundant (left) and nitrogen-poor (right) conditions in Figure 6. In the orange area no glycogen accumulation is predicted as the growth is limited by the available light, rather than nitrogen. (B) These panels display similar phase diagrams as in (A), but for different amplitudes of light irradiance, represented by black curves, and for different ammonium concentrations (indicated on top of each panel). The number written on each black curve represents the light irradiance amplitude in μmol Q m–2 s–1. The ammonium concentration in the top left panel is equal to the concentration in our simulated nitrogen-poor conditions, and thus, the 40.0 40 μmol Q m–2 s–1 line in this panel is identical to the boundary between the two phases in the right panel in (A). The range of ammonium concentrations is chosen so that it covers both our simulated environment and the ammonium concentration in oligotrophic oceans. The blue, green, and orange points display the combinations of Km and Vmax used/provided in this work and previous publications, respectively.

Supplementary Figure 5 | Sensitivity analysis of dFBA simulation to different parametrization of glycogen consumption. All panels display results obtained from dFBA simulations in COMETS with different combinations of Km and Vmax, describing the consumption of intracellular glycogen, with line colors and corresponding values as shown in the bottom right corner color matrix. The purple color corresponds to the values used to run the simulations shown in Figure 6. (A) Growth curves. (B) Accumulated glycogen per gram dry weight of biomass. (C) Predicted reaction fluxes for the same 8 reactions as shown in Figure 6.

Supplementary Figure 6 | The transition from daytime to nighttime is associated with a drastic change in the production and consumption of the energy-carrying cofactors. The figure panels show the major sources (left) and drains (right) of the cofactors ATP, NAPDH and NADH. The legend shows the reaction IDs used in iSO595. (A) ATP is produced by both the thylakoid (R00086th) and the periplasmic (R00086p) ATP synthase during daytime, but mostly by the periplasmic ATP synthase (respiration) during nighttime. ATP is consumed by reactions associated with growth (BIOMASS and BProtein), cellular maintenance (Maintenance) and storage of glycogen (R00948) in addition to reactions recycling precursors for the Calvin cycle (R01512 and R01523) and acetyl-CoA carboxylase (R00742). (B) NADPH is produced by ferredoxin reductase (fdr) during daytime and by the pentose phosphate pathway (R02736 and R01528) during nighttime. The NADPH is either used to drive the proton gradient across the periplasmic membrane (NADPHDHp) or in Gluconeogenesis (R01063) to refuel the Calvin cycle during photosynthesis. (C) NADH production is correlated with the growth rate and dominated by pyruvate dehydrogenase (R00209) during daytime and the glycine cleavage system (R01221) during nighttime. NADH is consumed by 6-phosphogluconate dehydrogenase (reverse, R10221) during daytime, NADH transhydrogenase (R00112) solely during dusk and concomitant with methylenetetrahydrofolate reductase (R07168) during nighttime.

Supplementary Figure 7 | Predicted growth curves show good agreement in a qualitative comparison with experimental growth of Synechococcus. To compare growth data we have overlaid growth curves predicted for the wild-type, the ΔglgC-mutant and the Δgnd-mutant of Prochlorococcus with experimental OD measurements of Synechococcus elongatus PCC 794 (Shinde et al., 2020). We find a very good agreement for the wild-type and ΔglgC-mutant, but not for the Δgnd-mutant. The lower panel shows how the model predicts the allocation and consumption of each of the three strains.

Supplementary Table 1 | List of reactions added to iJC568 to form iSO595.

Supplementary Table 2 | List of reactions from iJC568 that are modified in iSO595.

Supplementary Table 3 | Parameter ranges used in the sampling of nutrient environments.

Supplementary Table 4 | List of blocked exchange reactions prior to sampling of nutrient environments.

Supplementary Table 5 | Parameter values used to run dynamic FBA in COMETS.

Supplementary Material 1 | Results from the BLAST-search used to identify 6PG-dehydratase (EC: 4.2.1.12) encoded by PMM0774 in P. marinus MED4.

Supplementary Material 2 | Memote snapshot report of iSO595.


FOOTNOTES
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https://github.com/segrelab/comets-toolbox
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Metagenomic Analysis Reveals Microbial Community Structure and Metabolic Potential for Nitrogen Acquisition in the Oligotrophic Surface Water of the Indian Ocean

Yayu Wang1,2†, Shuilin Liao1,3†, Yingbao Gai4,5, Guilin Liu6, Tao Jin6, Huan Liu1,7, Lone Gram2, Mikael Lenz Strube2, Guangyi Fan6, Sunil Kumar Sahu1,7, Shanshan Liu6, Shuheng Gan1, Zhangxian Xie4, Lingfen Kong4, Pengfan Zhang1, Xin Liu1,7* and Da-Zhi Wang4*

1BGI-Shenzhen, Shenzhen, China

2Department of Biotechnology and Biomedicine, Technical University of Denmark, Kongens Lyngby, Denmark

3BGI Education Center, University of Chinese Academy of Sciences, Beijing, China

4State Key Laboratory of Marine Environmental Science, College of the Environment and Ecology, Xiamen University, Xiamen, China

5Third Institute of Oceanography, Ministry of Natural Resources, Xiamen, China

6BGI-Qingdao, BGI-Shenzhen, Qingdao, China

7State Key Laboratory of Agricultural Genomics, BGI-Shenzhen, Shenzhen, China

Edited by:
Gipsi Lima Mendez, Catholic University of Louvain, Belgium

Reviewed by:
Ahmed A. Shibl, New York University Abu Dhabi, United Arab Emirates
Isabel Ferrera, Instituto de Ciencias del Mar, Consejo Superior de Investigaciones Científicas (CSIC), Spain

*Correspondence: Xin Liu, liuxin@genomics.cn; Da-Zhi Wang, dzwang@xmu.edu.cn

†These authors have contributed equally to this work

Specialty section: This article was submitted to Aquatic Microbiology, a section of the journal Frontiers in Microbiology

Received: 10 December 2019
Accepted: 25 January 2021
Published: 18 February 2021

Citation: Wang Y, Liao S, Gai Y, Liu G, Jin T, Liu H, Gram L, Strube ML, Fan G, Sahu SK, Liu S, Gan S, Xie Z, Kong L, Zhang P, Liu X and Wang D-Z (2021) Metagenomic Analysis Reveals Microbial Community Structure and Metabolic Potential for Nitrogen Acquisition in the Oligotrophic Surface Water of the Indian Ocean. Front. Microbiol. 12:518865. doi: 10.3389/fmicb.2021.518865

Despite being the world’s third largest ocean, the Indian Ocean is one of the least studied and understood with respect to microbial diversity as well as biogeochemical and ecological functions. In this study, we investigated the microbial community and its metabolic potential for nitrogen (N) acquisition in the oligotrophic surface waters of the Indian Ocean using a metagenomic approach. Proteobacteria and Cyanobacteria dominated the microbial community with an average 37.85 and 23.56% of relative abundance, respectively, followed by Bacteroidetes (3.73%), Actinobacteria (1.69%), Firmicutes (0.76%), Verrucomicrobia (0.36%), and Planctomycetes (0.31%). Overall, only 24.3% of functional genes were common among all sampling stations indicating a high level of gene diversity. However, the presence of 82.6% common KEGG Orthology (KOs) in all samples showed high functional redundancy across the Indian Ocean. Temperature, phosphate, silicate and pH were important environmental factors regulating the microbial distribution in the Indian Ocean. The cyanobacterial genus Prochlorococcus was abundant with an average 17.4% of relative abundance in the surface waters, and while 54 Prochlorococcus genomes were detected, 53 were grouped mainly within HLII clade. In total, 179 of 234 Prochlorococcus sequences extracted from the global ocean dataset were clustered into HL clades and exhibited less divergence, but 55 sequences of LL clades presented more divergence exhibiting different branch length. The genes encoding enzymes related to ammonia metabolism, such as urease, glutamate dehydrogenase, ammonia transporter, and nitrilase presented higher abundances than the genes involved in inorganic N assimilation in both microbial community and metagenomic Prochlorococcus population. Furthermore, genes associated with dissimilatory nitrate reduction, denitrification, nitrogen fixation, nitrification and anammox were absent in metagenome Prochlorococcus population, i.e., nitrogenase and nitrate reductase. Notably, the de novo biosynthesis pathways of six different amino acids were incomplete in the metagenomic Prochlorococcus population and Prochlorococcus genomes, suggesting compensatory uptake of these amino acids from the environment. These results reveal the features of the taxonomic and functional structure of the Indian Ocean microbiome and their adaptive strategies to ambient N deficiency in the oligotrophic ocean.

Keywords: microbe, Prochlorococcus, metagenome, nitrogen metabolism, Indian Ocean


INTRODUCTION

The Indian Ocean is one of the largest oligotrophic water bodies, which covers approximately one-fifth of global ocean (Eakins and Sharman, 2010; Wei et al., 2019). As the warmest ocean on the earth, the Indian Ocean possesses unique biophysical properties that strongly influence the diversity and performance of its biota (Massana et al., 2011; Williamson et al., 2012; Díez et al., 2016; Thompson et al., 2017). However, the Indian Ocean is one of the least studied oceans regarding microbial community structure, functional capacity and the potential linkage of microbial taxa and environmental conditions, when compared with other oceans (Venter et al., 2004; Joint et al., 2011; Sjöstedt et al., 2014; Mende et al., 2017; Li Y. et al., 2018). A recent study on biodiversity and spatial distribution of bacteria in the water column of the eastern Indian Ocean has shown that Cyanobacteria and Actinobacteria are more predominant in the upper ocean while Alphaproteobacteria occur more frequently in the deeper layer (Wang et al., 2016). However, a study in the South Indian Ocean has indicated that Gammaproteobacteria dominate the microbial community and their potential functionality is shaped by the depth-related environmental parameters of the Agulhas Current (Phoma et al., 2018). Metagenomic analysis of the picocyanobacterial community in the equatorial waters of the Indian Ocean reveals that the genera Prochlorococcus and Synechococcus comprise 90% of the cyanobacterial reads (Díez et al., 2016). Prochlorococcus populations in the ocean have been defined with high light-adapted (hereafter HL) populations and low light-adapted (hereafter LL) populations, where Prochlorococcus HLIIA ecotype is abundant in the Prochlorococcus community in the Indian Ocean (Farrant et al., 2016). All together, these studies have provided a snapshot of the microbial diversity and geographical distribution in some specific areas of the Indian Ocean, but knowledge on the overall microbial taxonomic structure and functional capacity, and their influencing factors are still very limited.

Nitrogen (N) is an essential macronutrient limiting microbial growth and proliferation in the ocean, especially in the oligotrophic oceanic regimes (Zehr and Wad, 2002; Moore et al., 2013). Ambient N deficiency affects N assimilation, carbon fixation, photosynthesis, pigment and lipid accumulation of microbes (Schwarz and Forchhammer, 2005). Typically, a broad diversity of prokaryotes from Proteobacteria, Firmicutes, Verrucomicrobia, Planctomycetes, Acidobacteria, Chloroflexi, and Chlorobia can use dissolved inorganic N (DIN), such as nitrate, nitrite and ammonia, and these nutrients are sufficient to support microbial growth in coastal and upwelling areas (Li Y.-Y. et al., 2018; Pajares and Ramos, 2019). However, these N nutrients are extremely low in quantity throughout much of the surface oligotrophic ocean (Moore et al., 2013) and cannot support microbial growth. Instead, microbes have evolved diverse adaptive strategies to ambient N deficiency, for example, utilizing small but rapidly cycling dissolved organic nitrogen (DON), such as free amino acids, amines and urea as N source for cell growth and proliferation, indicating the essential roles of DON in maintaining microbial communities in the oligotrophic ocean (Wheeler and Kirchman, 1986; Zubkov et al., 2003; García-Fernández et al., 2004). However, little is known concerning nitrogen acquisition by microbes in the oligotrophic Indian Ocean (Kumar et al., 2009; Díez et al., 2016; Qian et al., 2018; Baer et al., 2019), which impedes our understanding of the mechanisms underlying the adaptive strategies of microbes to ambient N deficiency.

Metagenomic studies of the global ocean advance our understanding of diversity, evolution and functional potential of natural microbial communities (Sunagawa et al., 2015; Li Y. et al., 2018). Distribution of microbial diversity and biogeochemistry are structured largely by environmental gradients such as light, temperature, oxygen, salinity, and nutrients (Thompson et al., 2017). In this study, we applied a metagenomic approach to investigate microbial communities in the oligotrophic surface waters of the Indian Ocean, from the Andaman Sea in the east to the Red Sea in the west, and characterized their nitrogen acquisition strategies based on a 9.5 million (M) microbial gene set (Figure 1 and Supplementary Figure S1). We paid particular attention to the predominant cyanobacterial genus Prochlorococcus and their nitrogen assimilation strategies due to its significant contribution to the stability, resilience and function of the marine ecosystem. This study expands our understanding of the microbial community and their metabolic potentials in the Indian Ocean, and provides fundamental metagenomic data for further microbial studies in the Indian Ocean, which is a significantly understudied realm.


[image: image]

FIGURE 1. Sampling locations and the microbial genes found in the Indian Ocean. (A) Sampling stations across the Indian Ocean and Red Sea. (B) The number of shared genes (orange) between the 17 SE sample gene set (gray) and three PE sample assembled gene set (green). 1.3 M and 1.7 M genes from two gene sets were shared, which occupied 17.06 and 48.3% of the gene numbers in two gene sets, respectively.




MATERIALS AND METHODS


Sampling and DNA Extraction

A total of 17 surface seawater samples (S6–S38, 5 m depth) were collected from the outlet of profiling CTD (Seabird SBE21) during the 26th cruise of China Ocean Mineral Resources R & D Association (COMRA1) on the R/V DayangYihao in May 2012. The sampling stations ranged across the Indian Ocean, from the Andaman Sea in the east to the Red Sea in the west (Figure 1A). Samples from the Red Sea were specifically referred to as S32, S34, S36, and S38. For each sample, more than 200 l of seawater was prefiltered using a GF/A glass fiber membrane (1.6 μm, 142 mm filter diameter, Whatman) with a Flojet Pump (04300242A) and then collected on a Supor polyethersulfone membrane (0.2 μm, 142 mm filter diameter, Pall). The membranes were placed in 50 ml tubes and immediately frozen in liquid nitrogen, and then stored at −80°C until further analysis. DNA extraction was performed using the PowerSoil DNA isolation kit (QIAGEN, United States) according to the instructions. Environmental parameters were also monitored, including temperature, salinity, pH and inorganic nutrients listed in Supplementary Table S1. Concentrations of phosphate, silicate, ammonium, nitrite and nitrate as well as chlorophyll-a concentration were measured in the laboratory according to the national standard protocol for investigation of chemical elements of seawater titled “Specifications for oceanographic survey-Part 4: Survey of chemical parameters in seawater” (GB/T 12763.4-2007, 2007).



DNA Sequencing on BGISEQ-500 and HiSeq4000

All 17 DNA samples were sequenced using a 50 bp single-ended (SE) sequencing strategy on a BGISEQ500 platform (Beijing Genomics Institute, Shenzhen). Firstly, the DNA sample was fragmented by ultrasound on Covaris E220 (Covaris, Brighton, United Kingdom). Then 400–700 bp DNA fragments were recovered to construct a library for each sample according to standard instructions (Fang et al., 2017). Three barcoded libraries were pooled together with equal amounts to make DNA nanoballs (DNB). Each DNB was loaded into one lane for sequencing on the BGISEQ-500 sequencer with the SE50 mode. The sequence images were base-called by the software Zebra call (base calling software developed for BGISEQ-500). A total of 12.81 billion raw reads were produced by the BGISEQ-500 platform, with a read length of 50 bp.

Since long and pair-end (PE) reads are more useful for metagenome assembly, three representative local samples were collected from the stations of S8 (E 93°49.228′, N 5°54.323′), S18 (E 72°52.169′, N 1°42.848′) and S26 (E 56°5.870′, N 13°26.297′) located at the east, central and west regions of the Indian Ocean, and were selected for in-depth sequencing using a 150 bp PE strategy on Hiseq4000 platform (Illumina). A total of 749.03 M reads were generated with an average 249.6 M reads for each sample.



Construction of the Gene Catalog

After a quality check and pre-processing by SOAP nuke (v1.5.3) (Chen et al., 2017), all clean reads of BGISEQ were aligned against the Ocean Microbiome Reference Gene Catalog (OM-RGC) (Sunagawa et al., 2013) using bowtie2.2.6 (Langmead and Salzberg, 2012) with parameters: bowtie2 –q –phred33 –sensitive –mixed –no-discordant -p 20 -k 200 -x. Then microbial genes mapped by unique reads were considered to be present in the samples. On average, 72.68% of BGISEQ SE reads were mapped to the OM-RGC, resulting in an average of 2.92 M genes in each sample (Supplementary Table S2). All the genes identified from 17 samples were merged together and then duplicates were removed, generating a 7.7 M unique gene set. We named this set the 17 SE sample gene set (Supplementary Table S2).

After quality control, the Illumina PE reads of three representative local samples (S8, S18, and S26) were de novo assembled into contigs using MegaHit (v1.0) with parameters: -t 20 -min-contig-len 500 –presets meta-large –min-count 5 (Li et al., 2016). A total of 23.04% of the Illumina PE reads were assembled into 3.26 M contigs (= 500bp). GeneMarkS (version 2.7) (Besemer et al., 2001) was used to predict the genes using the parameter: gmhmmp -m MetaGeneMark_v1.mod in contigs obtained from each sample. The length of the predicted genes was no less than 150 bp. A non-redundant gene catalog (3.4M) was built by clustering all predicted genes using CDHIT (version 4.6.5) (Li and Godzik, 2006) with the following parameters: 95% identity and 90% coverage. The 3.4 M assembled gene set (called three PE sample gene set) was then compared with the 7.7 M gene set (17 SE sample gene set) to identify the overlapping genes using CDHIT with the same cutoff as above. As the shared genes accounted for a low proportion (Figure 1B) of the two gene sets, we merged these two gene sets together. We then removed the redundancy to generate a more complete gene set for the Indian ocean samples.



Taxonomic and Functional Annotation

Taxonomic and functional assignment of genes of the complete gene set was performed. Taxonomic assignments were performed by aligning protein sequence to the NCBI-NR database using DIAMOND (version 0.8.22) (Buchfink et al., 2015). The top alignment hits were retained according to the criteria of coverage ≥ 80%, identity ≥ 65%, and e-value ≤ 1e-5 as previous studies described (Qin et al., 2010; Li et al., 2014). Then, the taxonomic annotation of each gene was determined by the lowest common ancestor (LCA)-based algorithm implemented in MEGAN (Huson et al., 2007). Functional annotations were made by aligning the protein sequence against eggNOG (version 4.5) (Huerta-Cepas et al., 2016b) and KEGG (version.81) database by the highest scoring annotated hit(s) containing at least one high-scoring pair (HSP) scoring over 60 bits by DIAMOND.



Statistical Analyses

The relative abundances of genes were calculated based on the unique mapping reads as previously described (Qin et al., 2012). Firstly, the read counts from each gene were normalized by dividing with the gene length to calculate gene abundance. Then the relative abundance of each gene in samples were generated by dividing with the sum of abundance of all genes. Each KO abundance was generated by summing up the relative abundance of genes annotated to the same KO. The taxonomic profile was constructed using the same method. The meta-genes (unigenes) in the metagenomic gene set assigned to the genus of Prochlorococcus were extracted and the sum of their abundance in each sample was determined as the abundance of Prochlorococcus. The difference in abundance of Prochlorococcus between the central ocean and the coast samples, and the differences in dissolved inorganic nitrogen (DIN) concentration between the central ocean samples and coast samples were checked using t-test (basic function in R version 3.5.3). The clustering analysis based on physicochemical properties of all samples was performed using function pheatmap () in R package (version 3.5.3). To determine the shaping factors causing the variation in microbial communities among samples, the environmental variables were included in a redundancy analysis (RDA) model using the function rda () in “vegan” R-package, which was then reduced by the step-function in R according to the Akaike information criterion (AIC). The correlations of the relative abundance of Prochlorococcus with nitrate, nitrite and ammonium concentrations were separately calculated using Spearman’s rank correlation test using the function cor. test () in R package (version 3.5.3).



Analysis of N Metabolism and Amino Acids Biosynthesis

The KOs involved in N metabolism were extracted from the merged gene set to analyze functional capacity of the Indian Ocean microbiome. The KOs involved in N metabolism and the annotated Prochlorococcus data were extracted to explore the N assimilatory pathways of the Prochlorococcus population in the Indian Ocean. The key enzymes were also manually annotated using the Pfam database to validate the existence of functional domain. All KOs in map01230-Biosynthesis of amino acids were extracted to explore biosynthesis reactions of amino acids. The KOs functionally annotated with “transporter” were extracted from the metagenome of Prochlorococcus population and the identified single Prochlorococcus genome respectively to predict the uptake model of amino acids from the environment. The single Prochlorococcus genome was identified based on 201 published Prochlorococcus genomes and the Indian Ocean metagenome sequencing data, and the detailed process was described below.



Phylogenetic Tree of Prochlorococcus Genomes

A total of 201 Prochlorococcus genomes including 27 known ecotype genomes (Biller et al., 2014) were downloaded from NCBI (Supplementary Table S3). The gene prediction of each genome was performed using GeneMarkS (version 2.7) (Besemer et al., 2001) with the parameter: gmhmmp -m Prochlorococcus_prefix.mod. All genes were merged together to construct a pangenome. Then the SE reads from each sample were mapped against the pangenome using bowtie2.2.6 to identify Prochlorococcus genes. If the portion of gene numbers mapped by reads was more than 50%, the Prochlorococcus strain was considered to be present in the sample. The abundance of each identified gene was calculated by dividing the mapping reads with the gene length. The abundance of the identified Prochlorococcus was represented by the average abundance of their identified genes. The same 40 single copy genes (SCGs) (Mende et al., 2013) from the 55 identified strains and 25 known ecotype strains were predicted by fetchMG (Kultima et al., 2012; Sunagawa et al., 2013). Then multiple alignments of 40 SCGs were performed using Mafft (Kazutaka and Daron, 2013). Here we selected 25 of 27 known ecotype strains as reference because we could not extract a full number of SCGs genes from the remaining two strains genomes. A phylogenic tree was constructed using ETE3 and the standard FastTree workflow (Price et al., 2010; Huerta-Cepas et al., 2016a).

To evaluate the diversity of Prochlorococcus population in the global ocean, 40 SCGs were extracted from 201 reference genomes, OM-RGC and the Indian Ocean gene set by fetchMG. Among all the screened genes, the gene family COG0172 (Seryl-tRNA synthetase) showed the highest number, therefore, it was selected to construct the phylogenetic tree. Only the genes having a sequence length higher than 800 bp were retained in the tree.




RESULTS


Microbial Gene Capacity in the Indian Ocean

The locations of the 17 sampling stations along an east-west transect in the Indian Ocean (12°S, 96°E to 4°S, 39°E) are shown in Figure 1A. In total, 12.68 billion high quality SE reads were generated, resulting in an average of 37.16 Gb data per sample. Here, the microbial functional genes were identified by mapping these SE reads to the Tara Oceans gene set (OM-RGC, 40M genes). An average of 3 M genes per sample were identified with a 72.68% mapping rate. The reads of three PE sequenced samples were also mapped to OM-RGC and 94.90% of identified genes by PE reads were covered by SE reads (Supplementary Figure S2), indicating that the SE data was sufficient to map reference genes in this study. By merging all identified microbial genes of the 17 SE sequenced samples together, a 17 SE sample gene set was generated, comprising 7.7 M non-redundant genes (Supplementary Table S2).

To mine more specific microbial genes in the Indian Ocean surface water, a 3.4 M gene set based on de novo assembly was generated using three PE sequenced samples, which obtained 51.95–52.16% mapping rate in individual samples. The shared genes between the 17 SE sample gene set and three PE sample assembled gene set accounted for an average of 17.06 and 43.82% of gene abundance in the SE mapping gene set and PE assembly gene set (Figure 1B), suggesting that many novel genes could be explored by de novo assembly from local samples. So, a new complete microbial gene set (9.5M) from the Indian Ocean surface waters was generated by the combination of OM-RGC mapping and de novo assembly methods. Based on the new gene set, many more genes could be identified with higher reads mapping rate in each sample.



Taxonomic and Functional Variations in the Indian Ocean

A large proportion of genes (51.91%) in the complete gene set belong to bacteria, while 7.96%, 2.00% and 1.10% were annotated to virus, eukaryote and archaea, respectively (Supplementary Figure S3A). More than 69.51% of bacterial sequences could be annotated at the phylum level. Proteobacteria and Cyanobacteria dominated the microbial community by occupying an average 37.85 and 23.56% of total bacterial sequences of the Indian Ocean, respectively, followed by Bacteroidetes (3.73%), Actinobacteria (1.69%), Firmicutes (0.76%), Verrucomicrobia (0.36%), and Planctomycetes (0.31%) (Supplementary Figure S3B). Totally, 684 bacterial genera were found in the Proteobacteria phylum, of which the genus Candidatus pelagibacter was dominant with an average of 12.03% of relative abundance (Supplementary Table S4). The genera in the Bacteroidetes phylum presented similar relative abundances, such as the dominant genera Fluviicola (1.53% of relative abundance) and Flavobacterium (0.97% of relative abundance). The Actinobacteria were represented mainly by Streptomyces (5.41% of relative abundance) and Candidatus actinomarina (4.81% of relative abundance). The Firmicutes were mainly composed of Clostridium (8.80% of relative abundance) and Bacillus (8.83% of relative abundance). The genera Coraliomargarita (25.89% of relative abundance), Pedosphaera (11.05% of relative abundance) and Verrucomicrobium (5.24% of relative abundance) dominated the phylum of Verrucomicrobia. While Rhodopirellula (25.94% of relative abundance) and Planctomyces (12.13% of relative abundance) were the abundant groups of Planctomycetes. Among them, the photosynthetic cyanobacterial taxa such as Prochlorococcus and Synechococcus were the most abundant in each sample, comprising 86.11% of total cyanobacterial sequences (Figure 2A and Supplementary Table S4). Particularly, Synechococcus with higher relative abundance (average 25.9% of total bacterial sequence) predominated in the samples collected from S7, S8, and S32 stations close to the coastal areas with relatively high DIN concentration while Prochlorococcus dominated with an average 17.4% relative abundance in the middle area with low DIN concentration (Supplementary Table S1, t-test, P-value < 0.05) (Figure 2A). Besides, no obvious difference in microbial composition between the Red Sed and other locations of the Indian Ocean. Notably, the abundance of Prochlorococcus was negatively correlated with the abundance of Synechococcus across the transect (P-value = 2.2e–16, Spearman’s rank correlation test with the correlation coefficient = −0.88). Although the DIN concentrations of the Indian Ocean surface waters varied among stations, it was much lower than the minimum detection limit and the N/P ratio was less than 8 (Supplementary Table S1), indicating that the Indian Ocean surface water belonged to an oligotrophic water body.
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FIGURE 2. Microbial communities in the surface waters of the Indian Ocean. (A) Microbial community structure with abundant Prochlorococcus and Synechococcus. The samples from stations S7, S8, and S32 near the coast with distinct taxonomic compositions distinct from the other samples. (B) Redundancy analysis of bacterial community structure and environmental variables. (C) Distributions of typical metabolism pathways among different sampling stations.


The clustering analysis based on physicochemical properties of all samples showed that the 17 samples were divided into three groups, the three Red Sea samples (S34, S36, and S38) were grouped together with the sample S30 from the west of the Indian Ocean, the Red Sea sample S32 was clustered with the samples S18, S22, S24, S26, which were located in the middle of the Indian Ocean, while the other remaining samples were grouped together (Supplementary Figure S4). These results demonstrated that the physicochemical properties of the west region of the Red sea was distinguishable from the Indian Ocean. RDA was performed to discern the relationship between microbial community structure and environmental parameters such as concentrations of phosphate, silicate, ammonium, nitrite, nitrate, as well as temperature, salinity and pH (Supplementary Table S1). A model describing the environmental parameters that were significantly correlated with microbial composition was selected based on Akaike information criterion, indicating that temperature, phosphate, silicate and pH rather than ammonium, nitrite, nitrate and salinity had significant effect on the microbial composition. The two axes could explain 40.5% of the overall variance in community structure with an adjusted R2 (0.56), showing a remarkable correlation. The parameters of temperature, phosphate, silicate and pH drove the composition variance and separated samples into different groups, of which temperature was the most important and could explain the most variation in response variables (Figure 2B). It was found that the three western Red sea samples were grouped in the upper right of the RDA plot, and were mainly associated with concentrations of phosphate and silicate. But most of the Indian Ocean samples (except samples S7 and S8 near the coast) were in the lower left and were associated with temperature and pH. These results indicated that the variation among microbial communities in the Red Sea and in the Indian Ocean were driven by different environmental factors. In addition, the dominant genus Prochlorococcus was positively associated with temperature and pH in the multivariate analysis, while the genus Synechococcus was negatively associated with pH. Interestingly, the concentrations of ammonium, nitrate and nitrite were not associated with the variation of the whole microbial community. However, the abundance of Prochlorococcus presented a remarkably negative correlation with nitrite concentration (P-value < 0.01, Spearman’s rank correlation test), but not with the concentrations of ammonium, nitrate, phosphate and other factors, indicating that nitrite impacted Prochlorococcus although it had no effect on the whole microbial composition of the Indian Ocean.

Variations of microbial functional composition were examined among stations. Overall, only 24.3% of genes but 82.6% of KOs were co-existed in all samples, indicating a high level of gene diversity and functional redundancy across the Indian Ocean. These shared KOs mainly contributed to metabolic function (carbohydrates, amino acids, nucleotide, cofactors and vitamins, lipid, energy metabolism), genetic information processing (replication and repair), secondary metabolite biosynthesis (glycan, terpenoids, and polyketides), and signal transduction, and the majority of them corresponded to housekeeping functions. The abundances of 15 typical pathways were calculated using a total abundance of marker KOs divided by the number of KOs as described in a previous study (Sunagawa et al., 2015). All samples showed a similar variation pattern in functional composition (Figure 2C). Function modules associated with iron-related metabolism, carbon fixation (photosynthesis), carbon fixation (Prok), oxygenic photosynthesis, sulfur and phosphorus metabolism with high abundances co-existed in all samples. In addition, other processes such as nitrogen metabolism, methanogenesis, manganese–related metabolism, flagellar assembly, bacterial chemotaxis, biofilm formation, aerobic respiration and anoxygenic photosynthesis with low abundances were prevalent in each sample.



Prochlorococcus Genomes in the Indian Ocean and the Global Ocean

Prochlorococcus an extensively studied photosynthetic bacterial taxon, dominated the microbial community of the Indian Ocean surface water with an average abundance of 14.5% among metagenome sequences (Figure 2A). Using the pangenome of the 201 published Prochlorococcus genomes as a reference (Supplementary Table S3), about 14.08% of reads could be mapped to the Prochlorococcus gene set, which was very close to the abundance identified in the metagenome data, implying the integrity of the reference data set. Totally, 55 Prochlorococcus strains were detected, including 12 cultured strains and 43 uncultured strains. The detections of 55 strains implied the species diversity of Prochlorococcus in the surface water of the Indian Ocean. Of these, scB245a_518D8, scB241_528J8, MIT9301, MIT9302, GP2 and MIT9201 were most abundant Prochlorococcus strains among the samples (Supplementary Figure S5). Only 5 out of 12 cultured strains are within known HLII ecotype. All of 43 uncultured single-cell amplified genome and metagenome-assembled genomes have no ecotype information. To explore the evolutional relationship of these Prochlorococcus strains, phylogenetic clades of all these unknown strains (combined with 25 cultured strains with representative ecotypes) were explored using an alternative method based on 40 SCGs. The phylogenetic tree showed that all the identified genomes were divided into two major known ecotypes: HLI and HLII clades (Figure 3A), in accordance with their niches. Except for the strain UBA3999, which was finally validated to be affiliated to Synechococcus as only 70.81% average nucleotide identity (ANI) to Prochlorococcus strain MIT0701 and 30 conserved SCGs consistently annotated to Synechococcus, 53 of 54 Prochlorococcus strains in the Indian Ocean surface waters belonged to the HLII ecotype and only one strain belonged to the HLI ecotype. The ecotype-level community structure was similar across the Indian Ocean, but the relative abundances of Prochlorococcus strains varied among different stations. For example, the composition of Prochlorococcus strains in the Red Sea samples (S30, S32, S34, and S38) were clustered together and were more similar to the west locations of the Indian Ocean (Supplementary Figure S5).
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FIGURE 3. Phylogenetic tree based on single copy genes from the 54 detected strains in the Indian Ocean and Prochlorococcus sequences from the global ocean, respectively. (A) Phylogenetic tree from the detected strains in our data set (names in bold with∗) and representative Prochlorococcus genomes was constructed based on 40 SCGs. Phylogenetic clade affiliations are represented by different colors; HLII, light green; HLI, dark green; LLI, median blue; LLII_III, dark blue; LLIV, light blue; Synechococcus, gray; unclassified strains, yellow. (B) The Phylogenetic tree of Prochlorococcus populations in the global ocean based on gene sequences from COG0172. red, sequences identified in assembled gene set; gray, sequences from Tara Ocean gene set; yellow, sequences from Prochlorococcus genomes; reference sequences are colored according to their ecotypes.


To further characterize the diversity of Prochlorococcus in the global ocean, the 40 SCGs of Prochlorococcus genus were fetched from the Tara Ocean gene set, the PE sample assembled gene set and 201 Prochlorococcus strains. As the multiple sequence alignment was not suitable for the SCGs from metagenome data, a phylogenetic tree of Prochlorococcus was constructed based on one gene, namely COG0172 (Seryl-tRNA synthetase) as its highest number in different data sources. This gene is an evolutionarily conserved enzyme which catalyzes the formation of aminoacyl-tRNAs that is used as substrates for ribosomal protein biosynthesis. The Prochlorococcus sequences were divided into two main clades, HL and LL (Figure 3B). Of these, 179 of 234 sequences were clustered within the HL clade with similar phylogenic distance and 55 of sequences were clustered within LL clades with different branch distance. It suggested that the Prochlorococcus sequences in LL clades evolved more divergently, which might be attributed to the specific features of deep-sea environment.



Metabolic Potential for Nitrogen Assimilation

The relative abundance of ammonia input-related genes such as urease, glutamate dehydrogenase (gdhA) and ammonia transporter (amt) were predominant in each sample, followed by nitrilase, ferredoxin-nitrite reductase (NirA), cyanate lyase and formamidase (Figures 4A,B). Four metabolic reactions involved in nitrogen metabolism including dissimilatory nitrate reduction, assimilatory nitrate reductase, denitrification and nitrification were detected in our metagenomic dataset (Figure 4C). Although the assimilatory nitrate reduction (narB, nasA, narsB, and nirA) presented high abundance in nitrogen metabolism pathway, it contributed only a small portion to ammonia production. The functional genes related to nitrogen fixation and anammox were not detected in all samples (Figure 4).
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FIGURE 4. Metabolic potential for N acquisition in the microbial community and metagenomic Prochlorococcus population of the Indian Ocean. (A) The generic nitrogen assimilation routes (colored line) in the metagenome and Prochlorococcus population of the Indian Ocean. (B) Abundances of key functional genes involved in ammonia production in the metagenome and Prochlorococcus population. (C) The functional models of an N metabolism pathway in the metagenome and Prochlorococcus population.


To characterize nitrogen acquisition of the Prochlorococcus population in the Indian Ocean, all genes involved in nitrogen metabolism from Prochlorococcus genus were extracted from the metagenome. Prochlorococcus could potentially assimilate nitrogen for growth through six different routes (Figure 4). Three dominant routes were comprised of hydrolyzing urea by ureas, hydrolyzing nitrile to ammonia by nitrilase and converting glutamine into ammonia by gdhA. The fourth route was to directly transport extracellular ammonia into intracellular via transporter. The fifth route was to uptake extracellular nitrite and nitrate via transporters, and then catalyze the reduction of nitrite to ammonia by NirA and finally be converted into amino acids. The gene encoding nitrate reductase (NarB) involved in the reduction of nitrate to nitrite was not identified in the Prochlorococcus population. The nitrite could also be converted by oxidation of nitroalkanes using nitronate monooxygenase. The sixth route was to convert cyanate into ammonia by cyanate lyase. Only the metabolic reaction related to assimilatory nitrate reduction was detected in metagenomic Prochlorococcus population. The other key enzymes related to dissimilatory nitrate reduction, denitrification, nitrogen fixation, nitrification and anammox were not found (Figure 4C). Collectively, the Prochlorococcus population in the Indian Ocean could assimilate urea, ammonia, nitrite, nitroalkane, cyanate, and nitrile as nitrogen sources, but they lost the ability to assimilate nitrate and nitrogen due to the lack of NarB and nifH.

To validate the results from the metagenome, the abilities of nitrogen metabolism from 54 detected Prochlorococcus genomes (including six complete genomes) in the Indian Ocean were evaluated. A similar result was observed in those detected Prochlorococcus genomes that the enzyme nifH involved in nitrogen fixation was absent but the NarB catalyzing nitrate to nitrite was found in 14 strain genomes including two cultured strains (SB, MIT0604) and 12 single-cell amplified genomes (Supplementary Table S5). These results indicated that most of the Prochlorococcus strains lost the ability to reduce nitrate, but some of them still maintained the ability to assimilate nitrate and could utilize it as N source. Furthermore, the enzymes involved in assimilation of other nitrogen forms such as cyanate, nitrile, nitrite, and amino acids also differed among strains, suggesting their different survival strategies.



Amino Acid Biosynthesis of Prochlorococcus in the Indian Ocean

The amino acid biosynthesis model was predicted based on the functional enzymes of amino acid biosynthesis and amino acid transporter proteins in the metagenome of Prochlorococcus population. Of the 230 functional KOs involved in amino acid biosynthesis, 96 were found in the Prochlorococcus population, which contributed to de novo biosynthesis of 14 amino acids such as valine, leucine, isoleucine, tryptophan, proline, threonine, cystenine, asparagine, glutamine, aspartic acid, glutamic acid, lysine, arginine, and histidine. However, reaction gaps for the biosynthesis of amino acids existed in six types of amino acids (Table 1). The enzyme metC that synthesizes precursor homocysteine of methionine and the serB that catalyzes phosphoserine to serine were missing. The enzyme glyA that functions bi-directionally transformation of serine and glycine was detected but the bidirection enzyme glyA for glycerine and threonine conversion was absent. The enzymes asdA and ALT for de novo biosynthesis of alanine were also absent. Furthermore, biosynthesis reactions of aromatic amino acids tyrosine and phenylalanine were incomplete due to the lack of the enzyme tyrB that catalyzes the precursor of tyrosine and converts phenylpyruvate into phenylalanine. Interestingly, the functional genes encoding two types of transporter proteins responsible for importing glycine and alanine into cells were found in the metagenome data of the Prochlorococcus population, suggesting that Prochlorococcus absorbed glycine and alanine from the environment. Thus, it could be postulated that serine might be achieved from glycine by glyA, and subsequently, converted to cysteine and methionine. The same observation was also found in the genomes of the 54 Prochlorococcus strains detected, which further validated the reaction gaps in amino acid biosynthesis of the Prochlorococcus population in the Indian Ocean.


TABLE 1. Distribution patterns of key enzymes of six amino acids synthesis pathways in Prochlorococcus metagenomes from the Indian Ocean.
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DISCUSSION

Metagenomic studies of the global ocean advance our understanding of microbial diversity, community structure, functional potential, the environment influence and biotic interactions (Lima-Mendez et al., 2015; Sunagawa et al., 2015). In this study, we generated a 9.5 M gene set for surface microbes of the Indian Ocean combined with mapped genes from OM-RGC and de novo assembled genes from the local samples. Our results showed that most of the microbial genes of surface waters had been embraced by this gene set and could be captured by sample reads. Although the OM-RGC provides an ecosystem-wide data set, which enables ocean microbial genetic diversity accessible for various targeted studies, it does not cover all microbial functional genes owing to the limitation of samples and sampled regions. Therefore, it would be helpful to combine this data with a small set of assembly genes from local samples. Proteobacteria and Cyanobacteria were the abundant phyla in surface waters of the Indian Ocean, and photosynthetic cyanobacterial taxa such as Prochlorococcus and Synechococcus were dominant in all samples. These results are consistent with the previous studies (Díez et al., 2016; Wang et al., 2016; Phoma et al., 2018). However, variations at the sub-family level classification were observed among different regions of the Indian Ocean, for example, Synechococcus was abundant in the stations near the coast but Prochlorococcus dominated in the central area of the Indian Ocean, which might be caused by environmental variables. The effects of environmental factors on marine microbial communities have been widely studied (Coutinho et al., 2015). Composition, distribution and metabolic potential of microbes are structured, to a large extent, by environmental gradients in light, temperature, oxygen, salinity and nutrients (Thompson et al., 2017). Globally, temperature is the key environmental factor driving the geographical distribution of microbes in the ocean (Sunagawa et al., 2015). In this study, temperature, phosphate, silicate and pH were important environmental factors regulating microbial distribution in the Indian Ocean. However, the variation of microbial composition in the Red Sea was mainly associated with the concentrations of phosphate and silicate (Figure 2B). It should be noted that the physicochemical properties in the west of the Red Sea differed from the Indian Ocean, resulting in a slight difference in microbial composition. Investigation of microbial adaptation to environmental changes indicated that temperature explains most of the taxonomic and functional variations in the Red Sea, followed by nitrate, chlorophyll, phosphate, and salinity (Thompson et al., 2017). These highly shared KO functions across the samples might confer a buffering capacity for an ecosystem in scenarios of biodiversity loss. The analysis of typical pathways indicated that metabolic processes of microbial community mainly contributed to the production of a diverse array of nutritional substrates such as ferrous/ferric iron, carbohydrate, phosphate, and sulfate. Especially for carbon fixation and oxygenic photosynthesis, they enabled microbes to use organic compounds and molecular oxygen of photosynthetic origin in the oligotrophic oceans. Overall, the microbial gene capacity determines their adaptive ability to environmental variations in the ocean. A comprehensive microbial gene set from various ocean environments would facilitate to fully understand the connection between microbes and environmental variables.

The picocyanobacterium Prochlorococcus was the most abundant photosynthetic phytoplankton in the oligotrophic oceans, and contributes to the stability, resilience and function of marine ecosystem with high species diversity and a wide range of environmental adaptability (Biller et al., 2015; Farrant et al., 2016; Kent et al., 2016). In this study, the major Prochlorococcus clades in the Indian Ocean belonged to HLII ecotypes, which is in accordance with the sample origins from surface water with high light intensity. A previous study also showed that most of the Indian Ocean Prochlorococcus sequences were distantly related to the HLII Prochlorococcus marinus spp. such as MIT9215 and MIT9301, which were also detected in our samples (Díez et al., 2016). Furthermore, HLII bins also dominate the Prochlorococcus communities of the surface waters of the Red Sea based on analysis of the rpoC1 sequences (Shibl et al., 2014). But the HLI, HLII, and HLVI clades of Prochlorococcus dominate in the surface water of the North Pacific Ocean by clustering the ITS sequences (Larkin et al., 2016). Phylogenetic analysis of 504 core genes across global ocean samples indicate that the clades HLIII and HLIV significantly dominate in the Equatorial Pacific Ocean, and the clad HLI is abundant in the California Current and South Atlantic Ocean (Kent et al., 2016). Therefore, the ecotype structure of Prochlorococcus differs among the oceanic regions. In this study, we constructed a phylogenetic tree based on 40 SCGs. This alternative method has been widely used in the clade classification of bacterial genomes (Hug et al., 2016; Mende et al., 2017). The phylogenetic clades showed the same accuracy as the ITS sequence (Biller et al., 2014) when we examined them using 25 fully sequenced reference genomes with known ecotypes. We also examined the accuracy of COG0172 in distinguishing species difference among 25 known ecotype genomes before exploring the global distribution of Prochlorococcus. It was demonstrated to be sufficient to discern the phylogenetic relation among Prochlorococcus genomes. The Prochlorococcus sequences from the global ocean could be divided into two clades (Moore et al., 1998; Rocap et al., 2002). Our study indicated that the HL clade occupied most of the sequences and showed less divergence, but the LL clades showed more branches with various phylogenetic distance. Similar observations were found in Yan’s study (Yan et al., 2018). At this point, most samples are sourced mainly from surface water and less from the deep ocean. The highly different phylogenetic distance of Prochlorococcus sequences from the deep ocean may reflect more diversity of Prochlorococcus genomes. These results illustrated that there was a considerable diversity of Prochlorococcus in the global ocean, but only a small portion can be cultured in the laboratory and a lot of unknown strains requires further excavation.

The RDA analysis showed that the Prochlorococcus abundance was positively associated with temperature and pH. Previous studies have shown that the HLI and HLII clades of Prochlorococcus present different optimal temperatures, indicating that temperature influences the distribution of Prochlorococcus (Zinser et al., 2007; Flombaum et al., 2013). The effect of pH on Prochlorococcus growth has been less studied, but it directly impacts the availability of bicarbonate for photosynthetic reaction, which may affect carbon fixation and cell growth. The abundance of Prochlorococcus was also significantly yet negatively correlated with nitrite concentration, suggesting the potential role of nitrite in Prochlorococcus growth.

The microbial functional genes involved in nitrogen metabolism indicated that bacteria in the oligotrophic ocean could assimilate N through different routes and they preferred urea, ammonia and nitrile, which need low energy to produce ammonia. The bacterial functional gene nifH, which is responsible for nitrogen fixation was absent in the surface water of the Indian Ocean and a similar phenomenon was also observed in the west Pacific Ocean (Li Y.-Y. et al., 2018), indicating that bacteria in the Indian Ocean surface waters lacked the ability to fix nitrogen. Ammonia assimilation of Prochlorococcus was explored in this study. The Prochlorococcus population can assimilate urea, ammonia, nitrite, nitroalkane, cyanate, and nitrile as nitrogen sources for cell growth, indicating that Prochlorococcus had evolved diverse adaptive strategies to ambient N deficiency in the oligotrophic Indian Ocean. The abundances of key enzymes involved in DON assimilation were higher than those involved in DIN assimilation in the Prochlorococcus population, implying that Prochlorococcus might prefer the organic N source in the oligotrophic Indian Ocean. The transcripts of key enzymes involved in the utilization of cyanate, urea and ammonia are also detected in the Prochlorococcus genomes under N stress condition (García-Fernández et al., 2004; Kamennaya and Post, 2011). To date, no Prochlorococcus isolate is able to utilize molecular N due to the lack of nifH genes, which concurs with our findings. The ability of nitrate assimilation is found only in a small portion of the Prochlorococcus genomes, such as SB and MIT0604, which is consistent with the findings of a recent study (Berube et al., 2019). They can grow on nitrate as the sole nitrogen source (Martiny et al., 2009; Berube et al., 2015). In our study, the gene encoding NarB catalyzing nitrate to nitrite was not detected in the Prochlorococcus population although it was found in 14 of the identified 54 Prochlorococcus genomes, indicating the limitation in assembling full sequences from metagenome data and the importance of isolation and identification of single bacterial strain from the natural environment, which would help us to unravel more novel and divergent metabolic pathways. Our study elaborated nitrogen assimilation pathways in the Prochlorococcus population and Prochlorococcus genomes in the Indian Ocean, and identified the differences in utilization of inorganic and organic nitrogen sources among different strains. This finding enables the potential to discover more unknown and uncultured strains from oceans.

It has been known for decades that most of the free-living bacteria can synthesize 20 kinds of amino acids, but some bacteria still have gaps in their biosynthesis pathways of amino acids (Price et al., 2018). Our study showed that Prochlorococcus could not make all amino acids by themselves based on their genetic content and might need to uptake some of them from the ambient environment instead. The gaps in de novo synthesis pathways of six different amino acids implied a special model for amino acid utilization in the Prochlorococcus population. Moreover, the distribution pattern of key enzymes involved in N and amino acid metabolism pathways in the metagenome of the Prochlorococcus population was validated by the Prochlorococcus genomes identified, demonstrating the reliability of our results. In general, our findings illustrated the potential capacity of Prochlorococcus to assimilate nitrogen in the Indian Ocean, which implied the adaptation of Prochlorococcus to ambient N deficiency in the oligotrophic ocean.



CONCLUSION

The oligotrophic Indian Ocean is an understudied realm of the world’s oceans. This study comprehensively analyzed the microbial diversity and metabolic potential for N acquisition in the surface waters of the oligotrophic Indian Ocean using a metagenomic approach. Proteobacteria and Cyanobacteria dominated the microbial community but the functional composition of microbes exhibited a high level of gene diversity and functional redundancy across the Indian Ocean from the east to the west. Environmental factors such as temperature, phosphate, silicate, and pH played important roles in regulating microbial distribution in the Indian Ocean. Ammonium was an important nitrogen source for microbial community, while bacterial functional gene nifH was absent in the surface water of the Indian Ocean, indicating weak nitrogen fixation in the Indian Ocean and other potential ammonium origins, which needs further study. The predominant cyanobacterial taxa Prochlorococcus presented high diversity but a simple ecotype. Moreover, the Prochlorococcus evolved diverse adaptive strategies to ambient N deficiency in the oligotrophic ocean. Interestingly, the gaps for specific amino acid biosynthesis pathways existed in Prochlorococcus, demonstrating that there could be some alternative ways to acquire some essential amino, and the potential roles of Prochlorococcus in the biogeochemical cycle of amino acids. Overall, this study facilitated our understanding of microbes in the oligotrophic Indian Ocean, and serves as an important resource for gene capacity of microbes in future studies.
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The Arctic is impacted by climate warming faster than any other oceanic region on Earth. Assessing the baseline of microbial communities in this rapidly changing ecosystem is vital for understanding the implications of ocean warming and sea ice retreat on ecosystem functioning. Using CARD-FISH and semi-automated counting, we quantified 14 ecologically relevant taxonomic groups of bacterioplankton (Bacteria and Archaea) from surface (0–30 m) down to deep waters (2,500 m) in summer ice-covered and ice-free regions of the Fram Strait, the main gateway for Atlantic inflow into the Arctic Ocean. Cell abundances of the bacterioplankton communities in surface waters varied from 105 cells mL–1 in ice-covered regions to 106 cells mL–1 in the ice-free regions. Observations suggest that these were overall driven by variations in phytoplankton bloom conditions across the Strait. The bacterial groups Bacteroidetes and Gammaproteobacteria showed several-fold higher cell abundances under late phytoplankton bloom conditions of the ice-free regions. Other taxonomic groups, such as the Rhodobacteraceae, revealed a distinct association of cell abundances with the surface Atlantic waters. With increasing depth (>500 m), the total cell abundances of the bacterioplankton communities decreased by up to two orders of magnitude, while largely unknown taxonomic groups (e.g., SAR324 and SAR202 clades) maintained constant cell abundances throughout the entire water column (ca. 103 cells mL–1). This suggests that these enigmatic groups may occupy a specific ecological niche in the entire water column. Our results provide the first quantitative spatial variations assessment of bacterioplankton in the summer ice-covered and ice-free Arctic water column, and suggest that further shift toward ice-free Arctic summers with longer phytoplankton blooms can lead to major changes in the associated standing stock of the bacterioplankton communities.
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INTRODUCTION

Atmospheric and oceanic warming has a substantial impact on the Arctic Ocean already today (Dobricic et al., 2016; Sun et al., 2016; Dai et al., 2019). The strong decline in sea ice coverage (Peng and Meier, 2018; Dai et al., 2019) and heat transfer by the Atlantic water inflow (Beszczynska-Möller et al., 2012; Rudels et al., 2012; Walczowski et al., 2017) will affect stratification of the water column and can lead to an increase in upward mixing of the Atlantic core water, a process also termed “Atlantification” (Polyakov et al., 2017). The main inflow of Atlantic water into the Arctic Ocean occurs through the Fram Strait (Beszczynska-Möller et al., 2011), making it a sentinel region for observing the ongoing changes in the Arctic marine ecosystem (Soltwedel et al., 2005, 2016). The Fram Strait is also the main deep-water gateway between the Atlantic and the Arctic Ocean. It hosts two distinct hydrographic regimes; the West Spitsbergen Current (WSC) that carries relatively warm and saline Atlantic water northward along the Svalbard shelf (Beszczynska-Möller et al., 2012; von Appen et al., 2015), and the East Greenland Current (EGC) that transports cold polar water and sea ice southwards from the Arctic Ocean along the ice-covered Greenland shelf (de Steur et al., 2009; Wekerle et al., 2017).

Sea ice conditions have a strong impact on the seasonal ecological dynamics in Fram Strait and the whole Arctic Ocean (Wassmann and Reigstad, 2011), affecting light availability and stratification in the water column. The presence of sea ice and snow cover can suppress the seasonal phytoplankton bloom in the water column through light limitation (Mundy et al., 2005; Leu et al., 2011), or change its timing, e.g., by increasing stratification of the surface waters once the ice melts (Korhonen et al., 2013). Also, sea-ice algae can make up a significant proportion of the annual productivity (Leu et al., 2011; Boetius et al., 2013; Fernández-Méndez et al., 2014). Previous summer observations in the Fram Strait already suggested that total cell abundances and productivity of bacterioplankton communities in surface waters are driven by environmental parameters associated with phytoplankton bloom dynamics (Fadeev et al., 2018), such as the availability and composition of organic matter (Piontek et al., 2015; Engel et al., 2019), with differences between ice-covered and ice-free regions (Piontek et al., 2014; Fadeev et al., 2018).

Long-term summer observations in the region, conducted in the framework of the Long-Term Ecological Research site HAUSGARTEN, revealed strong ecological variations associated with the Atlantic Meridional Overturning Circulation (Soltwedel et al., 2016). Warming events during the past decades influenced seasonal phytoplankton blooms by causing a slow but continuous increase in biomass, and a shift from diatom- to flagellate-dominated communities (Nöthig et al., 2015; Engel et al., 2017; Basedow et al., 2018). It has been recently observed that phytoplankton blooms show an increasing partitioning of the produced organic carbon into the dissolved phase (Engel et al., 2019), which may result in a more active microbial loop in the upper ocean and less export of particulate matter (Vernet et al., 2017; Fadeev et al., 2020). In times of a rapidly changing Arctic ecosystem, investigating structure and dynamics of bacterioplankton communities remains a key component to the understanding of current changes in this environment. However, so far, an assessment of associated responses of the key bacterial taxa responsible for an increased recycling is missing, especially with regard to shifts in standing stocks.

To date, the majority of Arctic bacterioplankton studies are performed using high-throughput sequencing of the 16S rRNA gene, which cannot be directly converted to absolute standing stock abundances of specific taxonomic groups due to polymerase chain reaction (PCR) primers selection (Fadeev et al., 2021), as well as other quantitative biases (Gloor et al., 2017; Kumar et al., 2017; Piwosz et al., 2020). Here we used semi-automatic CAtalyzed Reporter Deposition-Fluorescence In Situ Hybridization (CARD-FISH; Pernthaler et al., 2002). The power of this technique lies in the ability to acquire absolute abundance of the targeted taxonomic groups free of compositional effect (Amann et al., 1990). Besides the ability to target and quantify specific taxonomic groups, the retrieval of a positive hybridization signal furthermore indicates that the analyzed cell was alive and active before fixation (Amann et al., 1990; DeLong et al., 1999). Automatization of the microscopic examination and counting procedure can reach a high-throughput standard (Schattenhofer et al., 2009; Teeling et al., 2012; Bižić-Ionescu et al., 2015; Bennke et al., 2016).

Using CARD-FISH and semi-automated cell counting, we quantified bacterial and archaeal cell abundances of 12 taxonomic groups selected based on a 16S rRNA gene survey of water column microbial communities during the same summer expedition in the Fram Strait (Fadeev et al., 2020) (Supplementary Table 1). Samples were collected from 11 stations at four different depths, targeting previously defined layers of the water column in the Fram Strait (Rudels et al., 2012): surface mixed layer (0–30 m; seasonally mixed layer of Atlantic and Arctic waters), epipelagic (100 m; mainly modified Atlantic water), deep mesopelagic (500–1,000 m; intermediate water), and bathypelagic (1,200–2,500 m; Eurasian Basin deep waters; Table 1). The main objective of this study was to assess the standing stocks of key taxonomic groups in the summer bacterioplankton across the Fram Strait. Using high-throughput cell counts data of bacterioplankton cell abundances we tested the following hypotheses: (1) in surface waters, the abundances of different bacterioplankton taxonomic groups are associated with phytoplankton bloom conditions, and, are linked to the abundances of specific phytoplankton populations; (2) water depth structures the bacterioplankton communities, and (3) differences between communities in ice-covered and ice-free regions decrease with increasing water depth.


TABLE 1. Environmental parameters measured at different stations and microscopy counts (cells mL–1) of diatoms and Phaeocystis spp.
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RESULTS AND DISCUSSION


Hydrographic and Biogeochemical Conditions Across the Fram Strait

Based on the known hydrography of the Strait (Rudels et al., 2012) and the observed sea-ice conditions, we sampled three distinct regions of the Fram Strait (Figure 1): the ice-free eastern part of the Strait (“HG” stations) associated with the WSC (Beszczynska-Möller et al., 2012), the ice-covered western part of the Strait (“EG” stations) associated with the EGC (de Steur et al., 2009), and the partially ice-covered north-eastern part of the Strait (“N” stations) that represents a highly productive ice-margin zone (Hebbeln and Wefer, 1991; Perrette et al., 2011).
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FIGURE 1. Oceanographic overview of the Fram Strait, including the monthly mean of sea-ice cover and sea surface temperature during July 2016. The sea ice concentration is represented by inverted grayscale (gray = low, white = high). Arrows represent general directions of the West Spitsbergen Current (WSC) (in red) and the East Greenland Current (EGC) (in blue). Stations of water column sampling are indicated and colored according to their sea-ice conditions: ice-covered EGC (EG) stations–blue, ice-margin N stations–gray, ice-free WSC (HG) stations–red. The map was modified from (Fadeev et al., 2020).


At the time of sampling in June–July 2016, the low level of inorganic nutrients above the seasonal pycnocline, and the chlorophyll a concentrations, suggested a late stage of the phytoplankton bloom across the Strait (Table 1). Microscopic analyses of phyto- and protozooplankton communities previously conducted in representative stations of each region (LTER HAUSGARTEN stations EG1, EG4, N5, N4, HG4, and S3) at the chlorophyll a maximum 10–28 m depth), revealed that the communities at the time of sampling in the ice-covered EG and the ice-margin N stations had a higher abundance of diatoms, in contrast to the ice-free HG stations that had a higher abundance of Phaeocystis spp., (Fadeev et al., 2020). These locally defined conditions correspond to an interannual trend of distinct phytoplankton bloom conditions observed in the western ice-covered EGC and the eastern ice-free WSC (Nöthig et al., 2015; Fadeev et al., 2018).



Surface Water Bacterioplankton Communities Are Affected by Distinct Phytoplankton Bloom Conditions

Phytoplankton blooms in surface waters generally lead to an increased cell abundance of heterotrophic bacteria that are specialized in the degradation of organic matter from algal exudates and phytodetritus (Buchan et al., 2014; Teeling et al., 2016). Previous observations in Fram Strait revealed a strong influence of the summer phytoplankton bloom conditions on the composition and structure of bacterioplankton communities (Wilson et al., 2017; Müller et al., 2018), differing also between the ice-covered and ice-free regions of the Strait (Fadeev et al., 2018). We observed significantly higher total cell abundances of the bacterioplankton (i.e., all DAPI-stained bacterial and archaeal cells) in the surface water of the HG and N stations (6–17 × 105 cells mL–1; Supplementary Table 2), as compared to the EG stations (3 × 105 cells mL–1; Kruskal–Wallis test; χ2 = 81.85, df = 2, p-value < 0.01). The communities were dominated by bacterial cells that comprised 8–11 × 105 cells mL–1 in the HG and N stations, and 2 × 105 cells mL–1 in the EG stations (Figure 2 and Supplementary Table 2). The bacterial communities exhibited high abundance of the classes Bacteroidetes (2.1 × 105 cells mL–1) in the HG and N stations, followed by Gammaproteobacteria (from 1.6 to 2.1 × 105 cells mL–1) and Verrucomicrobia (from 1.6 to 2.1 × 105 cells mL–1), with a several-fold higher cell abundance, compared to the EG stations (where together they comprised between 0.1 and 0.3 × 105 cells mL–1) (Figure 3 and Supplementary Table 3). These taxonomic groups were previously suggested to be associated with the seasonal phytoplankton blooms in the region (Wilson et al., 2017; Fadeev et al., 2018). Previous molecular studies also have shown that various taxonomic groups had higher sequence proportion in surface waters of ice-covered, compared to ice-free, regions of the Fram Strait, and are likely associated with Arctic water masses and winter communities in the Fram Strait (Wilson et al., 2017; Fadeev et al., 2018, 2020; Müller et al., 2018). Our microscopy data showed that while Thaumarchaeota and the SAR202 clade had only little variations between the different regions, the class Deltaproteobacteria and the SAR324 clade exhibited much higher cell abundances in the ice-covered EG stations, as compared to the ice-free HG and ice-margin N stations (Figure 4 and Supplementary Table 3). Hence, the observed patterns in surface water bacterioplankton communities seem to be driven by differences in environmental conditions across the Fram Strait.
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FIGURE 2. Mean bacterioplankton cell abundances calculated in the different regions of the Fram Strait: Total bacterioplankton in panel (A); Bacteria in panel (B); and Archaea in panel (C). Box plots were calculated based on cell abundance. Note the different scale of the cell abundances for Archaea. The different regions are indicated by color: ice-covered EGC–blue (EG stations), ice-margin N–gray (N stations), ice-free WSC–red (HG stations).



[image: image]

FIGURE 3. Mean cell abundances of selected taxonomic groups at each station in surface (15–30 m) waters (cells mL– 1). The different regions are indicated by color: ice-covered EGC–blue, ice-margin N–gray, ice-free WSC–red.
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FIGURE 4. Depth profiles of mean cell abundances of selected taxonomic groups (cells mL–1) calculated for the different Fram Strait regions. The different regions are indicated by color: ice-covered EGC–blue (EG stations), ice-margin N–gray (N stations), ice-free WSC–red (HG stations).


In our study, the relative abundance of Bacteroidetes, Gammaproteobacteria, and Verrucomicrobia were consistent with in 16S rRNA gene observations of size-fractionated bacterioplankton communities (i.e., free-living and particle-associated) conducted during the same expedition (>75%) (Fadeev et al., 2020). However, other taxonomic groups (e.g., Alteromonadaceae) showed two- to threefold lower relative abundance in the molecular study (Supplementary Figure 1). These discrepancies can be explained by previously conducted direct methodological comparison between 16S rRNA gene observations and CARD-FISH counts (Fadeev et al., 2021), which suggested potential over-representation of the SAR11 clade in the microscopy counts that could affect the proportional representation of other taxonomic groups in the dataset. Alternatively, the potentially higher cellular activity (and thus higher ribosomal content) of phytoplankton bloom-associated taxonomic groups (e.g., Bacteroidetes) may have altered their representation in the PCR-based 16S rRNA gene dataset (Rosselli et al., 2016), and thus potentially lower sequence proportion of other taxonomic groups. The methodology applied in this study avoids this compositionality effect and allows for the direct determination of absolute cell abundances of each targeted taxonomic group.

To test the hypothesis that environmental conditions across the Strait shape bacterioplankton communities, we examined a set of key physicochemical environmental parameters that represent the distinct water masses (temperature and salinity) and the different phytoplankton bloom conditions (categorized based on chlorophyll a concentration and consumed inorganic nutrients) across the Strait. We did not find significant correlations between these physical and biogeochemical parameters, which suggest to some extent their independent effect on the bacterioplankton communities (Supplementary Figure 2). Based on this assumption we conducted specific correlation tests between each of these environmental parameters and cell abundances of various taxonomic groups (Supplementary Table 4). Cell abundances of Verrucomicrobia and its order Opitutales, as well as of the SAR11 clade and the family Rhodobacteraceae (both members of the class Alphaproteobacteria), showed significant positive correlations to water temperature (Pearson’s correlation; r > 0.5, p-value < 0.05; Supplementary Table 4), suggesting an association with the warmer Atlantic waters of the eastern Fram Strait. The Verrucomicrobia has been previously shown to be a major polysaccharide-degrading bacterial taxonomic group in the north-western Svalbard fjord Smeerenburgfjord (Cardman et al., 2014), and therefore may also be associated with the outflow from the Svalbard fjords (e.g., Kongsfjord) into the Atlantic waters of the WSC (Cottier et al., 2005) sampled for this study. The SAR11 clade and the Rhodobacteraceae have both been previously shown to correlate with temperature at high latitudes (Giebel et al., 2011; Tada et al., 2013), and are known to have distinct phylotypes in water masses with different temperatures (Selje et al., 2004; Sperling et al., 2012; Giovannoni, 2017). However, the Rhodobacteraceae are also known for their broad abilities in utilizing organic compounds (Buchan et al., 2014; Luo and Moran, 2014). Thus, one cannot rule out that their higher cell abundances in warmer waters of the HG and N stations are associated with the late stage of the phytoplankton bloom and their exudates. In addition, the SAR324 clade (Deltaproteobacteria) showed strong positive correlation with statistical significance to salinity (Pearson’s correlation; r > 0.5, p-value < 0.05; Supplementary Table 4). During the summer, with increased melting of sea ice, a low-salinity water layer is formed in surface waters, and the strong stratification of this water layer enhances the development of the phytoplankton bloom (Fadeev et al., 2018). Consequently, the correlation of SAR324 with higher salinity suggests that their cell abundances are lower in surface waters where, in turn, we observe a strong phytoplankton bloom (e.g., in WSC).

The distinct surface water masses in the region differ not only in their physical but also in their biogeochemical characteristics (Wilson and Wallace, 1990; Fadeev et al., 2018), with higher concentrations of inorganic nitrogen and phosphate in the Atlantic, compared to the Arctic water masses. At the time of sampling, the typical Redfield ratio between inorganic nitrogen (mainly nitrate NO3) and inorganic phosphate (PO4) was below 16 (Redfield, 1963; Goldman et al., 1979). This suggests that surface waters across all three regions were nitrogen limited (Table 1) due to the progressing phytoplankton growth (Nöthig et al., 2015). In order to disentangle the effect of biological consumption of nutrients from water mass-specific nutrient signatures, we calculated the seasonal net consumption of inorganic nutrients, as the proxy for phytoplankton bloom conditions (Table 1). Consumed nitrate (ΔNO3) and phosphate (ΔPO4) revealed a very strong positive correlation with statistical significance (Pearson’s correlation; r = 0.86, p-value < 0.05; Supplementary Table 4). The consumed silica (ΔSiO3), used by diatoms, did not show a significant correlation to ΔPO4 and ΔNO3. This further supports the impact of different phytoplankton populations across the Strait (i.e., diatoms vs. Phaeocystis; Fadeev et al., 2020). Phytoplankton bloom-associated environmental parameters (chlorophyll a concentration and the consumed inorganic nutrients) revealed weaker relationships with cell abundances of different taxonomic groups (Supplementary Table 4). Furthermore, we did not observe significant positive correlations of the cell abundances of diatoms or Phaeocystis spp., with the quantified bacterioplankton taxa. This might be explained by time lags and local differences in the dynamic development of phytoplankton blooms across the entire Strait (Wilson et al., 2017; Fadeev et al., 2018).



Bacterioplankton Communities Strongly Change in Cell Abundance and Composition With Depth

The complexity of Fram Strait surface waters with different ice-coverages, a dynamic ice-melt water layer and mesoscale mixing events of Atlantic and Polar water masses by eddies (Wekerle et al., 2017), challenges the identification of specific associations between microbial cell abundances and environmental parameters. Some taxonomic groups (e.g., SAR11 clade) were potentially more influenced by the physical processes such as the presence of ice and distinct Arctic water masses (Kraemer et al., 2020). Likely the mixture of all these environmental variables shaped the observed bacterioplankton communities. We found that cell abundances of some taxonomic groups (e.g., Gammaproteobacteria) were higher in some stations with more advanced phytoplankton bloom conditions. However, as we have only limited observations of phytoplankton for this study, we cannot test previous hypotheses of direct associations between the abundances of specific phytoplankton groups and bacterioplankton taxa (Fadeev et al., 2018). Nonetheless, the here observed patterns could represent an enhanced growth of the bacterioplankton on algal exudates (Tada et al., 2011; Teeling et al., 2012). Alternatively, considering the advection of Atlantic waters (Wekerle et al., 2017), it is also possible that some of the observed trends represent lateral transport of phytoplankton or bacterioplankton, or both, from the southern part of the Strait.

In surface waters of all stations, ca. 60% of the total bacterioplankton community was covered by the Bacteria-specific probes (EUB388 I–III) and up to 8% was covered by the Archaea-specific probe (ARCH915; Supplementary Table 2). At depth (>100 m), the coverage of total cells by the Bacteria-specific probes strongly decreased to 16–40% of DAPI-stained cells (ANOVA; F3 = 15.39, p < 0.01), while the coverage by the Archaea-specific probe significantly increased up to 17% of DAPI-stained cells (ANOVA; F3 = 34.31, p < 0.01; Supplementary Table 2). A similar decrease in detectability of the Bacteria -specific probes was previously observed in other bacterioplankton microscopy studies (Karner et al., 2001; Herndl et al., 2005; Varela et al., 2008), and reasons may lie in a ribosomal nucleic acid concentration decrease within the bacterial cells (i.e., lower activity) toward the oligotrophic depths. In addition, there is a potential increase with greater water depths of microbial phylogenetic groups that are not captured by the currently existing probes (Hewson et al., 2006; Galand et al., 2009a; Agogué et al., 2011; Welch and Huse, 2011; Salazar et al., 2016).

We found that in all three regions, total cell abundances of the entire bacterioplankton community were highest at surface with 105–106 cells mL–1, and significantly decreased with depth down to 104 cells mL–1 at meso- and bathypelagic depths (Figure 2A and Supplementary Table 3; Kruskal–Wallis test; χ2 = 554.39, df = 3, p-value < 0.01). Members of the domain Bacteria dominated the communities throughout the entire water column, with highest cell abundances in surface waters (105–106 cells mL–1), and significantly lower 104 cells mL–1 at depth (Figure 2B; Kruskal–Wallis test; χ2 = 35.27, df = 3, p-value < 0.01). Archaeal cells had an overall lower abundance than bacterial cells by an order of magnitude throughout the entire water column, ranging from 104 cells mL–1 at surface down to 103 cells mL–1 in bathypelagic waters (Figure 2C). However, unlike Bacteria, archaeal communities doubled their absolute cell abundances from ca. 3 × 104 cells mL–1 at surface to ca. 6 × 104 cells mL–1 at 100 m depth, followed by a significant decrease in cell abundance at meso- and bathypelagic depths (Kruskal–Wallis test; χ2 = 29.04, df = 3, p-value < 0.01). Compared to the stronger decline in bacterial cell numbers, this pattern mirrors the known global trend of relative archaeal enrichment in epipelagic waters (Karner et al., 2001; Herndl et al., 2005; Kirchman et al., 2007; Varela et al., 2008; Schattenhofer et al., 2009), and was also observed in other regions of the Arctic Ocean (Amano-Sato et al., 2013). Altogether, the here observed bacterioplankton cell abundances in surface waters were well within the range of previous observations in the Fram Strait waters, conducted by flow cytometry (Piontek et al., 2014; Fadeev et al., 2018; Engel et al., 2019). However, compared to recent CARD-FISH based observations in eastern Fram Strait (Quero et al., 2020), our cell abundances were consistently one order of magnitude lower along the entire water column. The discrepancy might be associated with methodological differences, such as shorter staining times and the usage of an automated over a manual counting approach in our study. Nevertheless, both studies showed a similar pattern of a strong decrease in bacterioplankton cell abundances with depth, which also matches observations in other oceanic regions (Karner et al., 2001; Church et al., 2003; Teira et al., 2004; Schattenhofer et al., 2009; Dobal-Amador et al., 2016).



Enigmatic Microbial Lineages Increase in Cell Abundance Toward the Deep Ocean

The deep waters of the Fram Strait basin (>500 m) have a rather homogeneous hydrography (von Appen et al., 2015), and are less affected by the seasonal dynamics that govern the surface layers (Wilson et al., 2017). Previous molecular observations of the deep water bacterioplankton communities showed high sequence abundances of largely unknown taxonomic groups, such as the SAR202 (class Dehalococcoidia), SAR324 (class Deltaproteobacteria), and SAR406 (phylum Marinimicrobia) (Wilson et al., 2017; Fadeev et al., 2020; Quero et al., 2020). There was also higher archaeal sequence abundance at depth, with the class Nitrososphaeria (i.e., Thaumarchaeota) reaching up to 15% of the sequences in mesopelagic waters (>200 m) (Wilson et al., 2017; Müller et al., 2018; Fadeev et al., 2020). However, it has also been recently shown that in ice-covered regions of the Strait surface-dominant taxonomic groups, such as Gammaproteobacteria and Nitrososphaeria, are exported via fast-sinking aggregates from surface to the deep ocean (>1,000 m), where they may realize an ecological niche (Fadeev et al., 2020). We observed that in all meso- and bathypelagic waters across all analyzed regions the total cell abundances of the bacterioplankton communities were in the range of 104 cells mL–1 (Figure 2), reflecting observations made in Arctic mesopelagic waters (Wells et al., 2006; Quero et al., 2020). Bacterial taxonomic groups that dominated the surface water communities (e.g., Bacteroidetes, Gammaproteobacteria, and Verrucomicrobia), in both ice-free and ice-covered regions of the Strait, decreased by two orders of magnitude in their cell abundances at meso- and bathypelagic depths (Kruskal–Wallis test; p-value < 0.01; Figure 3 and Supplementary Table 3). This trend strongly correlated with the total bacterioplankton cell abundances along the general water column (Pearson’s correlation; r > 0.8, p-value < 0.05 and Supplementary Table 4). In contrast, other bacterial groups, such as the SAR202 and SAR324 clades, proportionally increased in cell abundances with depth and maintained overall constant cell abundances of ca. 0.5 × 104 cells mL–1 until the deep basin (Supplementary Table 3). Previous molecular studies of bacterioplankton communities in the Fram Strait suggested a proportional increase of these largely understudied bacterial lineages in the deep ocean, which were previously found to be associated with winter (surface) bacterioplankton (Wilson et al., 2017; Fadeev et al., 2020). The cell abundances presented here indicate that their increasing proportional abundance at depth is due to stronger decrease in the cell abundances of other groups (Figure 4 and Supplementary Table 3). Very little is currently known about these two taxonomic groups, but previous genetic observations suggest that they possess distinct metabolic capabilities, and may be involved in the degradation of recalcitrant organic matter (SAR202 clade; Landry et al., 2017; Colatriano et al., 2018; Saw et al., 2019), or, in sulfur oxidation (SAR324 clade; Swan et al., 2011; Sheik et al., 2014). Their homogeneous distribution from the stratified surface to the homogenous deep ocean suggests that through high functional plasticity these enigmatic bacterial groups fulfill various ecological niches throughout the water column (Saw et al., 2019; Wei et al., 2020), and thus may play important roles in oceanic nutrient cycling.

With depth, the decrease of archaeal cell abundances was less than that of members of the domain Bacteria (Figure 4 and Supplementary Table 3), meaning that members of the Archaea were proportionally increasing in the total microbial deep-water communities. The Thaumarchaeota strongly correlated with the pattern of the archaeal cell abundances (Pearson’s correlation; r = 0.76, p-value < 0.05; Supplementary Table 4), showing a two-fold increase in cell abundance from surface to epipelagic depth (100 m), followed by a substantial decrease toward meso- and bathypelagic waters (Figure 4 and Supplementary Table 3). This two-fold increase toward the epipelagic depths corresponds to previous observations of Thaumarchaeota in the north Atlantic (Müller et al., 2018), and a further increase in their cell abundances at higher depths (>1,000 m) was also observed in other oceanic regions (Karner et al., 2001; Church et al., 2003; Herndl et al., 2005; Teira et al., 2006; Galand et al., 2009b). It has been shown in molecular studies that Thaumarchaeota comprise a large proportion of the bacterioplankton communities in the Fram Strait, especially in the epipelagic waters (Wilson et al., 2017; Müller et al., 2018; Fadeev et al., 2020). In our study, the Thaumarchaeota exhibited their highest cell abundances at 100 m in the ice-free HG, and at the ice-margin N stations (3 × 104 cells mL–1), where they comprised half of the total archaeal community (Figure 4 and Supplementary Table 3). The strong absolute decrease of Thaumarchaeota cell abundances toward the meso- and bathypelagic waters suggests a decrease in cell number or activity with depth (Herndl et al., 2005; Kirchman et al., 2007; Alonso-Sáez et al., 2012), and thus lower cell detectability. In deeper water layers, other pelagic archaeal groups, such as the phylum Euryarchaeota that was not quantified in this study, may increase in abundance and form the bulk of total archaeal cells here (Galand et al., 2010; Fadeev et al., 2020).



CONCLUSION

Using state-of-the-art semi-automatic microscopy cell counting, we quantified the absolute cell abundance of 12 key taxonomic groups in summer bacterioplankton communities of both ice-free and ice-covered regions of the Fram Strait. We found that in surface waters some taxonomic groups were associated with the distinct water masses of the Strait (e.g., Rhodobacteraceae with the Atlantic waters). Surface water bacterioplankton communities were dominated by Gammaproteobacteria, Bacteroidetes, and Verrucomicrobia, which corresponded with biogeochemical conditions in the ongoing seasonal phytoplankton bloom. This suggests that currently predicted longer seasonal phytoplankton blooms, as well as the increasing Atlantic influence on the Arctic Ocean (i.e., “Atlantification”), may have a strong impact on the composition and biogeographical distribution of certain bacterioplankton taxonomic groups in the surface Arctic waters.

This study also provides the first extensive quantification of bacterioplankton community standing stocks in the deep Arctic water column (>500 m). With depth, some taxonomic groups, such as the SAR202 clade, maintained similar abundances throughout the entire water column (2,500 m depth), where other taxa decline by several-fold. The observation of a homogenous abundance further supports the previously established hypothesis that through high functional plasticity these taxonomic groups are realizing various ecological niches throughout the entire water column.

Altogether, our quantitative data on cell abundances of ecologically relevant taxonomic bacterioplankton groups provide insights into factors structuring pelagic bacterioplankton communities from surface to the deep waters of the Arctic Ocean, and add to a baseline to better assess future changes in a rapidly warming region.



MATERIALS AND METHODS


Sampling and Environmental Data Collection

Sampling was carried out during the RV Polarstern expedition PS99.2 to the Long-Term Ecological Research (LTER) site HAUSGARTEN in Fram Strait (June 24th–July 16th, 2016). Sampling was carried out with 12 L Niskin bottles mounted on a CTD rosette (Sea-Bird Electronics Inc. SBE 911 plus probe) equipped with temperature and conductivity sensors, a pressure sensor, altimeter, and a chlorophyll fluorometer. In ice-covered regions the samples were collected through holes in the ice kept open by the research vessel. On board, the samples were fixed with formalin in a final concentration of 2% for 10–12 h, then filtered onto 0.2 μm polycarbonate Nucleopore Track-Etched filters (Whatman, Buckinghamshire, United Kingdom), and stored at −20°C for further analysis.

Hydrographic data of the seawater including temperature and salinity were retrieved from PANGEA (Schröder and Wisotzki, 2014), along with measured chlorophyll a concentration (Nöthig et al., 2018; Fadeev et al., 2020) (Table 1).

Relative abundance of relevant 16S rRNA as well as data on microscopic abundances of microbial eukaryotes in phytoplankton blooms of the sample location was obtained from (Fadeev et al., 2020).



Catalyzed Reporter Deposition-Fluorescence in situ Hybridization (CARD-FISH)

We quantified absolute cell abundances of 12 key bacterioplankton groups (Supplementary Table 1), members of the Bacteria and Archaea, based on their relatively high sequence abundance and recurrences in previous molecular studies of Arctic waters (Bowman et al., 2012; Wilson et al., 2017; Müller et al., 2018; Fadeev et al., 2020). The selected probes covered a variety of taxonomic entities to address standing stocks at different taxonomic levels. All probes were checked for specificity and coverage of their target groups against the SILVA database release 132 (Quast et al., 2013). CARD-FISH was applied based on the protocol established by (Pernthaler et al., 2002), using horseradish-peroxidase (HRP)–labeled oligonucleotide probes (Biomers.net, Ulm, Germany). All filters were embedded in 0.2% low-gelling-point agarose, and treated with 10 mg mL–1 lysozyme solution (Sigma-Aldrich Chemie GmbH, Hamburg, Germany) for 1 h at 37°C. Filters for enumerating Archaea and Thaumarchaeota were treated for an additional 30 min in 36 U mL–1 achromopeptidase (Sigma-Aldrich Chemie GmbH, Hamburg, Germany) and 15 μg mL–1 proteinase K at 37°C. Subsequently, endogenous peroxidases were inactivated by submerging the filter pieces in 0.15% H2O2 in methanol for 30 min before rinsing in Milli-Q water and dehydration in 96% ethanol. Then, the filters were covered in hybridization buffer and a probe concentration of 0.2 ng μL–1. Hybridization was performed at 46°C for 2.5 h, followed by washing in pre-warmed washing buffer at 48°C for 10 min, and 15 min in 1x PBS. Signal amplification was carried out for 45 min at 46°C with amplification buffer containing either tyramide-bound Alexa 488 (1 μg/mL) or Alexa 594 (0.33 μg mL–1). Afterward, the cells were counterstained in 1 μg/mL DAPI (4′,6-diamidino-2-phenylindole; Thermo Fisher Scientific GmbH, Bremen, Germany) for 10 min at 46°C. After rinsing with Milli-Q water and 96% ethanol, the filter pieces were embedded in a 4:1 mix of Citifluor (Citifluor Ltd., London, United Kingdom) and Vectashield (Vector Laboratories, Inc., Burlingame, CA, United States), and stored overnight at −20°C for later microscopy evaluation.



Automated Image Acquisition and Cell Counting

The filters were evaluated microscopically under a Zeiss Axio Imager.Z2 stand (Carl Zeiss MicroImaging GmbH, Jena, Germany), equipped with a multipurpose fully automated microscope imaging system (MPISYS), a Colibri LED light source illumination system, and a multi-filter set 62HE (Carl Zeiss MicroImaging GmbH, Jena, Germany). Pictures were taken via a cooled charged-coupled-device (CCD) camera (AxioCam MRm; Carl Zeiss AG, Oberkochen, Germany) with a 63 × oil objective, a numerical aperture of 1.4, and a pixel size of 0.1016 μm/pixel, coupled to the AxioVision SE64 Rel.4.9.1 software (Carl Zeiss AG, Oberkochen, Germany) as described by Bennke et al. (2016). Exposure times were adjusted after manual inspection with the AxioVision Rel.4.8 software coupled to the SamLoc 1.7 software (Zeder et al., 2011), which was also used to define the coordinates of the filters on the slides. For image acquisition, channels were defined with the MPISYS software, and a minimum of 55 fields of view with a minimum distance of 0.25 mm were acquired of each filter piece by recoding a z-stack of seven images in autofocus.

Cell enumeration was performed with the software Automated Cell Measuring and Enumeration Tool (ACMETool3, 2018-11-09; M. Zeder, Technobiology GmbH, Buchrain, Switzerland). Total bacterioplankton cells were determined as the total amount of DAPI-stained cells. Counts for each taxonomic group included only cells that were simultaneously stained by DAPI and the taxa-specific FISH probe.



Calculation of Consumed Inorganic Nutrients

Following (Fadeev et al., 2018) the nutrient consumption (Δ) at each station was calculated by subtracting the mean value of all collected measurements above 50 m from the mean value of all collected measurements between 50 and 100 m (below the seasonal pycnocline).



Statistical Analyses

All statistical analyses and calculations in this study were performed using R (v4.0.2) (www.r-project.org) in RStudio (v1.3.1056), i.e., statistical tests for normality, ANOVA and Kruskal–Wallis. Post hoc Wilcoxon test and Pearson’s rank correlation coefficient were conducted with the R package “rstatix” (v0.6.0) (Kassambara, 2020). Plots were generated using the R package “ggplot2” (v3.3.2) (Wickham, 2016) and “tidyverse” (v1.3.0) (Wickham et al., 2019).



DATA AVAILABILITY STATEMENT

The raw data supporting the conclusions of this article will be made available by the authors, without undue reservation.



AUTHOR CONTRIBUTIONS

MC-M, EF, and VS-C designed and conducted the study, and wrote the manuscript with guidance from AB. MC-M performed the hybridizations, cell counting, data and statistical analysis with guidance from VS-C (probe selection, CARD-FISH application, and counting) and EF (data and statistical analysis). All authors critically revised the manuscript and gave their approval of the submitted version.



FUNDING

This project has received funding from the European Research Council (ERC) under the European Union’s Seventh Framework Program (FP7/2007–2013) research project ABYSS (Grant Agreement No. 294757) to AB. Additional funding came from the Helmholtz Association, specifically for the FRAM infrastructure, from the Max Planck Society for VS-C, from the Hector Fellow Academy for MC-M, and from the Austrian Science Fund (FWF) Grant No. M-2797 to EF.



ACKNOWLEDGMENTS

We thank the captain and crew of RV Polarstern expedition PS99.2, as well as the chief scientist Thomas Soltwedel for support with work at sea. We also thank Pier Offre for assistance in sampling, Greta Reintjes for designing the probe Opi346, Mareike Bach for technical support, Sinhue Torres-Valdes and Laura Wischnewski for conducting the inorganic nutrient measurements. We also thank Andreas Ellrott for the support with the automated microscope from the Max Planck Institute for Marine Microbiology. This work was conducted in the framework of the HGF Infrastructure Program FRAM of the Alfred-Wegener-Institute Helmholtz Center for Polar and Marine.



SUPPLEMENTARY MATERIAL

The Supplementary Material for this article can be found online at: https://www.frontiersin.org/articles/10.3389/fmicb.2021.658803/full#supplementary-material



REFERENCES

Agogué, H., Lamy, D., Neal, P. R., Sogin, M. L., and Herndl, G. J. (2011). Water mass-specificity of bacterial communities in the north atlantic revealed by massively parallel sequencing. Mol. Ecol. 20, 258–274. doi: 10.1111/j.1365-294X.2010.04932.x

Alonso-Sáez, L., Waller, A. S., Mende, D. R., Bakker, K., Farnelid, H., Yager, P. L., et al. (2012). Role for urea in nitrification by polar marine archaea. Proc. Natl. Acad. Sci. U. S. A. 109, 17989–17994. doi: 10.1073/pnas.1201914109

Amann, R. I., Binder, B. J., Olson, R. J., Chisholm, S. W., Devereux, R., and Stahl, D. A. (1990). Combination of 16S rRNA-targeted oligonucleotide probes with flow cytometry for analyzing mixed microbial populations. Appl. Environ. Microbiol. 56, 1919–1925. doi: 10.1128/aem.56.6.1919-1925.1990

Amano-Sato, C., Akiyama, S., Uchida, M., Shimada, K., and Utsumi, M. (2013). Archaeal distribution and abundance in water masses of the arctic ocean, pacific sector. Aquat. Microb. Ecol. 69, 101–112. doi: 10.3354/ame01624

Basedow, S. L., Sundfjord, A., von Appen, W. J., Halvorsen, E., Kwasniewski, S., and Reigstad, M. (2018). Seasonal variation in transport of zooplankton into the arctic basin through the atlantic gateway, fram strait. Front. Mar. Sci. 5:194. doi: 10.3389/fmars.2018.00194

Bennke, C. M., Reintjes, G., Schattenhofer, M., Ellrott, A., Wulf, J., Zeder, M., et al. (2016). Modification of a high-throughput automatic microbial cell enumeration system for shipboard analyses. Appl. Environ. Microbiol. 82, 3289–3296. doi: 10.1128/AEM.03931-15

Beszczynska-Möller, A., Fahrbach, E., Schauer, U., and Hansen, E. (2012). Variability in atlantic water temperature and transport at the entrance to the arctic ocean, 19972010. ICES J. Mar. Sci. 69, 852–863. doi: 10.1093/icesjms/fss056

Beszczynska-Möller, A., Woodgate, R. A., Lee, C., Melling, H., and Karcher, M. (2011). A synthesis of exchanges through the main oceanic gateways to the arctic ocean. Oceanography 24, 83–99. doi: 10.5670/oceanog.2011.59

Bižić-Ionescu, M., Zeder, M., Ionescu, D., Orlić, S., Fuchs, B. M., Grossart, H. P., et al. (2015). Comparison of bacterial communities on limnic versus coastal marine particles reveals profound differences in colonization. Environ. Microbiol. 17, 3500–3514. doi: 10.1111/1462-2920.12466

Boetius, A., Albrecht, S., Bakker, K., Bienhold, C., Felden, J., Fernández-Méndez, M., et al. (2013). Export of algal biomass from the melting arctic sea ice. Science 339, 1430–1432. doi: 10.1126/science.1231346

Bowman, J. S., Rasmussen, S., Blom, N., Deming, J. W., Rysgaard, S., and Sicheritz-Ponten, T. (2012). Microbial community structure of arctic multiyear sea ice and surface seawater by 454 sequencing of the 16S RNA gene. ISME J. 6, 11–20. doi: 10.1038/ismej.2011.76

Buchan, A., LeCleir, G. R., Gulvik, C. A., and González, J. M. (2014). Master recyclers: features and functions of bacteria associated with phytoplankton blooms. Nat. Rev. Microbiol. 12, 686–698. doi: 10.1038/nrmicro3326

Cardman, Z., Arnosti, C., Durbin, A., Ziervogel, K., Cox, C., Steen, A. D., et al. (2014). Verrucomicrobia are candidates for polysaccharide-degrading bacterioplankton in an arctic fjord of svalbard. Appl. Environ. Microbiol. 80, 3749–3756. doi: 10.1128/AEM.00899-14

Church, M. J., DeLong, E. F., Ducklow, H. W., Karner, M. B., Preston, C. M., and Karl, D. M. (2003). Abundance and distribution of planktonic archaea and bacteria in the waters west of the antarctic peninsula. Limnol. Oceanogr. 48, 1893–1902. doi: 10.4319/lo.2003.48.5.1893

Colatriano, D., Tran, P. Q., Guéguen, C., Williams, W. J., Lovejoy, C., and Walsh, D. A. (2018). Genomic evidence for the degradation of terrestrial organic matter by pelagic arctic ocean chloroflexi bacteria. Commun. Biol. 1:90. doi: 10.1038/s42003-018-0086-7

Cottier, F., Tverberg, V., Inall, M., Svendsen, H., Nilsen, F., and Griffiths, C. (2005). Water mass modification in an arctic fjord through cross-shelf exchange: the seasonal hydrography of kongsfjorden, svalbard. J. Geophys. Res. Ocean. 110, 1–18. doi: 10.1029/2004JC002757

Dai, A., Luo, D., Song, M., and Liu, J. (2019). Arctic amplification is caused by sea-ice loss under increasing CO2. Nat. Commun. 10:121. doi: 10.1038/s41467-018-07954-9

de Steur, L., Hansen, E., Gerdes, R., Karcher, M., Fahrbach, E., and Holfort, J. (2009). Freshwater fluxes in the east greenland current: a decade of observations. Geophys. Res. Lett. 36:L23611. doi: 10.1029/2009GL041278

DeLong, E. F., Taylor, L. T., Marsh, T. L., and Preston, C. M. (1999). Visualization and enumeration of marine planktonic archaea and bacteria by using polyribonucleotide probes and fluorescent in situ hybridization. Appl. Environ. Microbiol. 65, 5554–5563. doi: 10.1128/aem.65.12.5554-5563.1999

Dobal-Amador, V., Nieto-Cid, M., Guerrero-Feijoo, E., Hernando-Morales, V., Teira, E., and Varela-Rozados, M. M. (2016). Vertical stratification of bacterial communities driven by multiple environmental factors in the waters (0-5000 m) off the galician coast (NW Iberian margin). Deep. Res. Part I Oceanogr. Res. Pap. 114, 1–11. doi: 10.1016/j.dsr.2016.04.009

Dobricic, S., Vignati, E., and Russo, S. (2016). Large-scale atmospheric warming in winter and the arctic sea ice retreat. J. Clim. 29, 2869–2888. doi: 10.1175/JCLI-D-15-0417.1

Engel, A., Bracher, A., Dinter, T., Endres, S., Grosse, J., Metfies, K., et al. (2019). Inter-annual variability of organic carbon concentrations in the eastern fram strait during summer (2009-2017). Front. Mar. Sci. 6:187. doi: 10.3389/fmars.2019.00187

Engel, A., Piontek, J., Metfies, K., Endres, S., Sprong, P., Peeken, I., et al. (2017). Inter-annual variability of transparent exopolymer particles in the arctic ocean reveals high sensitivity to ecosystem changes. Sci. Rep. 7:4129. doi: 10.1038/s41598-017-04106-9

Fadeev, E., Cardozo-Mino, M. G., Rapp, J. Z., Bienhold, C., Salter, I., Salman-Carvalho, V., et al. (2021). Comparison of two 16S rRNA primers (V3–V4 and V4–V5) for studies of arctic microbial communities. Front. Microbiol. 12:283. doi: 10.3389/fmicb.2021.637526

Fadeev, E., Rogge, A., Ramondenc, S., Nöthig, E.-M., Wekerle, C., Bienhold, C., et al. (2020). Sea-ice retreat may decrease carbon export and vertical microbial connectivity in the eurasian arctic basins. Nat. Res. doi: 10.21203/rs.3.rs-101878/v1

Fadeev, E., Salter, I., Schourup-Kristensen, V., Nöthig, E. M., Metfies, K., Engel, A., et al. (2018). Microbial communities in the east and west fram strait during sea ice melting season. Front. Mar. Sci. 5:429. doi: 10.3389/fmars.2018.00429

Fernández-Méndez, M., Wenzhöfer, F., Peeken, I., Sørensen, H. L., Glud, R. N., and Boetius, A. (2014). Composition, buoyancy regulation and fate of ice algal aggregates in the central arctic ocean. PLoS One 9:e107452. doi: 10.1371/journal.pone.0107452

Galand, P. E., Casamayor, E. O., Kirchman, D. L., and Lovejoy, C. (2009a). Ecology of the rare microbial biosphere of the arctic ocean. Proc. Natl. Acad. Sci. U. S. A. 106, 22427–22432. doi: 10.1073/pnas.0908284106

Galand, P. E., Casamayor, E. O., Kirchman, D. L., Potvin, M., and Lovejoy, C. (2009b). Unique archaeal assemblages in the arctic ocean unveiled by massively parallel tag sequencing. ISME J. 3, 860–869. doi: 10.1038/ismej.2009.23

Galand, P. E., Potvin, M., Casamayor, E. O., and Lovejoy, C. (2010). Hydrography shapes bacterial biogeography of the deep arctic ocean. ISME J. 4, 564–576. doi: 10.1038/ismej.2009.134

Giebel, H. A., Kalhoefer, D., Lemke, A., Thole, S., Gahl-Janssen, R., Simon, M., et al. (2011). Distribution of roseobacter RCA and SAR11 lineages in the north sea and characteristics of an abundant RCA isolate. ISME J. 5, 8–19. doi: 10.1038/ismej.2010.87

Giovannoni, S. J. (2017). SAR11 bacteria: the most abundant plankton in the oceans. Ann. Rev. Mar. Sci. 9, 231–255. doi: 10.1146/annurev-marine-010814-015934

Gloor, G. B., Macklaim, J. M., Pawlowsky-Glahn, V., and Egozcue, J. J. (2017). Microbiome datasets are compositional: and this is not optional. Front. Microbiol. 8:2224. doi: 10.3389/fmicb.2017.02224

Goldman, J. C., McCarthy, J. J., and Peavey, D. G. (1979). Growth rate influence on the chemical composition of phytoplankton in oceanic waters. Nature 279, 210–215. doi: 10.1038/279210a0

Hebbeln, D., and Wefer, G. (1991). Effects of ice coverage and ice-rafted material on sedimentation in the fram strait. Nature 350, 409–411. doi: 10.1038/350409a0

Herndl, G. J., Reinthaler, T., Teira, E., Van Aken, H., Veth, C., Pernthaler, A., et al. (2005). Contribution of archaea to total prokaryotic production in the deep atlantic ocean. Appl. Environ. Microbiol. 71, 2303–2309. doi: 10.1128/AEM.71.5.2303-2309.2005

Hewson, I., Steele, J. A., Capone, D. G., and Fuhrman, J. A. (2006). Remarkable heterogeneity in meso- and bathypelagic bacterioplankton assemblage composition. Limnol. Oceanogr. 51, 1274–1283. doi: 10.4319/lo.2006.51.3.1274

Karner, M. B., Delong, E. F., and Karl, D. M. (2001). Archaeal dominance in the mesopelagic zone of the pacific ocean. Nature 409, 507–510. doi: 10.1038/35054051

Kassambara, A. (2020). rstatix: Pipe-friendly framework for basic statistical tests. R package version 0.5.0.999. R Packag. version 0.6.0. Available Online at: https://rpkgs.datanovia.com/rstatix/.

Kirchman, D. L., Elifantz, H., Dittel, A. I., Malmstrom, R. R., and Cottrell, M. T. (2007). Standing stocks and activity of archaea and bacteria in the western arctic ocean. Limnol. Oceanogr. 52, 495–507. doi: 10.4319/lo.2007.52.2.0495

Korhonen, M., Rudels, B., Marnela, M., Wisotzki, A., and Zhao, J. (2013). Time and space variability of freshwater content, heat content and seasonal ice melt in the arctic ocean from 1991 to 2011. Ocean Sci. 9, 1015–1055. doi: 10.5194/os-9-1015-2013

Kraemer, S., Ramachandran, A., Colatriano, D., Lovejoy, C., and Walsh, D. A. (2020). Diversity and biogeography of SAR11 bacteria from the arctic ocean. ISME J. 14, 79–90. doi: 10.1038/s41396-019-0499-4

Kumar, M. S., Slud, E. V., Okrah, K., Hicks, S. C., Hannenhalli, S., and Bravo, H. C. (2017). Analysis and correction of compositional bias in sparse sequencing count data. bioRxiv 19:799. doi: 10.1101/142851

Landry, Z., Swa, B. K., Herndl, G. J., Stepanauskas, R., and Giovannoni, S. J. (2017). SAR202 genomes from the dark ocean predict pathways for the oxidation of recalcitrant dissolved organic matter. mBio 8, e413–e417. doi: 10.1128/mBio.00413-17

Leu, E., Søreide, J. E., Hessen, D. O., Falk-Petersen, S., and Berge, J. (2011). Consequences of changing sea-ice cover for primary and secondary producers in the european arctic shelf seas: timing, quantity, and quality. Prog. Oceanogr. 90, 18–32. doi: 10.1016/j.pocean.2011.02.004

Luo, H., and Moran, M. A. (2014). Evolutionary ecology of the marine roseobacter clade. Microbiol. Mol. Biol. Rev. 78, 1–16. doi: 10.1128/mmbr.88888-88

Müller, O., Wilson, B., Paulsen, M. L., Ruminska, A., Armo, H. R., Bratbak, G., et al. (2018). Spatiotemporal dynamics of ammonia-oxidizing thaumarchaeota in distinct arctic water masses. Front. Microbiol. 9:24. doi: 10.3389/fmicb.2018.00024

Mundy, C. J., Barber, D. G., and Michel, C. (2005). Variability of snow and ice thermal, physical and optical properties pertinent to sea ice algae biomass during spring. J. Mar. Syst. 58, 107–120. doi: 10.1016/j.jmarsys.2005.07.003

Nöthig, E. M., Bracher, A., Engel, A., Metfies, K., Niehoff, B., Peeken, I., et al. (2015). Summertime plankton ecology in fram strait - a compilation of long-and short-term observations. Polar Res. 34:23349. doi: 10.3402/polar.v34.23349

Nöthig, E.-M., Knüppel, N., and Lorenzen, C. (2018). Chlorophyll a measured on water bottle samples during POLARSTERN cruise PS99.2 (ARK-XXX/1.2). Bremerhaven: Alfred Wegener Institute, Helmholtz Centre for Polar and Marine Research.

Peng, G., and Meier, W. N. (2018). Temporal and regional variability of arctic sea-ice coverage from satellite data. Ann. Glaciol. 59, 191–200. doi: 10.1017/aog.2017.32

Pernthaler, A., Pernthaler, J., and Amann, R. (2002). Fluorescence in situ hybridization and catalyzed reporter deposition for the identification of marine Bacteria. Appl. Environ. Microbiol. 68, 3094–3101. doi: 10.1128/AEM.68.6.3094-3101.2002

Perrette, M., Yool, A., Quartly, G. D., and Popova, E. E. (2011). Near-ubiquity of ice-edge blooms in the arctic. Biogeosciences 8, 515–524. doi: 10.5194/bg-8-515-2011

Piontek, J., Sperling, M., Nöthig, E. M., and Engel, A. (2014). Regulation of bacterioplankton activity in fram strait (arctic ocean) during early summer: the role of organic matter supply and temperature. J. Mar. Syst. 132, 83–94. doi: 10.1016/j.jmarsys.2014.01.003

Piontek, J., Sperling, M., Nöthig, E. M., and Engel, A. (2015). Multiple environmental changes induce interactive effects on bacterial degradation activity in the arctic ocean. Limnol. Oceanogr. 60, 1392–1410. doi: 10.1002/lno.10112

Piwosz, K., Shabarova, T., Pernthaler, J., Posch, T., Šimek, K., Porcal, P., et al. (2020). Bacterial and eukaryotic small-subunit amplicon data do not provide a quantitative picture of microbial communities, but they are reliable in the context of ecological interpretations. mSphere 5, 1–14. doi: 10.1128/msphere.00052-20

Polyakov, I. V., Pnyushkov, A. V., Alkire, M. B., Ashik, I. M., Baumann, T. M., Carmack, E. C., et al. (2017). Greater role for atlantic inflows on sea-ice loss in the eurasian basin of the arctic ocean. Science 356, 285–291. doi: 10.1126/science.aai8204

Quast, C., Pruesse, E., Yilmaz, P., Gerken, J., Schweer, T., Yarza, P., et al. (2013). The SILVA ribosomal RNA gene database project: Improved data processing and web-based tools. Nucleic Acids Res. 41, D590–D596. doi: 10.1093/nar/gks1219

Quero, G. M., Celussi, M., Relitti, F., Kovačević, V., Del Negro, P., and Luna, G. M. (2020). Inorganic and organic carbon uptake processes and their connection to microbial diversity in meso- and bathypelagic arctic waters (eastern fram strait). Microb. Ecol. 79, 823–839. doi: 10.1007/s00248-019-01451-2

Redfield, A. C. (1963). “The influence of organisms on the composition of seawater,” in The sea. Hoboken, NJ: Wiley-Interscience, 26–77.

Rosselli, R., Romoli, O., Vitulo, N., Vezzi, A., Campanaro, S., De Pascale, F., et al. (2016). Direct 16S rRNA-seq from bacterial communities: a PCR-independent approach to simultaneously assess microbial diversity and functional activity potential of each taxon. Sci. Rep. 6, 1–12.

Rudels, B., Schauer, U., Björk, G., Korhonen, M., Pisarev, S., Rabe, B., et al. (2012). Observations of water masses and circulation in the eurasian basin of the arctic ocean from the 1990s to the late 2000s. Ocean Sci. Discuss. 9, 2695–2747. doi: 10.5194/osd-9-2695-2012

Salazar, G., Cornejo-Castillo, F. M., Benítez-Barrios, V., Fraile-Nuez, E., Álvarez-Salgado, X. A., Duarte, C. M., et al. (2016). Global diversity and biogeography of deep-sea pelagic prokaryotes. ISME J. 10, 596–608. doi: 10.1038/ismej.2015.137

Saw, J. H. W., Nunoura, T., Hirai, M., Takaki, Y., Parsons, R., Michelsen, M., et al. (2019). Pangenomics reveal diversification of enzyme families and niche specialization in globally abundant SAR202 Bacteria. bioRxiv 11, e2919–e2975. doi: 10.1101/692848

Schattenhofer, M., Fuchs, B. M., Amann, R., Zubkov, M. V., Tarran, G. A., and Pernthaler, J. (2009). Latitudinal distribution of prokaryotic picoplankton populations in the atlantic ocean. Environ. Microbiol. 11, 2078–2093. doi: 10.1111/j.1462-2920.2009.01929.x

Schröder, M., and Wisotzki, A. (2014). Physical oceanography measured on water bottle samples during POLARSTERN cruise PS82 (ANT-XXIX/9). Bremerhaven: Alfred Wegener Institute, Helmholtz Centre for Polar and Marine Research.

Selje, N., Simon, M., and Brinkhoff, T. (2004). A newly discovered Roseobacter cluster in temperate and polar oceans. Nature 427, 445–448. doi: 10.1038/nature02272

Sheik, C. S., Jain, S., and Dick, G. J. (2014). Metabolic flexibility of enigmatic SAR324 revealed through metagenomics and metatranscriptomics. Environ. Microbiol. 16, 304–317. doi: 10.1111/1462-2920.12165

Soltwedel, T., Bauerfeind, E., Bergmann, M., Bracher, A., Budaeva, N., Busch, K., et al. (2016). Natural variability or anthropogenically-induced variation? insights from 15 years of multidisciplinary observations at the arctic marine LTER site HAUSGARTEN. Ecol. Indic. 65, 89–102. doi: 10.1016/j.ecolind.2015.10.001

Soltwedel, T., Bauerfeind, E., Bergmann, M., Budaeva, N., Hoste, E., Jaeckisch, N., et al. (2005). Hausgarten: Multidisciplinary investigations at a deep-Sea, long-term observatory in the arctic ocean. Oceanography 18, 46–61. doi: 10.5670/oceanog.2005.24

Sperling, M., Giebel, H. A., Rink, B., Grayek, S., Staneva, J., Stanev, E., et al. (2012). Differential effects of hydrographic and biogeochemical properties on the SAR11 clade and roseobacter RCA cluster in the north sea. Aquat. Microb. Ecol. 67, 25–34. doi: 10.3354/ame01580

Sun, L., Perlwitz, J., and Hoerling, M. (2016). What caused the recent “warm arctic, cold continents” trend pattern in winter temperatures? Geophys. Res. Lett. 43, 5345–5352. doi: 10.1002/2016GL069024

Swan, B. K., Martinez-Garcia, M., Preston, C. M., Sczyrba, A., Woyke, T., Lamy, D., et al. (2011). Potential for chemolithoautotrophy among ubiquitous bacteria lineages in the dark ocean. Science 333, 1296–1300. doi: 10.1126/science.1203690

Tada, Y., Makabe, R., Kasamatsu-Takazawa, N., Taniguchi, A., and Hamasaki, K. (2013). Growth and distribution patterns of roseobacter/rhodobacter, SAR11, and bacteroidetes lineages in the southern ocean. Polar Biol. 36, 691–704. doi: 10.1007/s00300-013-1294-8

Tada, Y., Taniguchi, A., Nagao, I., Miki, T., Uematsu, M., Tsuda, A., et al. (2011). Differing growth responses of major phylogenetic groups of marine bacteria to natural phytoplankton blooms in the western north pacific ocean. Appl. Environ. Microbiol. 77, 4055–4065. doi: 10.1128/AEM.02952-10

Teeling, H., Fuchs, B. M., Becher, D., Klockow, C., Gardebrecht, A., Bennke, C. M., et al. (2012). Substrate-controlled succession of marine bacterioplankton populations induced by a phytoplankton bloom. Science 336, 608–611. doi: 10.1126/science.1218344

Teeling, H., Fuchs, B. M., Bennke, C. M., Krüger, K., Chafee, M., Kappelmann, L., et al. (2016). Recurring patterns in bacterioplankton dynamics during coastal spring algae blooms. Elife 5:e11888. doi: 10.7554/eLife.11888

Teira, E., Lebaron, P., Van Aken, H., and Herndl, G. J. (2006). Distribution and activity of bacteria and archaea in the deep water masses of the north atlantic. Limnol. Oceanogr. 51, 2131–2144. doi: 10.4319/lo.2006.51.5.2131

Teira, E., Reinthaler, T., Pernthaler, A., Pernthaler, J., and Herndl, G. J. (2004). Combining catalyzed reporter deposition-fluorescence in situ hybridization and microautoradiography to detect substrate utilization by bacteria and archaea in the deep ocean. Appl. Environ. Microbiol. 70, 4411–4414. doi: 10.1128/AEM.70.7.4411-4414.2004

Varela, M. M., Van Aken, H. M., and Herndl, G. J. (2008). Abundance and activity of chloroflexi-type SAR202 bacterioplankton in the meso- and bathypelagic waters of the (sub)tropical atlantic. Environ. Microbiol. 10, 1903–1911. doi: 10.1111/j.1462-2920.2008.01627.x

Vernet, M., Richardson, T. L., Metfies, K., Nöthig, E. M., and Peeken, I. (2017). Models of plankton community changes during a warm water anomaly in arctic waters show altered trophic pathways with minimal changes in carbon export. Front. Mar. Sci. 4:160. doi: 10.3389/fmars.2017.00160

von Appen, W. J., Schauer, U., Somavilla, R., Bauerfeind, E., and Beszczynska-Möller, A. (2015). Exchange of warming deep waters across fram strait. Deep. Res. Part I Oceanogr. Res. Pap. 103, 86–100. doi: 10.1016/j.dsr.2015.06.003

Walczowski, W., Beszczynska-Möller, A., Wieczorek, P., Merchel, M., and Grynczel, A. (2017). Oceanographic observations in the nordic sea and fram strait in 2016 under the IO PAN long-term monitoring program AREX. Oceanologia 59, 187–194. doi: 10.1016/j.oceano.2016.12.003

Wassmann, P., and Reigstad, M. (2011). Future arctic ocean seasonal ice zones and implications for pelagic-benthic coupling. Oceanography 24, 220–231. doi: 10.5670/oceanog.2011.74

Wei, Z.-F., Li, W.-L., Huang, J.-M., and Wang, Y. (2020). Metagenomic studies of SAR202 bacteria at the full-ocean depth in the mariana trench. Deep Sea Res. Part I Oceanogr. Res. Pap. 165:103396. doi: 10.1016/j.dsr.2020.103396

Wekerle, C., Wang, Q., von Appen, W. J., Danilov, S., Schourup-Kristensen, V., and Jung, T. (2017). Eddy-resolving simulation of the atlantic water circulation in the fram strait with focus on the seasonal cycle. J. Geophys. Res. Ocean. 122, 8385–8405. doi: 10.1002/2017JC012974

Welch, D. B. M., and Huse, S. M. (2011). Microbial diversity in the deep sea and the underexplored “rare biosphere.”. Handb. Mol. Microb. Ecol. II Metagen. Differ. Habitats 103, 243–252. doi: 10.1002/9781118010549.ch24

Wells, L. E., Cordray, M., Bowerman, S., Miller, L. A., Vincent, W. F., and Deming, J. W. (2006). Archaea in particle-rich waters of the beaufort shelf and franklin bay, canadian arctic: clues to an allochthonous origin? Limnol. Oceanogr. 51, 47–59. doi: 10.4319/lo.2006.51.1.0047

Wickham, H. (2016). “Getting started with ggplot2,” in ggplot2. New York City, NY: Springer, 11–31.

Wickham, H., Averick, M., Bryan, J., Chang, W., McGowan, L., François, R., et al. (2019). Welcome to the tidyverse. J. Open Source Softw. 4:1686. doi: 10.21105/joss.01686

Wilson, B., Müller, O., Nordmann, E. L., Seuthe, L., Bratbak, G., and Øvreås, L. (2017). Changes in marine prokaryote composition with season and depth over an arctic polar year. Front. Mar. Sci. 4:95. doi: 10.3389/fmars.2017.00095

Wilson, C., and Wallace, D. W. R. (1990). Using the nutrient ratio NO/PO as a tracer of continental shelf waters in the central arctic ocean. J. Geophys. Res. 95:22193. doi: 10.1029/jc095ic12p22193

Zeder, M., Ellrott, A., and Amann, R. (2011). Automated sample area definition for high-throughput microscopy. Cytom. Part A 79, 306–310. doi: 10.1002/cyto.a.21034


Conflict of Interest: The authors declare that the research was conducted in the absence of any commercial or financial relationships that could be construed as a potential conflict of interest.

Copyright © 2021 Cardozo-Mino, Fadeev, Salman-Carvalho and Boetius. This is an open-access article distributed under the terms of the Creative Commons Attribution License (CC BY). The use, distribution or reproduction in other forums is permitted, provided the original author(s) and the copyright owner(s) are credited and that the original publication in this journal is cited, in accordance with accepted academic practice. No use, distribution or reproduction is permitted which does not comply with these terms.










	 
	ORIGINAL RESEARCH
published: 10 May 2021
doi: 10.3389/fmicb.2021.612732





[image: image]

Temperature Responses of Heterotrophic Bacteria in Co-culture With a Red Sea Synechococcus Strain
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Interactions between autotrophic and heterotrophic bacteria are fundamental for marine biogeochemical cycling. How global warming will affect the dynamics of these essential microbial players is not fully understood. The aims of this study were to identify the major groups of heterotrophic bacteria present in a Synechococcus culture originally isolated from the Red Sea and assess their joint responses to experimental warming within the metabolic ecology framework. A co-culture of Synechococcus sp. RS9907 and their associated heterotrophic bacteria, after determining their taxonomic affiliation by 16S rRNA gene sequencing, was acclimated and maintained in the lab at different temperatures (24–34°C). The abundance and cellular properties of Synechococcus and the three dominant heterotrophic bacterial groups (pertaining to the genera Paracoccus, Marinobacter, and Muricauda) were monitored by flow cytometry. The activation energy of Synechococcus, which grew at 0.94–1.38 d–1, was very similar (0.34 ± 0.02 eV) to the value hypothesized by the metabolic theory of ecology (MTE) for autotrophs (0.32 eV), while the values of the three heterotrophic bacteria ranged from 0.16 to 1.15 eV and were negatively correlated with their corresponding specific growth rates (2.38–24.4 d–1). The corresponding carrying capacities did not always follow the inverse relationship with temperature predicted by MTE, nor did we observe a consistent response of bacterial cell size and temperature. Our results show that the responses to future ocean warming of autotrophic and heterotrophic bacteria in microbial consortia might not be well described by theoretical universal rules.
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INTRODUCTION

Bacterioplankton play significant roles in carbon and nutrient cycling in the oceans (Azam et al., 1983; Jiao et al., 2010; Kirchman, 2016). The interactions between autotrophic and heterotrophic bacteria are essential in marine food webs (Azam and Malfatti, 2007; Buchan et al., 2014), especially in oligotrophic tropical and subtropical regions. There, heterotrophic bacteria consume dissolved organic matter (DOM) ultimately fixed photosynthetically by cyanobacteria (mostly belonging to the genera Prochlorococcus and Synechococcus) and other small phytoplankton (Azam and Malfatti, 2007). In turn, heterotrophic bacteria facilitate the growth of primary producers including cyanobacteria by supplying fundamental micronutrients including vitamins (Hayashi et al., 2011), amino acids (Christie-Oleza et al., 2015b) or scavenging the reactive oxygen species (ROS) such as hydrogen peroxide (H2O2) from the environment (Morris et al., 2008, 2011), which can be formed photochemically in the oceans as a result of the photooxidation of DOM (Moffett and Zika, 1987; Moffett and Zajiriou, 1990). H2O2 can cause cell damage and death in the absence of protective enzymes such as catalase that can decompose it to water and oxygen (Imlay, 2003). Since Prochlorococcus lacks this enzyme (Morris et al., 2011) and Synechococcus has shown a weak catalase activity (Pena and Bullerjahn, 1995), specific groups of heterotrophic bacteria, by acting as H2O2 scavengers, can help the growth of both cyanobacteria.

Synechococcus is an ancient and genetically diverse genus (Scanlan et al., 2009), partly due to horizontal gene transfer events (Zhaxybayeva et al., 2006; Coutinho et al., 2016). The cell size of Synechococcus usually varies between 0.8 and 1.2 μm (Mella-Flores et al., 2012) and its genome size ranges between 2.2 and 2.9 Mb (Scanlan et al., 2009). Based on the pigment composition of phycobiliproteins in the photosynthetic antenna, all Synechococcus cells are composed of phycocyanin (PC), whereas some strains contain both PC and phycoerythrin (PE) (Liu et al., 2014), resulting in differently colored strains, ranging from blue-green to pink-orange (Wood et al., 1985; Six et al., 2007). A recent study suggests that marine representatives traditionally known as Synechococcus are actually comprised by three distinct taxa, suggesting the new names Ca. Marinosynechococcus and Ca. Juxtasynechococcus together with Cyanobium (Doré et al., 2020). Several Synechococcus strains have been found naturally associated with heterotrophic bacteria and are difficult to maintain in axenic conditions (Hayashi et al., 2011; Zheng et al., 2018). Axenic Synechococcus and Prochlorococcus cultures that were cultivated using antibiotic treatments were able to grow only with a high density of the inoculum (Morris et al., 2008, 2011; Hayashi et al., 2011), but they grew more efficiently when co-cultured with several heterotrophic bacteria (Morris et al., 2008; Hayashi et al., 2011; Zinser, 2018). This adds to the difficulty of obtaining axenic isolates of Synechococcus using the common culture isolation method (Zheng et al., 2018). The dominant groups of heterotrophic bacteria associated with different eutrophic and oligotrophic Synechococcus strains typically belong to Alphaproteobacteria, Gammaproteobacteria, and Flavobacteria (Zheng et al., 2018), some of the most abundant bacterioplankton classes in the ocean (Du et al., 2006; Willis et al., 2019).

Temperature plays a fundamental role in the physiology of microorganisms (Edwards and Richardson, 2004; Montoya and Raffaelli, 2010). Increasing temperature can impact planktonic microbes either directly by altering their metabolism (Sarmento et al., 2010) and individual size (Daufresne et al., 2009; Morán et al., 2010), or indirectly by shifting their distribution or through increased stratification resulting in reduced nutrient inputs into the upper layers (Behrenfeld et al., 2006; Keeling et al., 2010). Although warming will enhance metabolism in nutrient-sufficient conditions, there is an upper temperature limit that every organism can tolerate (Heinrich, 1977). Traditionally described using the Q10 coefficient (Eppley, 1972; Chen and Laws, 2017), another way of approaching the role of temperature in microbial plankton is through the framework of Metabolic Theory of Ecology (MTE) (Brown et al., 2004). Metabolism is obviously the result of a myriad of biochemical reactions (Morowitz et al., 2000; Brown et al., 2004), but some generalizations have been made. According to the MTE, the effect of temperature on metabolic rates such as specific growth rates can be described by the activation energy. For autotrophs, with metabolic rates essentially equaling the mean rate of photosynthetic reactions (Farquhar et al., 1980), an activation energy of ca. 0.32 eV is predicted (Allen et al., 2005; López-Urrutia et al., 2006). For heterotrophs, their metabolic rates approach the mean rate of respiration (del Giorgio and Duarte, 2002; López-Urrutia et al., 2006), resulting in an activation energy of ca. 0.65 eV (Gillooly et al., 2001). Another general ecological theory that has gained recent attention in the marine environment is the so-called temperature-size rule (TSR), which suggests an inverse relationship between ambient temperature and individual size (Atkinson, 1994; Atkinson and Sibly, 1997). Originally developed for metazoans (Azevedo et al., 2002), the decrease in individual size as a function of temperature has also been documented for picophytoplankton (Morán et al., 2010) and heterotrophic bacteria (Morán et al., 2015).

Global warming is impacting the structure and function of marine ecosystems worldwide. Although tropical planktonic bacteria encounter the highest natural temperatures in the world, there is no systematic information about how they cope with them or their potential adaptation to further warming. Understanding the physiological responses of a Red Sea Synechococcus strain and their associated heterotrophic bacteria to temperature will provide us with an estimation of how future warming may impact these crucial players in biogeochemical cycling in regions currently subject to lower temperature ranges. In this study, we used the non-axenic Synechococcus RS9907 culture previously acclimated to different temperatures spanning from 24 to 34∘C. The strain RS9907 was originally isolated from the Gulf of Aqaba (29∘28′N, 34∘55′E) in the Red Sea (Fuller et al., 2003) and belongs to the clade II, the dominant in the Red Sea (Post et al., 2011; Coello-Camba et al., 2020). Although kept in culture for thousands of generations, disentangling how these Red Sea bacteria cope with high temperatures can help us predict future responses of bacterioplankton in other marine regions.



MATERIALS AND METHODS


Culture Conditions

The Synechococcus sp. RS9907 culture was obtained from the Roscoff Culture Collection (Roscoff, France), and grown in artificial seawater (PCR-S11-Red Sea medium prepared with a salinity value of 36) at 22∘C under an irradiance of ca. 115 μmol photons m–2 S–1 in a 12:12 h light:dark cycle until the start of the experiments. Although according to Doré et al. (2020) we should rename it to Marinosynechococcus, we have opted to keep the traditional term until a wide consensus about renaming the group is reached.



Thermal Acclimation and Flow Cytometry

After acclimating the culture to the different temperatures for at least 8 generations as described in Palacio et al. (2020), 3 experiments were sequentially conducted targeting different groups and growth phases of the bacterial consortium (Supplementary Table 1). Co-culture true replicates were incubated in 160 mL vented cap flasks at 4–5 different temperatures ranging from 24 to 34∘C in order to determine their thermal niches (Boyd et al., 2013). The first experiment (Experiment A), focused on monitoring the dynamics of RS9907 rather than the heterotrophs, and the cultures were incubated at 24, 28, 30, and 33∘C. The sampling was done daily during the light cycle at 9:30 a.m. for a variable total duration depending on the actual experimental temperature (i.e., the warmer the shortest duration). Four replicates were sampled until Synechococcus entered the logarithmic growth phase (after 4–5 days) and from then onward separate duplicates were kept and monitored until the stationary phase was reached (7–13 days), in order to accurately estimate the carrying capacity (i.e., maximum abundance) of Synechococcus. The second experiment (Experiment B) lasted for 4 days and consisted of triplicates incubated at 24, 28, 30, and 33°C. No sampling was done in the first 2 days and samples were taken every 2 h from day 2 to 4 to finely document the exponential growth phase of the co-culture. In the third experiment (Experiment C), specifically aimed at targeting the dynamics of heterotrophic bacteria, In addition to the tested temperatures in experiments A and B, one set of triplicates was incubated at 34∘C. Samples were collected every 2 h for 24 h and one more sample was taken after 48 h. During the acclimatization process, it became clear that any temperature above 30∘C should be done with caution to avoid killing the cyanobacteria. We tried to determine the maximum temperature at which Synechococcus could grow. Since this study is more focused on experiment C, we acclimated the cultures at a temperature slightly higher than 33∘C but still within the Red Sea’s natural temperature range.

All samples (396 μl) were preserved in cryovials with glutaraldehyde (0.025% final concentration), incubated in the dark for 10 min to allow the cells to be fixed completely and then stored at –80∘C until analysis (Palacio et al., 2020). Typically within 1 week from collection, samples were run using a BD FACSCanto II flow cytometer and the obtained data were analyzed using BD Paint-A-Gate software. The Synechococcus cells were easily detected in cytograms of red fluorescence (PerCP-Cy5-5, 498 nm) vs. right angle light or side scatter (SSC) signals and of red vs. orange fluorescence (PE, 433 nm) signals. After staining the samples with SYBRGreen (Marie et al., 1999), heterotrophic bacteria were identified and counted simultaneously using cytograms of green fluorescence (FITC, 360 nm) vs. red fluorescence signals in order to distinguish between autotrophs (naturally fluorescing in red) and heterotrophs, and also of green fluorescence vs. SSC signals. SSC is a flow cytometric variable common to all cells reflecting changes in individual size (Felip et al., 2007). The mean relative SSC (relSSC) values of the different flow cytometric groups to the SSC value of 1 μm fluorescent latex beads (Molecular Probes) were used to estimate their corresponding cell diameter (μm) using these calibrations: μm = 1.62 + 0.87 log relSSC for Synechococcus and μm = 0.91 + 0.34 log relSSC for the heterotrophic groups (Calvo-Díaz and Morán, 2006). Bacterial cell size was finally given as biovolume in μm3 assuming spherical shape. We are aware that some of the bacteria present may well have been bacilli (rods) rather than cocci (spheres). Although the co-culture was not observed under the microscope to detect the exact cell shapes, since the analysis by flow cytometry is done cell by cell to a large total number (ca. 10,000 cells), it can be presumed that the relSSC value of a bacillus with the same width of a coccus’ diameter (but a clearly longer length), would ultimately be higher.



DNA Extraction and 16S rRNA Gene Amplicon Sequencing

All DNA samples in Experiment C were collected after 48 h, a time at which the abundance of heterotrophic bacteria was higher than that of RS9907 at all tested temperatures (Supplementary Table 2). 130 mL of the Synechococcus RS9907 co-cultures in the available flasks were collected after 48 h, divided into three equal volumes and centrifuged at 4,000 rpm for 20 min at 4∘C. The supernatant was removed and 15 mL was kept from each tube and mixed together in one tube. The 45 mL of mixed concentrated culture was centrifuged again at 4,000 rpm for 20 min at 4∘C. The supernatant was removed and pellets were re-suspended and transferred to 2 mL tube. Samples were centrifuged at 14,000 rpm for 2 min at 4∘C and the supernatant was discarded. DNA pellets were stored at –80∘C until DNA extraction. DNA was extracted using DNeasy PowerSoil kit (QIAGEN, Germany) with a minor modification to the protocol by adding 15 μL of 100 mg/mL lysozyme to the pellets and incubation at 37∘C (Ansari et al., 2015). PCR amplification of the variable regions 4 and 5 of the 16S rRNA gene was performed using the forward primer 515F-Y (5′-GTGYCAGCMGCCGCGGTAA-3′) and reverse primer 926R (5′- CCGYCAATTYMTTTRAGTTT-3′) (Parada et al., 2015). PCR reaction mixture was prepared for all samples with 0.6 μl of each primer, 0.48 μl of Taq DNA polymerase HiFi (Quanta, BioSciences, Inc.TM), and 15 μl of FailSafeTM PCR 2X PreMix (Epicenter, WI, United States) in a total volume of 30 μl. Triplicate of 10 μl PCRs were performed with 25 cycles of thermal program following cycling conditions of 926R primer (Parada et al., 2015). These triplicate samples were then pooled, and 2 μl was used on a 1% agarose gel to check the amplification. The remaining 28 μl was cleaned up using AMPure XP beads (Beckman Coulter). Indexing PCR was performed on the cleaned samples using Nextera XT index kit (Illumina, San Diego, CA, United States) following the manufacturer’s protocol. The MiSeq spacer size was 412 bp and 16S rRNA gene library was sequenced using Illumina MiSeq platform in 2 × 300 bp paired-end mode with 7x depth of coverage. A 20% phiX was used as a control at the KAUST Bioscience Core Laboratory.



Sequence Data Processing and Analysis

Raw sequence data analysis was conducted in mothur (version 1.39.5) following Hadaidi et al. (2018) with some modifications. Sequence reads were joined into contigs using the “make.contigs” command, and contigs longer than 413 bp and ambiguous bases were removed from the analysis. All the sequences that occurred only once were subsequently excluded and SILVA database was used to align the remaining sequences. Sequences were then pre-clustered letting maximum 2 nt difference between the sequences and chimeras were removed applying “uchime.” The sequences were assigned to Operational Taxonomic Units (OTUs) using the Greengenes database. Short-sequence reads did not allow the identification of species, hence our analysis was conducted at the genus level.

In order to explore the correspondence between the cytometric and taxonomic groups present in the co-culture, the abundance of the dominant taxa was estimated by multiplying their relative abundance in the amplicon sequencing dataset by the flow cytometry total bacterial abundance. The use of amplicon sequencing relative abundance multiplied by the abundance obtained by flow cytometry to provide an estimate of the abundance of the different OTUs is rather common (Props et al., 2017; Lin et al., 2019). Although prone to amplification biases, if only a few groups clearly stand out as the most abundant ones (as found in our co-culture), the potential error would be minimized. Since Synechococcus was unequivocally identified in the cytograms, its flow cytometric abundance was used as a control to match that based on percent reads.



Metabolic Theory of Ecology (MTE) and Temperature-Size Rule (TSR) Calculations

To estimate the specific growth rates (μ, d–1) of Synechococcus and the heterotrophic bacterial groups distinguished by flow cytometry at the different temperatures of each of the three experiments, we determined the slope of ln-transformed abundance vs. time for the corresponding exponential phase of growth (Huete-Stauffer et al., 2015), which differed in timing for the different groups and experimental temperatures. The temperature responses of bacterial specific growth rates and carrying capacities (i.e., maximum abundances) were approached using the MTE central equation (Brown et al., 2004). Specifically, the μ thermal dependence was described by its activation energy (Ea). Ea was calculated in Arrhenius plots as the slope of ln-transformed specific growth rates vs. 1/kT (Huete-Stauffer et al., 2015), with k representing the Boltzmann’s constant (8.62 × 10–5 eV K–1), and T the temperature in Kelvin (Brown et al., 2004). The carrying capacity of each bacterial group was recorded as the maximum abundance that was actually reached at a given incubation temperature. In order to test the MTE that predicted inverse relationship between carrying capacity and temperature (Savage et al., 2004), we simply calculated the linear regression between both variables. The same method was used for testing the prediction of the TSR of a smaller individual size with higher temperature (Atkinson et al., 2003; Bernhardt et al., 2018). We represented the mean bacterial biovolume (see calculation details in the above section) over the exponential growth phase vs. experimental temperature and calculated the corresponding slope of the linear regression model.




RESULTS


Identification of Synechococcus sp. RS9907-Associated Heterotrophic Bacteria

To identify the heterotrophic bacteria associated to Synechococcus in the RS9907 co-culture, we analyzed 16S rRNA gene amplicon sequences. A total of 1396590 sequences with an average read length of 412 bp reads were obtained by amplicon sequencing targeting the 16S rRNA in the co-cultures acclimated at the five different temperatures (24, 28, 30, 33, and 34∘C) after 48 h of incubation in experiment C (see above for details about the three experiments performed). After passing the quality filtering and exclusion of chimeras, 837308 sequences were retained. Sequences were then rarefied to 25,188 sequences per sample and their taxonomic affiliation was analyzed. At a 97% similarity cutoff, sequences were clustered into 49 Operational Taxonomic Units (OTUs). The three OTUs that had the highest relative abundances, excluding RS9907 (33.09% of the total) were affiliated to the genera Marinobacter (Gammaproteobacteria), Muricauda (Flavobacteriia), and Paracoccus (Alphaproteobacteria) (Figure 1). Marinobacter had a mean relative abundance of 61.96%, followed by Muricauda (4.32%), and Paracoccus (0.27%) (Figure 1), while the sum of the remaining 49 OTUs identified amounted to only 0.4% of the reads. The fifth most relatively abundant OTU (not shown) represented on average 0.2% of the reads. Even though the field is moving toward using amplicon sequence variants (ASV)-based sequencing analysis, using ASVs in a co-culture that did not contain a very diverse community and aiming at genus-level identification would not have been very different from our reported OTUs. According to Martinson et al. (2019), both OTU- and ASV-based analysis methods would likely have yielded nearly identical results in our study.
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FIGURE 1. Mean of triplicates 16S rRNA gene-based relative abundances of Synechococcus and the top three most abundant heterotrophic bacteria OTUs at the five incubation temperatures of Experiment C after 48 h. See the text for details. Numbers in brackets represent total OTUs reads.


Three distinct heterotrophic bacterial groups were also consistently detected in the cytograms from the three experiments based on their relative nucleic acid content and cell size characteristics. The groups were initially named as 1, 2, and 3 ordered by decreasing values of green fluorescence and SSC (Supplementary Figure 1). After comparing their flow cytometry-based abundances (pooling all replicates and temperatures) together with that of RS9907 (easily distinguished because of its higher red fluorescence signal due to chlorophyll a) with the 16S rRNA gene-based abundance of the 4 dominant OTUs, we found significant correlations with r-values ranging from 0.6 to 0.9 over 3 orders of magnitude absolute abundances. Hereinafter, the flow cytometric groups 1, 2, and 3 will be referred to as Paracoccus, Marinobacter, and Muricauda, respectively (Figure 2).
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FIGURE 2. Relationships between the 16S rRNA gene-based cell abundances (i.e., percent reads multiplied by total bacterial abundance as determined by flow cytometry) of Synechococcus RS9907, Paracoccus, Marinobacter, and Muricauda and the flow cytometric abundances of Synechococcus and the 3 major clusters of heterotrophic cells shown in Supplementary Figure 1 for all replicates and temperatures after 48 h incubation of experiment C.




Bacterial Dynamics and Cell Size

To document the dynamics of the RS9907 co-culture, three experiments were conducted at different bacterial growth phases and time points. Total heterotrophic bacterial abundance was slightly lower than that of Synechococcus at the onset of experiments A and C, with cyanobacteria ranging from 1.1 to 2.2 × 105 cells mL–1. However, the total abundance of heterotrophic bacteria increased very fast (just after 1 day of incubation) and remained relatively constant at 4–7 × 106 cells mL–1 while Synechococcus increased in abundance over two orders of magnitude (Figure 3A). Consequently, the proportion of heterotrophic bacteria in the co-culture decreased steadily and similarly in the 3 experiments from ca. 90 to ca. 25% as the abundance of RS9907 increased to a maximum of ca. 1.6 × 107 cells mL–1 (Figure 3B). By plotting data from the three experiments corresponding to different stages in the RS9907 co-culture dynamics, it became clear that the importance of heterotrophic bacteria decreased with increasing abundance of Synechococcus once the cyanobacteria reached ca. 3.5 × 105 cells mL–1.
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FIGURE 3. (A) Absolute abundance of heterotrophic bacteria (i.e., sum of all heterotrophic cells counted by flow cytometry) and (B) proportion of heterotrophic bacteria to total bacterial cells vs. the abundance of RS9907 at 28°C in the three experiments. Each symbol corresponds to one daily measurement. Error bars represent the standard deviations of 4 replicates in experiment A and triplicates in experiments B and C.


The three experiments allowed us to detect highly variable but internally consistent responses of the three most abundant heterotrophic bacterial OTUs, with a different degree of temporal resolution (Figure 4). Experiment A and C were performed with lower initial abundance of both autotrophic and heterotrophic cells than experiment B (Supplementary Table 1). Experiment A began with low abundance (1.6 × 105 ± 32538 cells mL–1) of Synechococcus (Figure 4A), experiment B started with higher initial abundances (2.5 × 106 ± 384751 cells mL–1, Figure 4B) while experiment C was purportedly conducted with a lower initial abundance (9.2 × 104 ± 14,382 cells mL–1, Figure 4C), in order to better track the fine-scale dynamics of heterotrophic bacteria. Although the initial abundance of RS9907 in experiment A (Figure 4A) and experiment C (Figure 4C) were closer, the daily sampling of experiment A did not allow us to adequately determine the response of the three heterotrophic OTUs. Experiment C was indeed the best suited to document the actual responses of the heterotrophic bacteria. In particular, Paracoccus showed very distinct dynamics compared to the other two groups: it invariably responded with a fast increase and decrease in the first 24 h (Figures 4D–F) at all temperatures (Supplementary Figures 2D–F, 3D–F, 4D–F, 5B). Paracoccus reached their maximum abundance after 1 day in experiment A, which was comparable to the abundance after 24 h in experiment C. Frequent sampling during the first 24 h in experiment C provided us with not only an assessment of the specific growth rate, but also a better estimation of the maximum abundance of Paracoccus. Marinobacter reached their carrying capacity of ca. 107 cells mL–1 after <1 day in experiments A and C and remained pretty constant hereinafter (Figures 4G–I) at all temperatures (Supplementary Figures 2G–I, 3G–I, 4G–I, 5C). Similarly, the every 2 h regular sampling of experiment C allowed us to measure the specific growth rate of Marinobacter. In contrast, Muricauda kept on growing during the sampled periods in the three experiments, following a response similar to that of Synechococcus, though with lower abundance (Figures 4A–C,J–L) at all temperatures (Supplementary Figures 2A–C,J–L, 3A–C,J–L, 4A–C,J–L, 5A,D). All other tested temperatures showed similar patterns to the bacterial dynamics found at 30∘C (Supplementary Figures 2–5).
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FIGURE 4. Variations in the mean abundance of Synechococcus RS9907 (A–C) and the 3 heterotrophic bacteria [Paracoccus (D–F), Marinobacter (G–I), Muricauda (J–L)] at 30°C in the three experiments. Error bars represent the standard deviations of 4 replicates in experiment A and triplicates in experiments B and C.


The differences in mean cell size of the 4 bacterial OTUs were almost consistent across the three experiments (Supplementary Table 3). Expectedly, Synechococcus were the largest bacteria, followed by Paracoccus and Marinobacter, while Muricauda showing the smallest cell size. The effects of temperature on the cell size of each group are discussed in the following section.



Temperature Responses

To determine the joint responses of the autotrophic and heterotrophic members of the co-culture to experimental warming using the MTE and TSR frameworks, we assessed the specific growth rates and cell sizes of the dominant members of the co-culture over a temperature range covering the natural variability found in Red Sea waters (24–34∘C). In particular we wanted to test these hypotheses that (i) the specific growth rates of autotrophic and heterotrophic bacteria will have different temperature dependences (i.e., they differ in their corresponding MTE activation energies) and (ii) the cell size will decrease with warming in a similar fashion for all the bacterial groups identified. Marinobacter showed the highest specific growth rates of the four bacterial OTUs assessed in experiment C (Figure 5), with values exceeding 20 d–1 (19.6–24.4 d–1), followed by Paracoccus (7.60–14.9 d–1) and Muricauda (2.38–6.18 d–1). The specific growth rates of the RS9907 strain (0.94–1.38 d–1) were much lower than those of the three heterotrophs. Specific growth rates of all groups increased with temperature albeit with different patterns, resulting in different activation energies (see below). RS9907 showed the highest specific growth rates at 33°C, Paracoccus and Marinobacter grew best at 34∘C and Muricauda showed a decrease in their specific growth rate at temperatures higher than 30∘C (Figure 5). The specific growth rate of Synechococcus in experiment A (1.00–1.60 d–1) was very similar to the values shown for experiment C and also followed a similar pattern with temperature. The corresponding activation energy (Ea) of RS9907 (0.34 ± 0.02 eV) was not significantly different from the value hypothesized for autotrophs by the MTE (0.32 eV, t-test, p > 0.05) while the Ea values of the three heterotrophs varied greatly, from 0.16 to 1.15 eV. Interestingly, the activation energies of Paracoccus, Marinobacter, and Muricauda were inversely correlated with their mean specific growth rates (Figure 6).
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FIGURE 5. Mean specific growth rates of Synechococcus RS9907 (A), Paracoccus (B), Marinobacter (C) and Muricauda (D) vs. incubation temperature in experiment C. Error bars represent standard deviations.
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FIGURE 6. Mean activation energy (Ea) estimated from specific growth rates for at least three different temperatures (see section Materials and Methods and Figure 5 for details) vs. mean specific growth rate (μ) at 28°C of Synechococcus RS9907, Paracoccus, Marinobacter, and Muricauda in experiment C. Error bars represent standard deviations. The fitted line represents the ordinary least squares linear regression for heterotrophs (r2 = 0.99, p = 0.04, n = 3). The activation energy of Marinobacter was estimated from specific growth rates at all tested temperatures (24–34°C) while Muricauda and Paracoccus were estimated including only temperatures from 24 to 30°C. For Synechococcus, the activation energy was calculated from specific growth rates from 24 to 33°C.


The decay phase of Paracoccus came just after a few hours of incubation during the first 24 h (the maximum abundance was reached ca. half a day after the start of the incubation), allowing us to estimate an apparent mortality rate, which ranged from –1.98 to –12.01 d–1. Similar to specific growth rates (Figure 5B), mean mortality rates were significantly and negatively correlated with increasing temperature in the 5 temperatures tested of experiment C (r2 = –0.89, p = 0.001, n = 5, Supplementary Figure 6). Consequently, both mean specific growth and mortality rates of this group showed a strong correlation across the temperatures tested (r2 = –0.96, p = 0.001, n = 5).

The carrying capacities (i.e., maximum abundances) of Muricauda and Synechococcus could only be accurately estimated from experiment A, since they both kept on growing in experiment C. The latter experiment permitted the determination of the carrying capacities of Paracoccus and Marinobacter. The carrying capacities of Synechococcus (2.94 × 107–1.17 × 108 cells mL–1) and Paracoccus (1.86–4.01 × 106 cells mL–1) were negatively correlated with temperature (r2 = –0.69 and –0.41, p = 0.007 and 0.006, n = 8 and 15, respectively). On the contrary, a positive correlation was observed between Marinobacter carrying capacity (4.89–7.03 × 106 cells mL–1) and temperature (r2 = 0.56, p = 0.003, n = 12, excluding 34∘C values). The carrying capacities of Muricauda (3.16–7.32 × 106 cells mL–1) did not show any significant correlation with temperature (Supplementary Figure 7A).

The TSR was tested for the different bacterial groups with the mean cell size during the exponential growth phase. Interestingly, there was a strong positive relationship between the mean cell size of RS9907 during the exponential growth phase (0.39–0.60 μm3) and temperature (r2 = 0.88, p = 0.0001, n = 9, excluding > 30∘C values), while none of the heterotrophic groups mean cell sizes bore any significant correlation with temperature (Supplementary Figure 8). However, we also estimated the corresponding cell size at maximum abundance of the 4 OTUs at each experimental temperature. Marinobacter cell size was the only bacterial group significantly correlated with temperature (r2 = 0.59, p = 0.0005, n = 15), similarly to the result of RS9907 (Supplementary Figure 7B). The effect of temperature was consistent on the mean cell sizes across the three experiments (Supplementary Table 3). Mean cell sizes of Synechococcus also increased with temperature in experiments A, B, and C (r2 = 0.98; 0.88; 0.59, p < 0.00001; < 0.00001; = 0.005, n = 16; 12; 15, respectively) with slightly different values while heterotrophic bacteria did not show any significant relationship with temperature.




DISCUSSION


Heterotrophic Bacteria in the Synechococcus sp. RS9907 Co-culture

The heterotrophic bacterial OTUs present in the RS9907 co-culture, making up to a mean of 66.69% of total reads when Synechococcus reached ca. 1 million cells mL–1 mostly belonged to Gammaproteobacteria and Alphaproteobacteria. Coincidentally, they are also the most abundant classes of heterotrophic bacterioplankton in the Red Sea, with Flavobacteriia typically found at lower abundances (Ngugi et al., 2012; Pearman et al., 2016, 2017), and only increasing in their importance in shallow waters (Ansari, personal communication), suggesting that their presence in the non-axenic culture dates back from the time of initial isolation.

The flow cytometric abundance of the 4 clusters we consistently observed (including Synechococcus) aligned independently with the read-based abundance of the top four dominant bacterial OTUs (Figure 2). Since these abundances spanned over three orders of magnitude, we can conclude that the affiliation of the top three most abundant heterotrophic bacterial OTUs to the genera Marinobacter, Muricauda and Paracoccus overcome any possible amplification bias of the 16S rRNA gene. Marinobacter spp. have been previously associated with dinoflagellate and coccolithophore (Amin et al., 2009) as well as diatom cultures (Amin et al., 2009, 2015). Several Marinobacter species have been reported to effectively promote the growth of different dinoflagellate strains (Amin et al., 2009; Bolch et al., 2017), partially due to the production of vibrioferrin, a siderophore secreted by the bacteria that stimulates algal absorption of iron (Amin et al., 2009). In return, not only in the decay phase but during exponential growth, phytoplankton naturally release DOM (Myklestad, 1995; Hansell, 2013), which can be utilized by the heterotrophic bacteria in the surrounding water or within the phycosphere, suggesting that this essential iron and fixed carbon mutualistic interaction may also occur between the Marinobacter species present in the RS9907 co-culture. Likewise, different Muricauda strains have also been found to promote the growth of microalgae, whose increase in cell density was accompanied by an increase in Muricauda cells number (Han et al., 2016). A strain of Muricauda was shown to contain appendages, vesicle-like structures with fibrillar-like structures on the surface, which are thought to be utilized to connect cells to one another (Bruns et al., 2001) and perhaps involved in interactions with the surrounding environment (Malfatti and Azam, 2009). Those might account for the positive correlation between the growth patterns of our Muricauda OTU and Synechococcus. Finally, a strain of Paracoccus has shown positive oxidase and catalase activities (Zheng et al., 2011) and a reduction in H2O2 has been reported in different Prochlorococcus strains when they were co-cultured with heterotrophic bacteria (Morris et al., 2008, 2011; Coe et al., 2016). Our Paracoccus member may play a role in scavenging the ROS possibly generated in the co-culture, since Synechococcus lacked its own catalase when we blasted the katG gene against the complete genome of the RS9907 strain. Remarkably, the same three genera of heterotrophic bacteria reported here were also found in Synechococcus sp. BL107 (Christie-Oleza et al., 2017), originally isolated from Blanes Bay, Mediterranean Sea (Dufresne et al., 2008). The heterotrophic bacterium presented in the WH7803 co-culture was found to rely on the exoproteome of the cyanobacterium, as the shotgun proteomics analysis showed that there were virtually no accumulated proteins in this co-culture (Christie-Oleza et al., 2015a). In contrast, the reduction of the accumulated organic matter generated by Synechococcus by one of the heterotrophic bacteria present was found to decelerate cyanobacteria mortality in the above-mentioned study (Christie-Oleza et al., 2017), suggesting that although no Roseobacter member was found among our dominant OTUs, this behavior might contribute to the apparent symbiotic relationship established between Synechococcus and the heterotrophic bacteria.



Bacterial Dynamics and Cell Size in Response to Temperature

Although when applied to prokaryotic plankton neither the MTE (Sinsabaugh and Shah, 2010; Huete-Stauffer et al., 2015; Arandia-Gorostidi et al., 2017; Morán et al., 2018) nor the TSR (Morán et al., 2015) are free from criticism, they are still valid frameworks to test general relationships of organisms in response to temperature. We have used both the MTE and TSR principles in the controlled conditions of a co-culture in which the cyanobacterium and likely also the associated heterotrophs had been isolated from the Red Sea, one of the warmest marine basins on earth. According to MTE, the response to temperature can be assessed by the so-called activation energy (Ea). Simply put, the higher their Ea, the higher their temperature dependence of μ. In theory, in nutrient-sufficient conditions, temperature increases biochemical reaction rates exponentially, resulting in a similar exponential dependence for the integrated growth rates of autotrophs on one side and heterotrophs on the other one (Brown et al., 2004). Although μ steadily increased with warming in all four bacterial groups (Figure 5), the Ea values for heterotrophs were not fully consistent. The mean activation energy of Synechococcus in experiment C (very similar to the other two experiments estimates) was 0.34 eV ± 0.02, statistically indistinguishable from the value hypothesized for autotrophs by the MTE (0.32 eV). However, the μ Ea values for the three top most abundant heterotrophic bacteria OTUs (making on average 2/3 of the total bacterial counts) were notably more variable, resulting in a huge variation in the specific growth rate response to temperature (Figure 5). Although their mean activation energy (0.67 eV) also virtually equaled the corresponding MTE value for heterotrophs (0.65 eV), this value resulted from a similar Ea in the case of Paracoccus (0.71 ± 0.04 eV) but higher for Muricauda (1.15 ± 0.20 eV) and much lower value for Marinobacter (0.16 ± 0.03 eV). These values indicate that Muricauda μ was most affected by temperature while Marinobacter was the least. The negative relationship between the specific growth rates of the three heterotrophic bacterial groups (we chose to represent 28°C as an example, but it held for all other experimental temperatures) and their estimated activation energies was puzzling (Figure 6). One could argue that for temperature to have the predicted effect (i.e., Ea = 0.32 eV for Synechococcus and 0.65 eV for the heterotrophs), tropical bacteria should not be neither bottom-up nor top-down controlled (Morán et al., 2018). Theoretically, in the absence of predators, autotrophic and heterotrophic bacterial needs for carbon and all other nutrients required for growth should be met by the culture medium. It may have not been the case for Marinobacter, either because some key nutrient or vitamin was in short supply although its μ-values were very high. Indeed, the specific growth rates of the three heterotrophic bacteria assessed here were however much higher than the bulk values measured in coastal Red Sea waters, even for the presumably copiotrophic high nucleic acid (HNA) content group of cells (1.01–2.33 d–1, Silva et al., 2018), suggesting that not only nutrient conditions affects Ea values (Arandia-Gorostidi et al., 2017; Morán et al., 2018), but that the temperature dependence is also species-specific and related to the identity of the heterotrophic bacteria living in close association with the same cyanobacterium.

An increase in temperature within the normal, physiological range or thermal niche will increase population growth rate when resources are abundant and densities are low (Brown et al., 2004; Sherman et al., 2016), while increasing temperature is hypothesized to decrease the carrying capacity (Brown et al., 2004; Bernhardt et al., 2018). The MTE thus predicts an inverse relationship between carrying capacity and temperature, due to the fact that higher temperature will raise the metabolic rate, so that each individual will use resources at a higher rate (Savage et al., 2004). However, our results showed that each bacterial group responded differently in terms of the temperature response of their carrying capacity. The negative effect of temperature on the maximum abundance of Synechococcus and Paracoccus followed perfectly the MTE prediction whereas Marinobacter showed a significant yet opposite trend (Supplementary Figure 7A). In previous studies with mixed heterotrophic bacterial assemblages in temperate waters, the carrying capacity was shown to increase rather than decrease with temperature, an observation linked to the nutrient availability along the seasonal cycle (Huete-Stauffer et al., 2015; Arandia-Gorostidi et al., 2017). Similar to the specific growth rates discussed above, species-specific responses appear as critical, preventing the lack of a coherent response shown by the three heterotrophic bacteria that dominated the RS9907 co-culture, even if we assumed nutrient-sufficient conditions.

The temperature-size rule (TSR, Savage et al., 2004) is another general ecological theory that only relatively recently has been tested with marine planktonic organisms (Daufresne et al., 2009; Morán et al., 2010, 2015; Forster et al., 2012; Huete-Stauffer et al., 2016). Cell size reduction could be an acclimation response to conditions that imply increasing population growth rate, and to compensate for the increasing demand for resources (Atkinson et al., 2003). It is generally thought that resources can be obtained more effectively in smaller cells, hence facilitating their growth with increasing temperatures (Atkinson and Sibly, 1997). An exception to the TSR may arise if resource limitations are removed or reduced as a consequence of warming (Atkinson et al., 2003). Remarkably, although a trend toward generalized larger sizes in the exponential phase with higher temperature was shown also by the three major heterotrophic bacteria OTUs (Supplementary Figure 8), Synechococcus was the only species in our co-culture showing a consistent, highly significant variation of bacterial cell size with temperature, but it was exactly the opposite of the TSR prediction. Similar to our study, a strong positive correlation was found between in situ temperature and the mean cell size of a natural population of Synechococcus characterized by low PE fluorescence in shallow Red Sea waters (Supplementary Figure 9). A recent study with data from the experiment labeled as A in this study provided an alternative explanation for the fact that RS9907 did not show the expected negative relationship between cell size and temperature at any time point during the diel cycle. Palacio et al. (2020) however demonstrated that the mean cell size of Synechococcuss new-born cells followed the predicted negative correlation with temperature suggested by TSR. Cyanobacteria cells became larger during the first period of light cycle due to the biomass accumulation induced by photosynthesis and became smaller during the dark cycle as a result of mother cells division (Palacio et al., 2020). It remains to be explained, though, the positive association between environmental temperature and the size of the most abundant Synechococcus group detected by flow cytometry in the shallow waters of KAUST Harbor (Supplementary Figure 9), which was sampled always at the same time (ca. 9:00 a.m. local time) (Sabbagh et al., 2020). One potential explanation would involve the high salinities found in the Red Sea, which can induce the internal accumulation of osmolytes for protection, resulting in larger cell volumes (Brown, 1976). In other organisms such as the anemone Aiptasia (Gegner et al., 2017) it has been shown that this strategy to cope with high salinities can also been advantageous for high temperatures. A significant difference was determined in G1 phase (bacterial growth) and S phase (DNA synthesis) duration of a freshwater Synechococcus strain cell cycle among different salinity conditions (0, 10, 20, and 30 of salinity), but G2 phase (preparation for bacterial cell division) duration did not vary. Mean cell sizes of this freshwater Synechococcus strain after acclimating to higher salinity became larger, and the doubling time was also longer at the highest salinity (Bemal and Anil, 2018). These Synechococcus cells were found to investing more energy in producing exopolysaccharides than on cell division, resulting in reduced growth rate but larger cell size (Bemal and Anil, 2018).

In conclusion, the assessed Synechococcus strain and their associated heterotrophic bacteria responded to experimental warming differently, without any clear, common pattern for heterotrophs, suggesting that there will be no universal response of bacterioplankton assemblages to global warming. Overall, our results were poorly described by the MTE and TSR. Within the assessed temperature range (24–34°C), which is typical for a substantial portion of the Red Sea (Raitsos et al., 2013; Chaidez et al., 2017), increasing temperature resulted in higher specific growth rate and cell size for Synechococcus, reaching their maximum at 33∘C, similar to other tropical and sup-tropical cyanobacteria strains that showed maximum growth rates at relatively higher temperatures (32–34∘C) (Pittera et al., 2014). However, heterotrophic bacterial specific growth rates did also increase with warming, cell sizes did not change in a coherent way. Our data suggest that temperatures equal or higher than 34∘C can already be detrimental for the cyanobacterium strain and one major heterotrophic bacteria player (Muricauda) in the RS9907 co-culture. The role of the three dominant heterotrophic bacteria in this cyanobacterial co-culture needs to be further analyzed and future metagenomic and metatranscriptomic studies may allow a deeper understanding on the metabolic interactions between autotrophic and heterotrophic bacteria in response to temperature.
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Open-ocean surface waters host a diverse community of single-celled eukaryotic plankton (protists) consisting of phototrophs, heterotrophs, and mixotrophs. The productivity and biomass of these organisms oscillate over diel cycles, and yet the underlying transcriptional processes are known for few members of the community. Here, we examined a 4-day diel time series of transcriptional abundance profiles for the protist community (0.2–100 μm in cell size) in the North Pacific Subtropical Gyre near Station ALOHA. De novo assembly of poly-A+ selected metatranscriptomes yielded over 30 million contigs with taxonomic and functional annotations assigned to 54 and 25% of translated contigs, respectively. The completeness of the resulting environmental eukaryotic taxonomic bins was assessed, and 48 genera were further evaluated for diel patterns in transcript abundances. These environmental transcriptome bins maintained reproducible temporal partitioning of total gene family abundances, with haptophyte and ochrophyte genera generally showing the greatest diel partitioning of their transcriptomes. The haptophyte Phaeocystis demonstrated the highest proportion of transcript diel periodicity, while most other protists had intermediate levels of periodicity regardless of their trophic status. Dinoflagellates, except for the parasitoid genus Amoebophrya, exhibit the fewest diel oscillations of transcript abundances. Diel-regulated gene families were enriched in key metabolic pathways; photosynthesis, carbon fixation, and fatty acid biosynthesis gene families had peak times concentrated around dawn, while gene families involved in protein turnover (proteasome and protein processing) are most active during the high intensity daylight hours. TCA cycle, oxidative phosphorylation and fatty acid degradation predominantly peaked near dusk. We identified temporal pathway enrichments unique to certain taxa, including assimilatory sulfate reduction at dawn in dictyophytes and signaling pathways at early evening in haptophytes, pointing to possible taxon-specific channels of carbon and nutrients through the microbial community. These results illustrate the synchrony of transcriptional regulation to the diel cycle and how the protist community of the North Pacific Subtropical Gyre structures their transcriptomes to guide the daily flux of matter and energy through the gyre ecosystem.
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INTRODUCTION

The North Pacific Subtropical Gyre (NPSG) is a warm and oligotrophic (nitrogen-limited) ecosystem that hosts a diverse community of phototrophic, heterotrophic, and mixotrophic microbial eukaryotes (protists) spanning over three orders of magnitude in cell sizes. The phylogenetically diverse eukaryotic phytoplankton (phototrophs) represents nearly half of the phytoplankton biomass of the NPSG and are composed primarily of organisms derived through secondary or tertiary endosymbiosis such as dinoflagellates, haptophytes, and ochrophytes (photosynthetic stramenopiles) (Alexander et al., 2015; Hu et al., 2018). Strictly phototrophic members of the NPSG eukaryotic phytoplankton consist of haptophytes including Emiliania huxleyi (Hernández et al., 2020) and diatoms such as Rhizosolenia and Hemiaulus (Villareal et al., 1993), two genera found in symbioses with nitrogen fixing cyanobacteria that bloom during sporadic injections of nutrients into the surface waters. The strictly heterotrophic (zooplankton) component of the protist community is dominated by the Alveolata supergroup (including dinoflagellates), as well as stramenopiles and Rhizaria (Rii, 2016; Hu et al., 2018). Many eukaryotic lineages within the NPSG have mixotrophic life strategies, adjusting their relative balance of photosynthesis and phagotrophy to changing light and nutrient conditions (Mitra et al., 2016; Lambert et al., 2021). In addition, mixotrophs can be distinguished between constitutive (vertical inheritance of plastids) and non-constitutive (kleptoplastic, or acquisition of plastids from prey) (Mitra et al., 2016). Members of haptophyte, ochrophyte, and dinoflagellate lineages are constitutive mixotrophs (Faure et al., 2019), with evidence that they can graze on picocyanobacteria in the NPSG (Frias-Lopez et al., 2009). In the well-lit and low nutrient conditions of the NPSG, mixotrophy may be advantageous (Rothhaupt, 1996), and the gene family abundance profiles of many environmental protist species suggest widespread mixotrophy (Lambert et al., 2021). Some ciliates, such as Strombidium, are non-constitutive mixotrophs that retain the plastid of their consumed prey (Stoecker et al., 2009; Faure et al., 2019).

The daily cycles of light and darkness synchronize cell growth and division across the diverse members of the microbial communities within the sunlit waters of the NPSG. For example, the phototrophic cyanobacteria Prochlorococcus displays reproducible increases in mean cell diameter over the day as cells fix carbon into biomass, followed by decreases during the night as cells undergo cell division (Vaulot and Marie, 1999; Ribalet et al., 2015). From day to day there is little variation in the total cellular abundance of Prochlorococcus, indicating that growth rates roughly equal loss rates in an ecological system finely tuned to the daily solar cycle (Ribalet et al., 2015). The tight coupling of growth and division to the light/dark cycle is also clear within small eukaryotic protists (<10 μm size fraction), although the different species underlying the observed changes in biomass cannot be distinguished based on the optical measures (Freitas et al., 2020). Heterotrophic bacteria also display oscillating waves of species-specific transcriptional patterns over the diel cycle (Ottesen et al., 2014), potentially due to the daily cycle of phytoplankton production of organic matter.

Recent ‘omics analyses have enhanced our understanding of the metabolic cascades resulting from synchrony to the daily light cycle in the NPSG. For example, transcript abundances in the haptophyte phototroph E. huxleyi underwent daily oscillations, with transcripts associated with carbon fixation and lipid synthesis proteins reaching a peak in abundance near dawn and at mid-day or dusk for those genes encoding respiration and lipid degradation, suggesting a cycle of energy-store biosynthesis and consumption (Hernández et al., 2020). A similar pattern was observed in the more nutrient-rich waters of the California Current upwelling, with oscillations in the abundance of diatom and green algae photosynthesis-related transcripts during the morning and cell division-related transcripts during the night (Kolody et al., 2019). Organisms in the NPSG are equipped with a diversified repertoire of photoreceptors (Coesel et al., 2021), which may allow them to sense and regulate their daily responses to changes in light conditions. Responses to the light cycle include the biosynthesis of energy-rich triacylglycerols during the day and their consumption during the night (Becker et al., 2018) and the replenishment of pigments during the night to compensate for photodegradation during the day (Becker et al., 2020). Moreover, a diel structuring of cross-kingdom interactions was demonstrated by the species-specific exchange of phytoplankton-produced organic sulfonated compounds, produced primarily by haptophytes and diatoms and consumed by heterotrophic bacteria (Durham et al., 2019).

Here, we examined diel transcriptional patterns across the microbial eukaryotes (protists) (0.2–100 μm in size) of the NPSG to evaluate how metabolic pathways may be synchronized across the microbial eukaryote community and the varied trophic states that comprise it. We hypothesized that eukaryotic gene expression would be strongly patterned by evolutionary lineage and trophic level, with phototrophs and mixotrophs expected to demonstrate the highest degree of diel periodicity in their transcriptome and, by inference, their metabolism. Analyses centered on the direct annotation of metatranscriptome-assembled contigs allowed us to investigate large-scale transcriptional patterns in abundant eukaryotic taxa and to identify functional metabolic processes operating on diel cycles.



MATERIALS AND METHODS


Cruise and Sample Collection

Duplicate samples for eukaryotic metatranscriptomes were collected from 15-m depth every 4 h (06:00, 10:00, 14:00, 18:00, 22:00, and 02:00 HST) over the course of 4 days on the R/V Kilo Moana cruise KM1513 (July and August 2015) approximately 100 km NE of Station ALOHA in the North Pacific Subtropical Gyre (see Wilson et al., 2017 for additional cruise details). For each of the 48 samples, 7 L of seawater was pre-filtered through a 100-μm nylon mesh and collected onto a 142-mm 0.2-μm polycarbonate filter using a peristaltic pump. Filters were immediately flash-frozen in liquid nitrogen and subsequently stored at −80°C until further processing. Filters were extracted using the ToTALLY RNA Kit (Invitrogen, Carlsbad, CA, United States) with some modifications. Briefly, frozen filters were added to 50-ml falcon tubes containing 5 ml of denaturation solution and extraction beads (125-μl 100-μm zirconia beads, 125-μl 500-μm zirconia beads, and 250-μl 425–600-μm silica glass beads). A set of 14 internal mRNA standards was added to the extraction buffer for each sample to generate quantitative transcript inventories; these standards were synthesized as previously described (Satinsky et al., 2013), with the exception that eight standards were synthesized with poly(A) tails to mimic eukaryotic mRNAs. Total extracted RNA was treated with DNase I (Ambion, Grand Island, NY, United States) and purified with DNase inactivation reagent (Ambion). Eukaryotic mRNAs were poly(A)-selected, sheared to ∼225-bp fragments, and used to construct TruSeq cDNA libraries according to the Illumina TruSeq® RNA Sample Preparation v2 Guide for paired-end (2 × 150 bp) sequencing using the Illumina NextSeq 500 sequencing platform.



DNA Sequence Quality Control and de novo Assembly

Raw Illumina sequence reads were quality controlled with trimmomatic v0.36 (Bolger et al., 2014, parameters: MAXINFO:135:0.5, LEADING:3, TRAILING:3, MINLEN:60, and AVGQUAL:20). A total of 2,426,923,906 merged paired-end sequences were generated with a median length of ∼240 bp. Sequences were pooled for each of the 24 sampling times, and the 24 pooled samples were assembled using the Trinity de novo transcriptome assembler v2.3.2 (Grabherr et al., 2011, parameters: –normalize_reads –min_kmer_cov 2 –min_contig_length 300) on the Pittsburgh Supercomputing Center’s Bridges Large Memory system. Trinity assembly yielded 52,489,585 total contigs from all 24 assemblies.



Quality Control of Assemblies, Translation, and Longest Frame Selection

The raw assemblies were quality controlled with Transrate v1.0.3 (Smith-Unna et al., 2016) to check contigs for chimeras, structural errors, and base errors, using their paired-end assembly method (parameters: –assembly $sample.fasta –left $left_reads –right $right_reads). A total of 31,284,431 contigs (59.6% of the raw pool) passed the optimized assembly score threshold and were retained for further analysis. The quality-controlled contigs were translated in six frames with transeq vEMBOSS:6.6.0.059 (Rice et al., 2000) using the Standard Genetic Code. The longest (or multiple frames if of equal lengths) open reading frame from each contig was retained for downstream analyses. A total of 32,536,410 translated frames that passed these criteria were retained.



Clustering

The 24 peptide assemblies were merged and clustered at the 99% identity threshold level with linclust within the MMseqs2 package (version 31e25cb081a874f225d443eec307a6254f06a291, Steinegger and Söding, 2018, –min-seq-id 0.99). A total of 30,015,008 peptide sequences (92% of input sequences) were retained as cluster representatives and used for further analysis.



Annotation

Following clustering at 99% identity, representative contigs were annotated for taxonomy and function. Contigs were annotated against the curated MarineRefII reference database1 of 641 marine eukaryotes and prokaryotes, including the MMETSP transcriptomes (Keeling et al., 2014), and supplemented with available marine animal, fungal, choanoflagellate, and viral sequences (Coesel et al., 2021). Assembled contigs were aligned to the reference database using DIAMOND v 0.9.18 (Buchfink et al., 2014, parameters: –sensitive -b 65 -c 1 -e 1e-5 –top 10 -f 100). The Lowest Common Ancestor (LCA) was estimated using the LCA algorithm in DIAMOND in conjunction with NCBI taxonomy. The frame with the lowest (best) e-value was retained if multiple frames of a contig received annotations. A total of 15,302,768 contigs were assigned an NCBI tax_id (51.0%). Contigs assigned to the same NCBI taxon or daughter nodes were defined as members of the same environmental taxon “bin.” To determine the putative function of each contig, we used hmmsearch, from HMMER 3.1b2 (Eddy, 2011, parameters: -T 30 –incT 30), to assign KEGG Orthology IDs (KOs) to contigs using 22,247 hmm profiles from KOfam ver. 2019-03-20 (Aramaki et al., 2020). The profile with the highest bitscore was retained for those contigs that mapped to more than one KOfam profile. If multiple frames of a contig received annotations, the frame with the highest annotation bitscore was retained. A total of 7,707,191 contigs were assigned an KEGG KO (25.7%).



Quantification and Normalization of Abundance

The clustered contig representatives were quantified by alignment of their nucleotide sequences against the paired-end reads using kallisto v0.43.1 (Bray et al., 2016, parameters: quant –rf-stranded -b 40). We normalized contigs abundance to fragments per kilobase of transcript per million total reads (FPKM), using total read values mapped to each taxonomic bin, rather than the total library size, as the denominator, “M.” FPKM values for contigs with the same taxonomy and functional annotation combinations (NCBI tax_id and KEGG KO) were summed. Environmental taxa bins were integrated down taxonomic levels, summing abundance values from lower-ranking nodes in the NCBI taxonomy.



NMDS Ordination

Non-metric multidimensional scaling (NMDS) ordination was used to reduce taxonomic, temporal, functional, and abundance information into three-dimensional space. The input was a matrix of observations consisting of each of the 48 genus-level taxa for each of the 24 time points (1,152 total observations). The features for each observation were the in silico normalized counts for the 6,925 KOfams present in >5% of the observations. The features within observations were normalized such that the row sums equal 1. The metaMDS function in the R package “vegan” version 2.5-5 (Oksanen et al., 2019, parameters: k = 3, trymax = 100) was used to compute the Bray–Curtis distance matrix and find a solution between runs. A solution for this ordination with two dimensions was not achievable. The three-dimensional NMDS ordination results were visualized with the R package “plotly” (Sievert, 2018). NMDS ordinations were also individually generated for the 48 genera. The individual ordinations were resolved in two dimensions (parameters: k = 2). Mean stress of 48 NMDS = 0.127 ± 0.028 stdev.



Determining Significant Diel Periodicity

Significant periodicity of gene family abundances for each genus was determined with the Rhythmicity Analysis Incorporating Non-parametric Methods (RAIN) package implemented in R (Thaben and Westermark, 2014). The p-values from RAIN analyses were ranked and corrected at an FDR < 0.05 using the Benjamini–Hochberg false-discovery rate method (Benjamini and Hochberg, 1995), as implemented in Ottesen et al. (2014).



Enrichment of Significantly Diel Gene Families in KEGG Pathways

The KEGG pathways and their associated knums (gene family identifiers representing a KOfam) were parsed using the R package KEGGREST (Tenenbaum, 2016) to access the KEGG database. Only pathways with associated knums were used. A contingency matrix for each genus-pathway-time combination (a total of 124,704 combinations of contingency matrices for genus-level analysis, and 106,518 for order-level analysis) was constructed for the test and populated with the appropriate counts: “knum in pathway and is diel,” “knum is in pathway and is not diel,” “knum is not in pathway and is diel,” and “knum is not in pathway and is not diel.” The “diel” status of each knum was determined from the RAIN results, above. We removed contingency matrices with no identified knums in the pathway, reducing our number of tests to 108,288 for the genus-level analysis and 93,114 for the order-level analysis. We used Fisher’s Exact Test on these matrices to determine enrichment, combined with a Benjamini–Hochberg multiple comparison correction and false discovery rate of less than 5% (genera-level adjusted maximum p-value of <3.412673e-05, order-level adjusted maximum p-value of 5.792821e-05) (Benjamini and Hochberg, 1995), both executed within R.



RESULTS


Taxonomic and Functional Composition of Environmental Transcriptome Bins

We examined the transcriptional profiles of eukaryotic microbes (protists) over the diel cycle by collecting size-fractionated (0.2–100 μm) RNA samples every 4 h (at 06:00, 10:00, 14:00, 18:00, 22:00, and 02:00 HST) over 4 consecutive days in the oligotrophic North Pacific Subtropical Gyre (NPSG), ∼100 km NE of Station ALOHA. Local sunrise was at ∼06:00 and sunset was at ∼18:00 HST. Surface illumination intensities reached over 2,000 μmol m–2 s–1 between 10:00 and 14:00 HST over the 4-day sampling period, during which the picoeukaryotic phytoplankton grew and divided on an oscillating daily basis, as estimated from continuous flow cytometry measurements (Coesel et al., 2021). Water column properties during the cruise confirm a warm (26.6–27.04°C with some diel variability) and nitrogen-deplete environment (nitrate + nitrite 8 ± 4 nmol L–1) (Wilson et al., 2017). Casts were taken at 15 m depth, with the research vessel (KM1513) tracking a Lagrangian drogue placed at 15 m to allow repeat sampling of the planktonic community from the same water mass. Illumina deep sequencing of libraries created from poly-A+ selected RNA yielded a total of ∼2.4 billion transcript fragments (merged paired-end reads) with an average merged length of ∼240 bp (Table 1). De novo assembly of the metatranscriptome sequences generated about 52 million nucleotide contigs. Subsequent quality control, translation, frame selection, and clustering at 99% amino acid identity (Table 1) yielded 30 million amino acid sequences (hereafter referred to as “contigs”), with an N50 of 423 base pairs (141 amino acid residues, Supplementary Figure 1 and Table 1).


TABLE 1. Sequence data metrics.

[image: Table 1]The translated contigs were annotated in two ways. First, taxonomic identity and rank within the NCBI taxonomic framework were determined by mapping contigs against a reference database of 18.5 million predicted protein sequences from 554 marine eukaryotes, bacteria, archaea, and viruses (Coesel et al., 2021) and estimating the Lowest Common Ancestor (LCA) of matches. Placement to any taxonomic level was possible for 16 million contigs (51% of total; Figure 1A, Table 1, and Supplementary Figure 2); the remaining 49% received no taxonomic annotation. Bacteria or Archaea were assigned to 55,099 and 740 contigs, respectively; these contigs were not considered further in this study. Second, potential function was assigned by mapping the contigs against the Kyoto Encyclopedia of Gene and Genomes (KEGG) database of orthogenes (KOfams) using HMM profiles (Aramaki et al., 2020). A total of 7.7 million contigs (25.7%) were assigned to a putative KOfam and the associated KO term, with 13,765 total KOfams identified among all contigs (Figure 1A and Table 1). Approximately 5.2 million contigs were annotated to a genus rank or lower (Figure 1A and Table 1), with a subset of 1.4 million contigs that also received a putative KEGG function. This set of 1.4 million contigs with putative genus-level taxonomy and function were grouped based on their assigned genus-level taxonomy to create environmental taxonomic bins and used for subsequent analyses. Two hundred thirty-one environmental eukaryotic genera bins were represented by at least one functional KOfam assignment (Figure 1B). A low proportion of reads aligned to reference sequences of metazoans (opisthokonts) larger in size than 100 μm, potentially reflecting varied biological sources including sloughed cells, gametes, and other life cycle stages.
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FIGURE 1. Annotation of metatranscriptome assemblies by taxonomy, function, and abundance. (A) Cumulative number of contigs placed at each rank or lower. “All” includes taxonomically unassigned contigs. (B) Completeness of genus-level taxonomic bins based on total number of KOfams and percent of the 316 “core KOfams.” Circles represent genus-level taxonomic bins, colored by lineage as in legend. Dashed line represents cutoff criteria of 900 detected KOs for subsequent analyses.


We developed a metric of transcriptome completeness to identify a subset of well-represented environmental genera from this initial set of taxonomic bins for further analyses. We first estimated a minimum number of KOfams expected within marine eukaryotes by de novo mapping the proteomes of our 366 reference marine eukaryotes against 22,247 KOfam hmm profiles (ver. 2019-03-20; Aramaki et al., 2020). Three hundred fifty-five of the reference protists (over 96% of eukaryotic reference taxa) each contained 900 or more KOfams; only parasitic protists with a reduced gene content possessed significantly fewer KOfams (Supplementary Figure 3 and Supplementary Data Sheet 1). A set of 316 KOfams were defined as “core KOfams” due to their presence in ∼95% of reference marine eukaryotes (Supplementary Data Sheet 2). The completeness of a given genus-level environmental taxonomic bin was estimated based on the percentage of core KOfams identified in the environmental bins (Figure 1B and Supplementary Figure 3). We constrained further analysis to 48 environmental genera bins that each had >900 detected KOfams. These 48 genera were grouped by eight higher-level lineages (Supplementary Data Sheet 3): dinoflagellates (n = 23), opisthokonts (n = 8), ochrophytes (photosynthetic stramenopiles, n = 7), haptophytes (n = 6), ciliates (n = 1), chlorophytes (n = 1), and two “other” lineages of kinetoplastids and oomycetes. These 48 genera corresponded to genera previously detected in the NPSG through metabarcoding (Hu et al., 2018) and collectively had an average of 54% (170 of 316) core KOfams positively identified (Supplementary Data Sheet 3). The highest proportion of core KOfams were detected in the taxonomic bin most closely related to the dinoflagellate Karlodinium (93%). Confidence values (e-value) for taxonomic assignments were assessed for all 48 genera, with the majority of contigs assigned to each bin receiving the highest-possible confidence value of 0 (Supplementary Figure 4). Some genera displayed a shallower distribution of e-value placements, reflecting a more likely entrainment of distantly related taxa to genus representatives. This is most noticeable in multicellular metazoans with single genus reference representatives (e.g., Octopus, Salmo, and Orcinus) and some dinoflagellates (Amphidinium, Kryptoperidinium, and Lingulodinium).



Dimensionality Reduction of Environmental Transcriptome Bins

Non-metric multidimensional scaling (NMDS) of Bray–Curtis dissimilarity was used to compare the similarity of transcript abundances for thousands of gene families across the 48 genus-level environmental bins over the 24 time points (Figure 2A). The input matrix consisted of each of the 48 genus-level environmental bins for each of the 24 time points (1,152 total observations) and the row-normalized number of transcripts associated with KOfams present in >5% of observations (6,925 total features). Several patterns emerged from the resulting 3D NMDS ordination. First, the observations clustered together according to genus designation rather than time point, indicating that each taxonomic bin displayed a relatively distinct transcriptional fingerprint irrespective of the time of sampling. Second, phylogenetically related genera clustered near one another. One notable exception to this pattern was the environmental bin corresponding to the dinoflagellate genus Amoebophrya, a highly-derived genus of dinoflagellates with a parasitoid life cycle (Guillou et al., 2008). Third, both the dinoflagellate genera and opisthokont genera (seven metazoa and one choanoflagellate) clustered apart from other protists. Among the remaining protists, known phototrophic eukaryotes (diatoms, chlorophytes, and some haptophytes), heterotrophs, and potential mixotrophs formed distinct clusters, with the positioning of putative mixotrophs between the heterotroph and autotroph clusters reflecting their mixed metabolism.
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FIGURE 2. Non-metric multidimensional scaling (NMDS) ordinations of transcript abundances from 48 genus-level environmental bins. (A) Three-dimensional ordination for 48 genus-level taxonomic bins meeting completeness criteria. Stress = 0.160. Each point is a discrete time point for each genus based on the mean transcript abundances for each KOfam from duplicate samples. Shapes indicate assumed trophic level: circle, phototroph; diamond, mixotroph; cross, heterotroph. Inner color corresponds to Lineage in legend from Figure 1B; outer color is unique to genera within a lineage. (B) NMDS ordination performed independently on gene families belonging to nine representative protist genera. Mean stress of nine independent NMDS = 0.114 ± 0.025 stdev.


We conducted independent NMDS ordinations on each of the 48 environmental genera bins to evaluate whether temporal partitioning of transcript abundances resolved within each environmental bin. Individual NMDS ordinations for the 48 genera were generated (mean stress = 0.114 ± 0.025 stdev) (Supplementary Figure 5). We highlighted a select subset of representative genera as representatives of the NPSG protist community in Figure 2B. We focused on nine representative environmental protist genera, based on their high sequence coverage, a high proportion of total and core KOfams, and their representation of different trophic states and evolutionary lineages (Table 2 and Supplementary Data Sheet 3). Haptophytes with contrasting trophic modes were represented by the genus Prymnesium (order Prymnesiales), which contains known mixotrophic species (Faure et al., 2019) and the genus Phaeocystis (order Phaeocystales), which is considered strictly photosynthetic and can exist as a free-living flagellate or in a colonial form (Rousseau et al., 2007). Ochrophytes were represented by the silicoflagellate genus Dictyocha (order Dictyochales), the genus Florenciella (order Florenciellales), and the pico-eukaryotic (<2 μm cell size diameter) genus Pelagococcus (order Pelagomonadales). Both Dictyocha and Florenciella include known mixotrophic species (Quéguiner, 2016; Li et al., 2021), whereas Pelagococcus is thought to be strictly photosynthetic (Lewin et al., 1977). Dinoflagellates were represented by the genus Karlodinium (order Gymnodiniales), which contains mixotrophic species, similar to many of the dinoflagellate genera observed in this study (Faure et al., 2019). Isotopically labeled grazing experiments on Prochlorococcus and Synechococcus in the NPSG identified prymnesiophytes (Prymnesiophyceae), dictyophytes (Dictyochophyceae), and dinoflagellates (Dinoflagellata) as grazers of picocyanobacteria (Frias-Lopez et al., 2009). We also highlighted Amoebophrya (order Syndiniales), a parasitic dinoflagellate that infects eukaryotic host cells, because of its distinct lifestyle and because of its notable abundance in this environment as evidenced by the rRNA/rDNA libraries from the NPSG (Hu et al., 2018). The ciliate genus Strombidium (order Oligotrichida) can live heterotrophically as well as by non-constitutive mixotrophy through retention of plastids from engulfed prey (Stoecker et al., 2009). The choanoflagellate genus Acanthoeca (order Acanthoecida) is thought to be an obligate heterotroph.


TABLE 2. General features of nine representative genera.

[image: Table 2]The temporal partitioning of transcript abundances in the individual NMDS ordinations (Figure 2B and Supplementary Figure 5) showed that sampling time was an important driver for the transcript ordination for a majority of genera, with samples clustered by collection time and organized in a clock-like fashion. Whereas most genera showed some form of diel partitioning, the transcriptional profiles of dinoflagellates such as Karlodinium and Amoebophrya, the choanoflagellate Acanthoeca (Figure 2B and Supplementary Figure 5), and the heterotrophic protists kinetoplastid Neobodo and the stramenopile Phytophthora (Supplementary Figure 5) were not distinguished by sampling time, indicating that not all organisms entrain their transcriptional activity to the diel cycle.



Diel Signatures of Environmental Transcriptome Bins

We determined the proportion of oscillating transcripts within each of the 48 environmental genera. The diel periodicity of transcript abundances across the 48 environmental genera was tested for a combined total of 103,904 KOfam gene families (RAIN analyses, maximum p-value of 0.0044, FDR < 0.05) (Figure 3A and Supplementary Data Sheet 4). Statistically significant diel periodicity in transcript abundance was detected for 9,153 gene families, with peaks in abundance assigned to one of the six sampling times: 06:00, 10:00, 14:00, 18:00, 22:00, and 02:00 HST (Supplementary Figure 6 and Supplementary Data Sheet 4). Haptophytes displayed the highest proportions of diel-oscillating transcript abundances for different gene families (Figure 3A and Supplementary Data Sheet 4). About 34% of the Phaeocystis and about 18% of Prymnesium gene families underwent significant oscillations in transcript abundance. Most ochrophyte environmental genera displayed diel periodicity in transcript abundance in at least 15% of their gene families, with the highest proportion (21.5%) observed in the environmental silicoflagellate Dictyocha (Figure 3A and Supplementary Data Sheet 3). The dinoflagellates displayed a low proportion (average of less than 3%) of gene families with diel transcript abundance patterns, as did the purely heterotrophic opisthokonts (Figure 3A). The heterotrophic environmental stramenopile Phytophthora displayed a comparably low (3.2%) proportion of diel gene families. Three other heterotrophic organisms stood out in this analysis. The environmental genera of Lepeophtheirus (copepod), Acanthoeca (choanoflagellate), and Strombidium (ciliate) each displayed relatively high proportions of diel oscillations in transcript abundance across gene families (23, 16, and 20%, respectively), comparable to the haptophytes and non-diatom ochrophytes (Figure 3A and Supplementary Data Sheet 3). Thus, the extent of diel periodicity was not directly correlated with trophic mode and appeared instead to be taxa specific.
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FIGURE 3. Diel periodicity in environmental genus bins. (A) Estimated completeness and diel periodicity of gene family transcript abundance in 48 genera from Figure 1B. Each circle represents one environmental genus bin. The area is proportional to the total number of KOfams identified in the genus. The nine representative genera (Figure 2B) are labeled. (B) Normalized abundance heat map of significantly periodic gene families from nine representative protist genera. Yellow and gray bars denote light (06:00, 10:00, and 14:00 HST) and dark (18:00, 22:00, and 02:00 HST) periods, respectively. Numbers in parentheses indicate the number of significantly periodic gene families (FDR < 0.05). Each row corresponds to a gene family, ordered by hierarchical clustering of abundance patterns. Color corresponds to row-normalized abundance values for each gene family. Colored dot by genus name corresponds to Lineage from (A). The order and presence of gene families is not maintained between facets.


The transcription profiles of diel oscillating gene families (KOfams) were evaluated for the nine representative genera (Figures 3A,B) along with the remaining 41 environmental taxa (Supplementary Figures 6, 7). The representative environmental haptophyte Phaeocystis showed a transcriptional minimum at 10:00 (Figure 3B), coinciding with environmental light intensities reaching 2,000 μmol/m/s at the sea surface. Similar mid-morning minima are seen in Acanthoeca (Figure 3B) and other opisthokonts (Supplementary Figures 6, 7). Transcriptional patterns of the ochrophytes Florenciella, Dictyocha, and Pelagococcus, and the ciliate environmental genus Strombidium are more equally distributed across the 24-h diel cycle (Figure 3B). The dinoflagellate Karlodinium and most (21 of 23) other dinoflagellate environmental genera (Supplementary Figures 6, 7) displayed relatively minimal distinction of transcript abundances by time (Figure 3B), whereas the parasitic dinoflagellate Amoebophrya (Figure 3B) maintained a relatively high proportion (7.5%) of diel oscillating transcript abundances (Supplementary Data Sheet 3). We retrieved sufficient sequences with similarity to representative multicellular metazoan (animal) genera in our reference database (Capitella, Orcinus, Octopus, Salmo, Lepeophtheirus, Nematostella, and Oikopleura) to pass our cut-off criteria. Each of these environmental “genera” displayed some temporal partitioning (Figure 3A and Supplementary Figures, 5–7), particularly those identified as Capitella (annelid) and Octopus (mollusk). We constrained further analysis to protistan genera, recognizing that many metazoan taxa undergo substantial vertical migration over diurnal cycles. Diel vertical migration has also been observed in some species of motile phytoplankton (Shikata et al., 2015), but we assume that the relatively minor swimming speed of migrating protists is not a significant factor in the well-mixed surface layer of the NPSG. Overall, haptophyte and ochrophyte genera tended to display the highest proportions of diel oscillating gene families, regardless of whether the examined genera were primarily mixotrophic or photoautotrophic.



KEGG Pathways With Diel-Oscillating Transcript Levels

The observed variation in diel transcriptional patterns between environmental protistan taxa suggested targeted allocation of transcriptional resources to different functional processes over the diel cycle. We sought to identify specific pathways with strong temporal partitioning by using Fisher’s Exact Test. We determined whether particular KEGG pathways were enriched in diel-oscillating gene families at each of the six time points by conducting tests on all unique taxa-time-pathway combinations. A total of 110,754 genus-time-pathway tests identified 78 significant taxa-time-pathway combination enrichments (BH < 0.05; Table 3 and Supplementary Data Sheet 5); these enrichments represent 28 total enriched KEGG pathways out of 430 pathways tested. These pathways encompass varied metabolic pathways including central carbon metabolism, lipid biosynthesis and degradation, protein biosynthesis and turnover, organellar processes, and signaling. We focused on KEGG pathways enriched in at least two of the nine representative environmental genera: “Photosynthesis,” “Carbon fixation in photosynthetic organisms,” “Porphyrin and chlorophyll metabolism,” “Proteasome,” “Protein processing in endoplasmic reticulum,” “TCA cycle,” “Circadian entrainment,” “Oxidative phosphorylation,” and “Ribosome” (Figure 4A).


TABLE 3. KEGG pathway enrichment analysis at the Genus level.
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FIGURE 4. Diel periodicity of metabolic pathways and gene families in select genera. (A) Peak times for gene families in select KEGG pathways for nine genera. Circles indicate peak timing for KOfams with significant periodicity (FDR < 0.05), with circle size scaled by the number of KOfams peaking at a given time. Blue and yellow shading denote night and day periods, respectively. (B) Temporal abundance of nine gene families from pathways in (A). Haptophytes and ochrophytes from (A) are shown. Transcript abundances are min–max normalized. Lines connect the mean expression level across all identical sampling times (two replicates and 4 days). Vertical bars are standard error (n = 8). Blue and yellow shading denote night and day periods, respectively. Full protein names are psbU, photosystem II PsbU protein; psbQ, photosystem II oxygen-evolving enhancer protein 3; petH, ferredoxin-NADP+ reductase; acnB, aconitate hydratase 2; SDHD, succinate dehydrogenase membrane anchor subunit; MDH2, malate dehydrogenase; chlH, magnesium chelatase subunit H; rpsA, small subunit ribosomal protein S1; PSME3, proteasome activator subunit 3. Letters in parentheses next to the protein symbol indicate KEGG pathways: PS, Photosynthesis metabolism; TCA, TCA Cycle; N, Chl, Porphyrin and chlorophyll metabolism; RP, Ribosomal protein; P, Proteasome.


As expected, morning was characterized by enrichments in photosynthesis-related pathways. At dawn (06:00 HST), “Photosynthesis” and “Carbon fixation” pathways were enriched for diel oscillating gene families in phototrophs, including those with mixotrophic capabilities, with “Photosynthesis” the most frequently enriched pathway. A majority of gene families in the “Photosynthesis” pathway displayed peak transcript abundances at dawn (Figure 4A). At 10:00, “Porphyrin and chlorophyll metabolism” was the only pathway enriched in photosynthetic and mixotrophic lineages. The paucity of enrichments at 10:00 was consistent with the observed minimum in transcript peak across most environmental genera (Supplementary Figures 6, 7). One of the few whole pathway enrichments observed in dinoflagellate lineages was “Photosynthesis” in Alexandrium (Supplementary Data Sheet 5) at 10:00. Within the phagocytic taxa, Strombidium displayed significant enrichments in the “Ribosome” pathway at dawn (Figure 4A), similar to those seen in the sea squirt Oikopleura (Supplementary Data Sheet 5).

Later in the day, organisms shifted to protein processing and respiration-based pathways. The “Proteasome,” “Protein processing in endoplasmic reticulum,” and “TCA cycle” pathways were enriched at 14:00, with the latter pathway enriched in five haptophyte genera (Figure 4A and Supplementary Data Sheet 5). The haptophyte and ochrophyte genera had transcript abundance peaks in “Proteasome”-associated gene families in the afternoon (Figure 4A) whereas Amoebophyra and Strombidium displayed transcript abundance peaks in “TCA cycle”-associated gene families at this time point. By dusk (18:00), pathways involved in energy-yielding processes became transcriptionally prominent and included enrichments in “Oxidative phosphorylation” and additional enrichments in the TCA cycle. At this time the greatest number of pathway enrichments was detected, although the timing of transcript abundance peaks for individual gene families varied across genera. The ochrophytes displayed peaks in transcript abundance for individual TCA-associated gene families throughout the day, while the haptophytes also displayed peaks for TCA-associated genes before and at dawn (Figure 4A). “Oxidative phosphorylation” peak times also occurred across other time points in ochrophytes, but primarily between dusk to dawn in Prymnesium and Phaeocystis, afternoon in Amoebophrya, and before noon in Strombidium (Figure 4A).

The night timepoints (22:00 and 02:00) were characterized by enrichments in “Circadian entrainment,” “Oxidative phosphorylation,” and “Ribosome” pathways in most of the nine genera. Pelagococcus did not display enrichment in Circadian entrainment at any time point, was enriched in “Oxidative phosphorylation” during the day rather than at night and was enriched in the “Ribosome” pathway at the 02:00 time point.

Additional pathways were enriched in specific genera (Supplementary Data Sheet 5). The greatest number of pathway enrichments at the genus level was found in the haptophyte Prymnesium (16), followed by other haptophytes and ochrophyte genera (38 and 17 pathway-time enrichments in total, respectively). “Fatty acid biosynthesis” and “Fatty acid degradation” were enriched in a subset of the genus-level analyses. For example, biosynthesis of unsaturated fatty acids was enriched in the ciliate Strombidium at 10:00 (Supplementary Data Sheet 5), alluding to a build-up of energy storage reserves during the day. Enrichment of the “Thermogenesis” pathway in several genera (Phaeocystis, Prymnesium, and Dictyocha) was driven by peaks in transcripts encoding mitochondrial-targeted proteins. In addition, a subset of enriched pathways at this time point is characterized as Human Diseases in KEGG; these pathways contain ubiquitous gene families such as calmodulin, calcium channels, cytochrome oxidase, ATPase, and some components of the TCA cycle (Supplementary Data Sheet 5).

Five pathway enrichments were detected in Dinoflagellate genera with the most in Amoebophrya (“TCA cycle” and “Oxidative phosphorylation” were both enriched at 14:00); the other dinoflagellates had either one or no enrichments. The choanoflagellate genus Acanthoeca had few significant peak times in the most commonly enriched diel pathways (Figure 4A), even though nearly 16% of Acanthoeca gene families displayed diel oscillations in transcript abundances, a value comparable to Prymnesium (18%) (Figure 3A and Supplementary Data Sheets 3, 5). The only significant enrichment attributed to Acanthoeca was the disease pathway “Amoebiasis,” at 02:00.

The striking similarity in the overall patterns of the representative ochrophyte and haptophyte genera (Figure 4A) prompted an examination of transcription abundances for select gene families across the diel cycle, including those involved in “Photosynthesis” and “Chlorophyll metabolism,” the “TCA cycle,” “Ribosome,” and “Proteasome” pathways (Figure 4B). We focused on those gene families with transcript abundances that oscillated over the diel cycle and were detected in at least three genera from the representative ochrophytes (Dictyocha, Florenciella, and Pelagococcus) or haptophytes (Phaeocystis and Prymnesium). Each of the photosynthesis gene family transcript abundance patterns was remarkably consistent across genera. In general, transcript abundance was highest at dawn with a decline through the day culminating in a dusk minimum. Gene family transcripts in the TCA cycle pathway were also tightly correlated with an inverse transcriptional pattern to photosynthesis-related transcripts, with sharp peaks at the dusk time point and 02:00 or 06:00 minima. Two gene families involved in either protein synthesis (small subunit ribosomal protein S1, rpsA) or protein degradation (proteasome activator subunit 3, PSME3) had generally opposing phases, with rpsA transcripts at higher abundances in the dark until dusk and PSME3 transcripts with higher daytime abundances. These results suggested that the ochrophyte and haptophyte phytoplankton lineages maintained similar diel regulation of genes within these pathways.

To identify potentially distinguishing features of the major phytoplankton lineages, we further examined pathway enrichments at the class level corresponding to Haptophyceae, Dictyophyceae, Pelagophyceae, and Dinophyceae (Table 4). These four classes are inclusive of 6, 23, 1, and 3 of the 48 genera meeting cutoff criteria, respectively. A total of 45 KEGG pathway enrichments over the diel cycle were detected for Haptophyceae; Dictyophyceae and Pelagophyceae displayed both lower overall numbers of KOfams and sequence coverage with detection of 21 and 13 enrichments, respectively. Few diel enrichments were detected within Dinophyceae.


TABLE 4. KEGG pathway enrichment analysis at the class level.
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[image: Table 4]These analyses uncovered a number of distinguishing features of specific groups (Table 4). Specific enrichment of “Fructose and mannose metabolism” pathways in Haptophyceae may reflect an enhanced sensitivity for detecting enrichments in this well-covered class of organisms as this pathway is directly linked to glycolysis. The specific enrichment in “Pyruvate metabolism” in Dictyophyceae may reflect a similar routing of fixed carbon toward lipids. Haptophyceae was also specifically enriched at dawn in multiple amino acid metabolic pathways (“Alanine aspartate and glutamate metabolism,” “Phenylalanine, tyrosine and tryptophan biosynthesis,” and “Cysteine and methionine metabolism”) as well as “Biotin metabolism.” Other pathways with significant temporal enrichment only in Haptophyceae include “Aldosterone synthesis and secretion”; “Cellular senescence pathway”; “Valine, leucine, and isoleucine biosynthesis”; and “Protein export” pathways.

The Dictyophyceae specifically displayed dawn enrichments in both “Sulfur metabolism” and “Glycine, serine and threonine metabolism,” two pathways linked via the metabolite homoserine (Supplementary Figures 8, 9). Dictyophyceae also had a unique enrichment in the “Photosynthesis—antenna proteins” pathway. The morning-peaking gene families in the sulfur metabolism pathway form the majority of complete sulfate assimilation pathways in Dictyophyceae. Specific enrichment of “Antigen processing and presentation” and “Cardiac muscle contraction” pathways in the afternoon and at dusk, respectively, may reflect enrichments in general ATPase and transport functions. Enrichments identified only in Pelagophyceae were limited to “Olfactory transduction” and “Melanogenesis,” both at 22:00. Surprisingly, the Dinophyceae were enriched in “Carbon fixation in photosynthetic organisms” and “Photosynthesis” pathways during the night, whereas all other classes were enriched in these pathways in the early morning. Dinophyceae also specifically displayed enrichment in the “Lysosome” pathway at dusk (18:00), suggesting a dominant signal from heterotrophic or mixotrophic dinoflagellates, with nighttime partitioning of gene transcription likely associated with digestion of engulfed prey (Supplementary Figure 10). We note that aside from the “Drug metabolism” pathway, all enrichments identified in Dinophyceae are organelle localized (plastid or lysosome).



DISCUSSION

Microbial eukaryotes perform vital functions in the NPSG ecosystem, including phototrophy, heterotrophy, mixotrophy, and parasitism. The generation of time-, function-, and taxonomy-resolved environmental transcriptome bins in this study produced insights about community composition and abundance, the connection between transcriptome composition and trophic state, the degree of diel regulation utilized by these environmental taxa, and the timing of functional processes throughout the diel cycle. Because of the high amount of functional, temporal, and taxonomic resolution provided by the annotated metatranscriptomes, we have utilized an analytical hierarchy in this study: we begin with broad survey of all environmental bins, then narrow our global functional analysis to the most complete environmental genera, and further focus our examination of metabolism to abundant representative genera and prominent pathways. This includes the smaller sized genera (<7 μm diameter) that make significant contributions to daily productivity in the mixed layer of the NPSG (Freitas et al., 2020). Although there may be subtle variations in environmental factors contributing to the transcriptional differences between genera, our assumption is that diel cycles are the critical driver of microbial life in the NPSG, and we have constrained the majority of our statistical analysis to diel periodicity of gene families and the timing of pathways.

The environmental genera in this study can be roughly categorized as having either high, intermediate, or low levels of diel transcriptional regulation. The haptophyte Phaeocystis has the singular distinction of having the highest proportion of diel gene families. Although Phaeocystis was not the only pure phototroph captured by our study, it was the most abundant obligate phototroph among the complete genera bins, as such it is difficult to conclude from this study alone whether similarly high levels of diel regulation are a common phototroph strategy. Furthermore, though we chose to constrain our analysis to the genus-level or higher, there may be strain-level differences in diel regulation magnitude throughout the cosmopolitan Phaeocystis.

Organisms of comparable sequencing depth and completeness show similar levels of diel regulation in the “intermediate” range (∼12–22% of gene families being diel-oscillating) despite differences in their trophic state and evolutionary lineage. This includes non-dinoflagellate mixotrophic genera (including the haptophytes Prymnesium and Chrysochromulina, the dictyophyte Florenciella, and the non-constitutive mixotrophic ciliate Strombidium), the representative copepod genus Lepeophtheirus, and the choanoflagellate genus Acanthoeca. Diel transcriptome structuring in these genera may reflect physiological attunement to the diel cycle; in copepods, the high diel periodicity could be linked to diel vertical migration, but also reflects confounding issues from sub-group migration in and out of the mixed layer over diel cycles. The repeated observation of an “intermediate” level of diel regulation across disparate trophic modes and evolutionary lineages suggests that transcript synchronization to diel cycles is a common and advantageous strategy in the NPSG.

The “low” range of diel transcriptomes bin regulation (∼8% or less of gene families) is predominantly occupied by dinoflagellates, including mixotrophic and heterotrophic genera. The low degree of regulation in in dinoflagellates is consistent with studies showing a relatively dampened transcriptional response to environmental stimuli (Lin, 2011). Other strictly heterotrophic genera also had a low fraction of diel-regulated gene families, including the metazoan (animal) groups aside from Lepeophtheirus and heterotrophic protists other than Acanthoeca.

The coordination of protists to the diel period is also apparent in the distribution of diel transcript peak times. The highest proportions of transcript peak times occur at dusk, followed by dawn, underscoring the considerable metabolic re-arrangement of cells between light and dark periods. This has been observed previously in laboratory cultures: in the diatom Thalassiosira pseudonana, more gene transcript abundances peaked at dusk rather than dawn (Ashworth et al., 2013). The relative lack of gene family peak times at 10:00 HST, in particular, could be attributed to photo-protective purposes, minimizing transcription before the noon irradiation peak. This mid-morning minimum is also seen in prokaryotes: an earlier metatranscriptome study of the NPSG noted that the transcriptional minimum occurred closer to noon in contrast to MED4 culture transcriptomes (Ottesen et al., 2014). This “mid-day depression” could be a response to the detrimental effect of high UV radiation at mid-day in the surface layer and has been attributed to reduced growth, reduced DNA synthesis, and photochemical quenching in the picoplankton of the equatorial Pacific (Vaulot and Marie, 1999). The mid-day depression in transcription could also play a role in anti-viral defense, in that it restricts the replication of viral transcripts that are themselves tightly coordinated to diel cycles (Waldbauer et al., 2012).

Functional analysis of diel-regulated gene families allowed us to infer how protist lineages allocate transcriptional resources to functional processes over the diel cycle. Some metabolic features of phototrophs appear to be common strategies, such as dawn peaks in photosynthesis and energy storage pathways, and up-regulation of DNA synthesis and cell cycle elements at dusk. This strategy has been observed in diatoms and haptophytes previously. In the diatom T. pseudonana, genes encoding cell division, DNA replication and repair, carbon metabolism, and oxidative phosphorylation enzymes are highly expressed at dusk, while at dawn transcripts involved in Photosynthesis, Carbon fixation, and Ribosomes were higher (Ashworth et al., 2013); this general phototrophic strategy was also observed in metatranscripts from the calcifying haptophyte E. huxleyi (Hernández et al., 2020). Transcriptional evidence for the cycling of carbon is consistent with in situ field measurements of triacylglycerol in the NPSG that show increasing concentrations in cellular biomass through the day and decreases after nightfall (Becker et al., 2018). In particular, the striking similarity in transcriptional patterns between haptophytes and ochrophytes, both members of the Chromealveolate supergroup that separated an estimated 1 billion years ago (Yoon et al., 2004), implies selective pressure to conserve diel regulation of key cellular processes.

Taxa-specific metabolic features may be important in understanding the fate of carbon in the surface layer as a function of community composition. At the class-level, the haptophytes (Haptophyceae) constitute a “best case scenario” for diel pathway enrichments, as a combination of high diel regulation and population abundance contribute to sufficiently deep sequencing of haptophyte transcripts. The coordination of protein biosynthesis and turnover pathways to the diel cycle in haptophytes highlights the importance of these processes in diel cycles. The focused peaks of these pathway peaks in the afternoon suggests a large-scale proteomic remodeling prior to the evening metabolic switch, possibly involving the tagging and degradation of photosynthesis-related proteins in the dark hours when they are no longer useful. Intensive recycling of the proteome in the N-limited gyre could be an advantageous strategy to alleviate nitrogen stress, allowing nitrogen to be recycled between alternating proteomic regimes in a manner similar to the “hot-bunking” of iron atoms between anti-phase metalloenzymes in Crocosphaera (Saito et al., 2011). The functional pathway enrichments specific to dictyophytes, such as “Sulfur metabolism”; “Pyruvate metabolism”; and “Glycine, serine, and threonine metabolism” are evidence of additional lineage-specific temporal partitioning of metabolic processes. The “Sulfur metabolism” pathway includes sulfate assimilation, which is dominated by morning transcriptional peaks in this group. The connection of the “Sulfur metabolism” pathway to “Glycine, serine, and threonine Metabolism” through the metabolite homoserine highlights important connections between diel-enriched metabolic features. Many protists participate in diel cycling of sulfonated compounds (Durham et al., 2019), and these results hint at a possibly unexplored role of dictyophytes in sulfur cycling in the oceans. Future studies into the apparent metabolic differences between major protist lineages would benefit from metabolite- or protein-level data and fine-scale targeted investigation of specific metabolic pathways.

This study lends new perspective into dinoflagellate genetic regulation, which has significantly diverged from the transcriptional-level control utilized by most other eukaryotic lineages. The low proportion of diel gene families in dinoflagellate taxonomic bins is consistent with other studies showing a loss of transcriptional regulation in dinoflagellates (Kojima et al., 2011; Lin, 2011). The presence of 5′ spliced leaders, a transcript modification observed extensively in all major dinoflagellate orders, is a dinoflagellate adaptation that has been invoked as an alternative mechanism of gene regulation (Zhang et al., 2007). As expected from their low level of diel regulation, the dinoflagellates did not return many significant pathway enrichments at any phylogenetic level of investigation. The few enriched dinoflagellate pathways are intriguing, as they contrast the generally minimum transcriptional regulation in dinoflagellates. At the class level, we observed organelle-targeted enrichments in three pathways (“Photosynthesis,” “Carbon fixation,” and “Lysosome”), and it would be interesting to investigate whether the gene families involved use 5′ spliced leaders in a similar manner as cytosolic transcripts. Along with the enrichments, we found the timing of the “Photosynthesis” and “Carbon fixation” pathways (evening) to be surprising, as all other photosynthetic groups maintained these pathways with predominantly morning (06:00) peaks. Proteomic studies have been helpful in describing the altered function of environmental dinoflagellates across spatial gradients (Cohen et al., 2021) and future proteomic studies of dinoflagellates with diel temporal resolution would be useful in determining the translational offset of dinoflagellate proteins from their transcript peaks over these cycles. Within the dinoflagellates, the notable outlier was Syndiniales (represented here by genus Amoebophyra), an order of obligate parasitoids that infect dinoflagellates and other marine organisms (Guillou et al., 2008). This lineage branched off from other dinoflagellates early in their evolution, before the transcriptional adaptations that characterize more-derived dinoflagellates. Conservation of diel periodicity in Amoebophyra may provide hints into the ancestral transcriptional regulation of dinoflagellates that appear to have lost the course of their evolutionary history in most other genera.

The proportion of taxonomy and function-calling for the assembled contigs in our dataset is comparable to the Tara Oceans Initiative eukaryotic gene catalog, which assigned about 25% of putative coding frames a functional annotation (Pfam) and about ∼50% of the contigs a taxonomy at any level (Carradec et al., 2018). Despite some differences in our reference databases and separate functional databases, we see nearly identical annotation results in our data, with 54 and 25.7% of contigs receiving confident taxonomical and functional (KEGG Orthology) annotations, respectively. Much remains to be discovered in the “microbial dark matter” of sequence data that has no match to extant taxonomic or functional databases. As novel organisms continue to be sequenced and functional annotation databases are expanded in the future, the annotation of the raw transcript data generated by this study can continue to be improved and exploited to gain further scientific insight. Regardless, the thousands of currently catalogd gene family profiles provide us rich detail into the presence and timing of known metabolic pathways.

This study reveals the diel transcriptional dynamics of eukaryotic protists in the surface layers of the NPSG, elucidating common patterns and striking differences in the transcriptional phenotypes of the most abundant protists in the surface community. Taking all of these results in aggregate, a picture emerges of a eukaryotic community tightly orchestrated to the daily rhythms of sunlight, with phototrophic organisms structuring their transcriptomes around the clock to harness and store solar energy during the day, and to replicate, divide, and possibly exchange signaling molecules at night. Mixotrophs are abundant and vital members of the protist community, and employ most of the core metabolic strategies as phototrophs. Understanding the most prevalent metabolic strategies employed by microbial eukaryotes in conjunction with the differences that distinguish them is critical to furthering our understanding of how carbon, nutrients, and energy flow through the surface ocean ecosystem.
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Supplementary Figure 1 | Sequence length distribution of ∼25 million quality-controlled Trinity-assembled contigs. Contigs less than 1,000 nucleotides in length are shown; approximately 482,000 contigs (1.9% of total) are longer than 1,000 nucleotides and range from 1,001 to 18,833 nucleotides.

Supplementary Figure 2 | Taxonomic assignments by primary Linnean ranks. Assignments totaling less than 2.5% of total placements for each rank are aggregated into “Other.” Not all taxa have higher-level rank assignments in the NCBI taxonomy; phylum and class rank assignments do not exist for many lineages and were not manually assigned.

Supplementary Figure 3 | Frequency of unique KEGG ontologies (KOs) in eukaryotic MarineRefII reference taxa. x-axis: number of unique KOs found in each taxa after mapping to KEGG’s KOfam library of HMMer profiles. y-axis: frequency of occurrence. Dashed vertical line: minimum threshold of 900 KOs required for determination of “core KOs” present in >95% of reference taxa.

Supplementary Figure 4 | E-value distributions for DIAMOND taxonomy assignments for environmental genera bins. Counts include assignments directly at the genus level and lower nodes (e.g., species under a genus).

Supplementary Figure 5 | Non-metric multidimensional scaling (NMDS) ordination of Bray-Curtis from row-normalized KOfam counts. NMDS ordination performed independently on gene families belonging to each of 48 environmental genera that met completeness criteria. Mean stress of 48 NMDS = 0.127 ± 0.028 stdev.

Supplementary Figure 6 | Gene family transcript peak times for 48 protist genera across the diel cycle. Gene families are significantly periodic with an FDR < 0.05. x-axis: clock hour in 24-h day. y-axis: percentage of significantly diel KOs with a peak at this time.

Supplementary Figure 7 | Normalized abundance heat map of significantly periodic gene families from 48 protist genera. Yellow and gray bars denote light (06:00, 10:00, and 14:00 HST) and dark (18:00, 22:00, and 02:00 HST) periods, respectively. Each row corresponds to a gene family, ordered by hierarchical clustering of abundance patterns. Color corresponds to row-normalized abundance values for each gene family. Colored dot by genus name corresponds to Lineage from Figure 3A. The order and presence of gene families is not maintained between facets.

Supplementary Figure 8 | Peak times for sulfur metabolism transcripts in dictyophytes. Most enzymes in this pathway peak at dawn, including the sulfate to sulfite component of assimilatory sulfate reduction. Metabolic maps were generated using KEGG Color Mapper (https://www.kegg.jp/kegg/mapper/color.html). Enzymes with significant periodicity are colored according to their peak time as determined through RAIN analysis of transcript abundance. Warm colors indicate peaks in dawn/daylight hours: yellow, 06:00 HST; orange, 10:00; red, 14:00. Cool colors indicate peaks in dusk/night hours: purple, 18:00 HST; blue, 22:00; green, 02:00.

Supplementary Figure 9 | Peak times for glycine, serine, and threonine metabolism transcripts in dictyophytes. Dictyophytes maintain peak times for most of the enzymes in this pathway throughout daylight hours. Metabolic maps were generated using KEGG Color Mapper (https://www.kegg.jp/kegg/mapper/color.html). Enzymes with significant periodicity are colored according to their peak time as determined through RAIN analysis of transcript abundance. Warm colors indicate peaks in dawn/daylight hours: yellow, 06:00 HST; orange, 10:00; red, 14:00. Cool colors indicate peaks in dusk/night hours: purple, 18:00 HST; blue, 22:00; green, 02:00.

Supplementary Figure 10 | Peak times for lysosome transcripts in dinoflagellates. Most periodic lysosomal enzymes have peaks in the afternoon (14:00), dusk (18:00), and early evening (22:00). Metabolic maps were generated using KEGG Color Mapper (https://www.kegg.jp/kegg/mapper/color.html). Enzymes with significant periodicity are colored according to their peak time as determined through RAIN analysis of transcript abundance. Warm colors indicate peaks in dawn/daylight hours: yellow, 06:00 HST; orange, 10:00; red, 14:00. Cool colors indicate peaks in dusk/night hours: purple, 18:00 HST; blue, 22:00; green, 02:00.
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Class Peak (HST) KEGG pathway

Haptophyceae

06:00 Carbon fixation, photosynthesis, fatty acid
biosynthesis, glycolysis/gluconeogenesis,
pentose phosphate pathway, phenylalanine
tyrosine and tryptophan biosynthesis,
cysteine and methionine metabolism,
alanine aspartate and glutamate
metabolism, biotin metabolism, tropane
piperidine and pyridine alkaloid
biosynthesis, fructose and mannose
metabolism

10:00 Porphyrin and chlorophyll metabolism

14:00 Protein processing in ER, proteasome, RNA
transport, spliceosome

18:00 Spliceosome, DNA replication, TCA cycle,
oxidative phosphorylation, cell cycle, Synaptic
vesicle cycle, nucleotide excision repair,
ribosome, meiosis, fatty acid degradation,
mismatch repair, thermogenesis,
dopaminergic synapse

22:00 Calcium signaling pathway, cAMP
signaling pathway, thermogenesis, Fc
epsilon RI signaling pathway, circadian
entrainment, natural killer cell mediated
cytotoxicity, oxytocin signaling pathway, renin
secretion, aldosterone synthesis and
secretion, phospholipase D signaling
pathway, MAPK signaling pathway

02:00 Valine leucine and isoleucine biosynthesis,
protein export

Dictyochophyceae

06:00 Carbon fixation, glycolysis/gluconeogenesis,
photosynthesis, glycine serine and threonine
metabolism, pentose phosphate pathway,
sulfur metabolism, pyruvate metabolism,
bacterial secretion system

10:00 Porphyrin and chlorophyll metabolism,
proteasome, photosynthesis, photosynthesis
- antenna proteins

14:00 Protein processing in ER, antigen processing
and presentation

18:00 TCA cycle, cardiac muscle contraction,
thermogenesis, oxidative phosphorylation

22:00 Ribosome, salivary secretion, NOD-like
receptor signaling pathway

02:00 No enriched pathways at FDR < 0.05
Pelagophyceae

06:00 Carbon fixation, photosynthesis, fatty acid
biosynthesis,

10:00 Porphyrin and chlorophyll metabolism
14:00 Protein processing in ER
18:00 Ribosome, proteasome, TCA cycle

22:00 Dopaminergic synapse, olfactory
transduction, oxytocin signaling pathway,
melanogenesis, circadian entrainment

02:00 No enriched pathways at FDR < 0.05
Dinophyceae

06:00 No enriched pathways at FDR < 0.05

10:00 No enriched pathways at FDR < 0.05
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14:00 Drug metabolism - other enzymes

18:00 Carbon fixation, lysosome

22:00 Synaptic vesicle cycle, collecting duct acid
secretion, oxidative phosphorylation,
photosynthesis

02:00 Carbon fixation

Bold, pathways specific to each class. ltalics denote representative pathways
plotted in Figure 4A. Human Disease pathways not shown. Pathways for each
time per taxa are listed by decreasing significance order (FDR < 0.05).
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Sequence data Count Type

Merged read pairs 2,426,923,906 Nt
Raw contigs 52,489,585 Nt
QCed contigs (transrate) 31,284,431 Nt
Translated, clustered contigs 30,015,008 Aa
Contigs w/any taxonomy 16,061,543 Aa
Contigs w/any KEGG function 7,707,191 Aa
Genus-level taxonomy 5,181,384 Aa
Genus-level w/KEGG function 1,390,232 Aa

Volume of sequence data by short reads, assembled contigs, and annotated
contigs. Type refers to nucleotide (“nt”) or translated amino acid (“aa”) sequence.
Genus-level taxonomy and functional counts include contigs assigned to nested
daughter taxonomies.
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Genus Order
Prymnesium Prymnesiales
Phaeocystis Phaeocystales
Florenciella Florenciellales
Dictyocha Dictyochales
Pelagococcus Pelagomonadales
Karlodinium Gymnodiniales
Amoebophrya Syndiniales
Acanthoeca Acanthoecida
Strombidium Oligotrichida

Class

Haptophyta
Haptophyta
Ochrophyta
Ochrophyta
Ochrophyta
Dinophyceae
Dinophyceae
Choanoflagellata
Spirotrichea

Putative trophic mode

Mixotrophic
Phototrophic
Mixotrophic
Photo- or mixotrophic
Phototrophic
Mixotrophic
Parasitic
Heterotrophic
Hetero- or mixotrophic

References

Faure et al., 2019
Rousseau et al., 2007
Quéguiner, 2016; Li et al., 2021
Quéguiner, 2016
Lewinetal., 1977
Faure et al., 2019
Guillou et al., 2008

Faure et al., 2019

Taxonomic levels are from the NCBI taxonomic framework.
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Class/genus Peak (HST) KEGG pathway

Haptophyceae
Prymnesium 06:00 Carbon fixation, glycolysis/gluconeogenesis,
photosynthesis, pentose phosphate pathway
14:00 Proteasome, protein processing in ER, antigen
processing and presentation
18:00 TCA cycle, oxidative phosphorylation,
thermogenesis
22:00 Circadian entrainment
02:00 Ribosome
Phaeocystis 06:00 Photosynthesis, carbon fixation
14:00 Protein processing in ER
18:00 TCA cycle, proteasome, thermogenesis
02:00 Lysosome
Dictyochophyceae
Dictyocha 06:00 Photosynthesis, carbon fixation,
glycolysis/gluconeogenesis
18:00 Thermogenesis
22:00 Ribosome
Florenciella - No enriched pathways at FDR < 0.05
Pelagococcus 18:00 Fatty acid degradation

02:00 Ribosome
Dinophyceae

Karlodinium - No enriched pathways at FDR < 0.05
Amoebophrya 14:00 TCA cycle, oxidative phosphorylation
Spirotrichea
Strombidium 06:00 Ribosome

10:00 Biosynthesis of unsaturated fatty acids

14:00 Carbon fixation, TCA cycle, glyoxylate and
dicarboxylate metabolism

Choanoflagellata
Acanthoeca 02:00 Amoebiasis

Italics denote representative pathways plotted in Figure 4A. Human Disease
pathways not shown.
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Region Station PANGAEA Water Lat(°N) Lon (°E) Depth Temp Sal Chla NOj3 (umol ANOj3; (wmol POg4 (umol APO4 (wmol N:P NH4 (wmol ANH4 (wmol SiO3 (wmol ASiOg Diatoms Phaeocystis

EventID  layer (m) (°C) (ng L) L) L) L) L1y L) L) L) (wmol L=7)  (pennate spp.
and
centric)
EGC EG1 PS99/051-2  SUR 7899 542 13 -1.51 33.17 1.66 3.75+0.01 3.55+0.01 0.46+0.00 0.13 + 0.00 8.15 0+ 0.00 0.00 450+ 0.00 0.14 +£0.02 148 163
EGC EG1 PS99/051-2 EP 7899 542 00 —1.11  34.23 8.44 +£0.04 0.63 + 0.00 3.40 0+ 0.01 4.04 + 0.00
EGC EG1 PS99/051-2 MES 7899 542 971 —0.14  34.89 2.62 +£0.03 0.85 + 0.00 4.85 0+ 0.038 7.00 £ 0.04
EGC EG4 PS99/048-11 SUR 7882 -2.73 24 —1.17 34.48 162 4.92+0.02 6.34 £0.01 0.50+0.00 0.35=+ 0.00 9.84 0+0.02 0.08+0.01 244+0.14 2.38+0.34 65 13178
EGC EG4 PS99/048-11  EPI 7882 -2.73 00 3.86 35.05 0.97 +£0.07 0.81 + 0.00 3.54 0+ 0.02 4.83+0.17
EGC EG4 PS99/048-1 MES 78.82 —-2.73 1000 -0.24 34.91 3.77 £0.04 0.94 + 0.02 4.65 0+ 0.01 7.10+ 0.01
EGC EG4  PS99/048-1 BAT 7882 —2.73 2527 -0.76 34.91 4.97 +£0.09 1.06 + 0.01 412 + 0.01 12.07 £ 0.19
N N3 PS99/054-1  SUR 79.58 517 34 3.28 34.40 095 8.09+0.06 523+0.01 0.72+0.00 0.31 £ 0.00 1.24 1.29 + 0.00 0.00 3.19+0.05 1.02 +£0.03
N N3 PS99/054-1 EP 79.58 517 00 4.25 35.10 0.11 £0.04 0.78 + 0.00 2.96 0.47 £ 0.01 3.29+ 0.04
N N3 PS99/054-1  MES 79.58 517 000 -0.33 34.10 3.51 £0.02 1.05 + 0.00 2.87 0+ 0.00 7.25 + 0.00
N N3 PS99/054-1 BAT 79.58 517 2500 —0.72 34.92 4.81 +£0.05 1.09 + 0.00 3.59 + 0.00 0.74 £ 0.03
N N4 PS99/055-1  SUR 79.74 4.51 22 2.66 33.99 221 3.33+0.01 6.80+0.01 0.53+0.01 0.49 + 0.01 6.28 0.29 +0.03 0.00 1.65+ 0.00 2.06 + 0.01 119 4047
N N4 PS99/055-1 EP 79.74 4.51 00 3.94 35.08 0.64 £+ 0.00 1.00 + 0.03 0.64 0.42 +£0.01 3.90 + 0.00
N N4 PS99/055-7 MES 79.74 4.51 000 —-0.41 3491 3.96 + 0.08 0.92 + 0.00 5717 0+ 0.01 9.07 £ 0.19
N N4 PS99/065-7  BAT 79.74 4.51 2500 —0.74 34.92 4.47 +£0.02 0.86 + 0.00 6.83 0+ 0.00 1.24 +0.14
N N5 PS99/063-2 SUR 79.92 3.06 19 0.75 33.59 7.40 0.97 £0.01 821+0.01 0.51+0.04 0.66+0.02 1.90 0+0.04 1.56+0.01 0.71+£0.01 2.34 +0.04 14 9401
N N5 PS99/053-2 EP 79.92 3.06 100 4.27 35.10 0.05 +£0.05 1.10 + 0.06 9.14 0.42 +£0.01 3.22 0.08
N N5 PS99/0563-2 MES 79.92 3.06 000 -0.283 34.91 3.04 £0.12 1.34 + 0.01 9.73 0+ 0.00 6.50 + 0.02
N N5 PS99/063-2  BAT 79.92 3.06 2427  —-0.74 34.92 4.29 +0.04 1.69 + 0.00 8.99 0+ 0.01 0.79 + 0.01
WSC HG1 PS99/066-2 SUR 79.14 6.09 17 6.27 35.33 3.42
WSC HG1 PS99/066-5 EP 79.14 6.09 100 4.38 35.09
WSC HG1 PS99/066-5 MES 79.14 6.09 500 1.46 34.95
WSC HG1 PS99/066-5 BAT 79.14 6.09 12563 -0.81 34.91
WSC HG2 PS99/057- SUR 79.13 4.91 22 2.30 34.90 223 6.15+0.01 530+0.01 0.89+0.00 0.55+0.02 6.91 0.94 £+ 0.00 0.00 2.74+£0.02 1.36 +£0.05
WSC HG2 PS99/057- EP 79.13 4.91 100 3.60 35.04 0.84 +£0.01 1.30 +£ 0.01 8.34 0+ 0.0 3.88+ 0.11
WSC HG2 PS99/057- MES 79.13 4.91 1000 -0.58 34.91 415 +0.09 1.69 + 0.01 8.37 0+ 0.0 9.33 + 0.06
WSC HG2 PS99/057- BAT 79.13 4.91 1492 —-0.81 3491 4.95 +0.02 1.78 £ 0.07 8.40 0+ 0.00 12.35+ 0.02
WSC HG4 PS99/042-11 SUR 79.07 419 28 0.41 34.44 354 579+0.04 6.42+0.04 0.66+0.02 0.41+0.02 8.77 0.56 £0.01 0.17 £0.01 2.66+ 0.02 2.11 +0.03 29 4007
WSC HG4 PS99/042-11 EP 79.07 419 00 3.51 35.04 0.88 +£0.07 0.87 + 0.06 2:51 0+0.0 416+ 0.12
WSC HG4  PS99/042- MES 79.06 419 1000 -0.35 34.91 3.71 £0.04 0.96 + 0.01 4.28 0+0.0 7.70 £ 0.02
WSC HG4  PS99/042- BAT 79.06 419 2462 —0.783 34.92 4.67 +£0.05 1.01 + 0.00 4.52 0+ 0.00 11.59 + 0.03
WSC HG5  PS99/044- SUR 79.07 3.66 25 1.74 32.363 4.24 51+0.03 7.08+0.02 0.583+0.00 0.37 + 0.00 9.62 0.50 +£0.02 0.00 3.19+0.01 1.96 + 0.06
WSC HG5  PS99/044- EP 79.07 3.66 00 3.94 35.089 1.26 +£0.03 0.80 + 0.00 4.08 0+0.0 4.75+ 0.0
WSC HG5 PS99/044-1 MES 79.07 3.66 2600 —0.73 34.924
WSC HG5  PS99/044-1 BAT 79.07 3.66 3038 —0.70 34.925
WSC HG7 PS99/046-1 SUR 79.05 3.563 35 3.783 33957 4.46 524+0.01 2.61+0.05 0.51+0.00 0.09+ 0.00 0.27 0.48 £+ 0.00 0.00 2.84+0.20 1.68+0.08
WSC HG7  PS99/046-1 EP 79.05 3.563 00 3.35 35.016 0.35 +£0.04 0.74 + 0.00 3.99 0.09 £+ 0.00 4.21+0.02
WSC HG7 PS99/046-1 MES 79.05 3.563 1005 —0.28 34.908
WSC HG7  PS99/046-1 BAT 79.05 3.563 3772 —0.63 34.924
WSC HG9 PS99/059-2 SUR 79.13 2.84 24 —1.24 35089 190 1.74+0.04 6.58+0.01 0.67+0.00 0.58 +0.13 2.60 0+0.02 0.73+0.21 1.72+0.02 1.96 &+ 0.01
WSC HG9 PS99/059-2 EP 79.13 2.84 100 3.92 35.047 0.97 £0.01 1.12 £ 0.05 9.79 0.47 £0.28 3.70 + 0.03
WSC HG9 PS99/059-2 MES 79.13 2.84 1000 —-0.19 34.897 3.59 +£0.02 117 £ 017 11.62 0.00 £0.17 6.82 + 0.01
WSC HG9 PS99/059-2 BAT 79.13 2.84 2499 -0.72 34.919 5.23 £ 0.01 1.27 £ 0.03 11.99 0.00 £+ 0.00 11.11 £ 0.08

Chl. a, chlorophyll a; EGC, East Greenland current region; N, North region; WSC, West Spitsbergen current region; SUR, surface mixed water; EPI, epipelagic; MES, mesopelagic; BAT, bathypelagic zone, Lat, latitude;
Lon, longitude; Temp, temperature; Sal, salinity.
Diatoms and Phaeocystis spp.
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Amino acids Key enzymes Transporters

Met metC metH =
- +
Ser serC serB ~
+ o
Gly ltaE glyA betT, betS:
- + choline/glycine/proline
betaine transport protein
Ala asdA ALT alanine or glycine cation
s = symporter
Tyr tyrB tyrC -
- +
Phe pheA2 tyrB -
+ -

metC, cysteine-S-conjugate  beta-lyase; metH, 5-methyltetrahydrofolate—
homocysteine methyliransferase; serC, phosphoserine aminotransferase; serB,
phosphoserine phosphatase; Itak, threonine aldolase; glyA, glycine hydrox-
ymethyltransferase; asdA, aspartate 4-decarboxylase; ALT, alanine transaminase;
tyrB, aromatic-amino-acid transaminase;, tyrC, cyclohexadieny/prephenate
dehydrogenase; tyrB, aromatic-amino-acid transaminase; pheA2, prephenate
dehydratase. +, present; —, absent.
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Attributes Relative

Node %0
Average degree 65
Average clustering coefficient 049
Edge 294
Positive edge 151
Negative edge 143
Average path length 302
Modularity 1145

Quantitative

90
230
0.63
1,034
1,005

29
1.98
0.26

Pairwise Spearman correlation coefficients for OTUs with relative abundance >0.1% of
total sequences were calculated using the function corrtest( in the package “psych.”
The p-values were adjusted using the “fdr” method. Only significant correlations (adjusted
p <0.05 and r > 0.6) were used to analyze network attributes via the software Gephi.
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Spring Summer Autumn Winter
Range Mean + SD Range Mean + SD Range Mean + SD Range Mean + SD
T 29 5.50 ~ 11.61 9.00 £ 2.12 18.50 ~ 24.20 21.36 +2.02 7.50 ~14.90 16.47 £0.79 1.90 ~ 5.60 3.76 £ 1.22
S 30.21 ~ 30.74 30.51 +£0.12 26.17 ~ 31.41 29.39+1.78 30.57 ~ 31.37 31.18 £ 0.23 31.32 ~ 31.57 31.52 + 0.06
DIN wM 2.38 ~10.79 6.24 £ 2.63 1.57 ~11.75 4.83 +2.69 0.96 ~ 32.15 10.44 £10.10 2.34 ~7.65 4.88 £1.72
PO,43- wM 0.03~0.23 0.11 £0.07 0.02~0.10 0.04 + 0.02 0.00 ~ 0.05 0.02 + 0.02 0.00 ~ 0.06 0.02 £+ 0.01
Chla g dm=3 0.70~2.70 1.27 £0.55 5.72 ~ 38.74 14.41 £9.74 0.67 ~19.62 6.49 + 6.01 0.42 ~2.88 0.90 + 0.55
SYN Abundance (10° cells cm~3) 0.01 ~ 0.1 0.05 £+ 0.03 21.31 ~ 70.64 33.20 + 11.86 4.58 ~264.18 84.06 + 78.59 0.09 ~ 0.83 0.51 +£0.20
Biomass (ug C dm~3) 0.00 ~ 0.03 0.01 £ 0.01 5.32 ~ 17.66 8.30 +£2.97 1.14 ~ 66.04 21.01 £ 19.65 0.02 ~ 0.21 0.13 £ 0.05
PEUK Abundance (10° cells cm~3) 0.40 ~ 24.51 9.16+£7.78 43.46 ~ 167.72 82.57 + 30.82 2.51 ~244.69 57.42 + 64.63 0.62 ~5.74 1.80 + 1.41
Biomass (ug C dm~2) 0.59 ~ 36.77 13.73 £ 11.67 65.18 ~ 251.59 123.85 + 46.22 3.76 ~ 367.03 86.13 £ 99.94 0.92 ~ 8.60 2.70 £ 2.11
HP Abundance (10° cells cm=9) 7.78 ~20.33 15.43 + 4.06 13.43 ~ 67.89 40.77 £17.43 6.02 ~ 64.30 23.35 + 16.80 1.88 ~ 4.08 3.00 + 0.60
Biomass (ug C dm~2) 15.56 ~ 40.65 30.87 £ 8.12 26.86 ~ 135.77 81.54 + 34.81 12.03 ~ 128.60 46.71 + 33.61 3.77 ~8.16 6.00 &+ 1.20
HNF Abundance (ind. cm~3) 746 ~ 2251 1430 + 376 3251 ~ 35183 10841 + 7886 549 ~ 7111 2298 + 1620 171 ~ 831 418 + 201
Biomass (ug C dm~3) 3.19~10.69 5.26 +£1.76 14.57 ~ 116.19 50.86 + 28.07 1.83 ~33.90 13.75 £ 9.40 0.38 ~2.13 0.94 + 0.41
PNF Abundance (ind. cm~3) 289 ~ 15797 1951 + 3764 3516 ~ 136442 26671 £+ 30415 684 ~ 12782 5647 + 4263 144 ~ 643 333 £ 137
Biomass (ug C dm~2) 3.44 ~ 83.70 20.15 + 19.84 19.42 ~ 512.52 166.08 + 134.38 4.08 ~ 67.85 30.59 + 18.56 0.38 ~ 8.43 248 £2.17
Tintinnids Abundance (ind. dm=2) 0~ 380 95 + 86 15~ 7144 2054 + 2259 127 ~ 1760 602 + 498 0.00 ~ 163 42.01 + 51.06
Biomass (ug C dm~3) 0.00 ~0.76 0.14 £0.17 0.02 ~ 9.1 243+2.82 0.06 ~ 2.45 0.63 + 0.62 0.00 ~ 0.38 0.07 £ 0.10
Total ciliates  Abundance (ind. dm~—2) 500 ~ 61667 12461 + 16542 1174 ~ 42315 9671 + 11483 993 ~ 30038 10061 + 9314 544 ~ 10730 3348 + 2964
Biomass (ug C dm~2) 0.76 ~7.12 3.71£1.72 0.63 ~ 33.09 8.70 +8.23 0.78 ~20.70 7.20 +6.38 0.44 ~ 3.79 1.41 £0.91

DIN, dissolved inorganic nitrogen; SYN, Synechococcus; PEUK, phototrophic picoeukaryotes; HR, heterotrophic prokaryotes, HNF, heterotrophic nanoflagellates; PNF, pigmented nanoflagellates. SD, standard deviation.





OPS/images/back-cover.jpg
Advantages
of publishing
in Frontiers






OPS/images/fgene-12-586293/fgene-12-586293-e004.jpg
I (t) = Amax(sin (1) , 0), (5)





OPS/images/fgene-12-586293/fgene-12-586293-g001.jpg
AT oA R i ot |
L Fixed flux Light + HCO3 —_ Biomass : :". I (storage i
- I i :
] \ Max [ Do m ;
E \,::::1::::::::::\// P o0 0", 0
L FBA \ P {1 G4 aopG  Glvcoeen TN '
i } IUpround| Light + HCO3 B‘°mass : i I',I '.'. E ' ~»{  Blomass E
' | Max 0 ( j /l : : H : i
: \\ _______________ -~ : 'I .' : :
MSSEmESERmsSEansRes AnEeE R R asRRa R R el '. l' : ---------------------------------------- ,‘I
o} H.O
S 2 272 e
b2
r 1
ATP NADPH Acetate
! {  PPP—G1P—ADP-G» ;
i Citrate
i —» RUSP Formate
HCO, > > Glycolate
CBB )/ L-Malate
" Pyruvate
] ++
« Nucleotides
2 Biomass «—Amino acids R
......................................... , v TR -
; ; D
Dynamic FBA ! v Parameter iJC568 iSO595
—— Biomass 1 ; Genes 568 595
m— |ight ! o !
ot I " {Metabolites 680 803
— %, i Reactions 799 995
Time ‘\‘ Exchange 80 99






OPS/images/fgene-12-586293/fgene-12-586293-g002.jpg
Or

Existing metabolic
network B

o,

New reaction
annotation

Q Metabolite
D Reaction






OPS/images/fgene-12-586293/fgene-12-586293-e000.jpg
I(t, 2) = Ip(t)e™ (@ +anX®)e

[¢8)





OPS/images/fgene-12-586293/fgene-12-586293-e001.jpg
ALO =1 0= 1, A2) = (1- & @rteaX0)8:) g





OPS/images/fgene-12-586293/fgene-12-586293-e002.jpg
s (1) =

AI(D) - agwX(8)

ay + ag X()

3)





OPS/images/fgene-12-586293/fgene-12-586293-e003.jpg
o= Lbs (1) - A _ To(6) ddw (1 _ e—wwa“wxmmz) .

X(1) -V Az ay+ ageX(0)
()





OPS/images/fmicb-11-599614/fmicb-11-599614-t002.jpg
Temperature
Salinity

NO,

DRP
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Chia
Bacteria
Envdist
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0.054
0.39%
0.086
0.294
0.353
0.367
-0.102

0.451

0.738

Relative

P

0.283
<0.001
0273
0.002
0.025
0.014
0.719
0.002
<0.001

Quantitative
r p

0034 0346
0.429 <0.001
0.106 0.235
0.322 0.001
0330 0.025
0.291 0.035
—-0.063 0.649
0.463 0.001
0.785 <0.001

Significance tests were set at 9,999 permutations and p-values (<0.05) are in bold. NOy,

Nitrite + Nitrate; DR, dissolved reactive phosphorus; BF, bacterial production; Bacteria,
bacterial abundance; Envdlist, pairwise Euclidean distances of environmental factors;

Geodist, pairwise geographical distances based on Cartesian coordinates generated
from longitude and latitude. Environmental variables were scaled to zero mean and

unit variance.
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Taxonomic structure

Functional structure

R? P R? P
Seasons 0.287 0.001 0.350 0.001
Latitude 0.118 0.012 0.108 0.176
Offshore distances 0.033 0.013 0.040 0.038
Seasons: latitude 0.149 0.002 0.148 0.032
Seasons: offshore distances 0.018 0.147 0.013 0.478
Latitude: offshore distances 0.059 0.837 0.032 0.999
Seasons: latitude: offshore distances 0.070 0.535 0.059 0.893

Data in bold indicate significant correlations (p < 0.05).
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