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Background/Aims

Phaeodactylum tricornutum, a model organism of diatoms, plays a crucial role in Earth’s primary productivity. Investigating its cellular response to grazing pressure is highly significant for the marine ecological environment. Furthermore, the integration of multi-omics approaches has enhanced the understanding of its response mechanism.





Methods

To assess the molecular and cellular responses of P.tricornutum to grazer presence, we conducted transcriptomic, proteomic, and metabolomic analyses, combined with phenotypic data from previous studies. Sequencing data were obtained by Illumina RNA sequencing, TMT Labeled Quantitative Proteomics and Non-targeted Metabolomics, and WGCNA analysis and statistical analysis were performed.





Results

Among the differentially expressed genes, we observed complex expression patterns of the core genes involved in the phenotypic changes of P.tricornutum under grazing pressure across different strains and multi-omics datasets. These core genes primarily regulate the levels of various proteins and fatty acids, as well as the cellular response to diverse signals.





Conclusion

Our research reveals the association of multi-omics in four strains responses to grazing effects in P.tricornutum. Grazing pressure significantly impacted cell growth, fatty acid composition, stress response, and the core genes involved in phenotype transformation.
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1 Introduction

Phytoplankton, particularly marine diatoms, are key contributors to Earth’s primary productivity (Shukla et al., 2023), responsible for about one-fifth of the total. The impact of global climate change intensifies the importance of understanding their response to grazing pressure, crucial for marine ecosystem conservation. Phaeodactylum Tricornutum (Bowler et al., 2008), a model organism for diatoms, showcases a diverse range of responses to various environmental stressors, including nitrogen and phosphorus deprivation and heavy metal ion exposure (Thamatrakoln, 2021). Moreover, it affects the behavior of its predators (Kim et al., 2022), such as copepods, altering their grazing behavior and consequently, the marine food web. The advent of high-throughput sequencing technologies has allowed for a more in-depth exploration of these responses, extending to many omics levels.

P.tricornutum, a pennate diatom with an evolutionary history spanning 90 million years (Sims et al., 2006), displays remarkable plasticity under environmental stressors. In response to nitrogen deprivation, it reorganizes its proteome to facilitate nitrogen removal and minimize lipid degradation, thereby limiting nitrogen use to high-demand pathways (Kang et al., 2023). Phosphorus scarcity triggers cellular changes, increasing polyphosphate production, phosphorus transport, and metalloenzyme production to dissolve organophosphates (Helliwell et al., 2021). The diatom has a defined response to heavy metal ions, where aluminum toxicity targets photosynthesis, inducing increased reactive oxygen species (ROS) and enhancing lipid peroxidation. This effect is mitigated by up-regulated glycolysis and the pentose phosphate pathway, providing the necessary cellular energy and carbon skeletons for growth (Xie et al., 2015).

In the intricate marine food web, the impact of the diatom P.tricornutum on its predators, particularly copepods, stands as a significant ecological dynamic. Grazing-induced signals, stemming from mechanical damage or specific compounds, can alter the morphology, physiology, and life history of P.tricornutum (Zhang et al., 2021). Toxins produced can impact diatoms’ nutritional quality, thus modulating copepods’ grazing behavior (Park et al., 2023). Furthermore, P.tricornutum’s synthesis of aldehydes strategically curtails zooplankton reproduction, effectively regulating predator populations and modulating grazing pressures (Lauritano et al., 2016; Øie et al., 2017; Martino et al., 2019).

High-throughput sequencing technologies have propelled P.tricornutum studies to new depths. Detailed transcriptomic and proteomic analyses under low CO2 conditions have unearthed profound alterations in metabolic pathways, underscoring changes in carbon acquisition, signaling, and nitrogen metabolism (Clement et al., 2017). Particularly under nitrogen limitation, there is an observable upregulation in nitrogen fixation, central carbon metabolism, and the tricarboxylic acid (TCA) cycle, paralleled by lipid rearrangements favoring triglyceride distribution (Remmers et al., 2018). The advent of high-throughput sequencing technologies has provided an unprecedented opportunity to delve deeper into the intricate biological processes at multiple “omics” levels - namely transcriptomics, proteomics, metabolomics, and non-coding RNAs (Clement et al., 2017; Li and Ismar, 2018; Remmers et al., 2018).

Recent investigations have highlighted substantial variations in growth rate, biovolume, and nutritional composition among individual P.tricornutum strains (Li and Ismar, 2018). The sequence replicates of 1055/1 strain corroborates the consistency of these samples. Quantitative simulations and observed shifts in growth rate, biovolume, and nutritional composition have illuminated the effects of copepod grazing pressure on P.tricornutum. However, given the genetic diversity and unique response profiles among different strains, a comprehensive understanding of the differential gene expression mechanisms is imperative. Such insights are critical to grasp the species’ adaptive responses to grazing pressure. Therefore, there is a pressing need for extensive, multi-strain, and multi-omics studies to refine our understanding and unravel the gene regulatory networks that drive growth discrepancies and morphological adaptations.

In this study, our objective is to elucidate the genetic underpinnings that govern the diverse strain-specific responses of P.tricornutum to grazing pressure. By integrating phenotype- associated gene modules with comprehensive transcriptomic, proteomic, and metabolomic datasets, we aspire to decode the intricate molecular mechanisms driving these responses. This endeavor is not merely an exploration of P.tricornutum’s adaptive strategies; it represents a broader initiative to enhance our comprehension of marine ecological interactions. Furthermore, it aims to contribute strategically to the development of informed approaches for mitigating the effects of global environmental changes on these vital ecosystems.




2 Materials and methods



2.1 Cultivation of Phaedactylum tricornutum strains and experimental conditions

Four strains of P.tricornutum (CCAP 1052/1A, CCAP 1052/1B, CCAP 1055/3, CCAP 1055/7) were provided by Génomique, Environnementale et Evolutive Section 3 CNRS UMR8197, Institut de Biologie de l’ENS (IBENS). The setting of culture conditions comes from the paper of Li (Li and Ismar, 2018). The culture medium was prepared using sterile-filtered natural seawater (Minisart High-Flow 0.1μm syringe filter; Sartorius Stedim Biotech GmbH, Goettingen, Germany), fortified with macronutrients and micronutrients in accordance with a modified Provasoli medium. P.tricornutum cultures were incubated at 18°C under constant illumination of 100 μmol photons·m-2·s-1, following a 12:12 h light-dark cycle with 2 hours of simulated sunrise and sunset periods.




2.2 Experimental design

The design of grazing experiments followed the protocol presented in Li (Li and Ismar, 2018). The grazing pressure was applied using over 2000 Acartia tonsa individuals, fed with 1×107P.tricornutum cells daily in 25 L seawater. Acartia were maintained in a double-bucket system, with a 100 μm mesh sieve replacing the bottom of the inner bucket (Supplementary Figure 1). Daily, seawater in the outer bucket was replaced and Acartia faeces and eggs were removed. Grazing treatment replicates were generated by filtering Acartia’s culture medium using a 0.1 μm syringe filter and adding it to P.tricornutum cultures. Control groups were provides with the same volume of sterile-filtered seawater, maintaining the nutrient ratio of the original medium used for P.tricornutum cultivation.

Batch culture experiments were conducted for each P.tricornutum strain under two treatments (control and grazing). The 4 strains, under distinct conditions, were grouped into 8 sample sets: pt52_A_c (CCAP 1052/1A strain control group), pt52_A_g (CCAP 1052/1A strain grazing group), pt52_B_c (CCAP 1052/1B strain control group), pt52_B_g (CCAP 1052/1B strain grazing group), pt55_3_c (CCAP 1055/3 strain control group), pt55_3_g (CCAP 1055/3 strain grazing group), pt55_7_c (CCAP 1055/7 strain control group), pt55_7_g (CCAP 1055/7 strain grazing group). Each strain was cultured in 150 ml of medium and subjected to Reference Genome, Transcriptome Sequencing on an Illumina sequencing platform, TMT (Tandem Mass Tag) Labeled Quantitative Proteomics Standard Analysis, and non-targeted metabolomics Bioinformatics Standard Analysis. The grazing treatment groups only received Acartia water, ensuring that the responses to the chemical cues from grazing pressure was obtained without within-strain selection due to grazing selectivity.

In a preceding study (Li and Ismar, 2018), three independent experiments were conducted on multiple strains of P.tricornutum, and the data demonstrated high repeatability. Rigorous quality control measures were employed to ensure the removal of outliers or any disproportionately impactful data points. Transcriptomic, proteomic, and metabolomic approaches were employed to improve the accuracy of the results. A principal component analysis (PCA) was conducted on the proportion of omics data with K-means clusters among the eight sample groups to examine correlations between different omics within each strain, ensuring mutual validation of data from diverse omics layers (Supplementary Figure 2). Employing a multi-level data approach significantly clarifies our analytical results. Despite these constraints, our findings provide valuable preliminary insights and establish a foundational basis for future, more extensive research.




2.3 Illumina RNA sequencing

Total RNA was extracted from 4 strains under two conditions (control vs grazing). The quality of the extracted RNA, including its concentration and purity, was confirmed by RNA-specific agarose electrophoresis and Agilent 2100 Bioanalyzer. After the extraction, purification, and library construction processes, Next-Generation Sequencing (NGS) was conducted on the libraries using the Illumina HiSeq sequencing platform, aligning with the Phaeodactylum_tricornutum.ASM15095v2.dna.toplevel.fa reference genome (accessible at https://protists.ensembl.org/Phaeodactylum_tricornutum/Info/Index). The raw sequencing data have been deposited to the NCBI with the dataset identifier PRJNA1008380 (https://www.ncbi.nlm.nih.gov/sra/PRJNA1008380).

Complete transcriptome analysis involved the filtration of raw data and comparison of the filtered high-quality sequence (Clean Data) with the species’ reference genome. Based on the comparison results, the expression level of each gene was determined. After splicing the resulting reads to restore the transcript sequence, they were compared with known mRNA and LncRNA transcripts in order to identify new LncRNA. An analysis of expression differences, target gene enrichment, and cluster analysis was conducted between known LncRNA and newly identified LncRNA. For unmatched sequences, 20bp were intercepted from both ends to obtain Anchor Reads. The Anchor Reads were then re-matched with the genome, and the CircRNA was identified using find_circ based on the comparison results. Then, basic statistical analysis, quantitative and differential expression analysis, functional and pathway enrichment analysis, and miRNA targeting relationship prediction were conducted for CircRNA. The raw miRNA data was filtered for quality, compared with the Rfan and miRBase databases, and various sRNA annotation information was obtained. The characteristics and expression of miRNA were analyzed, and miRNAs with significant differential expression were analyzed using clustering techniques. The predicted target genes were also subjected to enrichment analysis. Differential expression analysis involved standardized mRNA, LncRNA, CircRNA, and miRNA for significant differential expression screening, employing Log2Foldchange treatment and p-value screening. KEGG and GO functional enrichment analysis were employed to ascertain the primary biological functions of the differentially expressed genes.




2.4 TMT labeled quantitative proteomics

TMT™ (Tandem Mass Tag™), an in vitro labeling technology by Thermo Scientific, was employed to assess relative protein content across our samples. Using labels of 2, 6, 10 or 16 isotopes, peptides’ amino groups were specifically labeled, followed by tandem mass spectrometry to analyze protein content variation in 2, 6, 10, or 16 groups simultaneously.

Our eight samples (four strains) from the two treatments (control and grazing) underwent protein extraction through the TCA acetone precipitation method, and SDT (4%(w/v) SDS, 100mM Tris/HCl pH7.6, 0.1M DTT) cleavage method (Wisniewski et al., 2009). Then the protein was quantified by BCA method. 200μg of protein from each sample was used for tryptic enzymatic hydrolysis via the Filter aided proteome preparation (FASP) method (Wisniewski et al., 2009), followed by enzymatic enzymatic peptide desalination using C18 Cartridge. The desalted peptide was then lyophilized and dissolved with a 40μL Dissolution buffer (OD280). Subsequent to this, 100μg of the peptide segment from each sample was labeled using the TMT labeling kit (Thermo Fisher), and the proteins were identified and quantitatively analyzed after SCX chromatography and LC-MS/MS data collection. The mass spectrometry proteomics data have been deposited to the ProteomeXchange Consortium (http://proteomecentral.proteomexchange.org) via the iProX partner repository (Ma et al., 2019; Chen et al., 2021) with the dataset identifier PXD044954.




2.5 Non-targeted metabolomics

HILIC UHPLC-Q-EXACTIVE MS technology coupled with a data-dependent acquisition method was adopted for full-spectrum analysis of the samples. Compound Discoverer 3.0 (Thermo Fisher Scientific) facilitated peak extraction and metabolite identification (Benton et al., 2015). The chromatographic separation of the extracted metabolites from the eight samples was performed using an ACQUITY UPLC BEH C18 column (100 mm*2.1 mm, 1.7μm, Waters, USA) with a column temperature set at 40°C and a flow rate of 0.3 ml/min. Both positive and negative ion modes of electrospray ionization (ESI) were utilized for detection. The samples post- UHPLC separation were analyzed with a Q-Exactive four-pole and a Thermo Fisher Scientific mass spectrometer. The resulting raw mass spectrometry data were processed by Compound Discoverer 3.0 (Thermo Fisher Scientific) software for peak extraction, peak alignment, peak correction, and standardization, resulting in a 3D data matrix composed of the sample name, spectral peak information (including retention time and molecular weight), and peak area. The metabolite structure was identified by precise mass number matching (<25 ppm) and secondary spectrogram matching method to search the laboratory database and various other databases including Bio cyc, HMDB, Metlin, HFMDB, Lipidmaps. The metabolomics data have been deposited to the Metabolights (Haug et al., 2020) with the dataset identifier MTBLS8485 (www.ebi.ac.uk/metabolights/MTBLS8485).




2.6 Weighted gene co-expression network analysis

Co-presentation network construction employed the WGCNA (Version 1.71) (Langfelder and Horvath, 2008). Hierarchical clustering of the sample data was first conducted to calculate the test of delocalization value. During co-expression network construction, we screened soft threshold values. Hierarchical clustering and dynamic tree cutting algorithms (Langfelder et al., 2008) were used to group genes with similar expression patterns and categorize them into different gene co-expression modules. We used the Pearson correlation coefficient to assess the relationship between the characteristic gene (Pei et al., 2017) of the gene co-expression module and the phenotype. Hierarchical clustering of the sample data was carried out and the Pearson correlation coefficient was calculated to link the sample to the phenotype.

In WGCNA, the core genes within each co-expression module can be evaluated by Gene Significance and Module Membership index (Pei et al., 2017). In this study, the genes with |KME|≥0.8 and |GS|≥0.8 in each module were identified as the core genes in the module. We then used the Gene Significance between genes and phenotypes within each module to map the Connectivity of genes within the module to verify the correlation between modules and phenotypes. The essential code for WGCNA analysis is available in the appendix for reference.




2.7 Softwares

Statistical analysis were performed using RStudio (R Core Team, 2022).





3 Results



3.1 Transcriptome profiling of P.tricornutum

The genomes of 8 samples of P.tricornutum were sequenced using the Illumina HiSeq sequencing platform. Following the removal of adapter and the filteration of low-quality sequences, the resultant clean reads counts were as follows in Table 1. For accurate genome alignment, clean reads were mapped to the reference genome ASM15095v2 using the BWT algorithm implemented in the HISAT2 software. The mapping efficiencies for each sample are detailed in Supplementary Table 2.


Table 1 | Basic information about the sequencing data after data filtering.



The mRNA expression of P.tricornutum was normalized using the Fragments Per Kilo base of transcript per Million mapped reads (FPKM) metric across various genes and samples. This study identified12392 mRNA genes. Gene prevalence in each sample was enumerated based on mRNA expression profiles, with the statistical interplay of unique and common genes across all samples illustrated in Figure 1. The inter-sample correlation, based on FPKM values, revealed varying degrees of differential expression amongst the four strains under grazing stress (Figure 2). Notably, the correlation coefficient between the control and grazing groups for all four strains exceeded 0.75, with strain pt52_B exhibiting the highest correlation (0.93), indicating relatively lesser differential expression under grazing pressure. Differential gene expression analysis, conducted using DESeq, adhered to criteria of |log2FoldChange| >1 and P-value < 0.05. This approach identified 1235 mRNA genes as significantly differentially expressed. Comparative analysis between control and grazing pressure groups uncovered distinct expression patterns for the four strains under grazing stress, with additional expression data from the CCAP1055_1 strain represented in Figure 3.




Figure 1 | Upset plot representing gene identification across samples. Each set’s cardinality represents the total count of genes identified within that particular sample. Intersection cardinalities denote the number of genes detected in multiple samples. The horizontal line connecting all points signifies the universally identified genes across all samples, while the remaining lines, connecting single or multiple points, represent genes exclusive to their respective samples.






Figure 2 | Sample correlation Analysis. Sample identifiers are presented on the left and bottom. The color gradient within each square quantifies the correlation strength between corresponding sample pairs. Subfigure (A) corresponds to mRNA. Subfigure (B) denotes LncRNA. Subfigure (C) represents CircRNA. Subfigure (D) highlights miRNA.






Figure 3 | Cluster analysis of heat map of DEGs. Green bars represent the down-regulated genes. Red bars represent the up-regulated genes. The color depth represents the log2 ratio.



For LncRNA gene expression, FPKM normalization was similarly differences applied. Our analysis identified a total of 505 LncRNAs, with correlation analysis indicating varied degrees of differential expression among the strains under grazing pressure. Notably, between pt52_B_c and pt52_B_g were statistically insignificant, while pronounced differences were observed in the pt55_3_c vs pt55_3_g and pt55_7_c vs pt55_7_g pairings, as evidenced in Figure 2. Differential analysis of LncRNA expression set the criteria for differentially expressed genes at |log2FoldChange| >1 and P-value < 0.05. After this filtration, 65 LncRNA transcriptional genes showed significant differential expression, and cis-acting target gene prediction was performed for these genes, with corresponding target mRNAs identified (the relationships are delineated in the Supplementary Table 3).

For CircRNA expression, normalization employed the Transcripts per Million of a gene (TPM) metric, identifying a total of 536 CircRNAs. Inter-sample expression correlations, based on TPM, indicated varied differential expressions across strains under grazing pressure, with no significant variations among control groups (Figure 2). Despite using consistent differential expression criteria of |log2FoldChange| > 1and P-value < 0.05, no CircRNA showcased significant differential expression upon further analysis.

miRNA expression was normalized using the Counts per Million (CPM) metric, identifying 297 known miRNAs. Correlation analyses of sample expressions, based on CPM, showed notably low relationships among the four strains under grazing stress (Figure 2).




3.2 Proteomic profiling of P.tricornutum

In our comprehensive proteomic analysis of eight P.tricornutum samples, 4984 proteins and 22985 peptides were identified. Proteins exhibiting differential expression, defined by an expression alternation exceeding 1.5-fold (upregulated beyond 1.5 times or downregulated below 0.67-fold), are detailed in Table 2.


Table 2 | Protein quantification and differences.



To glean deeper biological insights, significant differentially expressed proteins were subjected to KEGG pathway enrichment analysis, the details of which are presented in Supplementary Table 5. This proteomic exploration was further enriched by integrating mRNA, LncRNA, and metabolomic data for an encompassing metabolic pathway enrichment and analysis.




3.3 Metabolomic profiling of P.tricornutum

Metabolomic analysis of eight P.tricornutum samples, using Compound Discoverer 3.0 software, yielded 5967 positive ion peaks and 5814 negative ion peaks. Noteworthy Total Ion Chromatogram (TIC) patterns emerged from the Mass Spectrometry (MS) evaluation. The significant differential metabolites were clustered and enriched by KEGG pathway (Supplementary Table 6). This analysis was further integrated with mRNA, LncRNA, and proteomic data to perform comprehensive metabolic pathway enrichment and analysis.




3.4 Pathway enrichment and analysis

Significantly differentially expressed genes within P.tricornutum mRNA under grazing pressure were aligned with both Gene Ontology (GO) and KEGG metabolic pathways (Figure 4). This revealed prominent involvement in pathways such as Glycolysis and Gluconeogenesis, Fatty Acid Biosynthesis, the Fatty Acid Elongation, Fatty Acid Degradation and Pyruvate Metabolism, Protein Processing in Endoplasmic Reticulum, Carbon Fixation in Photosynthetic Organisms, Nitrogen Metabolism. Furthermore, pathways linked with stress responses, including Calcium Signaling, Oxidative Stress, Nitrosative Stress, and Antioxidant Activity, were also noteworthy. The specific data of KEGG Pathway Enrichment in Transcriptomic (Supplementary Table 7), Proteomic (Supplementary Table 5) and Metabolomic (Supplementary Table 6) are in the Appendix.




Figure 4 | Multi-omics Cell Function Map of P.tricornutum. This figure illustrates the integrated analysis of transcriptomics, proteomics, and metabolomics, along with GO and KEGG pathway analysis, highlighting the significant variations under grazing pressure. Outer Ring: The periphery of the diagram represents the protein structure involved, color-coded by Model Confidence according to the AlphaFold’s per-residue confidence score (pLDDT): Blue: pLDDT > 90, Cyan: 70 ≤ pLDDT ≤ 90, Yellow: 50 ≤ pLDDT ≤ 70,Orange: pLDDT < 50. Regions with low pLDDT may signify isolated or unstructured segments. Middle Section: Encompasses GO and KEGG pathway analysis for P.tricornutum under grazing pressure, integrating transcriptomics, proteomics, and metabolomics: GO Analysis (Lower Left Corner): Blue rectangles indicate Process IDs and names; gray rectangles indicate Function IDs and names; black arrows represent “is” relationships; blue arrows denote “part of” relationships. KEGG Metabolic Pathway Analysis (Remaining Middle Section): Circles: Various compounds, DNA, or other molecules; Solid Arrows: Direct interactions or relationships; Dashed Arrows: Indirect connections or unidentified reactions; Double Arrows: Reversible conversions; Rectangles: Required genes or enzymes; Ellipses: Specific organelles; Font Colors: Represent the metabolic pathways obtained through different analyses - green for transcriptomic, blue for proteomic, and red for metabolomic.



Concurrently, genes markedly differentially expressed across the transcriptome, proteome and metabolome of P.tricornutum under grazing conditions were compared against the KEGG metabolic pathway (Figure 5).




Figure 5 | Circos plot illustrating differential expression across transcriptomic, proteomic, and metabolomic data in P.tricornutum’s KEGG pathway under grazing stress. Transcriptomic Data: Represents the log10-transformed gene transcription levels for each KO. Proteomic Data: Demonstrates the log2-transformed expression levels of proteins, comparing the grazing pressure group with the control group. Metabolomic Data: Features the log10-transformed expression profiles of metabolites, contrasting the grazing pressure and control groups. From the outside in: The first circle is the metabolic path corresponding to each gene and its text annotation, the bar color is meaningless; The second circle is a heat map of the data expression at the transcriptomic level in the metabolic pathway (red to blue with red representing up-regulation and blue representing down-regulation); The third circle is the dot plot of differential expression values of each gene corresponding to the grazing pressure group and the control group in transcriptomic level. The fourth circle is the line chart of the P-Value of each gene in the transcriptomic level; The fifth circle is a heat map of data expression at the proteomic level of metabolic pathways (color meaning is the same as transcriptomic data); The sixth circle is the dot plot of the differential expression values of each gene corresponding to the grazing pressure group and the control group in the proteomic level. The seventh circle is a heat map of data expression at the metabolomic level in the metabolic pathway (color meaning is the same as the transcriptomic data); The eighth circle is the dot plot of the differential expression values of each gene corresponding to the grazing pressure group and the control group in the data of the metabolomic level. The ninth circle is the relationship diagram of the four strains distinguished by color, where brown represents pt52_A, seagreen represents pt52_B, royalblue represents pt55_3, and mediumpurple represents pt55_7. The outermost metabolic path annotation is: CEL-CYC (Cell cycle); PLA-INT (Plant-pathogen interaction); CAL-SIG (Calcium signaling pathway); PHO-SIG (Phosphatidylinositol signaling system); SPH-SIG (Sphingolipid signaling pathway); AMI-BIO (Aminoacyl-tRNA biosynthesis); DNA-REP (DNA replication); PRO (Proteasome); FRU-MAN (Fructose and mannose metabolism); GAL-MET (Galactose metabolism); ASC-ALD (Ascorbate and aldarate metabolism); INO-PHO (Inositol phosphate metabolism); GLY-MET (Glycerophospholipid metabolism); SPH-MET (Sphingolipid metabolism); GLY-DIC (Glyoxylate and dicarboxylate metabolism); FOL-BIO (Folate biosynthesis); PER (Peroxisome); THE (Thermogenesis); PRO-EXP (Protein export); PEN-PHO (Pentose phosphate pathway); RNA-DEG (RNA degradation); FAT-ELO (Fatty acid elongation); FAT-DEG (Fatty acid degradation); ARG-BIO (Arginine biosynthesis); ALA-ASP (Alanine, aspartate and glutamate metabolism); GLY-SER (Glycine, serine and threonine metabolism); GLU-MET (Glutathione metabolism); AMI-SUG (Amino sugar and nucleotide sugar metabolism); PRO-MET (Propanoate metabolism); MET-MET (Methane metabolism); TER-BAC (Terpenoid backbone biosynthesis); OXI-PHO (Oxidative phosphorylation); VAL-LEU (Valine, leucine and isoleucine degradation); TCA (Citrate cycle (TCA cycle)); PUR-MET (Purine metabolism); PHO (Photosynthesis); PYR-MET (Pyruvate metabolism); NIT-MET (Nitrogen metabolism); FAT-BIO (Fatty acid biosynthesis); PRO-PRO (Protein processing in endoplasmic reticulum); CAR-FIX (Carbon fixation in photosynthetic organisms); GLY-GLU (Glycolysis/Gluconeogenesis); POR-MET (Porphyrin metabolism).






3.5 Weighted gene co-expression network analysis

Utilizing the expression data of 12802 selected genes across eight samples, a weighted gene co-expression network was constructed.

Network Construction: A cluster analysis was performed on the eight samples to identify outlying values. A soft threshold was determined to achieve a scale-free topological fit coefficient (R²) of 0.8 (Supplementary Figure 8). Hierarchical clustering was employed to segregate genes into modules based on their correlations, followed by merging modules exhibiting similar expression patterns. Ultimately, 13 distinct modules were identified, ranging in size from 11 to 2066 genes, each represented by different colors (Supplementary Table 8, Figure 6).




Figure 6 | Heat map depiction of the topological overlapping matrix (TOM). This visualization represents the gene values within the TOM, providing insights into gene interactions within and across modules. Hierarchical Clustering and Modules: The upper and left sides of the graph depict a hierarchical clustering tree and the corresponding core presentation modules identified by a dynamic tree cutting algorithm. TOM Values: The color gradient within the figure illustrates the TOM values, while progressively darker shades indicate higher value. Interpretation: The most profound darkness near the diagonal line signifies the strongest gene interaction within individual modules. In contrast, The darker regions further from the diagonal reveal interactions between corresponding modules.



Phenotypic Association and Interaction Analysis: Phenotypic data were associated with gene co-expression modules following outlier detection. The characteristic genes within each module were considered as representatives for module-specific expression profiles. Correlations between module characteristic genes and various phenotypes were computed, providing insights into the relationships within gene co-expression modules (Figures 7, 8).




Figure 7 | Heat map of correlation illustrating the correlation between coexpression modules and phenotypes: This figure delineates the relationship between individual coexpression modules and specific phenotypes. The X-axis represents individual co-expression modules, depicted in the left color block, while the Y-axis represents all phenotypes, shown on the lower side of the figure. within the graph, color coding is used to represent the correlation values. Red indicates a positive correlation, blue denotes a negative correlation, and white signifies no correlation. Each cell within the figure contains two values; The upper value is the Pearson correlation coefficient, and the lower value represents the P-value. the figure elucidates that the two co-expression modules most positively correlated with each phenotype are identified as the black module and the purple module.






Figure 8 | Sample and phenotypic correlation heat map. The X-axis designates the samples while the Y-axis illustrates various phenotypes. Progressive shades of red reflect the strength of the correlation between samples and phenotypes. White signifies the absence of correlation, while gray denotes missing data points.



Identification of Core Genes: Within the network, Gene Significance (|GS|) and Module Membership (|KME|) indices of ≥0.8 were used to ascertain core genes within modules. A comprehensive analysis was conducted to identify the module with the highest phenotype correlation. Correlations between phenotypes and co-expression modules were further validated by mapping gene connectivity within each module (Figure 9).




Figure 9 | Gene significance vs. connectivity scatter plot. The scatter plot illustrates the relationship between a gene’s significance relative to phenotype and its connectivity within modules. Each data point corresponds to an individual gene. Notably, core genes display heightened |GS| values and increased connectivity. Therefore, the genes located in the upper and lower right corners are classified as core genes. This visual allows for the discernment of modules most closely correlated with phenotype, providing complementary information to that depicted in Figure 7.



KEGG Pathway Annotation: The R KEGGREST Package (Version 1.36.0) was employed for annotation, screening with a significance level of p < 0.05 (Supplementary Table 9). A total of 29 phenotypic core genes were annotated across 38 pathways, with varying correlations to distinct phenotypic modules.

Integration of Multi-Omics Data: The core genes were compared and associated with the transcriptome, proteome, and metabolome. The resulting multi-omics co-expression network was visualized via Cytoscape (Version 3.9.1), elucidated in Figure 10.




Figure 10 | Coexpression relationships across phenotypic data: This figure portrays the coexpression interactions among core genes, transcriptional genes, proteins, and metabolites across various phenotypes, as discerned through WGCNA. Triangles represent distinct phenotypic data. Dots represent individual transcriptional gene IDs or protein gene IDs. Diamond symbolize specific metabolite names. Lines joining the icons denote co-expression relationships. A gradient from red to green depicts the degree of differential expression of transcriptional genes, protein genes or metabolites. Intense shades of red indicate significant up-regulation, while deeper greens indicate pronounced down-regulation. White suggests negligible differential expression. Blue is not representative of any specific data. The right periphery of each icon is labeled with its respective name. Additionally, each of the four segments is labeled with a specific strain name. The sequence from left to right consists of metabolites, protein genes, transcription genes, phenotypic data, and is mirrored for the right half of the figure.







4 Discussion



4.1 Transcriptomic insights and omics convergence in P.tricornutum Strains under grazing pressure

In our exploration of the transcriptome across four P.tricornutum strainsunder grazing pressure, a discernible convergence emerged: genes consistently exhibited up-regulation or down-regulation, albeit with varying intensities. While there are shared defensive responses among strains when exposed to herbivorous stressors, distinct transcriptomic regulatory mechanisms also exist across different strains. Notably, the pt55_1 strain from the prior studies (Li and Ismar, 2018) exhibited transcriptomic patterns similar to those of the pt55_3 strain in our analysis.

The advancement in omics methodologies, notably RNA, protein, and metabolic level analyses (Blum et al., 2022; Cheng et al., 2023), has allowed for a more integrated and comprehensive examination of complex networks, from genes to phenotypes. The omic patterns observed in P.tricornutum strains underpin a nuanced understanding of organismal responses to external pressures.

Notably:

Cellular Processes: A uniform down-regulation of genes was observed at the transcriptomic level, while the proteome exhibited an equitable distribution of up- and down-regulated genes, demonstrating overall subdued differential expression.

Organic Systems and Environmental Information Processing: Consistent up-regulation of genes was noted at both transcriptomic and proteomic levels, with a more tempered up-regulation in the proteome compared to the transcriptome.

Genetic Information Processing: A stark contrast between the transcriptome and proteome emerged, with most transcriptomic alterations showing down-regulation, whereas the proteome predominantly exhibited up-regulation. The metabolome added another dimension, displaying varied degrees of up-regulation in significantly altered genes.

Metabolism Pathways: Under grazing stress, P.tricornutum employed diverse gene regulatory strategies across different metabolic pathways as a defense mechanism. Noteworthy trends include: down-regulation across both transcriptomic and proteomic dimensions in the Cell Cycle pathway, with a more subdued effect at the protein level; down-regulation in pathways related to Plant-pathogen interaction and Calcium signaling, in response to grazing pressures; contrasting trends in Aminoacyl-tRNA biosynthesis with down-regulation at the transcriptome but pronounced up-regulation at the metabolome; varied gene expression in Terpenoid backbone biosynthesis across transcriptome and proteome; yet a unified up-regulation in the metabolome. In sum, the contrasting gene expressions across omics, especially in pathways like Valine, leucine, and isoleucine degradation, reaffirm the intricate and multifaceted nature of gene regulation in P.tricornutum under grazing pressure.




4.2 Mechanisms of cellular response under grazing pressure in P.tricornutum Strains



4.2.1 Cellular processes

Cellular Processes primarily reflect alterations in the abundance, size, and cell cycle of P.tricornutum cells in response to grazing pressure. A consistent up-regulation in genes associated with protein synthesis was observed across different strains at both the transcriptomic and proteomic levels. In particular, triradiate strains demonstrated an enhanced capacity to modulate the cell cycle under grazing pressure compared to fusiform strains, adapting more effectively to planktonic lifestyles under environmental stress (Song et al., 2020).

The endoplasmic reticulum (ER) serves as a crucial hub for protein synthesis and maturation, facilitating the post-translational modification, folding, and oligomerization of newly synthesized proteins (Supplementary Figure 14). Under grazing pressures, transcriptomic analysis of pt55_7 strains highlighted the role of CALR (calreticulin) in recognizing G1M9 glycoproteins in the ER. This process involves the inhibition of activity through hydrophobic entrapment and the promotion of folding in newly synthesized glycoproteins (Hirano et al., 2015). Concurrently, an increase in ER chaperone BiP, integral for luminal chaperones recognition, was noted, bolstering ER protein homeostasis (Kyeong and Lee, 2022). BiP, acting as a sentinel of ER integrity, targets aberrant proteins for proteasomal degradation and curtails aggregation, as anchoring the protein quality control system (Pobre et al., 2019). Chaperones such as DNAJA1 and CRYAA play a crucial role in marking aberrant proteins for ER-associated degradation (ERAD) (Shen et al., 2002). Proteomic scrutiny of pt55_7 strains under grazing pressures, accentuated the up-regulation of GANAB, facilitating deglycosylation processes (Gallo et al., 2018), and ERManI, responsible for mannose glycol-groups cleavage (Maki et al., 2022). The increased of HSP110 activity further substantiates the role of heat proteins in ER-associated degradation (Hrizo et al., 2007), while a decline in SKP1 activity implies attenuated proteasomal ubiquitination (Yoshida and Tanaka, 2010). This integrative analysis illuminates a nuanced regulation of protein synthesis and quality control in the pt55_7 strain’s ER, characterized by enhanced protein synthesis alongside proteasomal ubiquitination. This nuanced protein regulation under grazing pressures, varies across strains, highlighting the heterogeneity and complexity of their cellular responses.

In the Cell Cycle-yeast metabolic pathway (Supplementary Figure 15), specific genes (MCM2, ORC2, SMC2, YCS4) in the pt55_7 strain are down-regulated in response to grazing pressure, suggesting potential impediments in DNA replication and metaphase chromosome compaction. These intricate interactions among McM2-7 proteins, ORC components, and other essential factors like CDC6 and CDT1 are fundamental to DNA replication processes (Remus et al., 2009; Shibata and Dutta, 2020). Additionally, the collaboration between SMC2 and YCS4 establish a protein condensin complex pivotal for DNA morphology (Stray et al., 2005; Hassler et al., 2019). Among the strains studied, only pt55_7 exhibited significant alterations in the cell cycle, suggesting that the triradiate pt55_7 strain of P.tricornutum is more likely to modulate its cell cycle in response to grazing pressures than its fusiform strains.




4.2.2 Fatty acid metabolism

Fatty acids play vital physiological roles in organisms, and the intricate alterations of fatty acid composition in P.tricornutum in response to grazing pressure are crucial in multi-omics analysis. The synthesis efficiency of long-chain fatty acids decreased at the transcriptome level and exhibited a slight increase at the proteome level, alongside an overall reduction in fatty acid abundance. This aligns with previous findings that environmental changes impact lipid profiles (Martino et al., 2011), with the triradiate strain showing greater resilience to grazing stress compared to the fusiform strain.

The study of fatty acid metabolism, especially in pt55_3, clarified the influence of grazing pressure on the biosynthesis, elongation, and degradation pathways. Within the fatty acid biosynthesis pathway (Supplementary Figure 16), a significant down-regulation of ACACA (Acetyl-CoA carboxylase) implies a reduction in ATP-dependent carboxylation of Acetyl-CoA to Malonyl-CoA under grazing pressure (Pereira et al., 2022). Enoyl ACP reductases, including FabI and its isomers (FabL, FabK, FabV, and InhA), play a crucial role in many microorganisms (Rana et al., 2020). A decline in the expression of FabI leads to a reduced processing of trans-2-Enoyl-[ACP] and Long-chain acyl-[ACP]. Prior to utilization within organisms, fatty acids require CoA conjugation (Ma et al., 2022). The down-regulation of FadD results in a slower conversion of Long-chain fatty acid to Long-chain acyl-CoA. Collectively, these findings highlight a decreased efficiency in fatty acid biosynthesis at the transcriptomic level due to grazing pressure. Within the fatty acid elongation metabolic pathway (Supplementary Figure 17), the diminished activity of HADH (3-hydroxyacyl-CoA dehydrogenase) during the processing of fatty acids containing between 4 and 16 carbon atoms suggests a suppressed oxidation reaction, consequently hindering fatty acid elongation at the proteomic level. Within the degradation pathway (Supplementary Figure 18), a decrease in the activities of HADH and ACADS results in a reduction of fatty acid dehydrogenation during the process of carbon chain reduction. Notably, the expression of ACAT, which is crucial in the terminal cleavage reactions of fatty acid degradation, is increased. Simultaneously, a down-regulated lncRNA, MSTRG.9570, has been found to be associated with ACAT modulation. Taken together, these findings suggest that grazing pressure hampers fatty acid oxidation while enhancing terminal cleavage reactions in degradation.

Collectively, omics analyses reveal that grazing pressures on P.tricornutum impede its fatty acid synthesis efficiency, favoring degradation processes, leading to a significant reduction in fatty acid quantity, which is in line with previous findings (Li and Ismar, 2018). At the transcriptomic level, the strains pt52_A and pt52_B exhibit enhanced fatty acid synthesis efficiencies, with variable reductions in elongation and degradation processes,not mirrored at the proteome and metabolome levels. Consequently, under grazing stress, both strains appear to favor the synthesis of short-chain fatty acids. In contrast, the pt55_7 strain exhibits only a modest proteomic increase in fatty acid synthesis, indicating distinct response patterns between fusiform (pt52_A, pt52_B, pt55_3) and triradiate (pt55_7) strains under grazing pressures.




4.2.3 Signal response

Cells respond to environmental stress by undergoing complex signal transduction and regulatory actions. In the presence of grazing stress, P.tricornutum regulates Ca2+ levels through a variety of sensor proteins, resulting in changes at both the transcriptome and proteome levels.

Within the metabolic pathway of plant-pathogen interaction (Supplementary Figure 19), under grazing pressure, an up-regulation of CaMCML (Ca2+ calmodulin-like protein) in pt52_A strains suggests the translation of intracellular Ca2+ fluctuations into downstream signals through numerous sensor proteins, facilitating a defense against diverse stressors (Melo-Braga et al., 2012). This regulation could potentially lead to stomatal closure and increase the production of nitric oxide (NO), a molecule that is considered to be a sentinel against external threats and is thus crucial for plant defense (Robbins and Cowen, 2023). HSP90B, a universally conserved molecular chaperone, regulates the structure and function of numerous client proteins, many of which act as crucial signal transduction nodes (Kumar and Ohri, 2023). Intriguingly, under grazing stress, pt52_A strains manifest a down-regulation of HSP90B, potentially in response to stressors like the Hypersensitive Reaction (HR). Conversely, in the pt55_3 strain, an opposite trend is observed, where up-regulation of HSP90B may enhance signal transduction pathways to counteract stress.

In the Ca2+ signaling pathway (Supplementary Figure 20), the transcriptomic up-regulation of SPHK (sphingosine kinase) in pt52_A strains promotes sphingosine phosphorylation, which results in 1-phosphate sphingosine. Its equilibrium with ceramide plays a significant role in influencing sphingolipid dynamics (Adams et al., 2020; Smith et al., 2023). Moreover, with the up-regulation of CALM (calmodulin), Ca2+ modulates the MAPK signaling cascade, thus governing cellular processes including contraction, metabolism, and proliferation. The proteome of pt55_3 exhibits a remarkable up-regulation of PPIF (peptidyl-prolyl isomerase F (cyclophilin D)), which leads to compromised mitochondrial stability and functionality under Ca2+ stress (Gainutdinov et al., 2015). Consequently, it is apparent that under the influence of Ca2+, both pt52_A and pt55_3 strains promote cell apoptosis at the transcriptomic level; proteomic evidence simultaneously suggests impaired mitochondrial function. This observation provides a coherent explanation for the diminished cellular efficacy observed in the Ca2+ signaling pathway under grazing pressure in these strains, while other strains appear to remain relatively unaffected. In response to grazing pressure, intricate regulatory modifications across signaling pathways are discernible, emphasizing the dynamic predator-prey relationship between the grazers and P.tricornutum.





4.3 Weighted gene co-expression network analysis

Multi-Omics Insights into P.tricornutum’s Adaptation Under Grazing Stress Utilizing Weighted Gene Co-expression Network Analysis (WGCNA), core genes were correlated with transcriptomic, proteomic, and metabolomic datasets, constructing a multi-omics co-expression network pertinent to the observed phenotype (Li and Ismar, 2018). This analysis underscored the morphological modifications in the pt52_B and pt55_7 strains of P.tricornutum under grazing stress.

In pt52_B strain, phenotypic traits like total cell count, growth rate, and specific morphological variants of P.tricornutum were linked to metabolic routes such as Glycolysis/Gluconeogenesis (Supplementary Figure 21) and Carbon fixation in photosynthetic organisms (Supplementary Figure 22) at both the transcriptomic and proteomic levels. Notably, down-regulation of PGAM (2,3-bisphosphoglycerate-dependent phosphoglycerate mutase) inhibits the interconversion between 3-phosphoglyceric and 2-phosphoglyceric acid, highlighting PGAM’s pivotal role in metabolic flux and redox balance, as supported by its modulation of mitochondrial ROS and activation of the pentose phosphate pathway (Mikawa et al., 2020). Concurrently, up-regulation of GAPDH (aldehyde 3-phosphate dehydrogenase (phosphorylating)) and PGK (phosphoglycerate) underscores their importance in the carbon flux during Glycolysis/Gluconeogenesis, influencing cellular growth dynamics under grazing stress. Earlier work has similarly indicated such morphological adaptations in Phaeocystis globose in response to grazing, spotlighting the universality of this response (Yang et al., 2023).

For pt55_7, a correlation was found between phenotypic measures and the down-regulation of POLA1 (DNA polymerase alpha subunit A) at the transcriptomic level. Given that DNA polymerase alpha orchestrates replication initiation, the diminished activity of POLA1 hints at perturbed DNA replication dynamics (Begemann et al., 2022). In light of our multi-omics findings, this suggests that the triradiate P.tricornutum’s pt55_7 strain employs cellular replication regulation as an adaptive mechanism under grazing stress.

In strains pt52_A, pt55_3 and pt55_7, phenotypic alterations, particularly in fatty acid profiles, showed correlations across all omics layers. A collective downtrend in fatty acid synthesis emerged, intimating a reduction in the overall fatty acid pool. This hints at a strategic recalibration by P.tricornutum under grazing stress, aligning with the notion that modulation of fatty acid profiles is a crucial defense mechanism for plankton against predators. Such adjustments, mirroring changes in environmental pressures, are evident in other marine phytoplankton, reinforcing the idea that shifts in fatty acid content are universal stress markers in phytoplankton under grazer-induced stress (Antacli et al., 2021; Yang et al., 2023).






Data availability statement

The datasets presented in this study can be found in online repositories. The names of the repository/repositories and accession number(s) can be found below: https://www.ncbi.nlm.nih.gov/, PRJNA1008380 http://www.proteomexchange.org/, PXD044954 https://www.ebi.ac.uk/metabolights/, MTBLS8485.





Author contributions

CL: Writing – original draft, Writing – review & editing, Data curation, Formal analysis. LL: Writing – review & editing, Writing – original draft. SY: Writing – review & editing, Data curation, Formal analysis. MW: Writing – review & editing, Investigation. HZ: Writing – review & editing, Investigation. SL: Writing – original draft, Writing – review & editing, Data curation, Formal analysis, Investigation, Funding acquisition.





Funding

The author(s) declare financial support was received for the research, authorship, and/or publication of this article. The study was supported by Natural Science Foundation of Hebei Province, China (Grant No. D2020202004, Grant No. C2021202005).




Acknowledgments

The study was supported by Natural Science Foundation of Hebei Province, China (Grant No. D2020202004, Grant No. C2021202005).





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.





Supplementary material

The Supplementary Material for this article can be found online at: https://www.frontiersin.org/articles/10.3389/fpls.2023.1308085/full#supplementary-material




References

 Adams, D. R., Pyne, S., and Pyne, N. J. (2020). Structure-function analysis of lipid substrates and inhibitors of sphingosine kinases. Cell Signal 76, 109806. doi: 10.1016/j.cellsig.2020.109806

 Antacli, J. C., Hernando, M. P., Troch, M. D., Malanga, G., Mendiolar, M., Hernández, D. R., et al. (2021). Ocean warming and freshening effects on lipid metabolism in coastal Antarctic phytoplankton assemblages dominated by sub-Antarctic species. Sci. Total Environ. 790, 147879. doi: 10.1016/j.scitotenv.2021.147879

 Begemann, A., Oneda, B., Baumer, A., Guldimann, M., Tutschek, B., and Rauch, A. (2022). A Xp22.11-p21.3 microdeletion in a three-generation family supports male lethality of POLA1 nullisomy resulting in reduced fertility of female carriers. Eur. J. Med. Genet. 65 (12), 104628. doi: 10.1016/j.ejmg.2022.104628

 Benton, H. P., Ivanisevic, J., Mahieu, N. G., Kurczy, M. E., Johnson, C. H., Franco, L., et al. (2015). Autonomous metabolomics for rapid metabolite identification in global profiling. Anal. Chem. 87 (2), 884–891. doi: 10.1021/ac5025649

 Blum, B. C., Lin, W., Lawton, M. L., Liu, Q., Kwan, J., Turcinovic, I., et al. (2022). Multiomic metabolic enrichment network analysis reveals metabolite-protein physical interaction subnetworks altered in cancer. Mol. Cell Proteomics 21 (1), 100189. doi: 10.1016/j.mcpro.2021.100189

 Bowler, C., Allen, A. E., Badger, J. H., Grimwood, J., Jabbari, K., Kuo, A., et al. (2008). The Phaeodactylum genome reveals the evolutionary history of diatom genomes. Nature 456 (7219), 239–244. doi: 10.1038/nature07410

 Chen, T., Ma, J., Liu, Y., Chen, Z. G., Xiao, N., Lu, Y. T., et al. (2021). iProX in 2021: connecting proteomics data sharing with big data. Nucleic Acids Res. 50 (D1), D1522–D1527. doi: 10.1093/nar/gkab1081

 Cheng, Q., Zhang, J., Ding, H., Wang, Z. Y., Fang, J. Y., Fang, X., et al. (2023). Integrated multiomics analysis reveals changes in liver physiological function in Aqp9 gene knockout mice. Int. J. Biol. Macromol 245, 125459. doi: 10.1016/j.ijbiomac.2023.125459

 Clement, R., Lignon, S., Mansuelle, P., Jensen, E., Pophillat, M., Lebrun, R., et al. (2017). Responses of the marine diatom Thalassiosira pseudonana to changes in CO2 concentration: a proteomic approach. Sci. Rep-UK 7, 42333. doi: 10.1038/srep42333

 Gainutdinov, T., Molkentin, J. D., Siemen, D., Ziemer, M., Debska-Vielhaber, G., Vielhaber, S., et al. (2015). Knockout of cyclophilin D in Ppif(-)/(-) mice increases stability of brain mitochondria against Ca(2)(+) stress. Arch. Biochem. Biophys. 579, 40–46. doi: 10.1016/j.abb.2015.05.009

 Gallo, G. L., Valko, A., Aramburu, S. I., Etchegaray, E., Völker, C., Parodi, A. J., et al. (2018). Abrogation of glucosidase I-mediated glycoprotein deglucosylation results in a sick phenotype in fission yeasts: Model for the human MOGS-CDG disorder. J. Biol. Chem. 293 (52), 19957–19973. doi: 10.1074/jbc.RA118.004844

 Hassler, M., Shaltiel, I. A., Kschonsak, M., Simon, B., Merkel, F., Thärichen, L., et al. (2019). Structural basis of an asymmetric condensin ATPase cycle. Mol. Cell 74 (6), 1175–1188. doi: 10.1016/j.molcel.2019.03.037

 Haug, K., Cochrane, K., Nainala, V. C., Williams, M., Chang, J. K., Jayaseelan, K. V., et al. (2020). MetaboLights: a resource evolving in response to the needs of its scientific community. Nucleic Acids Res. 48 (D1), D440–D444. doi: 10.1093/nar/gkz1019

 Helliwell, K. E., Harrison, E. L., Christie-Oleza, J. A., Rees, A. P., Kleiner, F. H., Gaikwad, T., et al. (2021). A novel Ca2+ Signaling pathway coordinates environmental phosphorus sensing and nitrogen metabolism in marine diatoms. Curr. Biol. 31 (5), 978–989.e4. doi: 10.1016/j.cub.2020.11.073

 Hirano, M., Adachi, Y., Ito, Y., and Totani, K. (2015). Calreticulin discriminates the proximal region at the N-glycosylation site of Glc1Man9GlcNAc2 ligand. Biochem. Biophys. Res. Commun. 466 (3), 350–355. doi: 10.1016/j.bbrc.2015.09.026

 Hrizo, S. L., Gusarova, V., Habiel, D. M., Goeckeler, J. L., Fisher, E. A., and Brodsky, J. L. (2007). The Hsp110 molecular chaperone stabilizes apolipoprotein B from endoplasmic reticulum-associated degradation (ERAD). J. Biol. Chem. 282 (45), 32665–322675. doi: 10.1074/jbc.M705216200

 Kang, W. L., Sun, S., and Hu, X. G. (2023). Microplastics trigger the Matthew effect on nitrogen assimilation in marine diatoms at an environmentally relevant concentration. Water Res. 223, 119762. doi: 10.1016/j.watres.2023.119762

 Kim, S. Y., Hedberg, P., Winder, M., and Rydberg, S. (2022). Evidence of 2,4-diaminobutyric acid (DAB) production as a defense mechanism in diatom Thalassiosira pseudonana. Aquat Toxicol. 249, 106210. doi: 10.1016/j.aquatox.2022.106210

 Kumar, D., and Ohri, P. (2023). Say "NO" to plant stresses: Unravelling the role of nitric oxide under abiotic and biotic stress. Nitric. Oxide 130, 36–57. doi: 10.1016/j.niox.2022.11.004

 Kyeong, M., and Lee, J. S. (2022). Endogenous BiP reporter system for simultaneous identification of ER stress and antibody production in Chinese hamster ovary cells. Metab. Eng. 72, 35–45. doi: 10.1016/j.ymben.2022.02.002

 Langfelder, P., and Horvath, S. (2008). WGCNA: an R package for weighted correlation network analysis. BMC Bioinf. 29 (9), 559. doi: 10.1186/1471-2105-9-559

 Langfelder, P., Zhang, B., and Horvath, S. (2008). Defining clusters from a hierarchical cluster tree: the Dynamic Tree Cut package for R. Bioinformatics 24 (5), 719–720. doi: 10.1093/bioinformatics/btm563

 Lauritano, C., Romano, G., Roncalli, V., Amoresano, A., Fontanarosa, C., Bastianini, M., et al. (2016). New oxylipins produced at the end of a diatom bloom and their effects on copepod reproductive success and gene expression levels. Harmful Algae 55, 221–229. doi: 10.1016/j.hal.2016.03.015

 Li, S., and Ismar, S. M. H. (2018). Transcriptome, biochemical and growth responses of the marine phytoplankter phaeodactylum tricornutum bohlin (bacillariophyta) to copepod grazer presence. Cell Physiol. Biochem. 46, 1091–1111. doi: 10.1159/000488839

 Ma, J., Chen, T., Wu, S. F., Yang, C. Y., Bai, M. Z., Shu, K. X., et al. (2019). iProX: an integrated proteome resource. Nucleic Acids Res. 47 (D1), D1211–D1217. doi: 10.1093/nar/gky869

 Ma, F., Zou, Y., Ma, L., Ma, R., and Chen, X. (2022). Evolution, characterization, and immune response function of long-chain acyl-CoA synthetase genes in rainbow trout (Oncorhynchus mykiss) under hypoxic stress. Comp. Biochem. Physiol. B Biochem. Mol. Biol. 260, 110737. doi: 10.1016/j.cbpb.2022.110737

 Maki, Y., Otani, Y., Okamoto, R., Izumi, M., and Kajihara, Y. (2022). Isolation and characterization of high-mannose type glycans containing five or six mannose residues from hen egg yolk. Carbohydr Res. 521, 108680. doi: 10.1016/j.carres.2022.108680

 Martino, A. D., Amato, A., and Bowler, C. (2019). Mitosis in diatoms: rediscovering an old model for cell division. Bioessays 31 (8), 874–884. doi: 10.1002/bies.200900007

 Martino, A. D., Bartual, A., Willis, A., Meichenin, A., Villazán, B., Maheswari, U., et al. (2011). Physiological and molecular evidence that environmental changes elicit morphological interconversion in the model diatom Phaeodactylum tricornutum. Protist 162 (3), 462–481. doi: 10.1016/j.protis.2011.02.002

 Melo-Braga, M. N., Verano-Braga, T., Leon, I. R., Antonacci, D., Nogueira, F. C. S., Thelen, J. J., et al. (2012). Modulation of protein phosphorylation, N-glycosylation and Lys-acetylation in grape (Vitis vinifera) mesocarp and exocarp owing to Lobesia botrana infection. Mol. Cell Proteomics 11 (10), 945–956. doi: 10.1074/mcp.M112.020214

 Mikawa, T., Shibata, E., Shimada, M., Ito, K., Ito, T., Kanda, H., et al. (2020). Phosphoglycerate mutase cooperates with chk1 kinase to regulate glycolysis. iScience 23 (7), 101306. doi: 10.1016/j.isci.2020.101306

 Øie, G., Galloway, T., Sørøy, M., Hansen, M. H., Norheim, I. A., Halseth, C. K., et al. (2017). Effect of cultivated copepods ( acartia tonsa ) in first-feeding of atlantic cod ( gadus morhua ) and ballan wrasse ( labrus bergylta ) larvae. Aquacult Nutr. 23 (1), n/a–n/a. doi: 10.1111/anu.12352

 Park, G., Norton, L., Avery, D., and Dam, H. G. (2023). Grazers modify the dinoflagellate relationship between toxin production and cell growth. Harmful Algae 126, 102439. doi: 10.1016/j.hal.2023.102439

 Pei, G., Chen, L., and Zhang, W. (2017). WGCNA application to proteomic and metabolomic data analysis. Method Enzymol. 585, 135–158. doi: 10.1016/bs.mie.2016.09.016

 Pereira, H., Azevedo, F., Domingues, L., and Johansson, B. (2022). Expression of Yarrowia lipolytica acetyl-CoA carboxylase in Saccharomyces cerevisiae and its effect on in-vivo accumulation of Malonyl-CoA. Comput. Struct. Biotechnol. J. 20, 779–787. doi: 10.1016/j.csbj.2022.01.020

 Pobre, K. F. R., Poet, G. J., and Hendershot, L. M. (2019). The endoplasmic reticulum (ER) chaperone BiP is a master regulator of ER functions: Getting by with a little help from ERdj friends. J. Biol. Chem. 294 (6), 2098–2108. doi: 10.1074/jbc.REV118.002804

 Rana, P., Ghouse, S. M., Akunuri, R., Madhavi, Y. V., Chopra, S., and Nanduri, S. (2020). FabI (enoyl acyl carrier protein reductase) - A potential broad spectrum therapeutic target and its inhibitors. Eur. J. Med. Chem. 208, 112757. doi: 10.1016/j.ejmech.2020.112757

 R Core Team (2022). R: A language and environment for statistical computing (Vienna, Austria: R Foundation for Statistical Computing). Available at: https://www.R-project.org/.

 Remmers, I. M., Sarah, D., Martens, D. E., de Vos, R. C. H., Mumm, R., America, A. H. P., et al. (2018). Orchestration of transcriptome, proteome and metabolome in the diatom Phaeodactylum tricornutum during nitrogen limitation. Algal Res. 35, 33–49. doi: 10.1016/j.algal.2018.08.012

 Remus, D., Beuron, F., Tolun, G., Griffith, J. D., Morris, E. P., and Diffley, J. F. X. (2009). Concerted loading of Mcm2-7 double hexamers around DNA during DNA replication origin licensing. Cell 139 (4), 719–730. doi: 10.1016/j.cell.2009.10.015

 Robbins, N., and Cowen, L. E. (2023). Roles of Hsp90 in Candida albicans morphogenesis and virulence. Curr. Opin. Microbiol. 75, 102351. doi: 10.1016/j.mib.2023.102351

 Shen, Y., Meunier, L., and Hendershot, L. M. (2002). Identification and characterization of a novel endoplasmic reticulum (ER) DnaJ homologue, which stimulates ATPase activity of BiP in vitro and is induced by ER stress. J. Biol. Chem. 277 (18), 15947–15956. doi: 10.1074/jbc.M112214200

 Shibata, E., and Dutta, A. (2020). A human cancer cell line initiates DNA replication normally in the absence of ORC5 and ORC2 proteins. J. Biol. Chem. 295 (50), 16949–16959. doi: 10.1074/jbc.RA120.015450

 Shukla, S. K., Crosta, X., and Ikehara, M. (2023). Synergic role of frontal migration and silicic acid concentration in driving diatom productivity in the Indian sector of the Southern Ocean over the past 350 ka. Mar. Micropaleontol 181, 102245. doi: 10.1016/j.marmicro.2023.102245

 Sims, P. A., Mann, D. G., and Linda, K. (2006). Evolution of the diatoms: insights from fossil, biological and molecular data. Phycologia 45 (4), 361–402. doi: 10.2216/05-22.1

 Smith, C. J., Williams, J. L., Hall, C., Casas, J., Caley, M. P., O'Toole, E. A., et al. (2023). Ichthyosis linked to sphingosine 1-phosphate lyase insufficiency is due to aberrant sphingolipid and calcium regulation. J. Lipid Res. 64 (4), 100351. doi: 10.1016/j.jlr.2023.100351

 Song, Z. D., Lye, G. J., and Parker, B. M. (2020). Morphological and biochemical changes in Phaeodactylum tricornutum triggered by culture media: Implications for industrial exploitation. Algal Res. 47, 101822. doi: 10.1016/j.algal.2020.101822

 Stray, J. E., Crisona, N. J., Belotserkovskii, B. P., Lindsley, J. E., and Cozzarelli, N. R. (2005). The Saccharomyces cerevisiae Smc2/4 condensin compacts DNA into (+) chiral structures without net supercoiling. J. Biol. Chem. 280 (41), 34723–34734. doi: 10.1074/jbc.M506589200

 Thamatrakoln, K. (2021). Diatom ecophysiology: crossing signals on the road to recovery from nutrient deprivation. Curr. Biol. 31 (5), 253–254. doi: 10.1016/j.cub.2021.01.016

 Wisniewski, J. R., Zougman, A., Nagaraj, N., and Mann, M. (2009). Universal sample preparation method for proteome analysis. Nat. Methods 6 (5), 359–362. doi: 10.1038/nmeth.1322

 Xie, J., Bai, X. C., Lavoie, M., Lu, H. P., Fan, X. J., Pan, X. L., et al. (2015). Analysis of the Proteome of the Marine Diatom Phaeodactylum tricornutum Exposed to Aluminum Providing Insights into Aluminum Toxicity Mechanisms. Environ. Sci. Technol. 49 (18), 11182–11190. doi: 10.1021/acs.est.5b03272

 Yang, X., Yan, Z., Li, X. D., Li, Y. X., and Li, K. (2023). Chemical cues in the interaction of herbivory-prey induce consumer-specific morphological and chemical defenses in Phaeocystis globosa. Harmful Algae 126, 102450. doi: 10.1016/j.hal.2023.102450

 Yoshida, Y., and Tanaka, K. (2010). Lectin-like ERAD players in ER and cytosol. BBA-Biomembranes 1800 (2), 172–180. doi: 10.1016/j.bbagen.2009.07.029

 Zhang, S. W., Zheng, T. T., Lundholm, N., Huang, X. F., Jiang, X. H., Li, A. F., et al. (2021). Chemical and morphological defenses of Pseudo-nitzschia multiseries in response to zooplankton grazing. Harmful Algae 104, 102033. doi: 10.1016/j.hal.2021.102033




Publisher’s note: All claims expressed in this article are solely those of the authors and do not necessarily represent those of their affiliated organizations, or those of the publisher, the editors and the reviewers. Any product that may be evaluated in this article, or claim that may be made by its manufacturer, is not guaranteed or endorsed by the publisher.


Copyright © 2024 Liu, Li, Yang, Wang, Zhang and Li. 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.


OEBPS/Images/fpls-14-1308085-g002.jpg
A

pt55_7_c - 0.66 0.75

pt55_3_g . 0.61 0.58

pt55_3_c- 0.69 0.67 0.7 0.7

0.75 0.64

pt52_B_g- 0.68

pts2_B_c- 0.7

pts2_A g-
pt52_A_c-
o o o gl g o g
L T T T o
9] wn
2 & & @& © @& °© 7

C

pt55_7_g- 0.6
pt55_7_c -
pt55_3 g-
pts55_3_c -
pt52_B_g-
pts2_B_c-
pt52_A_g-

pts2_A c-

Ac”
B_c”
3. ¢’
7 ¢

pt52_
pt52_A_g~
pt52_|
pt52_B_g~
pt55,
pt55_3_g~
pt55,
pts5_7_g

Corr
0.80
0.70

! 1.00
0.60

0.90
I 0.50

pts5_7 g ”@”. 0.32 0.36 0

pts5_7_c - 0.37 0.33 0.57 0.47 0.41

0.31 0.36 0.29

Corr
1.00

0.80
0.60

pt52_B_g- 0.47 0.36 0.40
.0.20
pt52_B_c- 0.57 0.32
pt52_A g- 0.33
pt52_A_c- 0.37
I°| .ml I°| .ml 'o‘ .ml 'o‘
<| <I ml ml m‘ ml rx‘
g8 2 g 88 o8
a & & =& @ o o

pts5_7 g-
pts5_7_c - 0.27
t55_3 g -
prvs g Corr
1.00
pt55_3 c- . 0.80
0.60
. 0.40
p152.B_g . 0.20
pt52_B_c-
pt52_A_g- 0.36
pt52_A c-
I°| [ I°| o .U‘ o .U‘ o
< < . o ™ m: ~ r\:
g g % ¢ 888 3
2 B8 B8 8 B8 @& © @&





OEBPS/Images/fpls.2023.1308085_cover.jpg
& frontiers | Frontiers in Plant Science

Multi-omic insights into the cellular response
of Phaeodactylum tricornutum
(Bacillariophyta) strains under grazing
pressure





OEBPS/Images/fpls-14-1308085-g009.jpg
Gene Significance

-1.0

Gene Significance
-05 00 05

Gene Significance
-05 00 05

00 05 10

0

0

purple cor=0.39, p=4.9e-78

100 200 300 400 S00
Connectivity

blue cor=-0.13, p=1.4e-06

100 200 300 400
Connectivity

cyan cor=-0.06, p=0.023

100 200 300 400 500
Connectivity

Gene Significance

ficance
-0.8

Gene Signi

Gene Significance

-05 0.0

6

-05 00 05 -02 02 O

05

midnightblue cor=-0.36, p=1.4e-14

50 100 150
Connectivity

pink cor=-0.53, p=3.4e-56

50 150 250
Connectivity

salmon cor=-0.12, p=0.0083

Connectivity

Gene Significance

-0.6

Gene Significance

Gene Significance

yellow cor=-0.32, p=9.9e-31

00 04

0O 100 200 300 400 S00
Connectivity

black cor=-0.31, p=5.5e-48

-05 00 05

0 200 400 600 800
Connectivity

greenyellow cor=-0.19, p=3.6e-06

00 04

-0.6

50 100 150
Connectivity

ficance
00 04 08

Gene Signi

0.6

ficance

Gene Signi

Gene Significance

0.5

-05 0.0

-05 00 05

green cor=-0.31, p=7.6e-24

Connectivity

tan cor=-0.033, p=0.45

50 100 150
Connectivity

magenta cor=-0.15, p=4.1e-05

50 100 150 200 250
Connectivity





OEBPS/Images/fpls-14-1308085-g007.jpg
MEpink

MEblack

MEyellow

VEmidnightblue

MEtan

MEgreen

MEsalmon

MEpurple

MEcyan

MEmagenta

MEblue

MEgreenyellow

MEgrey

=03 -015 029 -016 -016
(05) ©7 ©5 On 61 ©4

-03 -028 -0.13 -016
(0S) ©5) ©8) O

-025 016 03¢ -011 -016 02 |
(06) ©7) ©6) ©8) O7) (©F)

004) -011 <028 -023 -0
(09) (08 @5) (05 05

024 004 0035 -0 030-0046 -003 034 0072 -012 0.8
o8 o ©% 09 09 0% OO O O O
}

I 4
<032 016 <036 <032 -01 021 -03 018

a1 07
| 04) ©7) (04) 04) ©F (05 05

on
©s)
=

<016 0041 -011 002
©n ©% ©H o)

0css -025 028 -02 -01 77022 -016 018 02 016 016 Of
(©3) (08) ©5) (0F) O 9) (06) (©7) ©7) (%) O EO7) ©H

038
LD

-0035-0062 025 -015 028 -035 -012
©3%) ©% ©5 @) ©5 E e

Module-trait relationships

-y 3 =
¥ g
2 5
5 04 04 0037 0012 034 NA 034
) 00 on 0 6 o8N 00
¥ ’

-008 011 -035-0 028 025 -0064 A 1
O 89 ©OH ( @5 ©5) 09 L)

|
|

01 -0012 011 -017
©n 1) O en

02 0006 03
©5 ©8 @)

-02 019 -021 026 -02
©5) ©7) 05 05 08

“&u 013 028
Ig ©on 05

-023 038 -016 011 -0074

©5) ©4) ©) O O

028 -0 02

003 014 012 0083
0% ©N ©5 ©

-0088 -01 ~03) 04 0068 -0 L
03 ©3) @ ©F) 03 O5 O

A00£ o0se -025 015 -02 09 -021 035 028 0089 NA -0022 021
| 69 @5 ©5 ©) CH 09 ©H ©4) @9 03 N8 ) ©

05 ©3)

015 00026 013
©on o O

-019 -008
©85 ©8)

%@%@/WW&W@/@’.@I@ /ﬁh/.(@ AW WL N WX N W Q 1D WD N WO RO N A HA - dn B gD 00 A A O O WX D B aO
O O O e B R g O R
A N N S R X O I S S S N NS ISR
P T v NS OO & & A IRAA R A PO AN S
O S OGe Y P < A9 off Y
X2 X2 40@609 N &P O
X2 < <&

015 002) 0084 022 043 0 0% 012 -029 0

©n ) ©% 06 (0 _G.a 04) 08 (05 ©F)
3 .

0M 014 oM 02 048 03 -026 028

©9 on 04 ©8) : 04 06 ©5)

005 011 ~002 06 ~027 oo O ~006) 014

09 ©8 (1) (09) 09 0 08 ©9 ©7)

005 -021 -029 0053 028 011 003 -023
©9) (05 05 (05) (05 ©6) (0% O

Ny G. 7. O'aO &.
SRR





OEBPS/Text/toc.xhtml


  

    Table of Contents



    

		Cover



      		

        Multi-omic insights into the cellular response of Phaeodactylum tricornutum (Bacillariophyta) strains under grazing pressure

      

        		

          Background/Aims

        



        		

          Methods

        



        		

          Results

        



        		

          Conclusion

        



        		

          1 Introduction

        



        		

          2 Materials and methods

        

          		

            2.1 Cultivation of Phaedactylum tricornutum strains and experimental conditions

          



          		

            2.2 Experimental design

          



          		

            2.3 Illumina RNA sequencing

          



          		

            2.4 TMT labeled quantitative proteomics

          



          		

            2.5 Non-targeted metabolomics

          



          		

            2.6 Weighted gene co-expression network analysis

          



          		

            2.7 Softwares

          



        



        



        		

          3 Results

        

          		

            3.1 Transcriptome profiling of P.tricornutum

          



          		

            3.2 Proteomic profiling of P.tricornutum

          



          		

            3.3 Metabolomic profiling of P.tricornutum

          



          		

            3.4 Pathway enrichment and analysis

          



          		

            3.5 Weighted gene co-expression network analysis

          



        



        



        		

          4 Discussion

        

          		

            4.1 Transcriptomic insights and omics convergence in P.tricornutum Strains under grazing pressure

          



          		

            4.2 Mechanisms of cellular response under grazing pressure in P.tricornutum Strains

          

            		

              4.2.1 Cellular processes

            



            		

              4.2.2 Fatty acid metabolism

            



            		

              4.2.3 Signal response

            



          



          



          		

            4.3 Weighted gene co-expression network analysis

          



        



        



        		

          Data availability statement

        



        		

          Author contributions

        



        		

          Funding

        



        		

          Acknowledgments

        



        		

          Conflict of interest

        



        		

          Supplementary material

        



        		

          References

        



      



      



    



  



OEBPS/Images/crossmark.jpg
©

2

i

|





OEBPS/Images/fpls-14-1308085-g004.jpg
Cyanate hydratase

Phosphoglycerte mutsse |

\
AY

Phosphoglycerate mutase

Stearoyl-ACP desaturase

Phosphopyruvate hydratase

Fructose-bisphosphate aIdolase

Triosephosphate isomerase

2

Predicted protein C-gedS

Pyrophosphate--fructose
6-phosphate

1-phosphotransferase

Pyruvate kinase

2

Derlin

Malate synthase

Formidase

Alpha subunit of glucosidase

Fructose-

bisphosphatase

Phosphoenolpyruvate
carboxylase

Pyrophosphate-

Glucose-6-phosphate Lactyolglutathione

Predicted dependent

isomerase

phosphofructose kinase lyase

protein Predicted protein

Predicted protein

Phosphoribulo- ~ Enoyl-acp

kinase

reductase

UTP--glucose-1-phosphate

uridylyltransferase

Predicted protein

Phosphoglucomutase

Pyrophosphate- N
s lutamate ibose-5-phosphate
Glucose-6-phosphate eeTited depemiia .
isomerase . . dehydrogenase isomerase
protein  phosphofructose kinase

Phosphoglycerate

mutase

Predicted protein

Calmodulin

Predicted

protein

3-oxoacyl-

[acyl-carrier-protein]

synthase

¥
Phosphoglycerate mutase c \;/\

Predicted protein

Predicted protein G

rE— 3-oxoacyl-
[acyl-carrier- enoyl-[acyl- ———>Q Carbamoyl-P [acyl-carrier-
[acyl-carrier-protein] S- protein] carrier-protein] carbamoyl- protein]
malonyltransferase synthase 11 reductase phosphate " synthase IT
Ribosome GIMO Mo 3 synthase 3 - )
Malonyl-[acp] 3-Oxoacyl- Long-chain Long-chain —— - (ammonia) : Malonyl-{acp] 3:Oxoacyk Long-chain Long-chain
Malonyl-CoA [acp) acyl-[acp] acyl-CoA nitrate/nitrite ferredoxin-nitrite H [acp] acyl-[acp] acyl-CoA
pe——— ] alonyl-Co: transporter reductase :
hypoxia up-regula : B
Acetyl-CoA Fatty Acid Biosynthesis phosphopyruvate O >0 Ammonia : Fatty Acid Biosynthesis
carboxylase hydratase Nitrate Nitrate Nitrite . :
(extracellular) : :
heat shock : 5
70kDa protein é Glycerate-2P : (R)-S-Lactoyl- ]
1/2/6/8, erystallin O« glutamate i Methylglyoxal glutathione |
Proteasome  J==-====- >0 O« o dehydrogenase : — 50O Q Glycerate-2P
. S-Acetyl-dihydro- 2-Hydroxy- Pyruvate 23- nitrate/nirite (NADP+) :
Ms y :
Disiocon chatinel lipoamide-E ethyl-ThPP bisphosphoglycerate- (extracellular) transporter O LGt H lactoylglutathione lyase Byruyate oyravate
P dependent phosphogly-cerate ? : dehydrogenase E1 25
Protein Processing in 2 mutase ™ & 1 component bisphosphoglycerate-
Endoplasmic Reticulum Phosphoenol- kinase Atcroges Mecabolism : dependent phosphogly-cerate
pruvate é Glycerate-3P H 2-Hydroxy- mutase
malate synthase carboxylase long-chain-3- d >0 cthyl-ThPP
>0« hydroxyacyl-CoA — Glycerate-3P
yl-CoA C " y
* Acetyl-CoA (S)-Malate Oxaloacetate dehydrogenase acetyltransferase Acetoacetyl-CoA dehyg{;‘;::;e El
long-chain-3- : Phosphoenol-pyruvate phosphoglycerate kinase >0« component
hydroxyacyl-CoA pro oy : —— 3-Oxoncyl-CoA
dehydrogenase acyltransferase : FrRTE Phospboslyoerate
3-Hydroxyacyl-CoA :
3-Oxoacyl-CoA : Glyesrates1, 3Py 3-Hydroxyacyl-CoA Acetyl-CoA S-Acetyl-dihydro-
| Pyruvate Metabolism lipoamide-E
: glyceraldehyde-3-phosphate Glycerate-1,3P
- : dehydrogenase(phosphorylating)
hydratase | >0 glyceraldehyde-3-phosphate
: fructose- Fatty acid dehydrogenase(phosphorylating)
enoyl-CoA hydratase, | Hiphospbatd aty ac
SnoybOon : it (Hexadecanoate)
2,3-Dehydroacyl-CoA acylianorase long- | ¢ a fructose-
Fatty acid e e aciiioaal ’é Glyceralde-3P Fatty Acid Elongation b e . bisphosphate
(Hexadecanoate) yeroryecy : i aldolase
sebydsogenasy : €Oy : Glyceralde-3P
Fatty Acid Elongation - : ; 3-hydroxyacyl-CoA H
= triose- @ ‘Ribiisi ] dehydrogenase, butyryl-CoA, H
LPelnstonl: phosphate . ] dehydrogenase, acetyl-CoA C- ;
camitine isomerase ! : acetyltransferase H B-D-Fructose-1.6P2
Fatty Acid Degradation H0 : PO = & fructose-bisphosphate aldolase
S Giyeerone-p : L-Palmitoyl-camitine
B-D-Fructose-1,6P H Fatty Acid Degradation
d 6-bisphosphatase | 6-phosphofructokinase
é G3IM9
6-bisphosphatase | 6-phosphofructokinase elyceraldehyde-3-
= phosphate
ribulose- . fructose-bisphosphate aldolase - . dehydrogenase
bisphosphate | | Glyceralde-  1,3-Bisphospho- ‘mannosyl-oligosaccharide alpha- phosphoglycerate kinase| | (1 8T PET e
carboxylase 3p glycerate  Glyceraldehyde-3 pD-Fructose-6P 1,3-glucosidase 55 G glucose-6-phosphate isomerase
>0 1.3-Bisphospho- -D-Glucose-6P
Ribulosez;53 phosphoglycerate glyceraldehyde-3- anshetokne : i e dyeerm Olyeesaldetiyde-3 p-D-Fructose-6P ;
Kinose phosphate ! 0o & cmo H glucose-6-phosphate
! ki a-D-Glucose-1P ) : isomerase
: (phosphorylating) Ribulose-5P
i fructose-bisphosphate Glycolysis/Gluconcogenesis - >0
i[  aldolase, transketolase, """"ST o fructose- glucose-6- | -D-Glucose-6P @-D-Glucose-1P
: phosphoribulokinase M9 _plhiosphate bisphosphate phosphate
: isomerase A aldolase isomerase
: eptidyl-prolyl 3
i isomerase F Ribose-5P Sedoheptulose-1,7- Erythrose-4P
: (cyclophilin D) T bisphosphate Glycolysis/Gluconcogenesis
Erythrose-4P . ca?t 13-elvoosidase Carbon Fixation in Photosynthetic Organisms
o " < Phosphoenol-
Carbon Fixation in Photosynthetic Organisms
4 2 Calcium Signaling Pathway _ mannosyl- 5 GIM9 pyruvate  Methylglyoxal »ceyyjene-
o >[CaMcML >/ Nos oligosaccharide alpha- .
; dicarboxylate
ca2* 1,2-mannosidase
Mem2 Condensin Formamide Acetyl-CoA P —
ore2 Sme2 | Yosd thylene-
Acetyl-P y
T : Bacte ¥ : = dicarboxylate
! ecretion syster Ms M9 nitratelnitrite formamidase
H H D-Lactate
H ! transporter cyanate lyase
v Chmm'osome H " < o ke ° Oxaloacetate  Pyruy
DNA Biosynthes : Plant-Pathogen Interaction H - - «
fosynthesis georegation B! H lmannosyl-oligosaccharide alpha-1,2- Nitrate Nitrate Ammonia Carbamate Cyanate
H mannosidas (extracellular) L-Lactate
: elutamate (S)-Malate
Cell Cycle - Yeast ; debydrogerass
(NADP+) Acetate
MLCK}----> ¢ F sty — Golgibody S ws >0 L-Glutamate Formate  2.Hydroxy-
‘ontraction i S e o cthyl-ThPP
7y - :
Nitrogen M
PHK |----> Metabolism A Sromms Botssinn Pyruvate Metabolism
[Foomsmo] [Foommosr ]
> e — — setorifcation Phosphoenolpyruvate
Dislocon channel
A A o)
CaN Proliferation 1
OZ* #{CALM ’CAMK ',_::.:"L‘Z;‘j::mo s | i | _“,,w Octadecanoyl-[acp]
i P <« ’
Ca g . > Vs pey deoniiaion Derlin-1, heat shock protein ’
x X 110kDa, molecular chaperone Alanine
HipG, crystallin, ubiquitin fusion degradation
05 Other signaling T protein I, UV excision repair protein RAD23 Acetyl-CoA Pyruvate  L-Lactate
pathway msporse rsponse o el e
i - om0
s s g saitaion
PDEIL ——— 'y A Malate Phosphoenolpyruvate
A Ot ipeton i Proteasome Pyruvate Octadecanoic acid
| L CowiEn
N lee ot Carbon Fixation in Photosynthetic Organisms 2-Hydroxyethyl-ThPP Fatty Acid Biosynthesis
Calcium Signaling Pathway oxdstive . Protein Processing in Glycolysis/Gluconeogenesis
Endoplasmic Reticulum
o g P ) Calmodulin
g 4 -
,
/ ) / SRS ity " & Oy
$#R 7 AR i s ¢ iz Ze
‘ Ee s > Fructose-
re “{ - Heat shock
Heat shock Enoyl-CoA bisphosphatase
) ; Fructose- / Phosphoglycerate Glyceraldehyde- r PE
Translocation prot RAD23 Transketolase Predicted protein Phosphopyruvate Transketolase 3-oxoacyl- sty Pieicnd ; Calreticulin protein Hsp20 - yceraldehyde- 1o yryiace protein Hsp20
Predicted proteit SECez  Longechain acyl-CoA datas Predicted protein [acyl-carrier-protein] P : coenzyme bisphosphate [Acyl-carrier-protein] mutase 3-phosphate
; : synthetase 4 Fructose-bisphosphate ydratase protein aldolase X Mutase dehyd
Predicted protein Phosphoglycerate kinase y! synthase A dehydrogenase S-malonyltransferase ehydrogenase

aldolase

phosphoglucomutase

Pyruvate dehydrogenase E1

component subunit beta

Predicted protein

Beta-ketoacyl-CoA thiolase

Predicted protein

Fructose-bisphosphatase

““+~__ Nitratenitrite transporter

Dihydrolipoy! dehydrogenase

Short chain acyl-coenzyme
A dehydrogenase

Transketolase

Predicted protein

Fructose-bisphosphatase

Ubiquitin conjugating

enzyme E2

Lipoamide dehydrogenase

@

e

Fructose-bisphosphate

aldolase

% Pyruvate kinase

o

Glyceraldehyde-3-

phosphate dehydrogenase

Phosphoglycerate kinase





OEBPS/Images/table2.jpg
Comparisons

262

1052_1A_c VS 1052_1A_g 134 128

1052_1B_c VS 1052_1B_g 116 202 318
1055_3_c VS 1055_3_g 227 389 616
1055_7_c VS 1055_7_g 434 326 760 |






OEBPS/Images/fpls-14-1308085-g003.jpg
v _.u ._IFP_ _h
IOy T
gy ____.P___.ﬂ___...__ i FFE. L
i =





OEBPS/Images/fpls-14-1308085-g006.jpg
Network heatmap plot, all genes






OEBPS/Images/logo.jpg
, frontiers ‘ Frontiers in Plant Science





OEBPS/Images/fpls-14-1308085-g008.jpg
Sample dendrogram and trait heatmap

v ¢sd

oy ¢od

o ¢ ggd

g zaic

o7 g zo

o/ ggd

6~/ e

Wmﬂn Eﬁ”ﬂ\ng

S

Q&%;awm?&m

333

FA 20HC





OEBPS/Images/fpls-14-1308085-g005.jpg
CEL-CYC
PLA-INT
CAL-5IG

PHO. Sig

T\

, \
W
S -
%‘MW/I SRS \H/
L] \\ . . |
L. . \—f’\\\ STy I B

PR

fh"""w

OXi-pHO
ovg-&':'-\-





OEBPS/Images/fpls-14-1308085-g001.jpg
=

5000 BO00 3000
Number in each set

Mumber of each intersect

pt3s 7 ¢
pt55 8 ¢
pi55 3 g
pts2 A g
pt55 3 ¢
pt55 7 g
pte2 A c
pt52 B ¢

pts2 B g

10189

|

+ Il : ll Il H





OEBPS/Images/fpls-14-1308085-g010.jpg
Phytosphingosine

Pyruvic acid

FA Totals.

FA30HC14

FAC20.

FA.18bi3n3.

FA 200i4n6c.

PHALXDRAFT_27039

PHATR_36981 FA 220i5n30r24bi 1n9c.

pt52. A

FA.17bi10r30HC12.

FA.160i1

FAC14

FA.18bi2néc.

FA20HC12

FA 220i6n3c

Phatr3_J54499
ke FA22012n6¢

PHATRDRAFT_47395
FA.160i2n4

PHATRDRAFT_12762

ptss 3

PHATRORAFT_.

PHATRDRAFT_51811

Mu.cells day. Fusifor PHATRDRAFT_11016

PHATR_20948

PHATR_44050

PHATRDRAFT_56512
_ PHATRDRAFT_20183
‘ PHATR_50995

PHATRORAFT_23 =

PHATRDRAFT_42886
PHATR_43944
PHATRORAFT_493; PHATRDRAFT_42018
PHATR_46657
PHATR_13358 PHATR 44056
RORAFT_47956

PHATRORAPTSTID

PHATRDRAFT_8876

0‘ PHATRDRAFT_47062
N\ o PHATRDRAFT_50836

PHATRORZ m_ PHATRDRAFT_bd36

PHAT RDRAFT_44959
PHATRDRAFT_46969
PHATRDRAFT_9316
PHATR_25932
PHATRDRAFT_18940
PHATRDRAFT_28797

PHATRDRAFT_8717

= PHATRDRAFT_54476

PHATRDRAFT_17187
O )

pts5 7 PHATRDRAFT_2171

m

L-Hydroxyproline

L-Isoleucine

Creatine

methionine
L-Phenylalanine
L-Tyrosine

Phenylpyruvic acid






OEBPS/Images/table1.jpg
Sample Reads No. Clean Read No. Bases (bp) Clean Data (bp) Clean Reads Clean Data
pt52_A _c 107600456 98856954 16140068400 14828543100 91.87 91.87
pt52_A_g 118828944 109112418 17824341600 16366862700 91.82 91.82
pt52_B_c 109030966 99613970 16354644900 14942095500 91.36 91.36
pt52_B_g 110369976 100799184 16555496400 15119877600 91.32 91.32
pt55_3_c 106200518 96171702 15930077700 14425755300 90.55 90.55
pt55_3. g 104258976 94442576 15638846400 14166386400 90.58 90.58
pt55_7_c 121164860 107697388 18174729000 16154608200 88.88 88.88
pt55_7.g 114128898 103032006 17119334700 15454800900 90.27 90.27

Reads No:: Total Reads; Clean Read No.: High quality sequence read number; Bases (bp): Total number of bases; Clean Data (bp): High quality sequence base number; Clean Reads %: High
quality sequence reads accounted for the percentage of sequencing reads; Clean Data %: High quality sequence bases accounted for the percentage of sequencing bases.





