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Introduction

Aeromonas hydrophila, a bacterium widely distributed in the natural environment, causes multiple diseases in various animals. Exploring the mechanism of the host defense against A. hydrophila can help develop efficient strategies against Aeromonas infection.





Methods

Herein, we investigated the temporal influence of A. hydrophila on the Chinese soft-shelled turtle, an economically important species, at the biochemical, transcriptomic, and metabolomic levels. Plasma parameters were detected with the test kits. Transcriptome and metabolome were respectively applied to screen the differentially expressed genes and metabolites.





Results

The contents or activities of these plasma parameters were significantly increased at 24 hpi and declined at 96 hpi, indicating that 24 and 96 hpi were two important time points during infection. Totals of 3121 and 274 differentially expressed genes (DEGs) from the transcriptome while 74 and 91 differentially abundant metabolites (DAMs) from the metabolome were detected at 24 and 96 hpi. The top DEGs at 24 hpi included Ccl2, Ccl3, Ccl4, Il1β, Il6, Il7, Il15, Tnf, and Tnfr1 while Zap70, Cd3g, Cd8a, Itk, Pik3r3, Cd247, Malt1, and Cd4 were the most abundant at 96 hpi. The predominant DAMs included O-phospho-L-serine, γ-Aminobutyric acid, orotate, L-tyrosine, and L-tryptophan at 24 hpi, as well as L-glutamic acid, L-arginine, glutathione, glutathione disulfide, and citric acid at 96 hpi.





Discussion

The combined analysis of DEGs and DAMs revealed that tryptophan metabolism, nicotinate and nicotinamide metabolism, as well as starch and sucrose metabolism, were the most important signaling pathways at the early infective stage while tyrosine metabolism, pyrimidine metabolism, as well as alanine, aspartate and glutamate metabolism were the most crucial pathways at the later stage. In general, our results indicated that the Chinese soft-shelled turtle displays stage-specific physiological responses to resist A. hydrophila infection.
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1 Introduction

Aeromonas species are widely distributed in the soil and in aquatic habitats such as sediment, feces, and drinking water (1, 2). Aeromonas hydrophila is a freshwater, facultatively anaerobic, Gram-negative bacterium that can infect various species, including shrimp, fishes, amphibians, reptiles, and mammals (3, 4). Aeromonas hydrophila survives in the temperature range of 0°C–45°C, with the optimal range of 22°C–32°C (5). Multiple stress conditions such as temperature fluctuation, water pollution, overcrowding, low dissolved oxygen, and concurrence with other pathogens may increase the vulnerability to A. hydrophila infection, indicating that A. hydrophila is an opportunistic pathogen (6, 7).

Turtles are common carriers of pathogenic A. hydrophila, and humans are at risk of infection by physical contact (8). The turtles have a unique evolutionary status as secondary aquatic reptiles; therefore, their response mechanism against pathogens may be distinct from those of mammals and fishes (9, 10). The Chinese soft-shelled turtle (Pelodiscus sinensis) is an economically important reptile in East Asian countries, being especially popular in China and Japan, owing to its food and medicinal value for humans. The consumption of turtles is deemed beneficial for enhancing immunity, anti-aging, and relieving cardiocerebrovascular diseases based on ancient Chinese medicine theory (11). Aeromonas hydrophila infection has led to more than 15 diseases in turtles, such as keratitis, red-neck disease, septicemia, and furunculosis (12, 13). These diseases account for approximately 60% of the total disease cases in turtles and have led to severe economic losses (14). Therefore, research on the response mechanisms of Chinese soft-shelled turtles against A. hydrophila is needed for the prevention of related diseases.

Previous studies on the immune response of Chinese soft-shelled turtles to A. hydrophila emphasized the spleen, a typical immune organ (10, 14). The immune response of the liver has received comparatively less attention in aquatic animals. Traditionally, the liver plays crucial roles in lipid metabolism, detoxification, and glycogen storage (15). During the past several decades, the liver has gradually been perceived as an organ with critical functions in immunity. MacParland et al. have performed single-cell RNA sequencing of human liver samples, providing a map of the human hepatic immune microenvironment (16). These immune cells include innate forms such as Kupffer, dendritic, and natural killer (NK) cells as well as adaptive immune cells such as CD4+, CD8+ T cells, and B cells (16). In addition, the gut–liver axis, involving the intestinal microbiome and the hepatic immune system, plays important roles in the immune response of mammals and fishes (17). For example, Wu et al. produced a sophisticated profile of fish gut–liver immunity during both homeostasis and inflammation in healthy and infected tilapia (18). Therefore, comprehensively exploring the immune mechanism of the liver in resisting bacterial infection would extend our knowledge of immune processes in Chinese soft-shelled turtles.

Hematology can be used to monitor the physiological status of the liver (19). The serum biochemical parameters often provide the first clue of the presence of liver pathology. For example, glutamate pyruvate transaminase (GPT) and glutamic oxalacetic transaminase (GOT), as ubiquitous transaminases, are two clinical biomarkers of hepatic health. These two enzymes, generally existing in hepatocytes, are secreted into the blood when the permeability of the hepatic cell membrane becomes damaged (20). Alkaline phosphatase (AKP), existing in macrophage lysosomes, has important functions in immunity, as it can mitigate the negative effects of lipopolysaccharides and alleviate inflammation (21). One of the functions of catalase (CAT), as an endogenous antioxidant enzyme, is to remove excessive reactive oxygen species (ROS) generated by bacterial infection (22). Malonaldehyde (MDA) is the final product of lipid peroxidation, and its concentration is associated with the toxic effects of ROS (23). Thus, the analysis of plasma parameters can help to assess the health status of individuals.

Metabolites are involved in regulating the immune response or signal pathways of the hosts challenged by pathogens or external stresses (24–26). For example, the liver metabolome of yellow catfish showed that iron metabolism modulated by hepcidin could contribute to the defense against Aeromonas veronii infection (24). The metabolomic analysis of the gill in Oreochromis mossambicus found that the levels of amino acids, osmolytes, and energy substances are significantly affected by osmotic stresses (25). The spleen metabolome of Paralichthys olivaceus identified numerous metabolites responding to Edwardsiella tarda invasion and temperature alteration, including L-methionine and UDP-glucose (26). Recently, it has been demonstrated that a combination of metabolome and transcriptome can provide more comprehensive information than a single omics technique (27). For example, a combined analysis of gut transcriptome and metabolome in zebrafish was employed to explore the potential anti-inflammatory mechanisms of gallic acid in alleviating soybean meal-induced enteritis (28). The integration of two omics identified the key pathways in the liver of the yellow catfish responding to A. veronii infection related to ascites, body surface ulcers, and hemorrhagic septicemia (29). A two-omics analysis of the liver in Acipenser dabryanus revealed the molecular mechanisms for dealing with thermal stress (30).

Our study detected plasma biochemical indicators, the hepatic transcriptome, and the metabolome of Chinese soft-shelled turtles challenged by A. hydrophila at different infective stages. These findings deciphered the immunological and metabolic mechanisms of hepatic tissue responding to bacterial infection in Chinese soft-shelled turtles. The screened metabolites and signaling pathways responding to A. hydrophila provided valuable strategies for preventing bacterial disease in Chinese soft-shelled turtles.




2 Materials and methods



2.1 Experimental animals and bacterial infection

A total of 80 healthy Chinese soft-shelled turtles with an average body weight of 452 ± 47 g were purchased from Huizhou Wealth Xing Industrial Co., Ltd. (Huizhou, China). The experiments were performed in the Guangzhou Aquatic Thoroughbred Base of the Pearl River Fisheries Research Institute (Guangzhou, China). These animals were acclimated for 2 weeks in 16 acrylic tanks (1 m × 1 m × 0.25 m) and fed commercial pellet diets with product number 0081 (Guangdong Nutriera Group Co., Ltd., Guangzhou, China) twice a day at 9:00 and 16:00. Turtles were fed by hand to apparent satiation (over 90% of the individuals had no apparent feeding behavior, and over 5 g of pellets reached the bottom of the tank). The residual pellets were siphoned out 1 h after each meal. During the trial, the water temperature was kept at 27°C ± 1°C via air conditioning. The pH, dissolved oxygen, NH3-N, NO2–, and alkalinity of the water were maintained at 8.0 ± 0.4, 6.0 ± 1.7 mg/L, 4.0 ± 1.2 mg/L, 1.0 ± 0.4 mg/L, and 45 ± 4, respectively. Approximately one-third of the tank’s water was renewed once a week during acclimation. After the acclimation, the turtles were fasted for 48 h prior to the bacterial challenge test. Healthy individuals that had no clinical signs of disease on the surface were chosen for the bacterial infection.

Aeromonas hydrophila originally isolated from a diseased Chinese soft-shell turtle was kindly gifted by Dr. Aiping Tan from the Pearl River Fisheries Research Institute, Chinese Academy of Fishery Sciences (Guangzhou, China). Aeromonas hydrophila was identified by 16S rDNA sequence analysis before the challenge test. The bacteria were cultured in brain heart infusion (BHI) broth at 28°C for 24 h and then centrifuged at 2,500×g for 10 min, and the supernatant was discarded. The bacteria were resuspended in sterile 0.85% NaCl (31), adjusting the concentration to 8.0 × 108 CFU/mL in accordance with the 0.5 McFarland standard. A concentration of 8.0 × 108 CFU/mL was the median lethal concentration for turtles during A. hydrophila infection in a preliminary experiment.

The turbidity was adjusted using a turbidimeter (BioMerieux, USA). Sixty turtles intraperitoneally injected with 500 μL of freshly prepared A. hydrophila (8.0 × 108 CFU/mL) comprised the infected group (IG); meanwhile, 10 turtles injected with 500 μL of 0.85% NaCl were regarded as the control group (CG).




2.2 Sample collection

Sampling (n = 6) took place at 0, 12, 24, 48, and 96 h post-infection (hpi). Individuals from the control group injected with an equal volume of 0.85% NaCl were considered as the 0-hpi sample. The turtles were rapidly anesthetized by immersion in 250 mg/L of MS222 solution prior to dissection. The blood samples for biochemical analysis were collected from the jugular vein using a 5-mL vacutainer with heparin sodium and kept at 4°C for 5 h. Then, the blood samples were centrifuged at 4,000×g for 20 min at 4°C to obtain plasma, which was stored at −80°C for analysis of plasma biochemical parameters. The collected liver tissues were snap-frozen in liquid nitrogen and stored at −80°C for subsequent detection.




2.3 Plasma biochemical parameters

The concentrations or activities of plasma malonaldehyde (MDA), glucose (GLU), catalase (CAT), glutamate pyruvate transaminase (GPT), glutamic oxalacetic transaminase (GOT), and alkaline phosphatase (AKP) were assayed using test kits (Nanjing Jiancheng Bioengineering Institute, Nanjing, China), with six biological repeats at each time point (n = 6) (30).




2.4 RNA extraction, library preparation, and RNA sequencing

Liver tissues from three time points (0, 24, and 96 hpi) with five biological repeats at each time point (n = 5) were analyzed for RNA sequencing. Total RNA was extracted from the liver tissues using TRIzol reagent (Ambion Life Technologies, Carlsbad, USA) and treated with RNase-free DNase I (Qiagen, Germantown, USA) at 37°C for 1 h to remove residual genomic DNA. RNA integrity and quantity were assessed by electrophoresis in 1% agarose gels and a NanoDrop 2000 spectrometer (Thermo Fisher Scientific, Wilmington, USA) with A260/A280 ratios between 1.8 and 2.0, respectively.

The RNA-seq libraries were constructed using 5 mg of RNA and were paired-end sequenced on an Illumina HiSeq 4000 sequencing platform (Illumina, San Diego, USA) by Gene Denovo Biotechnology Co. Ltd. (Guangzhou, China). The clean data were screened from the raw reads by removing adapter sequences, poly-N sequences, and low-quality sequences with fastp 0.18.0 software (32). Effective reads were mapped to the P. sinensis genome (https://www.ncbi.nlm.nih.gov/datasets/genome/GCF_000230535.1/) using HISAT2 (33). The sequencing datasets are available from the Short Read Archive (SRA) of NCBI with accession number SUB14127776.

The expression levels of the genes in different cDNA libraries were calculated with the fragments per kilobase of exon per million mapped fragments (FPKM) values (34). Differentially expressed genes (DEGs) were identified by DESeq2 (35) and defined by fold change >2 and false discovery rate (FDR) <0.05. The DEGs were further subjected to GO analysis (36) and KEGG enrichment analysis (37).




2.5 Metabolomic analysis



2.5.1 Metabolic extraction

Liver tissues (50 mg) of five individuals (n = 5) from each of the three time points (0, 24, and 96 hpi) were collected for metabolomic analysis. Liver tissues were homogenized with 500 μL of prechilled 70% methanol containing internal standard (L-2-chlorophenylalanine, 1 ppm) at 30 Hz for 30 min in an ice bath. Then, the mixture was vortexed for 5 min and incubated on ice for 15 min. The mixture was centrifuged at 14,000 rpm at 4°C for 20 min. The supernatant was dried in a vacuum centrifuge and redissolved in 100 µL of acetonitrile solvent (acetonitrile/water = 1:1) for LC–MS/MS analysis. Finally, 60 µL of the supernatant was analyzed by a liquid chromatography tandem-mass spectrometry system (LC–MS) (38).




2.5.2 LC–MS analysis

High-performance liquid chromatography (HPLC) separation was performed with a 1290 Infinity LC UHPLC System (Agilent Technologies, Waldbronn, Germany). To determine stability and reliability, quality control (QC) samples were prepared by pooling an equal aliquot of each sample and analyzing these together with the experimental samples. Mass spectrometry was carried out by a Q Exactive™ HF mass spectrometer (Thermo Scientific, San Jose, USA) after the separation of the samples by HPLC. Each sample was operated in positive/negative polarity mode by electrospray ionization (ESI) with the following parameters: spray voltage, 3.5 kV; source temperature, 320°C; sheath gas flow rate, 45 arb; and aux gas flow rate, 15 arb.

Peak alignment, peak picking, and metabolic quantitation were performed using the Compound Discoverer 3.1 program. Publicly available metabolite databases, including KNApSAcK (http://kanaya.naist.jp/KNApSAcK/), MassBank (http://www.massbank.jp/), HMDB (http://www.hmdb.ca/), and METLIN (http://metlin.scripps.edu/index.php), were utilized for annotating the metabolites. Multivariate statistical analyses were carried out using the MetaboAnalystR (V1.0.1) R package, including principal component analysis (PCA), partial least squares discriminant analysis (PLS-DA), and orthogonal partial least squares discriminant analysis (OPLS-DA). The criteria for differential abundance metabolites (DAMs) were variable importance in projection (VIP) >1 and P <0.05 in an independent sample t-test. These were selected as differential metabolites for pairwise comparisons for three groups, namely, comparisons of CG vs. IG24, CG vs. IG24, and IG24 vs. IG96.





2.6 Correlation analysis of metabolomic and transcriptomic data

DEGs (FDR < 0.05 and |log2FC| > 1) and DAMs (VIP > 1 and P < 0.05) were integrated for the pairwise comparisons listed above. A pathway model, a Pearson model, and an O2PLS model were established to analyze the association between the transcriptome and metabolome. All DEGs and DAMs were mapped to the KEGG pathway database to obtain their associations with metabolic pathways. Pearson correlation coefficient (PCC) and the relevant P-values of the Pearson model were used to evaluate the correlation between the DEGs and DAMs. Those with |PCC| >0.80 and P <0.05 were considered to be significant.

O2PLS models were calculated using the OmicsPLS package for R. This method decomposed the variation present in the two data matrices into three parts: the joint variation between the two datasets, the orthogonal variation unique to each dataset, and noise (39). In this model, joint loading plots of the transcriptome and metabolome were constructed to represent the correlation between metabolites and genes. In the loading plots, a higher absolute value represented a better correlation between genes and metabolites, meaning that the genes (metabolites) far from the origin were more highly associated with metabolites (genes) (39).




2.7 Validation of transcriptomic data

Total RNA from the 0-, 24-, and 96-hpi groups was used for quantitative real-time PCR (qRT-PCR) validation. The RNA for qRT-PCR validation was the same as that employed in constructing the RNA-seq library.

Before the formal qRT-PCR experiment, we utilized a no-RT negative control (cDNA reverse-transcribed from the reactions without reverse transcriptase) for each cDNA sample to exclude the interference of the genomic DNA in the qRT-PCR. The qRT-PCR was carried out in the ABI StepOnePlus System (Applied Biosystems, Foster, USA) using iTaq™ Universal SYBR® Green Supermix (TaKaRa, Dalian, China). The 20-μL reaction mix in each well contained 2 μL of diluted cDNA (~1 μg), 10 μL of 2× SYBR Green Master Mix, 4 μM of each primer, 0.4 μL of ROX reference dye, and RNase-free water to a final volume of 20 μL. All reactions were run using the following program: 95°C for 5 min, followed by 40 cycles of 95°C for 5 s and 60°C for 30 s. Dissociation curve analysis was performed with the temperature gradually increasing from 63°C to 95°C to ensure the specificity of the target genes. A total of 15 DEGs were randomly selected to verify the sequencing results. The specific qRT-PCR primers designed by Primer Premier 5 software are shown in Supplementary Table 1. All samples were run in duplicate. The relative expression levels of the target genes were normalized with the housekeeping gene elof1 and were calculated according to the Pfaffl method (40). Finally, the qRT-PCR results were shown as fold changes relative to the expression level of genes in the 0-hpi group.




2.8 Statistical analysis

All data from plasma biochemical parameter analyses were represented as the mean ± standard error (SE). Group comparisons were performed by one-way analysis of variance (ANOVA) followed by Duncan’s post-hoc test. A value of P <0.05 was considered statistically significant. To compare fold changes between qRT-PCR and DEG results, the Pearson R2 values were calculated and plotted with GraphPad Prism 9.0 software.




2.9 Ethics statement

All infection and sample procedures in the experiments were performed following the Guidelines for the Care and Use of Laboratory Animals in China and were approved by the Ethics Committee of the Pearl River Fisheries Research Institute, Chinese Academy of Fishery Sciences (LAEC-PRFRI-2023-03-15).





3 Results



3.1 Changes in plasma biochemical parameters during infection

The stress response of Chinese soft-shelled turtles to the A. hydrophila challenge was investigated using six plasma indices: two aminotransferases (GOT and GPT), two oxidative stress markers (CAT and MDA), one antimicrobial enzyme (AKP), and glucose (Figure 1). The plasma GOT and GPT activities were significantly increased to the highest levels at 24 hpi (P < 0.05). Plasma GOT activity at 48 hpi and 96 hpi and GPT activity at 96 hpi were higher than those at 0 hpi (P < 0.05). The plasma glucose levels were elevated at 24, 48, and 96 hpi compared with those at 0 hpi (P < 0.05) and reached the highest levels at 24 hpi. The plasma AKP activities at 12, 24, and 48 hpi were higher than those at 0 hpi (P < 0.05). There was no difference in AKP activity between 0 hpi and 96 hpi (P > 0.05). The plasma CAT activity and MDA content reached the highest levels at 24 hpi (P < 0.05), while there were no significant differences at other time points (P > 0.05).




Figure 1 | Changes of plasma GOT (A), GPT (B), CAT (C), MDA (D), glucose (E), and AKP (F) in Chinese soft-shelled turtles at 0, 12, 24, 48, and 96 h after Aeromonas hydrophila infection. All data are represented as mean ± SE (n = 6). Different superscript letters mean significant difference (P < 0.05). GOT, glutamic oxalacetic transaminase; GPT, glutamate pyruvate transaminase; CAT, catalase; MDA, malonaldehyde; AKP, alkaline phosphatase.






3.2 The hepatic DEGs at different time points after infection

Transcriptomic sequencing of CG, IG24, and IG96 was performed with five biological replicates in each group, generating 15 RNA-seq libraries. A total of 50,274,586, 44,530,277, and 47,898,948 clean reads were obtained for the CG, IG24, and IG96 groups, respectively. Genes were mapped to the Chinese soft-shelled turtle’s genome, and the average mapping ratios for the CG, IG24, and IG96 groups were 89.35%, 88.59%, and 89.14%, respectively. The average Q20 and Q30 values in all groups were greater than 97% and 93%, respectively, indicating that the data quality was sufficient for subsequent analysis (Supplementary Table 2).

A hepatic RNA-seq analysis of Chinese soft-shelled turtles at 0, 24, and 96 hpi was conducted to reveal the changes in gene expression at different stages of infection (Supplementary Table 3, Supplementary Figure 1). A heatmap showed that the biological replicates in each group exhibited high repeatability, with correlation coefficients greater than 0.9 (Supplementary Figure 1A). PCA represented that the three groups could be separated by the first principal component (PC1) (Supplementary Figure 1B). PC1 and PC2, respectively, explaining 50.8% and 19.5% of the total variation, were the dominant components in discriminating the three groups. A Venn diagram exhibited 4,236 DEGs from three pairwise comparisons (Supplementary Figure 1C). Sixty common DEGs were detected among the three comparisons; moreover, 172 common DEGs were detected in the comparison groups of CG vs. IG24 and CG vs. IG96. For DEGs between the two groups, there were 3,121 DEGs in the comparison groups CG vs. IG24, with 1,617 being upregulated and 1,504 being downregulated, while there were 274 DEGs in the comparison groups CG vs IG96, comprising 198 upregulated and 76 downregulated DEGs (Supplementary Figure 1D). Moreover, there were 3,042 DEGs in the comparison groups IG24 vs. IG96, including 1,508 upregulated and 1,534 downregulated DEGs.

The functional classification of DEGs was carried out by GO and KEGG enrichment analyses (Supplementary Table 3, Figure 2). All DEGs were enriched in the three main GO categories (biological process, cellular component, and molecular function) (Figure 2A). For the CG vs. IG24 and IG24 vs. IG96 comparisons, the main subcategories in the biological process included cellular process (GO:0009987), single organism (GO:0044699), biological regulation (GO:0065007), and metabolic process (GO:0008152). Meanwhile, cell part (GO:0044464), cell (GO:0005623), organelle (GO:0043226), membrane (GO:0016020), and organelle part (GO:0044422) were the top 5 subcategories of cellular component. Binding (GO:0005488) and catalytic activity (GO:0003824) were the dominant subcategories in the molecular function category of the three comparisons. The KEGG pathways represented the DEG-regulated signaling pathways responding to A. hydrophila infection at different time points (Figure 2B). In the comparison groups CG vs. IG24 and IG24 vs. IG96, the DEGs were significantly enriched in cytokine-cytokine receptor interaction (ko04060), viral protein interaction with cytokine and cytokine receptor (ko04061), C-type lectin receptor signaling pathway (ko04625), tumor necrosis factor (TNF) signaling pathway (ko04668), JAK-STAT signaling pathway (ko04630), and Toll-like receptor signaling pathway (ko04620). However, the KEGG pathways in the comparison groups CG vs. IG96, different from the other pairwise comparisons, were enriched in the phagosome (ko04145), Vibrio cholerae infection (ko05110), leukocyte transendothelial migration (ko04670), leishmaniasis (ko05140), and the complement and coagulation cascades (ko04610).




Figure 2 | GO (A) and KEGG (B) enrichment results of differentially expressed genes (DEGs) in the liver of Chinese soft-shelled turtles at 0, 24, and 96 h after infection by Aeromonas hydrophila. “CG” indicates the control group, and “IG24” and “IG96” indicate the infected groups at 24 and 96 h after A hydrophila infection.






3.3 Hepatic metabolic profiles at different time points after infection

To investigate the metabolic changes in the liver of Chinese soft-shelled turtles during A. hydrophila challenge, the widely targeted LC–MS metabolome was performed at 0, 24, and 96 hpi (Supplementary Table 4). Correlation analysis demonstrated the high similarity of the metabolic composition of five replicates in each group (r > 0.93) (Supplementary Figure 2A). Multivariate statistical analyses, including PCA, PLS-DA, and OPLS-DA, were applied to analyze the difference in metabolic profiles among the groups. PCA (Supplementary Figure 2B) and PLS-DA (Supplementary Figures 2C-E) indicated significant separation of the metabolic profiles among the groups. To identify the pairwise discrimination criteria between groups, an OPLS-DA model was established and verified using cross-validation and permutation tests (Figures 3A-F). The two parameters of cross-validation, namely, R2Y >0.96 and Q2 >0.50, indicated the goodness of fit and high predictability of the OPLS-DA model (Figures 3A-C). The Y-intercept of Q2 <0 from the permutation test indicated the reliability of the model (Figures 3D-F). Therefore, this OPLS-DA model was used to identify pairwise differences between the groups for subsequent analysis. Then, 1,408 metabolites from three time points, categorized by similar variation trends, were clustered into eight profiles (Figures 3G, H). Profiles 2 and 5, respectively, contained 275 and 283 metabolites, showing a significant change at 24 hpi. Profiles 1 and 6, respectively, with 186 and 110 metabolites had a similar variation at 24 hpi and 96 hpi (Figure 3G). Of these profiles, profiles 2 and 7 had significantly more than expected (P < 0.05) (Figure 3H).




Figure 3 | Time-course metabolomic analysis in Aeromonas hydrophila-infected liver. Orthogonal projection to latent structures-discriminant analysis (OPLS-DA) with corresponding cross-validation of metabolite profiles in CG vs. IG24 (A), CG vs. IG96 (B), and IG24 vs. IG96 (C). The permutation test results of OPLS-DA in CG vs. IG24 (D), CG vs. IG96 (E), and IG24 vs. IG96 (F). (G) Metabolite variation tendencies in eight cluster profiles. X-axis: time; Y-axis: log2(contents of metabolites in the IGs relative to CG). (H) The statistical significance of clustered profiles evaluated by P-value <0.05. The number in the square indicates the P-value. The two-colored profiles with P-value <0.05 mean the significantly clustered profiles. “CG” indicates the control group, and “IG24” and “IG96” indicate the infected groups at 24 and 96 h after A hydrophila infection.



The DAMs between pairwise comparisons were identified in the positive and negative ion models and evaluated by the criteria of VIP ≥1 and P <0.05 in the OPLS-DA. As shown in Supplementary Table 5, there were 74 (33 up- and 41 downregulated), 91 (47 up- and 44 downregulated), and 87 (56 up- and 31 downregulated) DAMs in both ion models that were screened in the comparison groups CG vs. IG24, CG vs. IG96, and IG24 vs. IG96, respectively. For the top DAMs in different comparisons, orotate, picrotin, N-acetylgalactosamine 6-sulfate, and glaucarubin were upregulated, while L-tryptophan, 3-indoleacrylic acid, adenosine monophosphate, and ornithine were downregulated in the comparison groups CG vs. IG24 (Supplementary Figure 3A). Compared with the CG, citric acid, PC (18:1(11Z)/14:0), and methylsuccinic acid were highly increased, while nicotinamide, eicosapentaenoic acid, and docosahexaenoic acid were decreased in the IG96 group (Supplementary Figure 3B). In the comparison groups IG24 vs. IG96, L-lysine, ornithine, symmetric dimethylarginine, L-glutamine, and 3-methylxanthine were enhanced, while pyruvic acid, picrotin, salviaflaside methyl ester, and L-lactic acid were inhibited (Supplementary Figure 3C).




3.4 Functional enrichment of DAMs

The KEGG pathway enrichment of DAMs in both positive and negative ion modes was analyzed to identify the metabolic pathways involved in the response to the A. hydrophila challenge (Figure 4). The results indicated that most DAMs were enriched in aminoacyl-tRNA biosynthesis (Ko00970), protein digestion and absorption (Ko04974), and metabolic pathways (Ko01100) for the comparison groups CG vs. IG24 (Figure 4A) as well as in the biosynthesis of amino acids (Ko01230), biosynthesis of plant secondary metabolites (Ko01060), and biosynthesis of unsaturated fatty acids (Ko01040) for the comparison groups CG vs. IG96 (Figure 4B). In addition, the top pathways in the comparison groups IG24 vs. IG96 comprised pyrimidine metabolism (Ko00240), microbial metabolism in diverse environments (Ko01120), and biosynthesis of plant secondary metabolites (Ko01060) (Figure 4C). Furthermore, the interactions between different pathways enriched by DAMs were used to construct a network illustrating the predominant pathways (Figures 4D-F). The core pathways of DAMs were metabolic pathways (Ko01100), glutathione metabolism (Ko00480), and ascorbate and aldarate metabolism (Ko00053) separately in the comparison groups CG vs. IG24 (Figure 4D), CG vs. IG96 (Figure 4E), and IG24 vs. IG96 (Figure 4F).




Figure 4 | KEGG functional analysis of differential abundance metabolites (DAMs). The top 20 enriched KEGG pathways of DAMs in CG vs. IG24 (A), CG vs. IG96 (B), and IG24 vs. IG96 (C). The numbers beside the column and in the bracket show the number of DAMs and –log10(Q value), respectively. Interaction network diagram of the KEGG pathway enriched by DAMs in CG vs. IG24 (D), CG vs. IG96 (E), and IG24 vs. IG96 (F). “CG” indicates the control group, and “IG24” and “IG96” indicate the infected groups at 24 and 96 h after Aeromonas hydrophila infection.






3.5 Integrative analysis of DEGs and DAMs

To identify potential metabolic biomarkers or pathways involved in the response to A. hydrophila infection, transcriptomic and metabolomic data were jointly analyzed using three models: an orthogonal partial least squares (O2PLS) model, a functional pathway model, and correlation analysis.

The O2PLS model was used to explain the total variation between pairwise comparisons. In this model, joint loading plots of transcriptome and metabolome data were constructed to represent the correlations between metabolites and genes (Figures 5A-F). The metabolites highly associated with genes were detected in different comparisons. In the comparison groups CG vs. IG24, the genes Mogat2, Sfr1, Ripply, harbi1, Tmed10, and Selp were highly correlated with the corresponding metabolites, while the metabolites picrotin, lamotrigine, L-lysine, uridine diphosphate glucose, and L-selenocysteine were highly correlated with the corresponding genes (Figures 5A-C). In the comparison groups CG vs. IG96, the genes Yrk, Slc2a6, Zap70, Vil1, and Postn were highly correlated with the corresponding metabolites, while the metabolites acetic acid, dihydrostreptomycin 3′α, 6-bisphosphate, O-phospho-L-serine, 5-thymidylic acid, 3-lodo-L-tyrosine, and cytarabine were closely associated with the related genes (Figures 5D-F). In the comparison groups IG24 vs. IG96, the genes Bysl, Apoa1, Smc4, Cenpe, and Foxm1 were highly correlated with the corresponding metabolites, while cytarabine, orotate, furcelleran, lysine, and methylsuccinic acid were closely related to the corresponding genes (Supplementary Figure 4).




Figure 5 | Joint loading plots of DEGs (A, D) and DAMs (B, E) in different comparisons. The loading plots were analyzed based on the O2PLS model constructed by integrative analysis of DEGs and DAMs. (A–C) The transcript loading plots (A), metabolite loading plots (B), and their joint loading plots (C) in CG vs. IG24. (D–F) The transcript loading plots (D), metabolite loading plots (E), and their joint loading plots (F) in CG vs. IG96. DEGs indicate differentially expressed genes. DAMs indicate differentially abundant metabolites. O2PLS indicates orthogonal 2 partial least squares. “CG” indicates the control group, and “IG24” and “IG96” indicate the infected groups at 24 and 96 h after Aeromonas hydrophila infection.



A correlation model was employed to examine the relationships between DEGs and DAMs (Figure 6). The correlation matrix for the heatmap shown in the figure represents the positive (red) and negative (blue) associations between the top DEGs and top DAMs that were detected in different pairwise comparisons and evaluated using Pearson correlation coefficients.




Figure 6 | The heat maps of the correlations between DEGs (columns) and DAMs (rows) in CG vs. IG24 (A), CG vs. IG96 (B), and IG24 vs. IG96 (C). The red and blue colors indicate positive and negative correlations between DEGs and DAMs. DEGs indicate differentially expressed genes. DAMs indicate differentially abundant metabolites. “CG” indicates the control group, and “IG24” and “IG96” indicate the infected groups at 24 and 96 h after Aeromonas hydrophila infection.



The DEGs and DAMs were further integrated and mapped to the pathway models to search for the crucial signaling pathways of the liver response to the A. hydrophila challenge (Supplementary Table 6, Figure 7). The top pathways at 24 hpi (Supplementary Table 7, Figure 7B) were involved in the metabolism category, including “tryptophan metabolism,” “retinol metabolism,” nicotinate and nicotinamide metabolism,” “biosynthesis of amino acids,” “starch and sucrose metabolism,” “nitrogen metabolism,” “prolactin signaling pathway,” “ABC transporters,” and “cAMP signaling pathway.” The primary pathways at 96 hpi (Supplementary Table 7, Figure 7) were “tyrosine metabolism,” “pyrimidine metabolism,” “alanine, aspartate, and glutamate metabolism,” “arginine and proline metabolism,” “glycerophospholipid metabolism,” and “histidine metabolism,” as well as other functional pathways, including “thyroid hormone” and “FoxO signaling pathway.” The differential pathways between 24 hpi and 96 hpi were related to metabolism, signal transduction, and the endocrine system (Supplementary Table 7).




Figure 7 | (A, B) The summary of core DEGs, DAMs, and enriched pathways in CG vs. IG24 and CG vs. IG96. DEGs indicate differentially expressed genes. DAMs indicate differentially abundant metabolites. “CG” indicates the control group, and “IG24” and “IG96” indicate the infected groups at 24 and 96 h after Aeromonas hydrophila infection.






3.6 Validation of RNA-seq results

Fourteen genes involved in immunity and metabolism were randomly chosen to validate the transcriptomic data (Supplementary Table 1, Supplementary Figure 5). These genes included Tlr3 (toll-like receptor 3), Tlr4 (toll-like receptor 4), Tlr5 (toll-like receptor 5), Tlr8 (toll-like receptor 8), Ccl3 (C-C motif chemokine 3-like), Mapk11 (mitogen-activated protein kinase 11), Ap-1 (Fos proto-oncogene, AP-1 transcription factor subunit), Tph1 (tryptophan hydroxylase 1), Tdo2 (tryptophan 2,3-dioxygenase), Kmo (kynurenine 3-monooxygenase), Anapc5 (anaphase-promoting complex subunit 5), Dck (deoxycytidine kinase), Tyms (thymidylate synthetase), and Cmpk2 (cytidine/uridine monophosphate kinase 2). The fold change of RT-PCR results was different from the RNA-seq results. However, the R2 values of Pearson correlation coefficients between the RT-PCR and transcriptomic results were 0.94 and 0.86, respectively, in the comparison groups CG vs. IG24 and CG vs. IG96, indicating that the mRNA levels of these genes were in agreement with the transcriptomic results. These results confirmed the accuracy and reliability of the transcriptomic data.





4 Discussion

In the intensive culture environment, Chinese soft-shelled turtles are susceptible to A. hydrophila infection. Previous papers have studied the immune mechanism of Chinese soft-shelled turtles in resisting A. hydrophila challenge at the mRNA expression level (6). There is little research exploring the metabolic pattern of Chinese soft-shelled turtles during A. hydrophila infection. In the current study, we combined the transcriptome and metabolome to find the key metabolites and the signaling pathways of Chinese soft-shelled turtle’s liver in dealing with A. hydrophila infection at different infective stages.



4.1 Plasma biochemical indices changed after infection

The detection of GPT, GOT, and AKP activities is a common way to diagnose damage to the liver (41). GPT and GOT, as aminotransferases, can catalyze the redistribution of nitrogen between amino acids and corresponding oxoacids, thereby regulating protein metabolism and gluconeogenesis (20). In our study, plasma GPT and GOT activities were significantly increased to the highest levels at 24 h after A. hydrophila infection and decreased gradually at the later infective stages, indicating that A. hydrophila infection led to severe hepatic damage at the initial stage of infection. Similarly, GPT and GOT activities were elevated in Japanese flounder in response to heat stress (20) and in crucian carp after A. veronii challenge (21).

The plasma AKP activities were increased from 12 hpi to 48 hpi and then decreased to the initial levels at 96 hpi compared with the control group. The observed AKP activity may indicate that the Chinese soft-shelled turtles exhibited a stronger immune response at the earlier stages from 12 h to 48 h after A. hydrophila infection, while the indicators returned to their initial levels at 96 hpi. Previous studies have found that aquatic animal AKP activities can be improved in response to either nutritive or environmental stress (42). Plasma AKP activity in the Chinese mitten crab was enhanced after A. hydrophila infection (21). Furthermore, A. veronii challenge increased plasma AKP activity in loaches (43).

The liver is the major organ responsible for endogenous glucose production, especially via gluconeogenesis and glycogenolysis. Glucose is metabolized into pyruvate through glycolysis in the cytoplasm, and pyruvate is completely oxidized to generate ATP through the TCA cycle and oxidative phosphorylation in the mitochondria. In the fed state, glycolytic products are used to synthesize fatty acids through de-novo lipogenesis (44). Blood glucose, involved in energy regulation, is a sensitive indicator of various stressors in aquatic animals (45). In this study, plasma glucose concentrations of the Chinese soft-shelled turtle reached the highest levels at 24 hpi and returned to relatively high levels from 48 hpi to 96 hpi compared with the control group. The increased plasma glucose after A. hydrophila infection could be attributed to glycogen mobilization into glucose to resist the bacterial challenge via enhanced glycogenolysis and the diminished glycolytic pathway (45).

In the current research, plasma CAT activity and MDA content were remarkably elevated at 24 hpi compared with the control group and then declined to their initial levels. Similarly, CAT activities were increased in Nile tilapia injected with a ghost vaccine Streptococcus agalactiae (46), and MDA was elevated in crucian carp following A. hydrophila infection (47). Our findings indicated that Chinese soft-shelled turtles may improve CAT activity to eliminate ROS at 24 hpi. However, the accumulated ROS at 24 hpi could be beyond the threshold of CAT, leading to an increase in MDA content induced by ROS reacting with membrane lipids.




4.2 Key genes responding to Aeromonas hydrophila infection

The innate immune system is the first line of defense against pathogens. The system rapidly detects and destroys pathogens compared with acquired immunity. The synthesis of cytokines and chemokines elicits diverse inflammatory responses that recruit macrophages and neutrophils to the site of inflammation (48). In this study, TNF signaling pathways showed higher mRNA expression at 24 hpi, as shown by the levels of Tnf, Tnfr1, Traf2, Traf3, Traf5, Tnfr1, Ciap1/2, Rip1, and Rip3. Abundant genes of the CC subfamily, such as the Ccl3, Ccl3l1, Ccl4, Ccl4l1, Ccl4l2, Ccl5, Ccl17, Ccl20, Ccl22, Ccr5, and Ccr11, as well as the CXC subfamily, comprising Cxcl1, Cxcl2, Cxcl3, Cxcl10, Cxcl11, Cxcl13, Cxcl14, and Cxcr2, were upregulated at 24 hpi. Moreover, Ccl4, Ccl4l1, Ccl4l2, Ccr5, Ccl20, and Cxcl13 were upregulated at 96 hpi. These results indicated that innate immunity, including TNF signaling pathways inducing inflammation and chemokines triggering the migration of immune cells, may be the predominant mechanisms employed to clear A. hydrophila at the early stages of infection in Chinese soft-shelled turtles. Similar research demonstrated that ccl34a.4 expression was increased 24 h after bacterial infection in zebrafish (49).

After pathogen recognition, activated T-cell receptors in cooperation with signaling pathways can trigger adaptive immunity by driving the differentiation of activated T cells to specific T-cell subtypes (50). Our research found that the DEGs associated with the T-cell receptor were specifically upregulated at 96 hpi, including Cd45, Cd4/8, Cd3δ, Cd3ζ, Tcrα, Tcrβ, and Zap70. The DEGs at different infective stages implied that the liver resisted the A. hydrophila infection via innate immunity by improving cytokine mRNA expression at the early infective stages (24 hpi), and the response switched to adaptive immunity by triggering T-cell receptors at the later infective stages (96 hpi).




4.3 Key metabolites responding to Aeromonas hydrophila infection

In the current research, 74 and 91 DAMs were detected at 24 and 96 hpi, respectively, compared with the control group. Orotate, picrotin, N-acetylgalactosamine 6-sulfate, and glaucarubin were upregulated, while L-tryptophan, 3-indoleacrylic acid, adenosine monophosphate, and ornithine were downregulated metabolites 24 h after A. hydrophila infection. Orotate is a precursor in the biosynthesis of pyrimidines, compounds that play important roles in cellular apoptosis inhibition, antioxidation, and anti-inflammatory activity (51). Tryptophan, acting as a neurotransmitter and inhibiting the activities of inflammatory cytokines, can maintain immune homeostasis by regulating T-lymphocyte-mediated immunity (52). Ornithine, catalyzed by ornithine decarboxylase and S-adenosylmethionine decarboxylase, is converted to polyamines in M2 macrophages and has important functions in infection- or injury-induced tissue healing. Similarly, L-tryptophan and adenosine monophosphate were decreased in mud crabs infected by Vibrio parahaemolyticus (53). Supplementation of ornithine in rainbow trout can alter the mRNA expression of hepatic immune genes following Aeromonas salmonicida infection (54). Our results indicated that the metabolic processes of Chinese soft-shelled turtles were significantly affected 24 h after A. hydrophila infection.

Multiple organic acids were significantly altered at 96 hpi in this research. For example, citric acid and methylsuccinic acid were increased, while eicosapentaenoic acid and docosahexaenoic acid were decreased. Citric acid, as the key substance in the TCA cycle, is an intermediate connecting the metabolism of carbohydrates and fatty acids, processes that can further facilitate the proliferation and differentiation of immune cells, such as B cells (55). A previous study found that 2%–3% dietary citric acid could improve the immunity of Japanese quail (56). Nicotinamide, also known as vitamin B3, is synthesized from tryptophan and is converted into nicotinamide adenine dinucleotide (NAD+) (57). It has been demonstrated that nicotinamide can enhance innate immunity at dosages up to 1,000-fold of the normal level, thus having potential application in the resistance against pathogens. For example, nicotinamide can protect the mud crab against Staphylococcus aureus infections (53). Nicotinic acid supplementation can reduce inflammation in monocytes of atherosclerosis models (58). Here, nicotinamide was significantly reduced at 96 hpi, indicating that the nicotinamide-mediated immunomodulatory functions might be inhibited at the later stages of the A. hydrophila challenge. Similar results in Nibea albiflora showed that nicotinamide was downregulated at 24 h and upregulated at 72 h after Cryptocaryon irritans infection (27). Moreover, the amounts of DAMs varied between 24 and 96 hpi in this research, implying that different hepatic metabolites were involved in defending against A. hydrophila challenge in a time-dependent manner in Chinese soft-shelled turtles.




4.4 Crucial signaling pathways involved in resisting Aeromonas hydrophila infection

An integrative analysis of DEGs from the transcriptome and DAMs from the metabolome was performed to investigate the hepatic signaling pathways involved in the response against A. hydrophila challenge in Chinese soft-shelled turtles. The main pathways against bacterial infection were classified into amino acid metabolism, nucleotide metabolism, metabolism of cofactors and vitamins, and energy metabolism.

Amino acid metabolism has crucial functions in diverse metabolic processes, including protein synthesis, ATP generation, and nucleotide synthesis. Amino acid metabolism has a profound influence on the functions of immune cells (59). For example, tryptophan is an essential component of immune cell metabolism and T-cell proliferation (59). Glutamine is considered the “fuel for the immune system”, as it can promote lymphocyte proliferation, cytokine production, and neutrophil bacterial killing (60). In our results, L-glutamic acid was decreased at 24 hpi but increased at 96 hpi. The change in L-glutamic acid triggered nitrogen metabolism and central carbon metabolism in cancer at 24 hpi. Afterward, alanine, aspartate, and glutamate metabolism; arginine and proline metabolism; and histidine metabolism were activated at 96 hpi. These results suggested that amino acid metabolism played a vital function in Chinese soft-shelled turtles’ resistance to bacterial infection. Similarly, histidine metabolism is involved in dealing with acute nitrite stress in Chinese soft-shelled turtles (61). The amino acid metabolism in the liver is a pivotal pathway for Yangtze sturgeon to resist heat stress (30).

Previous studies have found that nicotinate and nicotinamide metabolism (62) as well as pyrimidine metabolism (63) exerts anti-inflammatory effects. Nicotinamide, as the core component of nicotinate and nicotinamide metabolism, can reduce oxidative stress and inflammation by regulating the energy metabolism of cells (57). Pyrimidine nucleotides are precursors for activated carbohydrates and lipids. Abnormality of purine metabolism results in a deficiency of immune function (64). In the current study, nicotinate and nicotinamide metabolism at 24 hpi and pyrimidine metabolism at 96 hpi were enriched in the liver, indicating that hepatic DNA synthesis was affected in Chinese soft-shelled turtles after A. hydrophila challenge. A previous study showed that some metabolites involved in pyrimidine metabolism were influenced in the mud cab after V. parahaemolyticus infection (53); nicotinate and nicotinamide metabolism was modulated in N. albiflora challenged by C. irritans (27).

Energy metabolism is a crucial biological process for organism survival. Sucrose metabolism plays a crucial part in development and stress response. A range of sugars can be used as fuel to promote growth and synthesize essential compounds (including proteins, cellulose, and starch). Sugars also can be considered signals to regulate the expression of functional genes associated with hormonal, oxidative, and defense signaling (65). Nitrogen metabolism has important functions in clearing excess nitrogen from the body when amino acids are converted to energy (66). Our research found that starch and sucrose metabolism as well as nitrogen metabolism was enriched at 24 h after A. hydrophila infection, indicating that starch and sucrose metabolism could be employed to produce energy at the early stages of A. hydrophila infection in Chinese soft-shelled turtles. Similarly, starch and sucrose metabolism and nitrogen metabolism are regulated in Pelteobagrus fulvidraco after A. veronii infection (29).

Lipid metabolism can regulate the immune response of aquatic animals to adverse stimuli by providing more energy-yielding nutrients (67). Glycerophospholipids are one of the most abundant phospholipids in vertebrates and have been demonstrated to be involved in both general systemic-immune and low-grade inflammatory states, indicating a potential role in immunity modulation (68). The glycerophospholipid metabolism and linoleic acid metabolism of N. albiflora can respond to C. irritans infection (29). In this study, hepatic glycerophospholipid metabolism and linoleic acid were altered at 96 h after A. hydrophila infection, in contrast to glycometabolism at 24 hpi. These data indicate that the liver tissue may initially mobilize glycometabolism to generate energy for resistance against bacteria at the early infective stages and then switch to lipid metabolism to supply energy at the later infective stages in Chinese soft-shelled turtles.





5 Conclusions

This study explored the temporal patterns of plasma biochemical indices and liver metabolic and transcriptomic variation in Chinese soft-shelled turtles infected with A. hydrophila to systemically characterize the core molecular markers and metabolites involved in the response against infection. The association between the genes and the metabolites further focused on the important signaling pathways against bacterial challenge in a time-dependent manner. The screened metabolites and signaling pathways may provide valuable resources for future studies on bacterial disease prevention in Chinese soft-shelled turtles.
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Supplementary Figure 1 | Global analysis of differentially expressed genes (DEGs). (A) The correlation matrix of gene expression among five biological triplicates of different groups (n = 5). (B) PCA plot showing the variations of gene expression profiles in three groups. (C) Venn diagram analysis of DEGs in CG vs IG24, CG vs IG96, and IG24 vs IG96. (D) Number of DEGs (|log2(FoldChange)| > 1 and adjusted P-value < 0.05) in CG vs IG24, CG vs IG96, and IG24 vs IG96. Red and blue indicated up- and down-regulated genes, respectively. “CG” indicated the control group, “IG24”, and “IG96” respectively indicated the infected groups at 24 and 96 hours post A. hydrophila infection.

Supplementary Figure 2 | Global analysis of differential abundance metabolites (DAMs). (A) Correlation analysis between biological replicates in three groups. (B) Principal component analysis (PCA) of metabolites at 0, 24, and 96 hours post infection. PLS-DA score plots and cross-validation results in CG vs IG24 (C), CG vs IG96 (D), and IG24 vs IG96 (E). “R2Y” indicated the explanatory rate of the PLS-DA model, “Q2Y” indicated the predictive ability of this model. “CG” indicated the control group, “IG24”, and “IG96” indicated the infected groups on 24 and 96 hours post A. hydrophila infection.

Supplementary Figure 3 | The z-score analysis showed the top 20 differential expressed metabolites in CG vs IG24 (A), CG vs IG96 (B), and IG24 vs IG96 (C). “CG” indicated the control group, “IG24”, and “IG96” indicated the infected groups at 24 and 96 hours post A. hydrophila infection.

Supplementary Figure 4 | The loading plots of DEGs (A), DAMs (B) and their joint loading plots (C) in IG24 vs IG96. The loading plots were analyzed base on the O2PLS model constructed by integrative analysis of DEGs and DAMs. DEGs indicated differential expressed genes. DAMs indicated differential abundance metabolites. O2PLS indicated orthogonal 2 partial least squares. “CG” indicated the control group, “IG24”, and “IG96” indicated the infected groups at 24 and 96 hours post A. hydrophila infection.

Supplementary Figure 5 | Pearson correlation analysis of hepatic mRNA levels between real-time PCR and RNA-Seq result in CG vs IG24 (A) and CG vs IG96 (B). “CG” indicated the control group, “IG24”, and “IG96” indicated the infected groups at 24 and 96 hours post A. hydrophila infection.




References

1. Matyar, F, Kaya, A, and Dincer, S. Distribution and antibacterial drug resistance of Aeromonas spp. from fresh and brackish waters in Southern Turkey. Ann Microbiol. (2007) 57:443–7. doi: 10.1007/BF03175087

2. Martínez-Murcia, AJ, Saavedra, MJ, Mota, VR, Maier, T, Stackebrandt, E, and Cousin, S. Aeromonas aquariorum sp. nov., isolated from aquaria of ornamental fish. Int J Syst Evol Microbiol. (2008) 58:1169–75. doi: 10.1099/ijs.0.65352-0

3. Semwal, A, Kumar, A, and Kumar, N. A review on pathogenicity of Aeromonas hydrophila and their mitigation through medicinal herbs in aquaculture. Heliyon. (2023) 9:e14088. doi: 10.1016/j.heliyon.2023.e14088

4. Gracey, M, Burke, V, and Robinson, J. Aeromonas-associated gastroenteritis. Lancet. (1982) 320:1304–6. doi: 10.1016/S0140-6736(82)91510-0

5. Daskalov, H. The importance of Aeromonas hydrophila in food safety. Food Control. (2006) 17:474–83. doi: 10.1016/j.foodcont.2005.02.009

6. Zhang, Z, Chen, B, Yuan, L, and Niu, C. Acute cold stress improved the transcription of pro-inflammatory cytokines of Chinese soft-shelled turtle against Aeromonas hydrophila. Dev Comp Immunol. (2015) 49:127–37. doi: 10.1016/j.dci.2014.10.010

7. Raissy, M, Ghafarifarsani, H, Hoseinifar, SH, El-Haroun, ER, Naserabad, SS, and Van Doan, H. The effect of dietary combined herbs extracts (oak acorn, coriander, and common mallow) on growth, digestive enzymes, antioxidant and immune response, and resistance against Aeromonas hydrophila infection in common carp, Cyprinus carpio. Aquaculture. (2022) 546:737287. doi: 10.1016/j.aquaculture.2021.737287

8. Wimalasena, SHMP, Shin, GW, Hossain, S, and Heo, GJ. Potential enterotoxicity and antimicrobial resistance pattern of Aeromonas species isolated from pet turtles and their environment. J Vet Med Sci. (2017) 79:921–6. doi: 10.1292/jvms.16-0493

9. Flajnik, MF. A cold-blooded view of adaptive immunity. Nat Rev Immunol. (2018) 18:438–53. doi: 10.1038/s41577-018-0003-9

10. Zhang, Z, Tian, M, Song, R, Xing, X, Fan, Y, Wang, L, et al. A new IL6 isoform in Chinese Soft-Shelled Turtle (Pelodiscus sinesis) discovered: its regulation during cold stress and infection. Biol (Basel). (2020) 9:111. doi: 10.3390/biology9050111

11. Jia, YJ, Yang, ZC, Hao, YJ, and Gao, YL. Effects of animal-plant protein ratio in extruded and expanded diets on nitrogen and energy budgets of juvenile Chinese soft-shelled turtle (Pelodiscus sinensis Wiegmann). Aquac Res. (2005) 36:61–8. doi: 10.1111/j.1365-2109.2004.01184.x

12. Musgrave, KE, Diehl, K, and Mans, C. Aeromonas Hydrophila keratitis in freshwater turtles. J Exot. Pet Med. (2016) 25:26–9. doi: 10.1053/j.jepm.2015.12.003

13. Chung, TH, Yi, SW, Kim, BS, Kim, WI, and Shin, GW. Identification and antibiotic resistance profiling of bacterial isolates from septicaemic soft-shelled turtles (Pelodiscus sinensis). Vet Med. (2017) 62:169–77. doi: 10.17221/65/2016-VETMED

14. Lv, Z, Hu, Y, Tan, J, Wang, X, Liu, X, and Zeng, C. Comparative transcriptome analysis reveals the molecular immunopathogenesis of chinese soft-shelled turtle (Trionyx sinensis) infected with Aeromonas hydrophila. Biol (Basel). (2021) 10:1218. doi: 10.3390/biology10111218

15. Robinson, MW, Harmon, C, and O’Farrelly, C. Liver immunology and its role in inflammation and homeostasis. Cell Mol Immunol. (2016) 13:267–76. doi: 10.1038/cmi.2016.3

16. MacParland, SA, Liu, JC, Ma, XZ, Innes, BT, Bartczak, AM, Gage, BK, et al. Single cell RNA sequencing of human liver reveals distinct intrahepatic macrophage populations. Nat Commun. (2018) 9:4383. doi: 10.1038/s41467-018-06318-7

17. Yang, X, Lu, D, Zhuo, J, Lin, Z, Yang, M, and Xu, X. The Gut-liver axis in immune remodeling: New insight into liver diseases. Int J Biol Sci. (2020) 16:2357–66. doi: 10.7150/ijbs.46405

18. Wu, N, Song, YL, Wang, B, Zhang, XY, Zhang, XJ, Wang, YL, et al. Fish gut-liver immunity during homeostasis or inflammation revealed by integrative transcriptome and proteome studies. Sci Rep. (2016) 6:36048. doi: 10.1038/srep36048

19. Zhang, P, Liu, NC, Xue, MY, Xiao, ZD, Zhang, MJ, Meng, Y, et al. Pathological characteristics of Chinese soft-shelled turtle (Pelodiscus sinensis) with white abdominal disease. Aquac Rep. (2023) 31:101670. doi: 10.1016/j.aqrep.2023.101670

20. Han, P, Qiao, YJ, He, JY, and Wang, XB. Stress responses to warming in Japanese flounder (Paralichthys olivaceus) from different environmental scenarios. Sci Total Environ. (2023) 897:165341. doi: 10.1016/j.scitotenv.2023.165341

21. Guo, K, Sun, Y, Tang, X, Zhou, X, Jiang, M, Yang, Q, et al. Pathogenicity and inactivated vaccine treatment of Aeromonas veronii JW-4 on crucian carp. Microb Pathog. (2023) 183:106315. doi: 10.1016/j.micpath.2023.106315

22. Nwani, CD, Lakra, WS, Nagpure, NS, Kumar, R, Kushwaha, B, and Srivastava, SK. Toxicity of the herbicide atrazine: effects on lipid peroxidation and activities of antioxidant enzymes in the freshwater fish Channa Punctatus (Bloch). Int J Environ Res Public Health. (2010) 7:3298–312. doi: 10.3390/ijerph7083298

23. Sieja, K, and Talerczyk, M. Selenium as an element in the treatment of ovarian cancer in women receiving chemotherapy. Gynecol Oncol. (2004) 93:320–7. doi: 10.1016/j.ygyno.2003.12.013

24. Fu, M, Kuang, R, Wang, W, Yu, Y, Ai, T, Liu, X, et al. Hepcidin protects yellow catfish (Pelteobagrus fulvidraco) against Aeromonas veronii-induced ascites disease by regulating iron metabolism. Antibiot (Basel). (2021) 10:848. doi: 10.3390/antibiotics10070848

25. Su, HH, Ma, DM, Fan, JJ, Zhong, ZX, Li, YY, and Zhu, HP. Metabolism response mechanism in the gill of Oreochromis mossambicus under salinity, alkalinity and saline-alkalinity stresses. Ecotoxicol Environ Saf. (2023) 251:114523. doi: 10.1016/j.ecoenv.2023.114523

26. Sun, B, Sun, B, Zhang, B, and Sun, L. Temperature induces metabolic reprogramming in fish during bacterial infection. Front Immunol. (2022) 13:1010948. doi: 10.3389/fimmu.2022.1010948

27. Xie, X, Kong, J, Huang, J, Zhou, L, Jiang, Y, Miao, R, et al. Integration of metabolomic and transcriptomic analyses to characterize the influence of the gill metabolism of Nibea albiflora on the response to Cryptocaryon irritans infection. Vet Parasitol. (2021) 298:109533. doi: 10.1016/j.vetpar.2021.109533

28. Zhao, XY, Zhang, L, Wu, N, Liu, YH, Xie, JY, Su, L, et al. Gallic acid acts as an anti-inflammatory agent via PPARγ-mediated immunomodulation and antioxidation in fish gut-liver axis. Aquaculture. (2024) 578:740142. doi: 10.1016/j.aquaculture.2023.740142

29. Ning, X, Peng, Y, Tang, P, Zhang, Y, Wang, L, Zhang, W, et al. Integrated analysis of transcriptome and metabolome reveals distinct responses of Pelteobagrus fulvidraco against Aeromonas veronii infection at invaded and recovering stage. Int J Mol Sci. (2022) 23:10121. doi: 10.3390/ijms231710121

30. Chen, Y, Wu, X, Lai, J, Liu, Y, Song, M, Li, F, et al. Integrated biochemical, transcriptomic and metabolomic analyses provide insight into heat stress response in Yangtze sturgeon (Acipenser dabryanus). Ecotoxicol Environ Saf. (2023) 249:114366. doi: 10.1016/j.ecoenv.2022.114366

31. Kumkhong, S, Marandel, L, Plagnes-Juan, E, Veron, V, Boonanuntanasarn, S, and Panserat, S. Glucose injection into yolk positively modulates intermediary metabolism and growth performance in juvenile Nile Tilapia (Oreochromis niloticus). Front Physiol. (2020) 11:286. doi: 10.3389/fphys.2020.00286

32. Chen, S, Zhou, Y, Chen, Y, and Gu, J. Fastp: an ultra-fast all-in-one FASTQ preprocessor. Bioinformatics. (2018) 34:i884–90. doi: 10.1093/bioinformatics/bty560

33. Kim, D, Paggi, JM, Park, C, Bennett, C, and Salzberg, SL. Graph-based genome alignment and genotyping with HISAT2 and HISAT-genotype. Nat Biotechnol. (2019) 37:907–15. doi: 10.1038/s41587-019-0201-4

34. Trapnell, C, Williams, BA, Pertea, G, Mortazavi, A, Kwan, G, van Baren, MJ, et al. Transcript assembly and quantification by RNA-Seq reveals unannotated transcripts and isoform switching during cell differentiation. Nat Biotechnol. (2010) 28:511–5. doi: 10.1038/nbt.1621

35. Love, MI, Huber, W, and Anders, S. Moderated estimation of fold change and dispersion for RNA-seq data with DESeq2. Genome Biol. (2014) 15:550. doi: 10.1186/s13059-014-0550-8

36. Tian, T, Liu, Y, Yan, H, You, Q, Yi, X, Du, Z, et al. agriGO v2.0: a GO analysis toolkit for the agricultural community, 2017 update. Nucleic Acids Res. (2017) 45:W122–w129. doi: 10.1093/nar/gkx382

37. Kanehisa, M, Araki, M, Goto, S, Hattori, M, Hirakawa, M, Itoh, M, et al. KEGG for linking genomes to life and the environment. Nucleic Acids Res. (2008) 36:D480–4. doi: 10.1093/nar/gkm882

38. Want, EJ, Masson, P, Michopoulos, F, Wilson, ID, Theodoridis, G, Plumb, RS, et al. Global metabolic profiling of animal and human tissues via UPLC-MS. Nat Protoc. (2013) 8:17–32. doi: 10.1038/nprot.2012.135

39. Bouhaddani, SE, Houwing-Duistermaat, J, Salo, P, Perola, M, Jongbloed, G, and Uh, HW. Evaluation of O2PLS in Omics data integration. BMC Bioinform. (2016) 17 Suppl 2:11. doi: 10.1186/s12859-015-0854-z

40. Houghton, SG, and Cockerill, FR. Real-time PCR: overview and applications. Surgery. (2006) 139:1–5. doi: 10.1016/j.surg.2005.02.010

41. Lin, JD, Lin, PY, Chen, LM, Fang, WH, Lin, LP, and Loh, CH. Serum glutamic-oxaloacetic transaminase (GOT) and glutamic-pyruvic transaminase (GPT) levels in children and adolescents with intellectual disabilities. Res Dev Disabil. (2010) 31:172–7. doi: 10.1016/j.ridd.2009.08.005

42. Qian, JH, Yin, B, Liu, HY, Tan, BP, Dong, XH, Chi, SY, et al. Effects of taurine supplementation in a high-carbohydrate diet on growth performance, plasma biochemical, digestive and glucose metabolism enzymes in hybrid grouper (♀ Epinephelus fuscoguttatus × ♂ E. lanceolatus). Aquac Rep. (2021) 21:100820. doi: 10.1016/j.aqrep.2021.100820

43. Zhang, HP, Chen, MY, Xu, YX, Xu, GY, Chen, JR, Wang, YM, et al. An effective live attenuated vaccine against Aeromonas veronii infection in the loach (Misgurnus anguillicaudatus). Fish Shellf Immunol. (2020) 104:269–78. doi: 10.1016/j.fsi.2020.05.027

44. Rui, L. Energy metabolism in the liver. Compr Physiol. (2014) 4:177–97. doi: 10.1002/cphy.c130024

45. Uddin, MH, Alim, MS, Islam, SMM, Rashid, H, and Shahjahan, M. Temperature changes alter the acute toxicity responses of cypermethrin in Zebrafish. Progr Agric. (2018) 29:64–70. doi: 10.3329/pa.v29i1.37481

46. Wangkaghart, E, Deville, S, Wang, B, Srisapoome, P, Wang, TH, and Secombes, CJ. Immune response and protective efficacy of two new adjuvants, Montanide™ ISA 763B VG and Montanide™ GEL02, administered with a Streptococcus agalactiae ghost vaccine in Nile tilapia (Oreochromis niloticus). Fish Shellf Immunol. (2021) 116:19–29. doi: 10.1016/j.fsi.2021.06.014

47. Xiong, NX, Luo, SW, Fan, LF, Mao, ZW, Luo, KK, Liu, SJ, et al. Comparative analysis of erythrocyte hemolysis, plasma parameters and metabolic features in red crucian carp (Carassius auratus red var) and triploid hybrid fish following Aeromonas hydrophila challenge. Fish Shellf Immunol. (2021) 118:369–84. doi: 10.1016/j.fsi.2021.09.025

48. Lei, W, Jia, L, Wang, Z, Liang, Z, Zhao, A, Liu, Y, et al. CC chemokines family in fibrosis and aging: From mechanisms to therapy. Ageing Res Rev. (2023) 87:101900. doi: 10.1016/j.arr.2023.101900

49. Liyanage, TD, Nikapitiya, C, Lee, J, and De Zoysa, M. Potential immune regulatory role of miR-146a upon Aeromonas hydrophila and Edwardsiella piscicida infections in zebrafish. Braz J Microbiol. (2020) 51:931–7. doi: 10.1007/s42770-020-00237-w

50. Hwang, JR, Byeon, Y, Kim, D, and Park, SG. Recent insights of T cell receptor-mediated signaling pathways for T cell activation and development. Exp Mol Med. (2020) 52:750–61. doi: 10.1038/s12276-020-0435-8

51. Schiopu, C, Ştefănescu, G, Diaconescu, S, Bălan, GG, Gimiga, N, Rusu, E, et al. Magnesium orotate and the microbiome-gut-brain axis modulation: new approaches in psychological comorbidities of gastrointestinal functional disorders. Nutrients. (2022) 14:1567. doi: 10.3390/nu14081567

52. Klaessens, S, Stroobant, V, De Plaen, E, and Van den Eynde, BJ. Systemic tryptophan homeostasis. Front Mol Biosci. (2022) 9:897929. doi: 10.3389/fmolb.2022.897929

53. Kong, T, Lin, S, Ren, X, Li, S, and Gong, Y. Transcriptome and metabolome integration analysis of mud crab Scylla paramamosain challenged to Vibrio parahaemolyticus infection. Fish Shellf Immunol. (2020) 103:430–7. doi: 10.1016/j.fsi.2020.05.069

54. Clark, TC, Tinsley, J, Sigholt, T, Macqueen, DJ, and Martin, SAM. Arginine, ornithine and citrulline supplementation in rainbow trout: Free amino acid dynamics and gene expression responses to bacterial infection. Fish Shellf Immunol. (2020) 98:374–90. doi: 10.1016/j.fsi.2020.01.026

55. Williams, NC, and O’Neill, LAJ. A role for the krebs cycle intermediate citrate in metabolic reprogramming in innate immunity and inflammation. Front Immunol. (2018) 9:141. doi: 10.3389/fimmu.2018.00141

56. Fikry, AM, Attia, AI, Ismail, IE, Alagawany, M, and Reda, FM. Dietary citric acid enhances growth performance, nutrient digestibility, intestinal microbiota, antioxidant status, and immunity of Japanese quails. Poult Sci. (2021) 100:101326. doi: 10.1016/j.psj.2021.101326

57. Huber, R, and Wong, A. Nicotinamide: An update and review of safety & differences from niacin. Skin Ther Lett. (2020) 25:7–11.

58. Digby, JE, Martinez, F, Jefferson, A, Ruparelia, N, Chai, J, Wamil, M, et al. Anti-inflammatory effects of nicotinic acid in human monocytes are mediated by GPR109A dependent mechanisms. Arterioscler Thromb Vasc Biol. (2012) 32:669–76. doi: 10.1161/atvbaha.111.241836

59. Fiore, A, and Murray, PJ. Tryptophan and indole metabolism in immune regulation. Curr Opin Immunol. (2021) 70:7–14. doi: 10.1016/j.coi.2020.12.001

60. Rodas, PC, Rooyackers, O, Hebert, C, Norberg, Å, and Wernerman, J. Glutamine and glutathione at ICU admission in relation to outcome. Clin Sci (Lond). (2012) 122:591–7. doi: 10.1042/cs20110520

61. Feng, R, Zhang, Z, and Guan, Y. Physiological and transcriptional analysis of Chinese soft-shelled turtle (Pelodiscus sinensis) in response to acute nitrite stress. Aquat Toxicol. (2021) 237:105899. doi: 10.1016/j.aquatox.2021.105899

62. Ma, Y, Bao, Y, Wang, S, Li, T, Chang, X, Yang, G, et al. Anti-inflammation effects and potential mechanism of Saikosaponins by regulating nicotinate and nicotinamide metabolism and arachidonic acid metabolism. Inflammation. (2016) 39:1453–61. doi: 10.1007/s10753-016-0377-4

63. Rashid, HU, Martines, MAU, Duarte, AP, Jorge, J, Rasool, S, Muhammad, R, et al. Research developments in the syntheses, anti-inflammatory activities and structure-activity relationships of pyrimidines. RSC Adv. (2021) 11:6060–98. doi: 10.1039/D0RA10657G

64. Micheli, V, Camici, M, Tozzi, MG, Ipata, PL, Sestini, S, Bertelli, M, et al. Neurological disorders of purine and pyrimidine metabolism. Curr Top Med Chem. (2011) 11:923–47. doi: 10.2174/156802611795347645

65. Ruan, YL. Sucrose metabolism: gateway to diverse carbon use and sugar signaling. Annu Rev Plant Biol. (2014) 65:33–67. doi: 10.1146/annurev-arplant-050213-040251

66. Armstrong, CW, McGregor, NR, Butt, HL, and Gooley, PR. Metabolism in chronic fatigue syndrome. Adv. Clin. Chem. (2014). 66: 121–72. doi: 10.1016/B978-0-12-801401-1.00005-0

67. Lee, MC, Park, JC, and Lee, JS. Effects of environmental stressors on lipid metabolism in aquatic invertebrates. Aquat Toxicol. (2018) 200:83–92. doi: 10.1016/j.aquatox.2018.04.016

68. Zhu, Q, Wu, Y, Mai, J, Guo, G, Meng, J, Fang, X, et al. Comprehensive metabolic profiling of inflammation indicated key roles of glycerophospholipid and arginine metabolism in coronary artery disease. Front Immunol. (2022) 13:829425. doi: 10.3389/fimmu.2022.829425




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 Ji, Chen, Zhu, Hong, Liu, Wei, Zhu 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/fimmu-15-1376860-g004.jpg
A

K000970(Aminoacyl-RNA biosynthesis)
Ko04974(Protein digestion and absorption)
Ko01100(Metabolic pathways)
Ko04727(GABAergic synapsc)
Ko00830(Retinol metabolism)
Ko4728(Dopaminergic synapse)

Ko04916(Melanogenesis)

Ko01060
(Biosynthesis of plant secondary metabolites)

Ko01230(Biosynthesis of amino aeids)
Ko00400
(Phenylalanine, tyrosine and tryptophan biosynthesis)

Ko04978(Mineral absorptien)

Ko01210(2-Oxocarboxylic acid metabotism)
Ko00760

(Nicotinate and nicotinamide metabolism)
K000240(Pyrimidine metabolism)

Pathway

Ko04724(Glutamatergic synapse)
Ko04915(Estrogen signaling pathway)
Ko05030(Cocaine addictien)
Ko05031(Amphetamine addiction)
Ko05143(African trypanosomiasis)

Ko05230
(Central carbon metabolism in cancer)

D

CGvs 1G24

[ K3
R

I

[ D)
Jioss
Jios
Jioss

- 5(0.48)
- 5(0.48)

I 2(0.48)
I 2(0.48)

W04

J2049)
[ ECE)
i
1o
Jios
Jios
I 1(0.48)

. 3(0.42)

0 20 40 60

80

-logj(Qualuc)

0.7

in.ss
0.6
0.55
0.5

§04s

100 120

Metabolites percent

Ko01040
(Biosynthesis of unsaturated fatty acids)

Ko03034(Alcoholism):
Ko03014(Amyotrophic lateral sclerosis)
Ko04918(Thyroid hormone synthesis):
Ko00480(Glutathione metabolism)
Ko04974(Protein digestion and absorption)
Ko00830(Retinol metabolism)
Ko04270(Vascular smooth muscle contraction)
Ko04540(Gap junction)

Ko04713(Circadian entrainment)
K004720(Long-term potentiation)
Ko04730(Long-term depression)
Ko04923(Regulation of lipolysis in adipocytes)

Ko05016(Huntington discase)

Ko05204
(Chemical carcinogenesis - DNA adducts)
K001060

(Biosynthesis of plant secondary metabolites)

Ko00330(Arginine and proline metabolisim):

Ko04724(Glutamatergic synapse)

E

CG vs IG96

Ko01230(Biosynthesis of amino acids)-| | N ANMR &)

Ko01200(Carbon metabotsr - | E I <3

CG vs 1IG96
[ ECTEEeme
M R foied

!0.4
2(0.45) 039

- 3045) o038
- 3(0.45)
- 3(0.45)

| RS

. 1(0.45)

| GRS

| R

| RGeS

)

| RS

| S

| RS
I

I

. 1(0.37)

0 5 10 15
Metabolites percent

20

k004918
ke

Ko00240(Pyrimidine metabolism)

Ko04974(Protein digestion and absorption)
Ko00053(Ascorbate and aldarate metabolism)

Ko05230(Central carbon metabolism in cancer):

Ko00040
(Pentose and glucuronate interconversions)

K000052(Galactose metabolism)
Ko04066(HIF-1 signaling pathway):
Ko04978(Mineral absorption)

Ko00970(Aminoacyl-IRNA biosynthesis)

Ko01060
(Biosynthesis of plant secondary metabolites)

K000660(C3-Branched dibasic acid metabolism)
Ko00900(Terpenoid backbone biosynthesis).
Ko04152(AMPK signaling pathway):
Ko04724(Glutamatergic synapse)
Ko05143(Afiican trypanosomiasis)

Ko01230(Biosynthesis of amino acids)

Ko01120
(Microbial metabolism in diverse environments)
Ko01210(2-Oxocarboxylic acid metabolism)

Ko04918(Thyroid hormone synthesis):

K000520
(Amino sugar and nucleatide sugar metabolism)

1G24 vs IG96

F

1G24 vs 1G96
>
[ ECS
[ ECR)
. >
R
R
)
)
[ ECS
- 5(0.3)
- 2(0.3)
R
R
g
g
[ ECR)
_ 12(0.3)
| EC
R
[ EC

0 10 20 30 40
Metabolites percent

+log, (Qvaluc)

03175
0315
03125
031

03075
0305

50

ko0Q052





OEBPS/Images/fimmu.2024.1376860_cover.jpg
& frontiers | Frontiers in Immunology

Integrated time-series biochemical,
transcriptomic, and metabolomic analyses
reveal key metabolites and signaling
pathways in the liver of the Chinese soft-
shelled turtle (Pelodiscus sinensis) against
Aeromonas hydrophila infection





OEBPS/Images/fimmu-15-1376860-g002.jpg
GO Term

Viral proceln nteraction with €ytokine and cytokine receptor

Cellular process
Single-organism process
Biological regulation
Regulation of biological process
Metabolic process

Response to stimulus

Signaling

Multicellular organismal process
Localization

Developmental process

Biological Process

Binding.

Catalytic activity

Molecular function regulator
Molecular transducer activity
Signal transducer activity

Cell part

Cell

Organelle

Membrane

Organelle part

Membrane part
Macromolecular complex
Extracellular region
Extracellular region part
Membrane-enclosed lumen

Cellular Component Molecular Function

Cytokine-cytohine rcepHor intcraction
Osteoctas differeotiaion

CAtype lectin recepeor signaling pathway
TNF sigasling pathway

JAK-STAT signaling pathway
Toxoplasmonis

Toll-like receptor signaling pathway
Il rsisiance

Legiooelosis

Inflammatory bowel disease

117 signaling pathweay
Paaysincncer | @

Chemokine signaling pathway
Shigellosis

Homan ytomegaovinus infecion
Kaposi sarcoma-associated herpesvirus infection
Salmooela infecion

Chagas disease:

Infloenza A

CG-vs-1G24

1,000

1,000

1,000

0 500
0 500
0 500
CGvsIG24
°
.
.
.
.
.
x
.
.o
. on
. ow
. L
P P
Ius
. N
s
. i

02

Gene Ratios

06

CG-vs-IG96 1G24-vs-1G96
1,500 2,000 0 500 1,000 1,500 2000 0 500 1,000 1,500 2,000
1,500 2,000 0O 500 1,000 1,500 2000 O 500 1,000 1,500 2,000
1,500 2,000 0 500 1,000 1500 2000 0 500 1,000 1,500 2,000
Gene number
CGvs1G6

Phagosome | - @ Cytokine-cytohine recepo interaction

Vibrio cholerae Infection ° “Toll-ike recepsor signaling pathway

Leukocyte transendothelial migration ° TNF signaling pathway

Leishmaniasis. ° Vieal peotein intevaction with cytohine aad Cytokine receptor

Complement and cosgulation cascades | © NOD-ike recepeor signaling pathway

Arschidonkc acd mecsbolsn | © [ e——

Protein processing in endoplasemic reticulom | © Chogas disease

Ovarian steroidogenesis . JAK-STAT signaling pathway

PPARsignligpanay | © Caype et recstorsgnsting phway

“Thyroid hormone symthesis. . Influcaza A

Fluid shear stress and athevosclerosis | @ Kaposi sarcoma-assaciated herpesvieus infection

RIG--like receptor signaling pathway » Inflammatory bowel discase

Glyceolpidmewboliom | o o Cyouclc DNA scsing pthway

117 sigasling pathay | @ _ Humaa cytomegalovirus infection

Legionellosis . " Shegelioss.

Linolekc acd mecsbolsn | -+ o Tosoplismorts

Tuberculosis | @ o Onteoxlast dlferentiation:

Procnexpon |+ bor Chemokioe signsing pahuay

Hemtopoletic cell linooge |~ ® I: Pemussis

Pyrimidine metabolism 5 Legiooclions.

00

02 o0a
Gene Ratios

Hup

M down

1G24 vs 1G96

o Covemaier

o

o e

(3]

03 04 05
‘Gene Ratios

06





OEBPS/Images/fimmu-15-1376860-g001.jpg
GOT (U/L)
GPT (U/L)

Oh 12h  24h  48h  96h Oh 12h  24h  48h  96h
hours post infection hours post infection
C D
6 ¢ 10
b
) 8
34 - E 3
a =]
5 : L i, :
c a . = a a e
2 & £ .
< % o oo < 4 o2 %
U2 g o
= 2

Oh 12h  24h  48h 96h Oh 12h 24h  48h  96h
E hours post infection . hours post infection
15
c
3 e
210 =
£ b E
£ b . =
= ab _;_ =
2 a oo o [~
25 % ) %
o
0
Oh 12h 24h  48h  96h Oh 12h  24h  48h  96h

hours post infection hours post infection





OEBPS/Text/toc.xhtml


  

    Table of Contents



    

		Cover



      		

        Integrated time-series biochemical, transcriptomic, and metabolomic analyses reveal key metabolites and signaling pathways in the liver of the Chinese soft-shelled turtle (Pelodiscus sinensis) against Aeromonas hydrophila infection

      

        		

          Introduction

        



        		

          Methods

        



        		

          Results

        



        		

          Discussion

        



        		

          1 Introduction

        



        		

          2 Materials and methods

        

          		

            2.1 Experimental animals and bacterial infection

          



          		

            2.2 Sample collection

          



          		

            2.3 Plasma biochemical parameters

          



          		

            2.4 RNA extraction, library preparation, and RNA sequencing

          



          		

            2.5 Metabolomic analysis

          

            		

              2.5.1 Metabolic extraction

            



            		

              2.5.2 LC–MS analysis

            



          



          



          		

            2.6 Correlation analysis of metabolomic and transcriptomic data

          



          		

            2.7 Validation of transcriptomic data

          



          		

            2.8 Statistical analysis

          



          		

            2.9 Ethics statement

          



        



        



        		

          3 Results

        

          		

            3.1 Changes in plasma biochemical parameters during infection

          



          		

            3.2 The hepatic DEGs at different time points after infection

          



          		

            3.3 Hepatic metabolic profiles at different time points after infection

          



          		

            3.4 Functional enrichment of DAMs

          



          		

            3.5 Integrative analysis of DEGs and DAMs

          



          		

            3.6 Validation of RNA-seq results

          



        



        



        		

          4 Discussion

        

          		

            4.1 Plasma biochemical indices changed after infection

          



          		

            4.2 Key genes responding to Aeromonas hydrophila infection

          



          		

            4.3 Key metabolites responding to Aeromonas hydrophila infection

          



          		

            4.4 Crucial signaling pathways involved in resisting Aeromonas hydrophila infection

          



        



        



        		

          5 Conclusions

        



        		

          Data availability statement

        



        		

          Ethics statement

        



        		

          Author contributions

        



        		

          Funding

        



        		

          Conflict of interest

        



        		

          Supplementary material

        



        		

          References

        



      



      



    



  



OEBPS/Images/fimmu-15-1376860-g006.jpg
CGvs 1G24

Orotate
Picrotin
CDP-4-dehydro-3,6-dideoxy-D-glucose
NEG02387

POS00019

2-epi-S-epi-Valiolone 7-phosphate
GDP-3 6-dideoxy-D-galactose

[Methylsuccinic acid
Uridine -diphosphate
Oxidized glutathione
0-Acetyl-L-serine
Cytarabine
L-Arginine
Glutathione

Orotate

Picrotin
5] Cytarabine

POS00019

NEG00878
NEG02071

NEG02387
POSO1550

POS02149






OEBPS/Images/crossmark.jpg
©

2

i

|





OEBPS/Images/fimmu-15-1376860-g005.jpg
0,025

Second Joint Loadings

005

005

Second Joint Loadings

005

Transeript Joint loadings CG vs 1G24

Metabolite joint loadings CG vs 1G24

C

.- e Lpospre P

02 »{}Mm
- tysobC(18367.02.122)

Lamotrfgine
2.002,132,162,192}16:1(92))
%01 * +CDP-4-dehydro-3,6-dideoxy-Uglucose
£ e
£
g
g
=
S oo
£
}
S
K]
g
J-Lysine
2 L
<02
idine diphospfate glucose
002 001 0 001 002 o1 I o1

First Joint Loadings

Metabolite joint loadings CG vs 1G96

02

Second Joint Loadings

&

Lamotigine—9 9

e
Zrl.vsuFCU! 62,92.122)) e s

PC(226(42.72,102,132162,192)/16:1(92))

AAT

0-Phospho-L-serine
-Selenocysteine &

Uridine diphosphate glucose

] ]
First Joint Loadings

o

Top joint loadings CG vs IG96

005

0025 0 0.025
First Joint Loadings

005

cotic s cetc acid
02 {h5inydrostreptomycin Yalpha,6-hisphosphate 92} Dinydrostreptomycin 3alpha,6-bidphospRate
\ &—Adenylated molybdopterin
% o1 \ denylated molybdopterin % ol e
£ | o-pnospho-Lserine £ Bl amne BERE ko
b} 3 LOC112545268
g A2
= 0 & o 0STN
E z
£ [stodo-Layrosine £ ZapT il
= hymidylic acid 2 =4
EES i decthyl- =01 |
T ot ERL D
H oy g Methy167-dimetbpey eyl
g g ta-carbolng-3-cpborylate
E & i
02 02 e—Melicopis
5 Thymidylic acid Metyl2 ipha L opyranosy-
-betarD-gal D gactside
Cygarabine R
Cytarabine —»
o1 61 005 ] 005

First Joint Loadings

First Joint Loadings

+ Gene
® Metabolite

“ Gene
® Metabolite





OEBPS/Images/fimmu-15-1376860-g003.jpg
A °CG 0 1G24 B eCG 01G%6 C ©1G24 ¢ 1G96

tol

=50 =25 0 S 0
1 (16.8%) t1(21.6%) t1(16.4%)
R2X R2Y Q2Y R2X R2Y Q2y R2X R2Y Q2Y
0.348 0989 0.575 0.420 0969 0.533 0336 0992 0574
D E F
R2=(0.0,0.95),Q2(0.0,-0.05) R2=(0.0,0.96),Q2(0.0,-0.02) R2=(0.0,0.92),Q2(0.0,-0.04)

0 0.25 0.5 0.75 0 0.25 0.5 0.75 0 0.25 0.5 0.75
G CGvs 1G24 H CGvsIG96 1G24 vs 1G96
St liasioie o 1: 106 Momhoes o i esbae rofile2 rofile7 profile5 profile0
E s ~
5 ‘ !
E h
= ’ ’ N profiled profilel profile3 profile6

\
)

log2(value)

Profio 110 Marsbostes Prowe7: 142 Masbomes OO 1G24 19

[
/

log2(value)

< o2¢ 0% CG 1624 1696





OEBPS/Images/logo.jpg
, frontiers | Frontiers in Immunology





OEBPS/Images/fimmu-15-1376860-g007.jpg
Chinese softshell turtle
Enriched pathways

Cytokine-cytokine receptor
interaction,
‘TNF signaling pathway,
g Tryptophan metabolism,
JAKSTAT signaling patiiway Nicoinate and nicotinamide
metabolism,
Aemmmm aaysis | Starch and sucrose metabolism,
Iydrophila , N g Prolactin signaling pathway,
3 serine, gamma Aminoacyl-RNA biosynthesis, ABC transporters
! S curiched b P
24 hpi acid, Orotate, L-Tyrosine, L-Tryptophan, L- Protein digestion and
P Glutamine, L Lysine, Vitamin A, UDP- absorption, Metabolic
glucose, Nicotinamide, 5-Methylcytosine pathways

4

liver Qb 3

Chemokine signaling pathway, infection

trauseriptome T cell receptor

signaling pathway,
96 hpi gariched Human T-cell leukemia Tyrosine metabolism,
virus | infection, Pyrimidine metabolism,
Antigen processing and Alanine, aspartate and
presentation i glutamate metabolism,
N . Arginine and proline metabolism,
Bidavaitesis of wasaturated Glycerophospholipid metabolism,
iy wiids. Linoleic acid metabolism
o Alcobolism,
metabolome lknﬂpﬂtulnk acid, Docosahexaenole acid, Thyroid hormone synthesis

Adenosine &

CGwIG24

Nicotinate and ereieiin
micotinamide metabolism Glycerolipid metabolism

Tryptophan metabolism

down-regulated genes up-regulated genes () down-regulated metabolites (O up-regulated metabolites






