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Abstract

:

Over the past few years, China has become a hotspot for the domestication of the commercially valuable largemouth bass (Micropterus salmoides). Although the food preference of this fish has been studied, little is known about the genes regulating its growth. Population breeding was performed using two indigenous strains (QT1 and QT2), with the results showing that the organ/body ratio, abdominal fat rate and the body weight gain of QT1 and QT2 were higher than for the offspring YL1 and Y3 which are extensively cultured in China. Subsequent RNA sequencing (RNA-Seq) allowed for the identification of potential genes and pathways involved in growth performance. Overall, the transcriptome analysis generated 89,056 transcripts and 42,529 Unigenes. A PCA revealed significant differences between QT1 and the other three strains, while the other three strains did not show much difference. A KEGG enrichment analysis of differentially expressed genes showed that steroid biosynthesis was the most enriched pathway among the four strains. These pathways could be related to the growth of largemouth bass. In addition, a co-expression network analysis suggested a strong interaction between liver steroid biosynthesis and the genes for photosynthesis, secondary metabolism and stress response. Taken together, the above results can provide new insights into the liver metabolism of different strains of largemouth bass during culture and provide references for the subsequent domestication and breeding programs of largemouth bass.
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Key Contribution: First of all, in China, two new species of largemouth bass have been bred—Youlu 1 and Youlu 3. At the same time, many research institutions have worked on the breeding of largemouth bass. Most of the published research papers have focused on the changes of population diversity in breeding, physiology, biochemistry and selection of a single breed. There are a few studies on the culture growth traits of different species of largemouth bass based on comparative transcriptomics, so our paper can fill the gap in such studies.










1. Introduction


Fish, as a major source of food and high-quality protein, accounts for 16% of the animal proteins that are consumed around the world [1]. Over the past few years, the largemouth bass (Micropterus salmoides) industry has experienced a rapid expansion, especially in China where this carnivorous freshwater fish of the Perciformes order, Centrarchidae family and Micropterus genus is largely cultured due to its favorable attributes in terms of adaptability, rapid growth rate and superior meat quality [2]. Within its native range, two subspecies of largemouth bass are currently recognized, namely, the northern largemouth bass (M. s. salmoides), with a native range extending throughout southeastern Canada, northeastern Mexico as well as the eastern and central U.S., and the Florida largemouth bass (M. s. floridanus) which is native to peninsular Florida [3].



After its introduction into China in 1983, largemouth bass became an important cultured fish species, with production totaling 702,093 tons in 2021 [4,5]. However, over the past three decades, the breeding practices for this fish have largely neglected scientific principles. Indeed, farms prioritized convenience and economic benefits by often breeding largemouth bass that did not meet market standards [6], and this resulted in a significant decline in genetic diversity that was manifested as decreased resistance to stress, inefficient feed conversion, early sexual maturity and reduced growth rate [7]. To address these issues, genetic breeding efforts, undertaken by the farming industry, have been focused on enhancing the growth rate of largemouth bass [8]. Such breeding programs, started in 2016 using two indigenous strains (Youlu NO.1, YL1, and Youlu NO.3, YL3), have so far generated two strains named QT1 and QT2, for which the fourth-generation offspring have shown favorable productive traits. However, the underlying molecular mechanism governing these traits are not yet fully understood, hence limiting future breeding and selection processes.



Transcriptome technology, which uses high-throughput sequencing to analyze the RNA sequences in specific cells or tissues, has emerged as an important tool for identifying differential genes that could be associated with specific traits or to study the regulation of gene expression [9]. Hence, through this approach, it is now possible to study an organism’s genetic features [10], its growth and development [11], its stress or immune defense mechanisms [12] as well as other biological processes.



The liver, as the largest digestive gland and a key metabolic organ in fish, exhibits a strong ability to metabolize substances while also fulfilling a number of other biological functions, such as immune defense [13], carbohydrate and lipid metabolism [14,15], growth [16] as well as hormone secretion and synthesis [17]. This work used comparative transcriptomics at the whole-genome level to study liver tissues from the four aforementioned strains of largemouth bass. The aim was to gain a comprehensive understanding of the fish’s metabolism while providing insights that could assist breeding programs.




2. Materials and Methods


2.1. Fish and Sample Collection


Four strains of Micropterus Salmoides (YL1, YL3, QT1 and QT2) were provided by our breeding base in Xiaoshan District, Hangzhou, Zhejing Province, P. R. China. All samples were hatched in the same batch and allowed to acclimatize so that they could fully consume the compound diet. The initial weight of each individual was nearly similar at approximately 55 g. Prior to the sampling process, scissors, tweezers, blades and other required instruments were sterilized in an autoclave (121 °C, 2 h). In addition, they were wiped with ethanol (75%) and flame-sterilized before use. For sample collection, the fish were first anesthetized (MS-222) and dissected on an ice tray. Liver tissues were then isolated and treated with liquid nitrogen prior to storage at −80 °C.




2.2. Growth Performance


To evaluate the growth performance of the four largemouth bass strains, a feeding trial, based on an indoor recirculating aquaculture system, was performed at the Hangzhou Xi-ba field station which is part of the Zhejiang Fisheries Technical Extension Center (Hangzhou, China). Each fish breed was placed in three 500-L tanks (triplicates) for a total of twelve tanks for the four strains. Thirty fish, with an average initial body weight of 6.10 ± 0.09 g, were then randomly selected from each tank and fed a diet containing 46% of crude protein and 9% of crude lipid. Feeding was performed, up to apparent satiation, twice daily (08:00 a.m. and 17:00 p.m.) for 8 weeks.




2.3. Extraction of RNA, Library Preparation and Sequencing


Trizol reagent (Invitrogen) was used to extract RNA as previously described [18]. The amount and purity of the extracted RNA was then assessed with a Bioanalyzer 2100 and an RNA 1000 Nano LabChip Kit (Agilent, CA, USA). In this case, a RIN number of >7.0 was selected as threshold for acceptable RNA quality. Purification of poly(A) RNA from total RNA (5 μg) was then performed two times using Poly-T oligo-attached magnetic beads, and this was followed by RNA fragmentation using divalent cations at a high temperature. A cDNA library, with an average insert size of 300 bp (for paired-ends libraries), was then generated through reverse transcription of the RNA fragments (±50 bp) by following the procedure for the RNA-seq sample preparation kit (Illumina, San Diego, CA, USA). Eventually, paired-end sequencing was performed on an Illumina Hiseq 4000 platform (LC Sciences, Pittsburgh, PA, USA) as required by established procedures.




2.4. De Novo Assembly, Unigene Annotation and Functional Classification


Reads containing adaptor sequences as well as low-quality and undetermined bases were removed using Cutadapt (https://cutadapt.readthedocs.io/en/stable/guide.html, accessed on 5 July 2022) and Perl scripts V5.8.7 [19]. Prior to downstream analyses, the quality of the remaining sequences was assessed with FastQC (http://www.bioinformatics.babraham.ac.uk/projects/fastqc/, accessed on 15 July 2022) based on Q20 and Q30 scores as well as the GC-content of the data. This was followed by de novo assembly of the transcriptome using Trinity 2.4.0 [20] which uses shared sequence content to group transcripts into clusters. In this case, given that a ‘gene’ loosely refers to a transcript cluster, the longest transcript in each cluster was selected as the representative ‘gene’ (Unigene).




2.5. Analysis of Differentially Expressed Unigenes (DEGs) and Functional Enrichment Analyses


OmicShare tools (https://www.omicshare.com/tools, accessed on 25 July 2022), a free online platform, was used for analyzing DEGs prior to GO and KEGG pathway enrichment analyses. All assembled Unigenes were then aligned against the Kyoto Encyclopedia of Genes and Genomes (KEGG) (http://www.genome.jp/kegg/) and the Gene ontology (GO) (http://www.geneontology.org) databases using Diamond Cut V8.0.2 [21]. Raw p-values were adjusted using the Bonferroni method, with 0.05 selected as the significance level.




2.6. Analysis of Protein–Protein Interaction (PPI) and Scoring of the Gene Network


Gene interaction was analyzed with the STRING database (http://string-db.org/) [22]. In this case, a score threshold of >0.400 and seven interactors (text-mining, databases, experiments, co-expression, co-occurrence, gene fusion and neighborhood) were selected, along with the default settings, to screen for potential targets [23]. Each gene identified within the PPI network was eventually ranked based on its score (in descending order) which was determined from the number of connected genes.




2.7. Statistical Analysis


SPSS 19.0 software was used for statistical analysis of the growth performance, with the results provided as mean ± standard error of mean (SEM). The data were also compared with one-way analysis of variance (ANOVA) and tested for significance at p < 0.05.





3. Results


3.1. Growth Performance of the Four Largemouth Bass Strains


Table 1 shows the growth performance of the four largemouth bass strains. A comparison of the data revealed that, under similar survival rates, organ/body ratios and abdominal fat rates, the body weight gain of QT1 and QT2 strains was higher compared with YL1 and Y3 (Table 1). In this case, the final mean body weights (BW) were 828.9 ± 11.0, 792.8 ± 10.3, 788.9 ± 7.9 and 819.1 ± 13.2 g, respectively. Furthermore, feed and protein efficiency varied significantly between the fish strains at the end of the experiment, although food intake was not significantly different (Table 1). Hence, the results suggested that the higher body weight gain was not due to food intake, but was instead correlated with feed and protein availability. To investigate the potential mechanism involved, this study focused on the liver, a key metabolic organ in fish.




3.2. Sequencing and Annotation of Unigenes


A total of 903,806,038 raw reads were generated after the transcriptome sequencing of liver tissues from the four fish strains, and of these, 895,278,968 reads remained after filtering out low-quality reads (Table 2). The quality of the clean reads was validated based on their Q20 and Q30 scores which were higher than 98.19% and 94.17%, respectively, as well as on their GC content which varied between 48.44% and 49.79%. In addition, the RIN values of the extracted RNA met the required standard, thereby confirming its integrity and suitability for library preparation and sequencing.



The Trinity program was used to predict ORFs (open reading frames) for all assembled Unigenes in order to obtain and validate sequence-based annotations. This step yielded 89,056 transcripts and 42,529 Unigenes, with an average length of 901 and 378 bp, respectively (Table 3). In this case, the quality of the assembly was reflected in the unigene’s N50 value of 3675.




3.3. Analysis of Differentially Expressed Genes


A PCA analysis revealed significant differences between QT1 and the other three strains, with the latter’s close clustering suggesting smaller differences between them (Figure 1A). This was consistent with the results for the number of differentially expressed genes (Figure 1B,C). A total of 1880 DEGs were found between QT1 and QT2, of which 844 were up-regulated and 1036 were down-regulated (Figure 1D). Similarly, comparing YL1 and QT1 revealed 1876 DEGs which included 1018 up-regulated and 858 down-regulated genes (Figure 1E). Finally, 2179 DEGs were identified between YL3 and QT1, with 1189 being up-regulated and 990 being down-regulated (Figure 1F). Thus, pairwise comparisons highlighted variations in the number of differentially expressed genes between the strains.




3.4. Functional Annotation of Unigenes


Once the Unigenes were obtained, functional annotation was performed against two public databases: for the GO database, 16,122 genes, accounting for 37.91% of the genes, were annotated, while in the case of the KEGG database, 15,365 genes, representing 36.13%, were functionally annotated. The KEGG enrichment analysis further showed that 17,102 differentially expressed transcripts were enriched into 244 KEGG pathways, of which 30 were significant. The top 20 most significantly enriched pathways are presented in a scatterplot, and they included tryptophan metabolism, steroid biosynthesis and pyrimidine metabolism (Figure 2A,C,E). Interestingly, steroid biosynthesis was identified as the most enriched pathway in all four strains of the fish.



Gene Ontology (GO) is a comprehensive database that describes gene functions by assigning DEGs to three GO domains and a total of 50 GO terms, of which 25 are part of biological processes, 15 are part of cellular components and 10 are part of molecular functions. In this study, genes related to the regulation of transcription and biological processes were enriched within the biological process. Similarly, within the cell composition domain, genes related to membrane (integral component of membrane), nucleus and cytoplasm were enriched. Finally, there was enrichment of the genes that were related to binding sites (e.g., metal ions, ATP, nucleotides) and active enzymes (e.g., transferase and hydrolase) (Figure 2B,D,F).




3.5. Expression Level of Genes Involved in Liver Steroid Biosynthesis


From the results of functional annotation, 14 genes associated with liver steroid biosynthesis were selected to explore their expression profiles. Compared with QT1, the other strains QT2, YL1 and YL3 had 10 up-regulated genes and four down-regulated ones (Figure 3A). More specifically, the expression of Cytochrome P450 family 2R1 (Cyp2r1), Cyp27b1, sterol O-acyltransferase 1 (Soat1) and Soat2 was higher in QT1 compared with QT2, YL1 and YL3. At the same time, the expression involved in steroid biosynthesis, namely, NAD(P) dependent steroid dehydrogenase-like (Nsdhl), cholesterol lipase (Cel), methylsterol monooxygenase 1 (Msmo1), arnesyl-diphosphate famesyltransferase 1 (Fdft1), squalene epoxidase (Sqle), hydroxysteroid (17beta) dehydrogenase 7 (Hsd17b7), Cyp51a1, transmembrane 7 Superfamily Member 2 (Tm7sf2), Lipase (Lipa) and 24-Dehydrocholesterol Reductase (Dhcr24), was higher in QT2, YL1 and YL3.




3.6. Correlation Analysis


To further understand the relationship between these genes and growth performance in the four fish strains, a correlation analysis, based on Pearson’s correlation modeling, was performed. The focus was especially on growth performance indicators that were significantly different between QT1 and the other three strains, namely, protein efficiency ratio, feed efficiency rate, specific growth rate, body weight gain and abdominal fat rate. The results indicated that the higher level of abdominal fat rate in QT1 was related to the expression of the Fdft1 gene (Figure 4), while in the case of body weight gain, it was regulated by sterol O-acyltransferase genes Soat1 and Soat2 (Figure 4). In addition, it was found that the mechanisms regulating specific growth rates were also linked to metabolism-related genes, such as Fdft1, Sqle, Hsdd17b7 and Dhcr24 (Figure 4). However, those genes were not significantly correlated with protein efficiency ratio or feed efficiency rate (Figure 4). Nevertheless, it is hypothesized that increasing the expression of Soat1, Soat2 and Cyp27b1 could influence the protein efficiency ratio.




3.7. Co-Expression Network Analysis


From the DEGs that were identified, potential key ones that could regulate largemouth bass performance were further explored by constructing a PPI network. A total of 1242 proteins encoded by DEGs related to growth and liver steroid biosynthesis across all four strains were identified (Figure 5A), with their subsequent mapping against the STRING database yielding a network of 179 nodes and 472 edges. The interaction network revealed significant enrichment of GO terms, with 152 under the biological process domain, 27 in the molecular function domain and 42 in the cellular component domain. Similarly, nine were enriched in KEGG pathways (Figure 5B and Supplementary Table S1). Obviously, a lot of genes related to steroid biosynthesis, such as Akr1d1, Hsd17b7, Msmo1, Sqle, Slc27a2, Hmgcr, Cyp8b1, Cacna1h, Lbr, Pmvk, Nsdhl and Fdft1, were enriched (Figure 5B and Supplementary Table S1). Moreover, a strong interaction was eventually noted between the liver’s steroid biosynthesis and heat shock proteins (HCPs) or genes involved in stress response (i.e., dehydration responsive element binding transcription factor (DREB)) and secondary metabolism (i.e., terpenoid and phenylpropanoid) (Figure 5B).





4. Discussion


It is important to understand the growth performance of different strains of perch which represent a commercially valuable aquatic species. In addition, studies involving the transcriptomic analyses of perch are relatively few, while the molecular mechanisms regulating differences in growth performance between strains are yet to be fully understood. In order to further promote and assist the development of future breeding programs, liver tissues from four largemouth bass strains (QT1, QT2, YL1 and YL3) were studied. Illumina high-throughput sequencing technology was used for transcriptome sequencing, while the molecular genetic information was obtained through data assembly, comparison of tissue expression and annotation of differentially expressed gene. The transcriptomes and differentially expressed genes were then analyzed, and their functions were explored. It is expected that this work will provide basic data for the protection of germplasm resources while providing insight that will assist in the selection and promotion of new strains.



The functional annotation of unigenes indicated that 30 KEGG pathways were significant, including tryptophan metabolism, steroid biosynthesis and pyrimidine metabolism. Tryptophan, an essential amino acid found in all animals, serves as a necessary precursor for the production of several vital bioactive substances. In mammals, the majority of tryptophan undergoes catabolism and is transformed through the kynurenic pathway into bioactive compounds that have the potential to interact with stress responses [24]. Additionally, research has demonstrated that infections, stress and alterations in the gut microbiome can divert tryptophan metabolism away from 5-hydroxytryptamine production, favoring this pathway [25]. Despite these findings, the mechanisms connecting tryptophan metabolism to fish liver health remain not fully elucidated.



Nucleotides play a vital role in various biological processes, including promoting growth [26], enhancing immunity [27] and regulating fatty acid composition in animals [28]. Previous studies have demonstrated that nucleotide supplementation can influence amino acid and fatty acid metabolism in sow-piglet and fish models [29]. Additionally, uridine also plays a crucial role in regulating amino acids, fatty acids and bile acid metabolism, contributing to the maintenance of energy homeostasis [30]. Furthermore, it can produce pyrimidine–lipid and pyrimidine–sugar conjugates, serving as substrates for glycogen deposition [31]. However, there is no report about the impact of adding nucleotides to the fish’s diet on the development of neonatal fish.



Of note, some DEGs, such as Cel, Fdft1, Sqle, Hsd17b7, Cyp51a1, Tm7sf2, Msmo1, Lipa, Dhcr24 and Nsdhl, involved in the liver’s steroid biosynthesis were related to GO terms and KEGG pathways, hence suggesting their correlation with required growth performance indicators. For aquatic species, the liver’s steroid biosynthesis is an important trait to measure economic benefit. In this context, the Fdft1 gene is a key factor in steroid biosynthesis [32], as variations in its expression have been reported to be linked with both fat and meat traits [33,34]. This is in accordance with the current results which observed high expression levels of the genes Dhcr24, Fdft1 and Sqle that are involved in the steroid biosynthesis pathway. In vertebrates, metabolic pathways associated with liver steroid biosynthesis are important for fatty acid biosynthesis. In this study, Sqle, Hsd17b7, Cyp51a1 and Tm7sf2 were up-regulated in QT1, and this could explain its better performance in terms of steroid biosynthesis.



The PPI network analysis is a valuable tool for constructing gene interaction networks [35]. In this study, a strong interaction was noted between the liver’s steroid biosynthesis and genes related to stress response. The latter is a key factor that regulates growth [36] and development [37], which eventually influence the production of aquatic products. DREB and HSP proteins had the highest value within the network. As important transcription factors, DREB proteins help to regulate genes in response to different environmental stimuli [38]. In this study, few genes related to DREB were found to be up-regulated, and this included insulin-like growth factor binding proteins (IGFBPs) that are secreted by the liver to increase or decrease the activity of IGF depending on the physiological conditions. Thus, regulating the IGF system could be associated with growth control [39]. IGFBP levels were significantly different for QT1 compared with the other three groups, and this could help QT1 to achieve better growth performance.




5. Conclusions


This work used liver transcriptome profiling to compare the gene expression profiles of liver tissues from four different strains of local largemouth bass in order to identify candidate genes that were related to growth performance. Genes and pathways that were differentially expressed between the strains were identified and included a number of potential genes, such as Cel, Fdft1, Sqle, Hsd17b7, Cyp51a1, Tm7sf2, Msmo1, Lipa, Dhcr24 and Nsdhl, that are associated with growth traits. These findings provide new clues about the molecular basis of largemouth bass growth. This study generated large amounts of transcriptomic data and provided a molecular basis for understanding the growth traits of different strains of largemouth bass. In addition, understanding the molecular mechanisms and regulatory pathways can provide insights that may strongly contribute to future breeding and cultivation programs.
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Figure 1. Analysis of the differentially expressed genes (DEGs) between different strains of largemouth bass. (A) Principal component analysis (PCA); (B) Venn diagram showing the overlap of DEGs between the four strains; (C) Statistical analysis of the number of differentially expressed genes; (D–F) Volcano plots of DEGs between QT1 and the other groups. n = 5. 
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Figure 2. (A,C,E) Annotation of differentially expressed genes (DEGs) of the four fish strains through KEGG enrichment analysis. The size of the dots in the figure indicates the number of genes in each pathway, while their colors reflect the different ranges of p value. (B,D,F) Enriched gene ontology (GO) terms based on DEGs identified in the liver samples of the four fish strains. 
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Figure 3. (A) Heatmap of DEGs involved in steroid biosynthesis. (B) Expression of genes related to steroid biosynthesis. Datasets show mean ± SEM. One-way ANOVA and Tukey’s post hoc test. * p < 0.05 and ** p < 0.01. 
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Figure 4. Correlation analysis for the expression of genes related to steroid biosynthesis and significantly different growth performance indicators. False-discovery-rate corrections for multiple analyses were employed. * p < 0.05, ** p < 0.01 and *** p < 0.001. 
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Figure 5. (A) Venn diagram representing DEGs. (B) Network of protein–protein interactions between QT1 and the three other strains. The colored nodes represent query proteins and the first shell of interactors, whereas white nodes represent the second shell of interactors. Image generated by String v11.0 (STRING: https://string-db.org, accessed on 15 July 2023). 
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Table 1. Growth performance of the four strains of largemouth bass.
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Item

	
Group




	
QT1

	
QT2

	
YL1

	
YL3






	
Initial body weight, g

	
6.05 ± 0.08

	
6.14 ± 0.07

	
6.03 ± 0.15

	
6.17 ± 0.11




	
Survival rate 1, %

	
100.00 ± 0.00

	
98.89 ± 1.92

	
98.89 ± 1.92

	
100.00 ± 0.00




	
Final body length, cm

	
13.67 ± 0.45

	
13.57 ± 0.15

	
13.27 ± 0.32

	
13.30 ± 0.41




	
Final body weight, g

	
55.58 ± 0.85

	
54.08 ± 1.15

	
53.17 ± 3.09

	
56.01 ± 1.37




	
Condition factor 2, g/cm 3

	
2.29 ± 0.13

	
2.32 ± 0.08

	
2.28 ± 0.06

	
2.37 ± 0.11




	
XLiver/body ratio 3, %

	
2.04 ± 0.33

	
2.05 ± 0.13

	
2.03 ± 0.27

	
2.15 ± 0.17




	
Organ/body ratio 4, %

	
9.11 ± 0.56

	
9.08 ± 0.32

	
9.42 ± 0.50

	
9.36 ± 0.38




	
Abdominal fat rate 5, %

	
2.49 ± 0.19 a

	
2.54 ± 0.07 a

	
2.82 ± 0.19 ab

	
3.01 ± 0.21 b




	
Body weight gain 6, g

	
828.9 ± 11.0 a

	
792.8 ± 10.3 a

	
788.9 ± 7.9 b

	
819.1 ± 13.2 b




	
Specific growth rate 7, %/day

	
4.05 ± 0.02 a

	
4.05 ± 0.02 b

	
3.97 ± 0.02 a

	
4.03 ± 0.02 a




	
Average food intake, g/day

	
0.90 ± 0.01

	
0.90 ± 0.02

	
0.91 ± 0.03

	
0.92 ± 0.01




	
Feed efficiency rate 8

	
0.99 ± 0.03 a

	
1.01 ± 0.02 a

	
1.05 ± 0.02 b

	
1.00 ± 0.01 a




	
Protein efficiency ratio 9

	
2.32 ± 0.10 a

	
2.20 ± 0.03 a

	
2.13 ± 0.06 b

	
2.23 ± 0.03 ab








1 Survival rate = survival number/sample number × 100%; 2 Condition factor = final body weight/final body length × 100%; 3 Liver/body ratio = liver weight/ final body weight × 100%; 4 Organ/body ratio = organ weight/final body weight × 100%; 5 Abdominal fat rate = abdominal fat weight/final body weight × 100%; 6 Body weight gain = (final body weight − initial body weight)/initial body weight × 100%; 7 Specific growth rate = Ln (final  body weight) − Ln (initial  body weight) days elapsed × 100%; 8 Feed efficiency rate = wet weight gain/dry feed intake × 100%; 9 Protein efficiency ratio = body weight gain/protein intake × 100%. Different letters in the shoulder notes indicated significant difference between groups (p < 0.05).













 





Table 2. Summary of sequences analysis.
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Raw Reads

	
Valid Reads

	
Valid%

	
Q20%

	
Q30%

	
GC%






	
QT1

	
41,263,680

	
40,606,568

	
98.41

	
98.23

	
94.26

	
49.51




	
48,528,916

	
47,838,206

	
98.58

	
98.34

	
94.5

	
49.79




	
43,071,948

	
42,371,898

	
98.37

	
98.19

	
94.17

	
49.41




	
46,583,924

	
45,965,530

	
98.67

	
98.29

	
94.38

	
48.87




	
QT2

	
40,637,870

	
39,709,516

	
97.72

	
98.21

	
94.06

	
48.44




	
44,131,564

	
43,591,280

	
98.78

	
98.61

	
95.11

	
49.1




	
44,273,842

	
43,705,154

	
98.72

	
98.6

	
95.13

	
49.16




	
38,160,526

	
37,616,558

	
98.57

	
98.6

	
95.12

	
49.07




	
YL1

	
50,196,110

	
49,594,184

	
98.8

	
98.55

	
94.96

	
49.5




	
48,186,328

	
47,599,102

	
98.78

	
98.56

	
95.01

	
49.3




	
40,125,834

	
38,890,244

	
96.92

	
98.25

	
94.19

	
49.68




	
48,112,390

	
47,515,170

	
98.76

	
98.6

	
95.13

	
49.68




	
YL3

	
38,414,580

	
37,946,352

	
98.78

	
98.62

	
95.18

	
49.69




	
36,765,132

	
36,245,694

	
98.59

	
98.5

	
94.82

	
49.02




	
45,187,452

	
44,623,852

	
98.75

	
98.55

	
94.99

	
49.43




	
49,797,460

	
49,214,324

	
98.83

	
98.6

	
95.1

	
49.75











 





Table 3. Results of the assembly process.
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	Index
	All
	GC%
	Median Length
	Total Assembled Bases
	N50





	Transcript
	89,056
	45.45
	901
	135,827,643
	2854



	Unigene
	42,529
	44.99
	378
	48,407,951
	2675
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