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Simple Summary: Farmed fish are an important source of protein and provide human
essential amino acids (HEAAs). Characterizing the variation in combined amino acid
(AA) composition in fish fillets and exploring the mechanisms regulating variations is
essential for advancing breeding strategies and enhancing fillet AA levels. Although
numerous studies have focused on AA metabolic processes, the regulatory mechanisms
behind the content variations remain elusive. Herein, we quantified the fillet AA contents
of 304 farmed common carp samples with acidic hydrolysis and conducted a genome-
wide association study and RNA-seq analysis. This study aims to elucidate the genetic
variations and differential expressions underlying the fillet AA contents. Our findings
showed high variations in the fillet AA contents among these samples. Through a genome-
wide association study, the SNPs and candidate genes associated with AA content were
identified. The differential expressions also possibly diversify the fillet AA contents. For
the total content of HEAA, the SNPs and associated genes were involved in transporter
activity, while the differentially expressed genes preferred cytokine binding, oxidoreductase
activity, and ion binding. Our findings not only provide new insights into the molecular
mechanisms underlying the fillet AA contents but also support developing a selection
strategy to improve fillet AA levels in common carp.

Abstract: Fish are rich sources of amino acids (AAs), particularly human essential amino
acids (HEAAs). Exploring the regulatory mechanisms behind the changes in the combined
AA content in the fillet and enhancing the content of AAs, especially HEAAs, in fillets of
farmed fish is crucial for meeting human nutritional needs. After hot acidic hydrolysis
of 304 common carp fillets, we quantified the contents of 17 single AAs and 5 AA groups
and observed significant variations among them. Except for Pro, 16 single AAs and all AA
groups showed medium-to-high heritabilities over 0.2. Through a genome-wide association
study (GWAS), we identified 1974 SNPs and candidate genes associated with at least one
AA content. Using transcriptome data from groups with the highest and lowest contents
for each AA, 7089 candidate genes were related to the concentrations of at least two AAs.
For the total HEAA content, 121 SNPs and their associated genes preferred ATPase-coupled
transmembrane transporter activity, and 4727 differentially expressed genes were enriched
in cytokine activity, chemokine activity, oxidoreductase activity, and ion binding. With
the optimal genomic selection programs and associated SNPs, the correlation between the
actual AA contents and estimated breeding values was high and positive, ranging from
0.76 to 0.90. These findings revealed the major-effect processes and regulatory mechanisms
modulating the differences in fillet AA contents. The genomic selection programs will
guide the future selection of common carp with high AA contents.
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1. Introduction
Amino acids (AAs) are widely used in the human food industry, crop farming, live-

stock farming, and aquaculture. Unlike free AAs in animal serum, combined AAs in
proteins are the primary nutrient components that determine flesh quality. To satisfy hu-
man nutrient demand, AAs are categorized as essential and non-essential, with essential
AAs needing to be obtained through diet. The fillets of some fish contain all the human
essential amino acids (HEAAs), which are combined in the proteins [1]. The HEAA content
in fish fillets was higher than that in meat [2]. Therefore, increasing the content of AAs,
especially HEAAs, in fish fillets is of great significance for human nutritional demand.

Two strategies have been proposed to elevate the combined amino acid (AA) content
in fish fillets: supplementing fish feed with exogenous amino acids and enhancing the
fish’s ability to synthesize endogenous amino acids. Protein represents the costliest nutrient
in fish feeds, and its inclusion levels generally fall within the range of 30~50% [3]. To
fulfill the nutritional requirements of humans and fish, fish meal has long been utilized as
the principal protein source in feeds, mainly due to its high-quality protein content and
meticulously balanced AA profile [4]. However, given that the production of fish meal is
limited while it is in high demand in aquaculture, as well as livestock and poultry farming,
it is challenging for this strategy to satisfy the growing need for AAs. Augmenting the
endogenous synthesis capacity of AAs or reducing AA consumption in fish can significantly
diminish reliance on exogenous fish meal. Concurrently, it can enhance the quality of fish
fillets and bestow health-promoting effects. Hence, breeding fish with improved fillet
AA content would be beneficial to human dietary nutrition, farming, and aquaculture.
Nevertheless, research efforts to identify genetic variants capable of modulating amino
acid metabolism and formulate breeding strategies remain scarce.

In soybean [5,6], bread wheat [7], maize [8], duck [9], and rainbow trout [10], SNPs
have been identified as significantly associated with AA composition. The AA metabolism
encompasses a series of intricate biological processes, including transportation, synthe-
sis, and catabolism. The AA uptake by cells or organelles requires the AA transporters
(AATs) [11]. The ATP-binding cassette (ABC) transporter and the solute carrier (SLC)
superfamily are the two largest components of AATs [12,13]. AATs transport amino acids
through ion conjugation [14]. The non-essential AAs can be synthesized through different
biosynthetic enzymes [15]. The AAs were utilized for protein synthesis and generating
nitrogenous compounds, or oxidized as an energy source [16]. Given that numerous
metabolic pathways are intricately intertwined in AA metabolism, the key pathways gov-
erning the differences in the fillet AA composition and content still remain elusive and
have not been comprehensively studied. Unraveling the major-effect genes and metabolic
pathways, and further clarifying their regulatory mechanisms on the disparities in AA
concentrations, will offer novel directions to boost the AA content of fish fillets.

Common carp (Cyprinus carpio) is a freshwater fish species that is widely cultivated
around the world, and various strains have been cultured for thousands of years [17]. It is
estimated that this fish accounts for approximately 10% of global freshwater aquaculture
production [18]. If AA consumption per sample decreased, it would be significant in
reducing the pressure of AA production. Considering the huge feed consumption and
distinct nutrient value of common carp, it is crucial to conduct extensive research to
comprehensively understand the metabolism patterns of AA content in its fillets. The
AA content varied significantly among individual common carp [19]. Using a 250 K SNP
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array, Zhang et al. identified thirty-six, six, and one SNPs associated with Gly, Pro, and
Tyr content. Due to the low genome coverage of this SNP array, the existence of more
genetic variants associated with the contents of these three amino acids (AAs), as well
as those associated with other AAs, remains unknown and has not been fully explored.
Here, we integrated genome and transcriptome analyses to identify key genes and primary
metabolic pathways, and clarify their regulatory mechanisms on AA content differences.
Additionally, we explored the predictive capabilities of multiple genomic selection (GS)
methods for selecting fish fillets with high AA contents. Our results will not only reveal the
key processes governing fillet AA content variations but also aid in formulating breeding
strategies to enhance the fillet nutrient quality of common carp.

2. Materials and Methods
2.1. Fish Collection

This study was approved by the Animal Care and Use Committee of the Chinese
Academy of Fishery Sciences under the established recommendations for the care and use
of animals. Previously, 304 one-year-old common carp were raised together in a single
pond for one year and fed with the same feed (Tongwei, China). The feed is composed of
approximately 30% protein, 15% ash, 12.5% moisture, and 5% lipid. The muscle sample
below the dorsal fin of each sample was collected to quantify the AA compositions. The
liver tissues of these fish were sampled for transcriptome analysis and qPCR validation. To
ensure that the post-mortem time was consistent among samples, the fillet of each fish was
sampled within 10 min after euthanasia using MS-222.

2.2. AA Quantification in Fillets

Herein, the studied AAs were the combined AAs in the fillet rather than the free AAs
in the serum. The fillet AA composition was analyzed using a high-performance liquid
chromatograph (1260 Infinity II, Agilent, Santa Clara, CA, USA), following the method
described by Zhang et al. [20]. Muscle samples of common carp were placed in a 20 mL
hydrolysis tube, and 16 mL of 6 mol/L hydrochloric acid solution was added. The mixture
was hydrolyzed at 110 ◦C for about 22 h. After cooling, the contents were transferred to
a 10 mL centrifuge tube with deionized water and diluted to 5 mL. NaOH was added
to adjust the pH to 9~11 in a 5 mL plastic centrifuge tube. Then, 250 µL of 1 mol/L
triethylamine acetonitrile solution was added, followed by 250 µL of 0.1 mol/L phenyl
isothiocyanate acetonitrile solution. The mixture was placed at room temperature for one
hour, and then 2 mL of n-hexane was added. After shaking for 10 min, the lower phase was
collected and filtered through a 0.22 µm aqueous membrane. Chromatographic separation
was performed using an Agilent C18 column (4.6 × 250 mm, 5 µm), and detection was
carried out at a wavelength of 254 nm. The retention times of different AAs in each sample
were compared to those of the 17-component standard mixture (Nu-Chek Prep, Elysian,
MN, USA). The content of each AA was determined as follows:

X =
c × N × V
m × 1000

where X denotes the absolute content of AA (µg/g); c represents the concentration of each
AA (mg/L); V stands for the constant volume (mL); N symbolizes the dilution factor; and
m indicates the sample weight (g).

Asp and Glu are the predominant AAs that contribute to the umami taste percep-
tion [21], and the content of total umami AA is the sum of Asp and Glu. Some AAs,
including Arg, Ile, Leu, Met, Phe, His, and Val, exhibit a more bitter taste than the other
AAs [22]. Thr, Ala, Ser, Pro, and Gly impart a sweet taste [23], and the content of total



Animals 2025, 15, 1335 4 of 22

sweet AA is the sum of these AAs. HEAAs include Thr, Val, Met, Ile, Leu, His, Phe, Lys,
and Trp [24]. The correlation between any two AA contents was calculated using the
“cor.test” package. The correlations were then visualized using the “ggplot2” package [25].
To understand the AA content discrepancy among samples, principal component analysis
(PCA) was performed using the “Factoextra” package, and the plot was generated using
the “FactoMineR” package [26]. The AAs were clustered based on their correlations with
the ‘single’ clustering method and the ‘euclidean’ distance method.

2.3. Estimating the Heritabilities of the AA Contents

Previously, we sequenced the genomes of these 304 samples, and the data were
deposited at the NCBI SRA database (Accession: PRJNA1059144). After alignment to
the reference genome [27] and filtration, 2,757,424 high-quality SNPs were retained for
subsequent analysis and are available at figshare (https://figshare.com/s/2946ad101df2
c2870e56 accessed on 10 February 2025). For the content of each AA, heritability was
estimated using HIBLUP [28] based on these high-quality SNPs with the parameters of
--single-trait, --add, and --vc-method AI. Body weight was included as a covariate. To
estimate variance components, σ2

p denotes the total variance of the predicted value, σ2
u is

the additive genetic variance, and σ2
e represents the residual variance. Thus, σ2

p = σ2
u + σ2

e .
The heritability h2 is equal to the ratio of σ2

u to σ2
p , and is classified as low (<0.2), medium

(0.2~0.4), or high (>0.4) [29].

2.4. Genome-Wide Association Study

These high-quality SNPs were used for genome-wide association studies (GWASs)
utilizing the mixed linear model (MLM), which was implemented in GEMMA (v 0.98.1) [30].
The centered kinship matrix was generated using GEMMA and added to the GWASs as
a covariate. The Wald test was employed to determine the significance thresholds. The
suggestive threshold and significance threshold were set by dividing 100 and 10 by the
total number of SNPs, respectively. Following Shim et al. Method [31], we estimated
the phenotypic variance explained (PVE) of each associated SNP. Manhattan plots and
quantile–quantile (Q-Q) plots were constructed with the “rMVP” package [32]. The func-
tions of all associated SNPs to the closest genes were predicted with Annovar [33].

If one gene was distributed in 300 kb upstream and downstream of one associated
SNP with each trait, identified with bedtools (v 2.30.0) [34], this gene was considered to
be a candidate associated with this trait. To explore biological processes preferred by the
candidate genes, we performed GO functional enrichments with TBtools-II (v 1.6) [35]. All
p values were adjusted using the Benjamini–Hochberg (BH) method. A GO term with an
adjusted p value < 0.05 was considered to be significant.

2.5. Transcriptomic Analysis to Identify DEGs Related to AA Contents

Total RNA from the liver tissue of each fish from these 304 samples was extracted using
TRIzol reagent (Qiagen, San Diego, CA, USA) according to the manufacturer’s protocol.
If the RNA integrity number (RIN) was larger than 7, as detected using the LabChip
GX Touch (Perkin Elmer, Waltham, MA, USA), and the integrity of RNA was checked
using agarose gel electrophoresis, the RNA of this sample was retained to construct the
sequencing library with Stranded RNA Library Prep Kit (Illumina, San Diego, CA, USA).
The library was sequenced on an Illumina Novaseq 6000 platform (Illumina, USA) with the
150 bp pair-end mode.

The raw reads were cleaned using fastp (v 3.3) [36] and then aligned to the common
carp reference genome [37] using HISAT2 (v 2.0.5) [38]. Fragments per kilobase of exon
model per million (FPKM) was calculated to represent the expression level of each gene,
and read counts were obtained using FeatureCounts [39]. To identify the DEGs related to

https://figshare.com/s/2946ad101df2c2870e56
https://figshare.com/s/2946ad101df2c2870e56
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each AA concentration, the transcriptome data of 30 samples with the highest contents, set
as the experimental group, were compared with those of the 30 samples with the lowest
contents. DESeq2 [40] was employed to identify DEGs with adjusted p value < 0.05 and
fold change > 2. A volcano plot was generated using the ggplot2 package to visualize the
DEG expressions. With the FPKM values of DEGs, the PCA analysis was performed to
classify samples from two groups with the ‘Factoextra’ package [26]. GO analyses were
performed using the TBtools-II [35] to elucidate the preferred functions of the DEGs. All
p values were adjusted using the BH method. A GO term with an adjusted value < 0.05
was considered to be significant.

2.6. Core Genes of the THEAA Concentration and PPI Network Construction

To identify the core genes detected by both GWAS and DEG, for each AA, we compared
the associated genes annotated by GWAS with DEGs. If one gene was in proximity to
the annotated with GWAS and had differential expression between the low-content and
high-content group, this gene was considered a core gene related to the content of this AA.
The differences in expression might be attributed to genetic variations.

For the THEAA concentration, the core genes were mapped to the search tool for
retrieval of interacting genes (STRING) [41] to generate a protein–protein interaction (PPI)
network with a minimum required interaction score of 0.15, network type as a full STRING
network, and meaning of network edges as evidence. Then, functional modules of the
network were explored using the ‘Analyze Network’ plugin in Cytoscape (v 3.10.3) [42].
The genes in the network were classified into three types: hub genes, secondary-connected
genes, and peripheral genes.

2.7. qRT-PCR Validation of the Core Genes Related to THEAA Content

From the samples of which transcriptomes were sequenced, five fish with extremely
high THEAA content and five fish with extremely low THEAA content comprised the
high-THEAA and low-THEAA groups, respectively. To comprehensively validate the
differential expression, we selected genes based on two criteria: (1) their positions in the
PPI network topology, including hub genes, secondary-connected genes, peripheral genes,
and non-network genes; and (2) the consistency between their functions and the preferred
GO terms of DEGs. The selected hub gene was the excision repair cross-complementation
group 6-like (ERCC6), and the secondary-connected gene was the type-2 angiotensin II
receptor-like (AGTR2). The peripheral genes were arfgap with rhoGAP domain, ankyrin
repeat and PH domain 1a (ARAP1A), tripartite motif 39 (TRIM39), p2x purinoceptor 3-like
(P2RX3), lectin, and globoside alpha-1,3-N-acetylgalactosaminyltransferase 1-like (GBGT1).
The slam family member 7-like (SLAMF7) and dynein regulatory complex protein 10-like
(DRC10) were non-network genes. The expression patterns of these nine selected core genes
in the high-THEAA and low-THEAA groups were validated using quantitative real-time
PCR (qRT-qPCR).

Total RNA was extracted from liver tissue and reverse transcribed into cDNA using
the HiScript II Reverse Transcriptase kit (Vazyme, Nanjing, China). Primers for the genes
were designed with Primer 6 (Table S1). The β-actin gene was used as the endogenous
control. The qPCR reactions were set up using SYBR qPCR master mix (Vazyme, China)
and operated on the QuantReady K9600 system (QuantGene, Shanghai, China). The
2-∆∆CT method was employed to analyze their expression levels. For each gene, the
expression difference between the two groups was compared with the Wilcoxon rank-
sum test (one-tailed). If the p value was less than 0.05, the gene was confirmed to be
differentially expressed.
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2.8. Genome Selection Analysis

For each AA content, together with the associated SNPs, twelve genome selection (GS)
models in the BWGS [43] package were used to predict breeding values (BVs). For each
model, ten independent cross-validation replicates were carried out. In each individual
replicate, we randomly selected a training set and a validation set from the 304 accessions,
adopting a size ratio of 9:1 for the two sets. The associated SNPs and the AA contents
within the reference group served as the training data for each method to generate the
GS model. Subsequently, the genotypes of the samples in the validation set were input
into the trained model to predict the BVs. To assess the predictive performance of the
GS method, for each replicate, the Pearson correlation coefficient was computed between
the actual contents and the predicted BVs of the samples in the validation set. The mean
correlation coefficient, along with its corresponding standard deviation (SD), was then
calculated across all ten replicates for each GS method. The mean coefficient served as an
indicator of the predictive ability of each GS method.

3. Results
3.1. Heterogeneities in the Levels of Fillet AAs

In the fillets of common carp, we identified 17 single AAs, excluding Trp, Asn, and
Gln (Table S2). During the acid hydrolysis, Trp is destroyed while Gln and Asn are deami-
dated to Glu and Asp, respectively [44]. In general, the contents of 17 single AAs and
5 AA groups (umami AA, bitter AA, sweet AA, HEAA, and TAA) followed the normal
distributions (Figure 1a). The concentration of total HEAA (THEAA) reached 64.76 mg/g,
consisting of 37.14% of the total amino acid (TAA) content. The concentration of umami AA
(70.02 mg/g) was higher than that of bitter AA (41.41 mg/g) and sweet AA (32.44 mg/g).
The concentration of these AAs varied widely among the 304 accessions. The coefficient
of variations (CVs) of the AAs ranged from 19% to 66%, indicating a high diversity in AA
content among individuals (Table 1). The PCA clustering of all accessions based on the
contents of all AAs showed that most individuals were discretely distributed (Figure 1b).

Among 231 pairs consisting of any two AAs, the coefficients of 198 pairs were positive
and greater than the threshold of 0.113 at the p = 0.05 significance level (Figure 1c and
Table S3). Another 12 pairs had significantly negative correlations, most of which were
observed between Met and other AAs. We also observed 21 pairs without significant
correlations. The coefficients of 19 AA pairs were greater than 0.9, suggesting that their
metabolism might be regulated by the shared processes. The THEAA concentration was
positively correlated with those of most AAs but negatively correlated with that of Met.
Based on the correlation coefficients, 17 single AAs and 5 AA groups could be divided
into three groups. Met formed a separate group, the content of which exhibited low
correlations ranging from −0.315 and 0.287 with mean coefficients of 0.005. The second
group consisted of four single AAs (including Cys, Gly, Ala, and Pro) and sweet AA. Their
pairwise correlation coefficients were greater than 0.374. The third cluster consisted of the
other AAs, with the intra-group coefficients ranging from 0.158 to 0.997. In the second
and third groups, the correlation coefficients among intra-group members exhibited a
high level (0.67 and 0.69), whereas the inter-group coefficients demonstrated a relatively
low magnitude.
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Table 1. Divergent AA profiles in common carp fillets (mg/g).

Mean SD Max Min CV

Asp 29.73 7.98 50.82 11.01 27%
Glu 40.29 10.05 67.81 15.57 25%
Arg 11.26 3.76 20.99 0.00 33%
Ile 4.73 1.60 8.93 0.82 34%

Leu 9.64 1.97 16.06 5.51 20%
Met 1.47 0.97 3.81 0.00 66%
Phe 4.19 0.78 6.62 2.49 19%
His 4.38 1.36 8.12 0.29 31%
Val 5.74 1.66 10.18 2.06 29%
Thr 8.54 2.04 15.31 3.40 24%
Ala 7.59 3.99 34.38 2.75 53%
Ser 6.81 1.83 11.75 2.60 27%
Gly 5.86 1.39 12.29 3.38 24%
Pro 3.64 1.18 11.98 0.96 32%
Tyr 3.30 0.63 5.72 1.89 19%
Cys 1.14 0.50 3.53 0.00 44%
Lys 26.07 10.28 57.73 1.52 39%

Umami AA 70.02 17.96 118.63 26.58 26%
Bitter AA 41.41 8.98 69.25 21.06 22%
Sweet AA 32.44 7.96 75.48 18.66 25%

TAA 174.38 38.50 278.36 86.08 22%
THEAA 64.76 16.45 109.69 32.82 25%

3.2. High or Medium Heritabilities of AA Contents

Since all samples were fed in the same pond, we did not estimate the permanent
environmental variance. The heritabilities of 17 single AAs and 5 AA groups varied
substantially. The heritability of Pro was the lowest (0.169). Five single AAs and sweet
AA had medium heritabilities, ranging from 0.201 to 0.329. The heritabilities of the other
11 single AAs, umami AA, bitter AA, THEAA, and TAA, were larger than 0.4 (Table S4).
Notably, the estimated heritability of THEAA was 0.774, respectively. These findings
indicate that the concentration diversities of most fillet AAs were mainly regulated by the
genetic variances. It is possible to improve the common carp fillet AA contents through
genetic improvement.

3.3. Genetic Variants and Candidate Genes Associated with the AA Contents

The number of associated SNPs to each AA content under the significant threshold
(3.6 × 10−6) was much lower than the number under the suggestive threshold (3.6 × 10−5,
Table S5). Therefore, we employed the suggestive threshold to identify the associated SNPs
and candidate genes with the contents of 17 single AAs and 5 AA groups.

A GWAS based on the THEAA concentration identified 121 significant associated
SNPs (Figure 2a), most of which were distributed in the intergenic regions (Table S6). They
accounted for 5.48–9.16% of the PVE. These results indicated that the THEAA concentration
might be controlled by multiple genetic loci. The Q-Q plot indicated that the statistical
model used for GWAS was reasonable and reliable (Figure 2b). Among these SNPs, 3 and
62 were located in the exonic and intronic regions of protein-coding genes, respectively. We
scanned the 300 kb region upstream and downstream of the 121 SNPs and identified 1998
candidate genes linked to the THEAA content. They preferred transmembrane transporter
activity and protein–DNA complex (Figure 2c).
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Figure 2. GWAS of THEAA content. (a) Manhattan plot for GWAS in the THEAA content. The blue
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(c) GO enrichment analysis of the candidate genes surrounding the associated SNPs.

We also identified SNPs associated with the contents of 17 single AAs and the other
4 AA groups (Figures S1 and S2). The number of significant SNPs varied among different
AAs, ranging from 46 for Glu to 330 for Pro (Table S5). In total, 1974 SNPs were associated
with at least one AA content, where 872 SNPs were within the A subgenome and 933 within
the B subgenome. These SNPs were close to 1769 genes (Table S6). The chromosomes A7
(107) and B22 (87) had the most SNPs associated with the AA metabolism. Nearly 89.36%
of SNPs were located in intergenic or intronic regions, whereas only 2.18% were located in
exonic regions (Figure 3). The proportion of synonymous SNPs (2.13%) was higher than
that of non-synonymous SNPs (0.05%). Among these SNPs, 499 SNPs were associated
with at least two AA traits (Table S6). These SNPs might regulate multiple AA metabolic
processes. The SNPs of NC_056573.1:8354628 and NW_024879219.1:379410 exhibit the
highest degree of association with amino acids, with a total of 10 distinct amino acids
being involved.

We detected the candidate genes associated with different AA concentrations and
their preferred GO terms (Tables S6 and S7). In total, 9046 candidate genes, including
7019 protein-coding genes, 961 ncRNAs, and 874 pseudogenes, were possibly related to the
concentrations of at least two AAs (Table S8). Among the candidate genes, three protein-
coding genes along with four non-coding RNAs (ncRNAs) were associated with the largest
number of traits (14). A total of 88 GO terms were enriched in at least two AAs (Table S9).
The single AAs of the same type might share the same biological processes. The olfactory
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receptor activity was enriched in the metabolic processes of Leu, Met, Phe, Tyr, Val, and
bitter AA, where Leu, Met, Phe, and Val belong to bitter AA. Likewise, the umami AA,
Asp, and Glu shared 14 common processes. AAs of different types also preferred the same
processes. Although Asp and Met belong to the umami AA and bitter AA, respectively, the
G protein-coupled dopamine receptor signaling pathway was observed to be involved in
the metabolism of these two AAs (Table S9).
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3.4. DEGs Related to the AA Concentrations

Among 304 samples, the RNA qualities of 172 individuals were in full compliance with
the stringent criteria for RNA-seq library construction. The average clean transcriptome
data per sample was 6.2 Gb (Table S10). Of these, 85.19% of reads were successfully mapped
to the genome. For each single AA and each AA group, both the high-content group and
the low-content group consisted of 30 biological replicates to ensure data reliability.

The average THEAA concentrations in the low group and high group were 37.36 and
88.33 mg/g, respectively. In the pairwise comparison between two groups, 4727 DEGs were
identified, including 1793 up-regulated genes and 2934 down-regulated genes (Figure 4a
and Table S11). The PCA analysis of 60 libraries showed that the inter-group samples were
separated while the intra-group samples were clustered together, indicating that these two
groups exhibited distinct gene expression patterns (Figure 4b). The identified DEGs were
further analyzed through GO enrichment (Figure 4c and Table S12). Within the biological
process category, the predominant GO terms included mitotic cell cycle, chromosome
segregation, nuclear division, and organelle fission. For the cellular component category,
the leading GO terms comprised ribosome, membraneless organelle, and protein–DNA
complex. Yeast grows fast in nutrient-rich media due to proteome reallocation from AA
biosynthesis to ribosome [45]. In the molecular function category, the top GO terms were
cytokine activity, chemokine activity, structural constituent of ribosome, oxidoreductase
activity, and ion binding.

We also identified DEGs linked to 17 single AAs and the other 4 AA groups. The
DEGs related to different AA concentrations and their enriched GO terms were diverse
(Tables S11 and S12). With the DEGs, PCA analysis showed that the inter-group samples
were clearly separated while the intra-group samples were clustered together (Figure
S3). In total, 7089 candidate genes were related to the concentrations of at least two AAs
(Table S13), including 6293 protein-coding genes and 694 ncRNAs. Five genes, includ-
ing alpha/beta-gliadin A-IV-like (α/β-Gli-A-IV), target of Nesh-SH3-like (ABI3BP), fatty
acid-binding protein 10-A, liver basic (FABP10a), cysteine sulfinic acid decarboxylase
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(CSAD), and galactosylgalactosylxylosylprotein 3-beta-glucuronosyltransferase 1 (B3GAT1)
were up-regulated in the groups with high levels of 18 AAs but down-regulated in the
high-Met-content group. Troponin T, slow skeletal muscle-like (ssTNNT), and monocar-
boxylate transporter 5-like (MCT5) exhibited opposite expression patterns, which were
down-regulated in the groups with high levels of 18 AAs but down-regulated in the high-
Met-content group (Figure 5). A total of 670 GO terms were enriched in at least two traits
(Table S14), of which small molecule metabolic process, extracellular region, and iron ion
binding were the top three GO terms. They were enriched in the contents of 19, 18, and
18 AAs, respectively.
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indicate genes without differential expression, respectively. (b) PCA analysis to differentiate the
low-content group from the high-content group. (c) GO enrichment analysis of DEGs.



Animals 2025, 15, 1335 12 of 22

Animals 2025, 15, x FOR PEER REVIEW  12  of  22 
 

content group (Figure 5). A total of 670 GO terms were enriched in at least two traits (Table 

S14), of which small molecule metabolic process, extracellular region, and iron ion binding 

were the top three GO terms. They were enriched in the contents of 19, 18, and 18 AAs, 

respectively. 

 

Figure 5. Differential expressions of seven genes in the comparisons for 19 AA contents. The genes 

from top to bottom are α/β-Gli-A-IV, ABI3BP, FABP10a, CSAD, B3GAT1, ssTNNT, and MCT5. The 

red bars display the expression levels in the high-content groups, and the blue bars show the levels 

in the low-content groups. 

3.5. Core Genes to Different AA Concentrations by Integrating GWAS and RNA‐Seq Analysis 

To identify core genes associated with high THEAA, we compared associated genes 

identified by GWAS with DEGs. The characteristics of these core genes are that they are 

Figure 5. Differential expressions of seven genes in the comparisons for 19 AA contents. The genes
from top to bottom are α/β-Gli-A-IV, ABI3BP, FABP10a, CSAD, B3GAT1, ssTNNT, and MCT5. The
red bars display the expression levels in the high-content groups, and the blue bars show the levels in
the low-content groups.

3.5. Core Genes to Different AA Concentrations by Integrating GWAS and RNA-Seq Analysis

To identify core genes associated with high THEAA, we compared associated genes
identified by GWAS with DEGs. The characteristics of these core genes are that they are
not only close to the trait-associated loci, but also show significant changes in expression
between the two groups with significant content differences. For the THEAA content, 166
core genes, consisting of 151 protein-coding genes, 14 ncRNAs, and one V-segment, were
not only differentially expressed between the low-THEAA group and the high-THEAA
group but also associated with the THEAA content by GWAS (Figure 6a and Table S15).
They were mainly predicted from the significant SNPs of the peaks on chromosomes B5,
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B7, and B10. Among them, 106 and 60 genes were down-regulated and up-regulated in the
high-THEAA group.
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We performed PPI analysis on the 166 genes and constructed a PPI network (Figure 6b).
The network integrated 115 genes and there existed 9 hub genes, including FKBP prolyl
isomerase 5 (FKBP5), ribosomal protein S25 (RPS25), ubiquitin conjugating enzyme E2 T
(UBE2T), ERCC6, zgc:171772, eukaryotic translation elongation factor 1 alpha 2 (EEF1A2),
calponin 1, basic, smooth muscle, b (CNN1B), CCAAT/enhancer binding protein delta
(CEBPD), and ribosomal protein L29 (RPL29). We also detected the core genes related to
the content of each AA with these two analyses (Figure S4). The core gene number was
different among AAs.

3.6. qPCR Validated the Core Genes Related to THEAA Content

We selected nine core genes, including one hub gene, one secondary-connected gene,
five peripheral genes, and two non-network genes. The qPCR results of seven core genes
(SLAMF7, AGTR2, GBGT1, TRIM39, ARAP1A, P2RX3, and Lectin) were significantly
down-regulated in the high-THEAA group compared with the low-THEAA group. The
other two genes (DRC10 and ERCC6) were down-regulated. Their expression patterns
were consistent with the results of the RNA-seq (Figure 7). The outcomes revealed that
the expression patterns of these genes were closely aligned between the RT-qPCR results
and the RNA-seq data. The high level of similarity confirms the reliability of the RNA-
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seq data, underscoring its value in identifying and analyzing gene expression related to
AA metabolism.
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Figure 7. The expression trends of qRT-PCR and RNA-seq for nine core genes in the groups of
low-THEAA-content and high-THEAA-content. Red is the qRT-PCR expression trends, blue is the
RNA-seq expression trends. (a) SLAMF7; (b) AGTR2; (c) DRC10; (d) GBGT1; (e) ERCC6; (f) TRIM39;
(g) ARAP1A; (h) P2RX3; (i) Lectin.

3.7. Application of GS to Predict AA Concentration

Based on 12 GS methods, the BVs of 17 single AAs and 5 AA groups were estimated
using the corresponding associated SNPs. The overall correlations for all traits between the
predicted and observed values over 10 replicates ranged from 0.71 to 0.90, with the low SD
less than 0.01. In each trait, 12 GS methods exhibited similar coefficients (Figure 8).

For Ala and Ser, the EGBLUP method achieved the highest correlations of 0.90 and
0.7833, respectively. For Glu and umami AA, the BRR method had the best predictive
abilities of 0.7982 and 0.8242, respectively. For the other single AAs and AA groups, the RR
method was superior to the other 11 methods, with the highest correlations. For HEAA-
related single AAs, the highest CVs ranged from 0.78 to 0.90. These data indicated that the
associated markers and the optimal GS methods were efficient at accurately predicting the
fillet AA concentrations.
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4. Discussion
The fillet contents of 22 AAs in 304 common carp varieties were investigated. The

common carp fillet is rich in eight types of HEAAs, except Trp. The AA contents vary
considerably among individuals. The CVs ranged from 19% to 66%, where the CV of
THEAA was 25%. The differences in fillet AA contents reflect the comprehensive level
difference in the AA metabolism capabilities. We performed genome and transcriptome
analysis to identify associated genes and DEGs linked to each single AA and each AA group,
respectively. By integrating GWAS and DEG results, we narrowed down the candidate
genes to core genes. With the associated SNPs and optimal GS method, we can accurately
predict the fillet AA contents of each sample. Overall, the insights gained from this research
offer valuable guidance and constitute an important reference to select common carp with
high AA contents, especially high THEAA content.

4.1. Competition and Coordination in the Metabolism of Different AAs

The AAs could be divided into three clusters. Met forms a distinct cluster from the
other two clusters. Met is insignificantly or negatively correlated with the other AAs. Met
is a sulfur-containing aliphatic, nonpolar α-amino acid [46]. It is the precursor of Cys [47].
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Therefore, the contents of these two AAs are negatively correlated (correlation of −0.11).
System y+ L transporters exhibit a unique ability to bind both cationic (Lys) and neutral
AAs (Met), depending on sodium ion gradients [48]. This dual specificity suggests potential
competition between Lys and Met during AA absorption, possibly leading to a negative
correlation between these two AAs (correlation of −0.22).

The members within the second cluster and the third cluster were significantly and
highly correlated. Many associated genes, DEGs, and their preferred processes were shared
in multiple AAs, underlying the molecular basis of these high-concentration correlations.
Considering the strong correlation in the content of multiple AAs, it is not necessary to
conduct individual breeding for the content of a single AA, and it is feasible to increase the
fillet contents of multiple AAs simultaneously.

4.2. Catalytic Activities of Oxidoreductases

The DEGs linked to the THEAA content prefer oxidoreductase activity. Oxidoreduc-
tases are the largest class of enzymes, comprising dehydrogenases, oxygenases, peroxidises,
oxidases, and other enzymes catalyzing oxidation–reduction reactions [49]. These enzymes
function in AA metabolism. Amino acid dehydrogenases, one class of oxidoreductases,
transfer hydride from the Cα atom of an AA to NAD(P)+, generating α-keto acid and
ammonium [50–52]. Aldehyde dehydrogenase 1 family member L1 (ALDH1L1), one AA
dehydrogenase, performs the oxidation reaction, where an aldehyde binds to specific
AAs in the catalytic domain [53]. In the NAD(P)+-binding domain, the NAD(P)+ cofactor
facilitates the redox reaction catalyzed by ALDH. Down-regulation of ALDH1L1 in the
high-THEAA group might decrease its oxidation activity, resulting in the elevated levels of
its regulated AAs.

Pyrroline-5-carboxylate reductase (PYCR), one oxidoreductase, converts pyrroline-5-
carboxylate (P5C) into Pro and is an essential enzyme in Pro synthesis [54]. Methylenete-
trahydrofolate dehydrogenase 2 (MTHFD2), another oxidoreductase, and the network it
regulates, participated in the import of AAs, the synthesis of Gly and Ser, and the inter-
conversion among Asp, Met, and Cys [55]. These two genes were up-regulated in the
high-THEAA group and might increase the contents of their regulated AAs. Overall,
the differences in AA composition among the varieties reflect the distinctions in their
corresponding oxidoreducatse activities.

4.3. Participation of Immune-Related Pathways to AA Metabolism

The DEGs identified in the comparison of THEAA content were enriched in cy-
tokine activity, chemokine activity, and chemokine receptor binding. Besides IL-6, in-
terferon γ (IFN-γ) can strongly up-regulate the mRNA expression of IDO1 [56]. TGF-
β induces arginase1 (ARG1) activity, and subsequently up-regulated the IDO1 expres-
sion [57,58]. The ARG1 catabolizes L-Arginine [59]. Moreover, T lymphocyte activation
induces the expression of Glu transporters and glutaminase, further increasing Glu uptake
and metabolism [60]. The results demonstrated that the cytokines and chemokines regu-
lated AA metabolism through modulating the activities of AA enzymes and transporters.

Upon activation, immune cells rewire growth, proliferation, and effector functions by
acquiring energy and biomolecules, including AAs [61]. Beyond fueling increased protein
synthesis, AA metabolism plays a pivotal role in supporting a wide array of immune
cell functions. Activated T cells utilize Glu to energy metabolism, serve as a nitrogen
source, and act as an anapleurotic substrate [62]. The AAs or AA transporters are crucial in
T-cell-mediated immunity [63–65]. The interplay between AA metabolism and immunity
occurs extensively at different levels of regulation.
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Besides the oxidoreductases and immune-related pathways, we identified many novel
candidate genes. There is no functional evidence yet of these genes participating in AA
metabolism. Their functions should be further validated through integration with other
biological techniques.

4.4. Application of GS and Gene-Editing Technique in Improving the Fillet AA Contents

To improve the AA content of fish fillets, animal diets are supplemented with ex-
ogenous AAs. This is a costly process for farmers. Efforts were put into replacing fish
meal with other AA sources, for instance, soybean, rapeseed, and cottonseed meal [66].
However, meal production is limited, and meal is mainly supplied to livestock and poultry.
Increasing the supply of exogenous AAs is not an optimal or sustainable solution to resolve
the AA demands of aquaculture.

If the capacities for producing endogenous non-essential AAs and increasing the
efficiency of essential AAs in fish are improved, it would not only decrease the demand for
exogenous meal but also have important impacts on human health. However, research on
the genetic basis and regulatory mechanisms underlying the AA composition discrepancies
remains relatively scarce. The contents of most AAs in common carp fillets were of medium
and high heritabilities. In soybean, the heritabilities of single AAs ranged from 0.35 to 0.71,
also suggesting that genetic variants contribute to the AA contents [5]. The medium-to-high
heritabilities suggested that it is feasible to utilize a genomic approach for selecting fish
having high fillet AA contents. The SNPs associated with the AA contents and the optimal
GS methods would be used to estimate the breeding values of the testing population and
guide the selection of individuals potentially having higher fillet nutrient quality.

The GS has some limitations. It demands a representative reference population [67].
High computation and genotyping costs also pose a barrier [68]. Model accuracy is com-
promised by complex gene–environment interactions [69]. Compared with the GS, the
CRISPR/Cas9 gene-editing system is cheap and precise, with rapid phenotypic changes [70].
Our study identified many candidate genes, which would be future editing targets.

4.5. Application of Other Omics Data in Identifying AA-Related Genes and Pathways

Besides genome resequencing and transcriptome, other omics data, including
metabolome [71], proteomics [72], epigenomics [73], and single-cell transcriptome [74] have
been widely utilized in trait-related analysis. Indeed, epigenetic regulation was demon-
strated to participate in modulating AA metabolism [75]. These emerging omics datasets
hold the potential to unveil intricate regulatory networks of AA metabolism, thereby
offering a more comprehensive understanding and complementing our current findings.

5. Conclusions
We quantified the AA compositions and integrated genome and transcriptome analysis

to trace the primary processes regulating the heterogeneities in the fillet AA contents. High
variations in fillet AA contents among samples were observed. Most AAs showed medium-
to-high heritabilities, suggesting that genetic variances mainly contributed to the AA
content diversity. The GWAS was conducted to identify the SNPs and candidate genes
associated with each AA content. The modulation of AA content variations by these
genes might be mediated via genetic mutations. The DEGs possibly diversify the fillet AA
contents through expression change. For the THEAA content, the SNPs and associated
genes were involved in transporter activity, while the DEGs preferred cytokine binding,
chemokine activity, oxidoreductase activity, and ion binding. The high predictive power
for AA compositions of the optimal GS methods helps estimate breeding values and select
individuals with putatively high AA contents. As an alternative breeding strategy, carrying
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out gene editing on the identified candidate genes holds the promise of rapidly obtaining
new germplasms with enhanced AA content. The findings of this study not only provide
new insights into the molecular mechanisms underlying the discrepancies in fish AA
contents but also support developing a genomic selection strategy to improve fillet AA
content in common carp.
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genes; Table S7: Functional enrichments of candidate genes; Table S8: Shared candidate genes by at
least two AA contents; Table S9: Shared enriched GO terms by at least two AA contents; Table S10:
RNA-seq alignment ratios of the low and high groups of each AA content; Table S11: Differential
expression profiles related to each AA concentration; Table S12: GO enrichments of DEGs related to
each AA concentration; Table S13: DEGs shared in multiple traits identified by RNA-seq; Table S14:
GO terms shared in multiple traits, enriched by DEGs; Table S15: One hundred sixty-six core genes
related to THEAA content covered by GWAS and DEG analysis.

Author Contributions: Conceptualization, J.L.; methodology, Q.W., Y.C. (Yiming Cao) and J.L.;
validation, Y.C. (Yingjie Chen); formal analysis, Y.C. (Yingjie Chen) and K.W.; resources, K.W., Q.W.
and R.Z.; data curation, Y.C. (Yingjie Chen) and Y.C. (Yiming Cao); Writing-original draft, Y.C.
(Yingjie Chen); review and editing, Y.Z. and J.L.; project administration, J.L.; funding acquisition, Y.Z.
All authors have read and agreed to the published version of the manuscript.

Funding: This research was funded by the National Key Research and Development Program (grant
number 2021YFD1200804) and the Special Scientific Research Funds for Central Non-profit Institutes,
Chinese Academy of Fishery Sciences (grant number 2023TD25).

Institutional Review Board Statement: This study was approved by the Animal Care and Use
Committee of the Chinese Academy of Fishery Sciences under the established recommendations for
the care and use of animals (protocol code ACUC-CAFS-20231012).

Informed Consent Statement: Not applicable.

Data Availability Statement: The genome sequencing data presented in the current study have
been submitted to the NCBI BioProject database under the accession number PRJNA1059144. The
transcriptome data presented in the current study have been submitted to the NCBI BioProject
database under the accession number PRJNA1190881.

Conflicts of Interest: The authors declare no conflicts of interest.

Abbreviations
The following abbreviations are used in this manuscript:

AAs Amino acids
HEAAs Human essential amino acids
THEAA The concentration of total HEAA
TAA Total amino acid

https://www.mdpi.com/article/10.3390/ani15091335/s1
https://www.mdpi.com/article/10.3390/ani15091335/s1


Animals 2025, 15, 1335 19 of 22

References
1. Mohanty, B.; Mahanty, A.; Ganguly, S.; Sankar, T.V.; Chakraborty, K.; Rangasamy, A.; Paul, B.; Sarma, D.; Mathew, S.; Asha, K.K.;

et al. Amino Acid compositions of 27 food fishes and their importance in clinical nutrition. J. Amino Acids 2014, 2014, 269797.
[CrossRef] [PubMed]

2. Faber, T.A.; Bechtel, P.J.; Hernot, D.C.; Parsons, C.M.; Swanson, K.S.; Smiley, S.; Fahey, G.C., Jr. Protein digestibility evaluations of
meat and fish substrates using laboratory, avian, and ileally cannulated dog assays. J. Anim. Sci. 2010, 88, 1421–1432. [CrossRef]
[PubMed]

3. Aragão, C.; Gonçalves, A.T.; Costas, B.; Azeredo, R.; Xavier, M.J.; Engrola, S. Alternative Proteins for Fish Diets: Implications
beyond Growth. Animals 2022, 12, 1211. [CrossRef] [PubMed]

4. Glencross, B.; Baily, J.; Berntssen, M.; Hardy, R.; Mackenzie, S.; Tocher, D. Risk assessment of the use of alternative animal and
plant raw material resources in aquaculture feeds. Rev. Aquac. 2019, 12, 703–758. [CrossRef]

5. Kim, W.J.; Kang, B.H.; Kang, S.; Shin, S.; Chowdhury, S.; Jeong, S.C.; Choi, M.S.; Park, S.K.; Moon, J.K.; Ryu, J.; et al. A
Genome-Wide Association Study of Protein, Oil, and Amino Acid Content in Wild Soybean (Glycine soja). Plants 2023, 12, 1665.
[CrossRef]

6. Qin, J.; Shi, A.; Song, Q.; Li, S.; Wang, F.; Cao, Y.; Ravelombola, W.; Song, Q.; Yang, C.; Zhang, M. Genome Wide Association Study
and Genomic Selection of Amino Acid Concentrations in Soybean Seeds. Front. Plant Sci. 2019, 10, 1445. [CrossRef]

7. Peng, Y.; Liu, H.; Chen, J.; Shi, T.; Zhang, C.; Sun, D.; He, Z.; Hao, Y.; Chen, W. Genome-Wide Association Studies of Free Amino
Acid Levels by Six Multi-Locus Models in Bread Wheat. Front. Plant Sci. 2018, 9, 1196. [CrossRef]

8. Deng, M.; Li, D.; Luo, J.; Xiao, Y.; Liu, H.; Pan, Q.; Zhang, X.; Jin, M.; Zhao, M.; Yan, J. The genetic architecture of amino acids
dissection by association and linkage analysis in maize. Plant Biotechnol. J. 2017, 15, 1250–1263. [CrossRef]

9. Wang, R.; Lu, Y.; Qi, J.; Xi, Y.; Shen, Z.; Twumasi, G.; Bai, L.; Hu, J.; Wang, J.; Li, L.; et al. Genome-wide association analysis
explores the genetic loci of amino acid content in duck’s breast muscle. BMC Genom. 2024, 25, 486. [CrossRef]

10. Ali, A.; Al-Tobasei, R.; Lourenco, D.; Leeds, T.; Kenney, B.; Salem, M. Genome-Wide Association Study Identifies Genomic Loci
Affecting Filet Firmness and Protein Content in Rainbow Trout. Front. Genet. 2019, 10, 386. [CrossRef]

11. Ling, Z.N.; Jiang, Y.F.; Ru, J.N.; Lu, J.H.; Ding, B.; Wu, J. Amino acid metabolism in health and disease. Signal Transduct. Target.
Ther. 2023, 8, 345. [CrossRef] [PubMed]

12. Freidman, N.; Chen, I.; Wu, Q.; Briot, C.; Holst, J.; Font, J.; Vandenberg, R.; Ryan, R. Amino Acid Transporters and Exchangers
from the SLC1A Family: Structure, Mechanism and Roles in Physiology and Cancer. Neurochem. Res. 2020, 45, 1268–1286.
[CrossRef] [PubMed]

13. Dean, M.; Moitra, K.; Allikmets, R. The human ATP-binding cassette (ABC) transporter superfamily. Hum. Mutat. 2022, 43,
1162–1182. [CrossRef] [PubMed]

14. Xia, R.; Peng, H.F.; Zhang, X.; Zhang, H.S. Comprehensive review of amino acid transporters as therapeutic targets. Int. J. Biol.
Macromol. 2024, 260, 129646. [CrossRef]

15. Guedes, R.L.; Prosdocimi, F.; Fernandes, G.R.; Moura, L.K.; Ribeiro, H.A.; Ortega, J.M. Amino acids biosynthesis and nitrogen
assimilation pathways: A great genomic deletion during eukaryotes evolution. BMC Genom. 2011, 12 (Suppl. S4), S2. [CrossRef]

16. Torres, N.; Tobón-Cornejo, S.; Velazquez-Villegas, L.A.; Noriega, L.G.; Alemán-Escondrillas, G.; Tovar, A.R. Amino Acid
Catabolism: An Overlooked Area of Metabolism. Nutrients 2023, 15, 3378. [CrossRef]

17. Nakajima, T.; Hudson, M.J.; Uchiyama, J.; Makibayashi, K.; Zhang, J. Common carp aquaculture in Neolithic China dates back
8000 years. Nat. Ecol. Evol. 2019, 3, 1415–1418. [CrossRef]

18. Xu, P.; Zhang, X.; Wang, X.; Li, J.; Liu, G.; Kuang, Y.; Xu, J.; Zheng, X.; Ren, L.; Wang, G.; et al. Genome sequence and genetic
diversity of the common carp, Cyprinus carpio. Nat. Genet. 2014, 46, 1212–1219. [CrossRef]

19. Zhang, H.; Zhu, Y.; Xu, P.; Zhao, Z.; Feng, J.; Wu, B.; Jiang, Y.; Dong, C.; Xu, J. Multi-Omics Data Reveal Amino Acids Related
Genes in the Common Carp Cyprinus carpio. Fishes 2022, 7, 225. [CrossRef]

20. Zhang, J.; Wang, Q.; Cao, Y.-M.; Hou, M.-X.; Zhao, R.; Chen, Y.-J.; Yu, S.-T.; Wang, K.-K.; Zhang, Q.; Li, S.-J.; et al. Genome-
Wide Association Analysis Identifies Genetic Variants Associated with Muscle Fatty Acids and Amino Acids in Grass Carp
(Ctenopharyngodon idella). Agric. Commun. 2024, 2, 100043. [CrossRef]

21. Schmidt, C.V.; Olsen, K.; Mouritsen, O.G. Umami synergy as the scientific principle behind taste-pairing champagne and oysters.
Sci. Rep. 2020, 10, 20077. [CrossRef] [PubMed]

22. Yan, J.; Tong, H. An overview of bitter compounds in foodstuffs: Classifications, evaluation methods for sensory contribution,
separation and identification techniques, and mechanism of bitter taste transduction. Compr. Rev. Food Sci. Food Saf. 2023, 22,
187–232. [CrossRef] [PubMed]

23. Reis, G.C.L.; Guidi, L.R.; Fernandes, C.; Godoy, H.T.; Gloria, M.B.A. UPLC-UV Method for the Quantification of Free Amino
Acids, Bioactive Amines, and Ammonia in Fresh, Cooked, and Canned Mushrooms. Food Anal. Methods 2020, 13, 1613–1626.
[CrossRef]

https://doi.org/10.1155/2014/269797
https://www.ncbi.nlm.nih.gov/pubmed/25379285
https://doi.org/10.2527/jas.2009-2140
https://www.ncbi.nlm.nih.gov/pubmed/20023140
https://doi.org/10.3390/ani12091211
https://www.ncbi.nlm.nih.gov/pubmed/35565636
https://doi.org/10.1111/raq.12347
https://doi.org/10.3390/plants12081665
https://doi.org/10.3389/fpls.2019.01445
https://doi.org/10.3389/fpls.2018.01196
https://doi.org/10.1111/pbi.12712
https://doi.org/10.1186/s12864-024-10287-1
https://doi.org/10.3389/fgene.2019.00386
https://doi.org/10.1038/s41392-023-01569-3
https://www.ncbi.nlm.nih.gov/pubmed/37699892
https://doi.org/10.1007/s11064-019-02934-x
https://www.ncbi.nlm.nih.gov/pubmed/31981058
https://doi.org/10.1002/humu.24418
https://www.ncbi.nlm.nih.gov/pubmed/35642569
https://doi.org/10.1016/j.ijbiomac.2024.129646
https://doi.org/10.1186/1471-2164-12-S4-S2
https://doi.org/10.3390/nu15153378
https://doi.org/10.1038/s41559-019-0974-3
https://doi.org/10.1038/ng.3098
https://doi.org/10.3390/fishes7050225
https://doi.org/10.1016/j.agrcom.2024.100043
https://doi.org/10.1038/s41598-020-77107-w
https://www.ncbi.nlm.nih.gov/pubmed/33208820
https://doi.org/10.1111/1541-4337.13067
https://www.ncbi.nlm.nih.gov/pubmed/36382875
https://doi.org/10.1007/s12161-020-01777-5


Animals 2025, 15, 1335 20 of 22

24. Garip, B.; Khokhar, J.Y.; Kayir, H. Plasma essential amino acid levels in first episode psychosis at baseline and after antipsychotic
treatment. Schizophrenia 2024, 10, 103. [CrossRef]

25. Wickham, H. ggplot2 Elegant Graphics for Data Analysis. WIREs Comput. Stat. 2011, 3, 180–185. [CrossRef]
26. Irnawati, I.; Riswanto, F.; Riyanto, S.; Martono, S.; Rohman, A. The use of software packages of R factoextra and FactoMineR

and their application in principal component analysis for authentication of oils. Indones. J. Chemom. Pharm. Anal. 2020, 1, 1–10.
[CrossRef]

27. Li, J.T.; Wang, Q.; Huang Yang, M.D.; Li, Q.S.; Cui, M.S.; Dong, Z.J.; Wang, H.W.; Yu, J.H.; Zhao, Y.J.; Yang, C.R.; et al. Parallel
subgenome structure and divergent expression evolution of allo-tetraploid common carp and goldfish. Nat. Genet. 2021, 53,
1493–1503. [CrossRef]

28. Yin, L.; Zhang, H.; Tang, Z.; Yin, D.; Fu, Y.; Yuan, X.; Li, X.; Liu, X.; Zhao, S. HIBLUP: An integration of statistical models on the
BLUP framework for efficient genetic evaluation using big genomic data. Nucleic Acids Res. 2023, 51, 3501–3512. [CrossRef]

29. Adhikari, B.; Joshi, B.; Shrestha, J.; Bhatta, N. Genetic variability, heritability, genetic advance and correlation among yield and
yield components of rice. J. Agric. Nat. Resour. 2018, 1, 149–160. [CrossRef]

30. Zhou, X.; Stephens, M. Genome-wide efficient mixed-model analysis for association studies. Nat. Genet. 2012, 44, 821–824.
[CrossRef]

31. Shim, H.; Chasman, D.I.; Smith, J.D.; Mora, S.; Ridker, P.M.; Nickerson, D.A.; Krauss, R.M.; Stephens, M. A multivariate
genome-wide association analysis of 10 LDL subfractions, and their response to statin treatment, in 1868 Caucasians. PLoS ONE
2015, 10, e0120758. [CrossRef] [PubMed]

32. Yin, L.; Zhang, H.; Tang, Z.; Xu, J.; Yin, D.; Zhang, Z.; Yuan, X.; Zhu, M.; Zhao, S.; Li, X.; et al. rMVP: A Memory-efficient,
Visualization-enhanced, and Parallel-accelerated Tool for Genome-wide Association Study. Genom. Proteom. Bioinform. 2021, 19,
619–628. [CrossRef] [PubMed]

33. Wang, K.; Li, M.; Hakonarson, H. ANNOVAR: Functional annotation of genetic variants from high-throughput sequencing data.
Nucleic Acids Res. 2010, 38, e164. [CrossRef] [PubMed]

34. Quinlan, A.R.; Hall, I.M. BEDTools: A flexible suite of utilities for comparing genomic features. Bioinformatics 2010, 26, 841–842.
[CrossRef]

35. Chen, C.; Wu, Y.; Li, J.; Wang, X.; Zeng, Z.; Xu, J.; Liu, Y.; Feng, J.; Chen, H.; He, Y.; et al. TBtools-II: A “one for all, all for one”
bioinformatics platform for biological big-data mining. Mol. Plant 2023, 16, 1733–1742. [CrossRef]

36. Chen, S.; Zhou, Y.; Chen, Y.; Gu, J. fastp: An ultra-fast all-in-one FASTQ preprocessor. Bioinformatics 2018, 34, i884–i890. [CrossRef]
37. Danecek, P.; Bonfield, J.K.; Liddle, J.; Marshall, J.; Ohan, V.; Pollard, M.O.; Whitwham, A.; Keane, T.; McCarthy, S.A.; Davies, R.M.;

et al. Twelve years of SAMtools and BCFtools. GigaScience 2021, 10, giab008. [CrossRef]
38. Kim, D.; Langmead, B.; Salzberg, S.L. HISAT: A fast spliced aligner with low memory requirements. Nature Methods 2015, 12,

357–360. [CrossRef]
39. Liao, Y.; Smyth, G.K.; Shi, W. featureCounts: An efficient general purpose program for assigning sequence reads to genomic

features. Bioinformatics 2014, 30, 923–930. [CrossRef]
40. Love, M.I.; Huber, W.; Anders, S. Moderated estimation of fold change and dispersion for RNA-seq data with DESeq2. Genome

Biol. 2014, 15, 550. [CrossRef]
41. Szklarczyk, D.; Kirsch, R.; Koutrouli, M.; Nastou, K.; Mehryary, F.; Hachilif, R.; Gable, A.L.; Fang, T.; Doncheva, N.T.; Pyysalo, S.;

et al. The STRING database in 2023: Protein-protein association networks and functional enrichment analyses for any sequenced
genome of interest. Nucleic Acids Res. 2023, 51, D638–D646. [CrossRef] [PubMed]

42. Shannon, P.; Markiel, A.; Ozier, O.; Baliga, N.S.; Wang, J.T.; Ramage, D.; Amin, N.; Schwikowski, B.; Ideker, T. Cytoscape:
A software environment for integrated models of biomolecular interaction networks. Genome Res. 2003, 13, 2498–2504. [CrossRef]
[PubMed]

43. Charmet, G.; Tran, L.G.; Auzanneau, J.; Rincent, R.; Bouchet, S. BWGS: A R package for genomic selection and its application to a
wheat breeding programme. PLoS ONE 2020, 15, e0222733. [CrossRef] [PubMed]

44. Højrup, P. Analysis of Peptides and Conjugates by Amino Acid Analysis. Methods Mol. Biol. 2015, 1348, 65–76. [CrossRef]
45. Björkeroth, J.; Campbell, K.; Malina, C.; Yu, R.; Di Bartolomeo, F.; Nielsen, J. Proteome reallocation from amino acid biosynthesis

to ribosomes enables yeast to grow faster in rich media. Proc. Natl. Acad. Sci. USA 2020, 117, 21804–21812. [CrossRef]
46. Gómez-Tamayo, J.C.; Cordomí, A.; Olivella, M.; Mayol, E.; Fourmy, D.; Pardo, L. Analysis of the interactions of sulfur-containing

amino acids in membrane proteins. Protein Sci. A Publ. Protein Soc. 2016, 25, 1517–1524. [CrossRef]
47. Castellano, R.; Perruchot, M.H.; Tesseraud, S.; Métayer-Coustard, S.; Baeza, E.; Mercier, Y.; Gondret, F. Methionine and cysteine

deficiencies altered proliferation rate and time-course differentiation of porcine preadipose cells. Amino Acids 2017, 49, 355–366.
[CrossRef]

48. Kanai, Y.; Fukasawa, Y.; Cha, S.H.; Segawa, H.; Chairoungdua, A.; Kim, D.K.; Matsuo, H.; Kim, J.Y.; Miyamoto, K.; Takeda, E.;
et al. Transport properties of a system y+L neutral and basic amino acid transporter. Insights into the mechanisms of substrate
recognition. J. Biol. Chem. 2000, 275, 20787–20793. [CrossRef]

https://doi.org/10.1038/s41537-024-00528-3
https://doi.org/10.1002/wics.147
https://doi.org/10.22146/ijcpa.482
https://doi.org/10.1038/s41588-021-00933-9
https://doi.org/10.1093/nar/gkad074
https://doi.org/10.3126/janr.v1i1.22230
https://doi.org/10.1038/ng.2310
https://doi.org/10.1371/journal.pone.0120758
https://www.ncbi.nlm.nih.gov/pubmed/25898129
https://doi.org/10.1016/j.gpb.2020.10.007
https://www.ncbi.nlm.nih.gov/pubmed/33662620
https://doi.org/10.1093/nar/gkq603
https://www.ncbi.nlm.nih.gov/pubmed/20601685
https://doi.org/10.1093/bioinformatics/btq033
https://doi.org/10.1016/j.molp.2023.09.010
https://doi.org/10.1093/bioinformatics/bty560
https://doi.org/10.1093/gigascience/giab008
https://doi.org/10.1038/nmeth.3317
https://doi.org/10.1093/bioinformatics/btt656
https://doi.org/10.1186/s13059-014-0550-8
https://doi.org/10.1093/nar/gkac1000
https://www.ncbi.nlm.nih.gov/pubmed/36370105
https://doi.org/10.1101/gr.1239303
https://www.ncbi.nlm.nih.gov/pubmed/14597658
https://doi.org/10.1371/journal.pone.0222733
https://www.ncbi.nlm.nih.gov/pubmed/32240182
https://doi.org/10.1007/978-1-4939-2999-3_8
https://doi.org/10.1073/pnas.1921890117
https://doi.org/10.1002/pro.2955
https://doi.org/10.1007/s00726-016-2369-y
https://doi.org/10.1074/jbc.M000634200


Animals 2025, 15, 1335 21 of 22

49. Das, P.; Sen, P. Relevance of Oxidoreductases in Cellular Metabolism and Defence. In Reactive Oxygen Species—Advances and
Developments; Ahmad, R., Ed.; IntechOpen: Rijeka, Croatia, 2024.

50. Sellés Vidal, L.; Kelly, C.L.; Mordaka, P.M.; Heap, J.T. Review of NAD(P)H-dependent oxidoreductases: Properties, engineering
and application. Biochim. Biophys. Acta Proteins Proteom. 2018, 1866, 327–347. [CrossRef]

51. Brunhuber, N.M.; Thoden, J.B.; Blanchard, J.S.; Vanhooke, J.L. Rhodococcus L-phenylalanine dehydrogenase: Kinetics, mechanism,
and structural basis for catalytic specificity. Biochemistry 2000, 39, 9174–9187. [CrossRef]

52. Stillman, T.J.; Baker, P.J.; Britton, K.L.; Rice, D.W. Conformational flexibility in glutamate dehydrogenase. Role of water in
substrate recognition and catalysis. J. Mol. Biol. 1993, 234, 1131–1139. [CrossRef] [PubMed]

53. Nguyen, A.L.; Facey, C.O.B.; Boman, B.M. The Significance of Aldehyde Dehydrogenase 1 in Cancers. Int. J. Mol. Sci. 2024,
26, 251. [CrossRef] [PubMed]

54. Li, Y.; Bie, J.; Song, C.; Liu, M.; Luo, J. PYCR, a key enzyme in proline metabolism, functions in tumorigenesis. Amino Acids 2021,
53, 1841–1850. [CrossRef] [PubMed]

55. Hitzel, J.; Lee, E.; Zhang, Y.; Bibli, S.I.; Li, X.; Zukunft, S.; Pflüger, B.; Hu, J.; Schürmann, C.; Vasconez, A.E.; et al. Oxidized
phospholipids regulate amino acid metabolism through MTHFD2 to facilitate nucleotide release in endothelial cells. Nat. Commun.
2018, 9, 2292. [CrossRef]

56. Watcharanurak, K.; Zang, L.; Nishikawa, M.; Yoshinaga, K.; Yamamoto, Y.; Takahashi, Y.; Ando, M.; Saito, K.; Watanabe, Y.;
Takakura, Y. Effects of upregulated indoleamine 2, 3-dioxygenase 1 by interferon γ gene transfer on interferon γ-mediated
antitumor activity. Gene Ther. 2014, 21, 794–801. [CrossRef]

57. Correale, J. Immunosuppressive Amino-Acid Catabolizing Enzymes in Multiple Sclerosis. Front. Immunol. 2020, 11, 600428.
[CrossRef]

58. Mondanelli, G.; Bianchi, R.; Pallotta, M.T.; Orabona, C.; Albini, E.; Iacono, A.; Belladonna, M.L.; Vacca, C.; Fallarino, F.;
Macchiarulo, A.; et al. A Relay Pathway between Arginine and Tryptophan Metabolism Confers Immunosuppressive Properties
on Dendritic Cells. Immunity 2017, 46, 233–244. [CrossRef]

59. Bronte, V.; Zanovello, P. Regulation of immune responses by L-arginine metabolism. Nat. Rev. Immunol. 2005, 5, 641–654.
[CrossRef]

60. Carr, E.L.; Kelman, A.; Wu, G.S.; Gopaul, R.; Senkevitch, E.; Aghvanyan, A.; Turay, A.M.; Frauwirth, K.A. Glutamine uptake
and metabolism are coordinately regulated by ERK/MAPK during T lymphocyte activation. J. Immunol. 2010, 185, 1037–1044.
[CrossRef]

61. Kelly, B.; Pearce, E.L. Amino Assets: How Amino Acids Support Immunity. Cell Metab. 2020, 32, 154–175. [CrossRef]
62. Howie, D.; Waldmann, H.; Cobbold, S. Nutrient Sensing via mTOR in T Cells Maintains a Tolerogenic Microenvironment. Front.

Immunol. 2014, 5, 409. [CrossRef] [PubMed]
63. Wang, Y.; Luo, Q.; Xu, Y.; Feng, D.; Fei, J.; Cheng, Q.; Xu, L. Gamma-aminobutyric acid transporter 1 negatively regulates T cell

activation and survival through protein kinase C-dependent signaling pathways. J. Immunol. 2009, 183, 3488–3495. [CrossRef]
[PubMed]

64. Nakaya, M.; Xiao, Y.; Zhou, X.; Chang, J.H.; Chang, M.; Cheng, X.; Blonska, M.; Lin, X.; Sun, S.C. Inflammatory T cell responses
rely on amino acid transporter ASCT2 facilitation of glutamine uptake and mTORC1 kinase activation. Immunity 2014, 40, 692–705.
[CrossRef] [PubMed]

65. Sinclair, L.V.; Rolf, J.; Emslie, E.; Shi, Y.B.; Taylor, P.M.; Cantrell, D.A. Control of amino-acid transport by antigen receptors
coordinates the metabolic reprogramming essential for T cell differentiation. Nat. Immunol. 2013, 14, 500–508. [CrossRef]

66. Huang, Y.-J.; Zhang, N.-N.; Fan, W.-J.; Cui, Y.-Y.; Limbu, S.; Qiao, F.; Zhao, Y.-L.; Chen, L.-Q.; Du, Z.-Y.; Li, D. Soybean and
cottonseed meals are good candidates for fishmeal replacement in the diet of juvenile Macrobrachium nipponense. Aquac. Int.
2018, 26, 309–324. [CrossRef]

67. Stock, K.F.; Reents, R. Genomic selection: Status in different species and challenges for breeding. Reprod. Domest. Anim. Zuchthyg.
2013, 48 (Suppl. S1), 2–10. [CrossRef]

68. e Sousa, M.B.; Galli, G.; Lyra, D.H.; Granato, Í.S.C.; Matias, F.I.; Alves, F.C.; Fritsche-Neto, R. Increasing accuracy and reducing
costs of genomic prediction by marker selection. Euphytica 2019, 215, 18. [CrossRef]

69. Ma, Y.; Zhao, Y.; Zhang, J.-F.; Bi, W. Efficient and accurate framework for genome-wide gene-environment interaction analysis in
large-scale biobanks. Nat. Commun. 2025, 16, 3064. [CrossRef]

70. Javaid, D.; Ganie, S.Y.; Hajam, Y.A.; Reshi, M.S. CRISPR/Cas9 system: A reliable and facile genome editing tool in modern
biology. Mol. Biol. Rep. 2022, 49, 12133–12150. [CrossRef]

71. Shi, T.; Zhu, A.; Jia, J.; Hu, X.; Chen, J.; Liu, W.; Ren, X.; Sun, D.; Fernie, A.R.; Cui, F.; et al. Metabolomics analysis and
metabolite-agronomic trait associations using kernels of wheat (Triticum aestivum) recombinant inbred lines. Plant J. Cell Mol.
Biol. 2020, 103, 279–292. [CrossRef]

72. Lamri, M.; Della Malva, A.; Djenane, D.; López-Pedrouso, M.; Franco, D.; Albenzio, M.; Lorenzo, J.M.; Gagaoua, M. Towards the
discovery of goat meat quality biomarkers using label-free proteomics. J. Proteom. 2023, 278, 104868. [CrossRef] [PubMed]

https://doi.org/10.1016/j.bbapap.2017.11.005
https://doi.org/10.1021/bi000494c
https://doi.org/10.1006/jmbi.1993.1665
https://www.ncbi.nlm.nih.gov/pubmed/8263917
https://doi.org/10.3390/ijms26010251
https://www.ncbi.nlm.nih.gov/pubmed/39796106
https://doi.org/10.1007/s00726-021-03047-y
https://www.ncbi.nlm.nih.gov/pubmed/34273023
https://doi.org/10.1038/s41467-018-04602-0
https://doi.org/10.1038/gt.2014.54
https://doi.org/10.3389/fimmu.2020.600428
https://doi.org/10.1016/j.immuni.2017.01.005
https://doi.org/10.1038/nri1668
https://doi.org/10.4049/jimmunol.0903586
https://doi.org/10.1016/j.cmet.2020.06.010
https://doi.org/10.3389/fimmu.2014.00409
https://www.ncbi.nlm.nih.gov/pubmed/25221554
https://doi.org/10.4049/jimmunol.0900767
https://www.ncbi.nlm.nih.gov/pubmed/19667098
https://doi.org/10.1016/j.immuni.2014.04.007
https://www.ncbi.nlm.nih.gov/pubmed/24792914
https://doi.org/10.1038/ni.2556
https://doi.org/10.1007/s10499-017-0215-1
https://doi.org/10.1111/rda.12201
https://doi.org/10.1007/s10681-019-2339-z
https://doi.org/10.1038/s41467-025-57887-3
https://doi.org/10.1007/s11033-022-07880-6
https://doi.org/10.1111/tpj.14727
https://doi.org/10.1016/j.jprot.2023.104868
https://www.ncbi.nlm.nih.gov/pubmed/36871648


Animals 2025, 15, 1335 22 of 22

73. Huang, Y.; Liu, Y.; Liu, C.; Birchler, J.A.; Han, F. Prospects and challenges of epigenomics in crop improvement. Genes Genom.
2022, 44, 251–257. [CrossRef] [PubMed]

74. Wang, L.; Khunsriraksakul, C.; Markus, H.; Chen, D.; Zhang, F.; Chen, F.; Zhan, X.; Carrel, L.; Liu, D.J.; Jiang, B. Integrating single
cell expression quantitative trait loci summary statistics to understand complex trait risk genes. Nat. Commun. 2024, 15, 4260.
[CrossRef] [PubMed]

75. Li, X.; Zhang, H.S. Amino acid metabolism, redox balance and epigenetic regulation in cancer. FEBS J. 2024, 291, 412–429.
[CrossRef]

Disclaimer/Publisher’s Note: The statements, opinions and data contained in all publications are solely those of the individual
author(s) and contributor(s) and not of MDPI and/or the editor(s). MDPI and/or the editor(s) disclaim responsibility for any injury to
people or property resulting from any ideas, methods, instructions or products referred to in the content.

https://doi.org/10.1007/s13258-021-01187-9
https://www.ncbi.nlm.nih.gov/pubmed/34837632
https://doi.org/10.1038/s41467-024-48143-1
https://www.ncbi.nlm.nih.gov/pubmed/38769300
https://doi.org/10.1111/febs.16803

	Introduction 
	Materials and Methods 
	Fish Collection 
	AA Quantification in Fillets 
	Estimating the Heritabilities of the AA Contents 
	Genome-Wide Association Study 
	Transcriptomic Analysis to Identify DEGs Related to AA Contents 
	Core Genes of the THEAA Concentration and PPI Network Construction 
	qRT-PCR Validation of the Core Genes Related to THEAA Content 
	Genome Selection Analysis 

	Results 
	Heterogeneities in the Levels of Fillet AAs 
	High or Medium Heritabilities of AA Contents 
	Genetic Variants and Candidate Genes Associated with the AA Contents 
	DEGs Related to the AA Concentrations 
	Core Genes to Different AA Concentrations by Integrating GWAS and RNA-Seq Analysis 
	qPCR Validated the Core Genes Related to THEAA Content 
	Application of GS to Predict AA Concentration 

	Discussion 
	Competition and Coordination in the Metabolism of Different AAs 
	Catalytic Activities of Oxidoreductases 
	Participation of Immune-Related Pathways to AA Metabolism 
	Application of GS and Gene-Editing Technique in Improving the Fillet AA Contents 
	Application of Other Omics Data in Identifying AA-Related Genes and Pathways 

	Conclusions 
	References

