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화학계량학 접근을 활용한 식품 진위판별 마커 개발: 

한국산 및 일본산 양식 참돔의 식품성분 및 대사체 분석을 

통한 원산지 판별 사례 연구 

 

양 준 호 

 

부경대학교 식품공학과 

 

요 약 

 

참돔(Pagrus major)은 대표적인 수산 단백질원으로서 한국, 

일본, 중국 등지에서 오랫동안 소비되어 온 주요 양식 어종이다. 

현재 우리나라에 유통되는 수입 참돔의 대부분(약 99%)은 

일본산 양식 참돔이며, 이는 국내 수산물 시장의 상당 부분을 

차지하고 있다. 그러나 최근 일본의 원자력 발전소 폐수 해양 

방류 등의 해양 환경 오염 문제로 인해, 국내 소비자들 
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사이에서 수입 수산물에 대한 기피 현상이 증가하고 있다. 이에 

따라 일부 시장에서는 원산지 미표기 또는 허위표시 등 수산물 

원산지 위반 사례가 보고되고 있으며, 정부에서는 현장 단속을 

강화하고 있으나 농축산물과 달리 수산물에 대한 과학적 

원산지 판별 기법은 아직 부족한 실정이다. 본 연구는 참돔의 

원산지에 따른 생물학적 차이를 이화학적 성분 분석과 

대사체학 기반 분석을 통해 규명하고, 이를 바탕으로 참돔 

원산지 판별법을 개발하고자 하였다. 

우선, 한국산과 일본산 참돔의 성분 조성 차이를 비교하기 

위해 지방산, 아미노산, 미네랄 조성을 분석하였다. 총 29 종의 

지방산, 17 종의 구성 아미노산, 4 종의 미네랄을 분석하였으며, 

계층적 군집 분석(HCA)과 직교 부분 최소 제곱 판별 

분석(OPLS-DA)을 통해 지방산 조성에서 명확한 군집 차이를 

확인하였다. 계절별 참돔을 분석한 결과, p-value 및 변수 

중요도(VIP score)를 기준으로 상위 10 개의 지방산을 

선별하였고, 이 중 리놀레산(linoleic acid)은 ROC curve 
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분석에서 높은 민감도와 특이도를 보여 바이오마커 후보로 

제시되었다. 특히 리놀레산 함량이 총 지방산 대비 6.45%를 

기준으로 한국산과 일본산 참돔을 효과적으로 구분할 수 있는 

가능성이 확인되었다. 

또한, CE-TOF/MS 기반의 비표적 대사체 분석을 통해 

한국산과 일본산 양식 참돔 간의 생리학적 차이를 평가하였다. 

총 233 개의 대사산물을 분석하였고, PCA와 HCA 분석을 통해 

원산지에 따른 대사체 패턴의 차이를 확인하였다. 이 중 

11 개의 대사산물이 유의한 차이를 보였으며, KEGG pathway 

분석 결과 히스티딘 대사와 아르기닌 생합성과 밀접한 관련이 

있음을 확인하였다. 이를 통해 대사체 기반의 원산지 판별 

가능성을 제시하였다. 

한국산과 일본산 양식 참돔의 대사체 데이터를 기반으로, 

랜덤 포레스트(Random Forest, RF)를 활용한 바이오마커 발굴 

전략을 제시하였다. 고차원 저샘플 대사체 데이터에서 발생 

가능한 과적합 문제를 해결하기 위해, FDR 보정 p 값(<0.05)과 
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|log₂ fold change|(>2)를 기준으로 한 univariate 기반 

feature selection 을 수행하였다. 차원 축소 후 구축된 RF 

모델은 OOB 오류율이 5%에서 0%로 감소하고 변수 

중요도(MDA)가 증가하여 모델의 안정성과 예측력을 

향상시켰다. 통계적 유의성과 함께 효과 크기(Cohen's d)의 

증가 및 bootstrap 기반 검증(p<0.001)을 통해 변수의 

신뢰도가 강화되었으며, N, N-dimethylglycine, creatine, 

hypotaurin 은 생물학적 타당성까지 고려된 유망한 

바이오마커로 확인되었다. 본 연구는 소규모 대사체 데이터에서 

신뢰도 높은 바이오마커 탐색을 위한 차원 축소 기반 머신러닝 

접근의 가능성을 제시하였다. 

본 연구에서는 참돔의 원산지 판별을 위해 이화학적 분석과 

대사체학 기반 접근법을 활용하여, 한국산과 일본산 참돔 간의 

대사적 차이를 분석하고 원산지 판별을 위한 바이오마커를 

발굴하였다. 이러한 통합 분석을 통해 참돔의 원산지를 구별할 

수 있는 대사체 기반 바이오마커 개발의 가능성을 확인할 수 
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있었다. 하지만, 본 연구에 사용된 시료는 계절적, 지리적 

범위가 제한적이었기 때문에, 제시된 원산지 판별 기법의 

적용성은 제한될 수 있다. 참돔의 대사체는 양식 환경, 수온, 

사료 등의 다양한 해양 환경 변수에 영향을 받을 수 있으므로, 

향후 연구에서는 장기적이고 지속적인 샘플링과 모니터링을 

통해 이러한 변수들을 반영한 대사적 변화 차이 탐색이 

필요하다. 결론적으로, 본 연구는 수산물의 원산지를 판별하기 

위한 새로운 접근법으로써 이화학 분석 및 대사체 정보를 

통합하고, 이를 통계적 분석 기법과 결합하여 실질적인 

판별력을 갖는 바이오마커를 발굴하는 전략을 제시할 수 

있음을 시사한다.  
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Chapter 1. General Introduction 

 

1.1. Background of red seabream (Pagrus major) 

Red seabream (Pagrus major), a species in the Sparidae family, has 

long been farmed and consumed in Korea, Japan, and China. The red sea 

bream is a fish species that grows to more than 1 m in length and has a 

bright red color with blue spots (Myoung, 2009) (Fig.1.1 A). It is widely 

distributed in the Northwest Pacific, including the southern sea of Korea, 

Jeju Island, Japan, China, and Taiwan (www.fishbase.se/search.php) 

(Fig.1.1 B). It lives at a depth of 30 to 150 meters off the coast, and the 

water temperature is 15 to 28 degrees Celsius. It is difficult to survive in 

low temperatures below 10 degrees Celsius, so it requires a suitable habitat 

(Kang & Hwang, 2003). According to the statistics of production by 

fisheries in Korea (KOSIS, 2024), the amount of fish produced by culture 

is more than that of naturally harvested fisheries, such as pelagic and 

offshore fisheries, and relies on aquaculture production. In Korea, red 

seabream, blackhead seabream (Acantopagrus schlrgeii), and rock bream  
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Fig. 1. 1. The morphology of red seabream (A) and distribution in the 

Northwest Pacific, including South Korea, Japan, China, 

and Taiwan (B). 
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(Oplegnathus fasciatus) are the main species cultivated in aquaculture 

(NIFS, 2020). Among them, the aquaculture production of red seabream 

accounted for 84.27% as of 2022, representing the most significant 

proportion of domestic aquaculture production (MOF, 2024). Additionally, 

red seabream is imported from Japan and China, with Japanese red 

seabream accounting for approximately 99% of imports (TRASS, 2024). 

Although both Korea and Japan produce red seabream through 

aquaculture, the systems used in each country differ significantly in terms 

of feed types and culture environments. The marine culture method is used 

due to the environmental conditions required by red seabream, such as 

appropriate water temperature (NIFS, 2020; Shin et al., 2008). In Korea, 

red seabream aquaculture is mainly located on the southern coast 

(Tongyeong, Geoje, Goseong-gun, Namhae-gun, Gyeongsangnam-do, 

and Yeosu, Jeollanam-do) with seawater temperature as 11 to 25℃, In 

Japan, red seabream farms have been established off the coast of Ehime 

Prefecture (seawater temperature 15-27℃), including the Seto Inland Sea, 

located west of Shikoku Island (Sawayama et al., 2019; Zenitani et al., 

2009). According to the Ministry of Oceans and Fisheries, raw feed (91%) 
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and compound feed (9%) are fed to Korean red seabream farms, while in 

Japan, 100% of the feed fed to Japanese red seabream farms is compound 

feed, showing the difference in feed supply (NIFS, 2014).  

Seafood is increasingly consumed globally as a source of protein due 

to its high protein content and nutritional value, which includes 

unsaturated fatty acids such as eicosapentaenoic acid (C20:5) and 

docosahexaenoic acid (C22:6) (Kawarazuka, 2010; Lund, 2013). Among 

these, red seabream is a representative white fish produced in Korea and 

is widely used as a source of fish protein because of its high protein and 

low-fat content. The nutritional value of red sea bream has been studied 

extensively. Glutamic acid, aspartic acid, and lysine have been reported as 

the main amino acids in red seabream (Shin et al., 2008; Yoon et al., 2015), 

and it is believed that these amino acids play a significant role in the flavor 

of red seabream. In addition, lysine is a grain-restricted amino acid, which 

increases the value of red seabream as a protein source in Asian countries 

where rice is a staple food (Rharrabti et al., 2001). A study investigating 

the amino acid composition of red seabream according to origin and 

growth conditions reported no significant differences in the content of 
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each analyzed amino acid. However, amino acids such as taurine, alanine, 

and proline, which are responsible for taste, were reported to increase 

seasonally (Kim et al., 2000). In addition, a comparison of the amino acid 

composition of farmed and wild-caught red seabream from the same 

region reported differences in taurine content but no significant 

differences in other amino acids. The fatty acid composition of red 

seabream was 14.5% saturated fatty acids, 15.7% monounsaturated fatty 

acids, and 69.8% polyunsaturated fatty acids, with unsaturated fatty acids 

identified as the major fatty acids, with eicosapentaenoic acid at 7.1% and 

docosahexaenoic acid at 15.2% (Yoon et al., 2015). These are n-3 fatty 

acids that have been reported to lower serum triglyceride and cholesterol 

concentrations and inhibit the development of coronary artery disease and 

thrombosis (Calder & Yaqoob, 2009). 

As such, red sea bream has long been a highly marketable fish species 

for its flavorful and nutritious source of fish protein. Advances in 

aquaculture technology have increased production, allowing Japan to 

import farmed red seabream, making it one of the most readily available 

fish species to consumers. 
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1.2. Fish origin labeling 

In South Korea, a system has been implemented to ensure the labeling 

of the country of origin for seafood and seafood products, guaranteeing 

consumers' right to know, promoting fair trade, and protecting both 

producers and consumers (MOF, 2021). The labeling of the country of 

origin for seafood is mandatory for the following parties: 1) those who 

produce and process seafood and seafood products for shipment; 2) those 

who sell seafood and seafood products at department stores, discount 

stores, wholesale markets, and traditional markets; 3) those who sell 

seafood and seafood products through TV home shopping, the internet, 

newspapers, and delivery apps; 4) those who manufacture and distribute 

edible salt. Additionally, the origin of seafood must be indicated for 

domestic seafood, deep-sea seafood, processed seafood, and imported 

seafood and its products, with the standards as follows: 1) Domestic 

seafood: labeled as domestic or locally produced; 2) Deep-sea seafood: 

labeled as deep-sea or deep-sea (specific sea area); 3) Processed seafood: 
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indicating the origin of the used raw materials; 4) Imported seafood and 

its products: indicating the country of import (according to the country of 

origin at the time of customs clearance under the 'Foreign Trade Act'). The 

methods of indicating the origin are divided into three types: 1) For 

packaged seafood, print the origin information on the package or attach it 

using stickers or labels produced by electronic scales; 2) For unpackaged 

seafood, attach tags to the seafood, or indicate the origin on signs or 

containers used for sales; 3) For live seafood, such as live fish, ensure that 

domestic and imported products of the same type are not mixed in storage 

facilities like aquariums and indicate the origin using signs or placards 

(NFQS, 2024). 

Currently, 322 types of seafood are managed under the origin labeling 

system, including 225 domestic and deep-sea seafood, 73 types of 

processed seafood, and 24 types of imported seafood (NFQS, 2024). 

Although the South Korean government strictly monitors the labeling of 

seafood origins, including traceability and post-traceability, violations still 

occur in some seafood markets where the origin of seafood is falsely 

labeled or not labeled at all (MOF, 2022). Cases of origin labeling 
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violations include falsely labeling Japanese red seabream as Korean red 

seabream. Following the discharge of contaminated water from the 

Fukushima nuclear power plant in 2011, South Korean consumers have 

been reluctant to purchase Japanese seafood due to safety concerns. This 

preference for safe food due to environmental pollution and food safety 

concerns is supported by research findings (Kim & Chong, 2023). The 

Ministry of Food and Drug Safety (MFDS) conducts radiation tests on 

imported seafood to ensure safety. It has banned the import of agricultural 

and seafood products from certain high-risk areas in Japan after the 

nuclear accident (MFDS, 2024). 

Despite efforts to secure consumers' right to know and the safety of 

food consumption in South Korea, violations of origin labeling for seafood 

still occur in some markets. This is believed to be due to consumers' 

persistent concerns about the safety of imported seafood. Therefore, 

measures are needed to ensure the safety of imported seafood for domestic 

consumers. 
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1.3. Food authentication of the geographical origin 

Food authenticity encompasses the reliability of food in terms of its 

quality, geographical origin, and labeling (Deng et al., 2024). In recent 

years, the authentication of geographical origin has become a critical issue 

in food science, driven by the growing prevalence of food fraud and the 

need to ensure traceability, consumer trust, and regulatory compliance 

(FAO, 2021). Various analytical techniques have been developed to 

address this issue, each based on distinct scientific principles with 

differing degrees of applicability. Physicochemical analysis provides a 

cost-effective and rapid means of assessing compositional differences 

between samples, although it may lack precision for complex samples or 

subtle differences (Tsagkaris et al., 2021). Stable isotope ratio analysis 

(SIRA) offers high accuracy by reflecting environmental and climatic 

conditions, but it requires expensive instrumentation and extensive 

reference databases (Camin et al., 2007; Gonzalvez et al., 2009). DNA-

based methods are highly accurate for species identification and 

particularly useful in detecting substitution fraud in processed products; 

however, their utility is limited when differentiating geographic origin 
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within the same species (Hellberg & Morrissey, 2011). Metabolomics, 

which profiles endogenous small molecules that reflect physiological and 

environmental influences, enables high-resolution discrimination and 

biomarker discovery, although it demands advanced instrumentation and 

statistical expertise (Selamat et al., 2021). Among these, physicochemical 

analysis, which identifies general compositional trends, and metabolomics, 

which reflects environmental and physiological influences, stand out for 

their practical applicability and ability to reflect both compositional and 

regional biological variation. 

In Korea, the system for labeling the country of origin of agricultural 

and marine products has been implemented to promote fair trade and 

ensure consumers’ right to know. Although a monitoring framework is in 

place to support transparency in the agricultural and fisheries markets, 

origin mislabeling incidents continue to be reported. The National 

Agricultural Products Quality Management Service (NAQS) provides 

origin authentication information for agricultural and livestock products 

and has developed field testing kits, such as those for detecting swine fever 

antibodies in domestic pigs (NAQS, 2021; 2024). In contrast, the origin 



11 

 

authentication of marine products remains limited. For example, the 

National Institute of Fisheries Science (NIFS) has developed a method to 

trace the origin of imported eel using interspecies genetic differences 

(NIFS, 2018). However, this method does not apply to intra-species 

differentiation, which is often required for marine species with similar 

genetic backgrounds. Although previous studies have reported genetic and 

physicochemical differences among fish from different regions (Table 1.1), 

current origin-tracing technologies are only applicable to a few species  

and face limitations in resolving subtle geographic differences. Therefore, 

to expand the range of applicable species and improve classification 

accuracy, the integration of chemical and metabolomic analyses presents 

a promising solution, offering both practicality and scientific depth for the 

origin authentication of marine products. 

 

1.4.Compositional analysis  

1.4.1. Amino acid analysis for nutritional profiling 

Seafood, like livestock, serves as a source of protein. Fish protein  
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Table 1. 1. The research area concerns the geographical origin discrimination of marine products, 

with studies dating back to 2000. 

No. Marine products Analysis type Methods Ref. 

1 

Red seabream (Pagurus major);  

Rockfish (Sebastes pachycephalus); 

Flounder (Paralichthys dentatus) 

Compositional 

analysis 
Taste compounds 

Kim et al., 

2000 

2 
European seabass  

(Dicentrarchus labrax L.) 

Compositional 

analysis 
NIRS 

Xiccato et 

al., 2004 

3 
Olive flounders 

(Paralichthys olivaceus) 
Genetic 

DNA sequence 

analysis 

Song et al., 

2004 

4 
Red seabream  

(Pagurus major) 

Compositional 

analysis 

Heavy metal 

contents and 

antioxidant activity 

Hwang et al., 

2015 
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Continued 

 

5 
Yellow fin tuna  

(Thunnus albacaares) 
Genetic Genomics 

Percoraro 

et al., 2018 

6 

Perch (Perca fluviatilis); 

pumpkinseed sunfish 

(Lepomis gibbosus) 

Metabolomics UHPLC-HRMS/MS 

Marie & 

Gallet., 

2022 

7 
Sea cucumber  

(Apostichopus japonicus)  
Metabolomics UPLC–Q-TOF/MS 

Zhao et al., 

2022 

8 Tropical tuna Metabolomics NMR 
Bodin et 

al., 2022 

9 
Ark clam  

(Scapharca subcrenata) 
Genetic SNP 

Choi et al., 

2023 
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contributes to the formation of protein structures through the biosynthesis 

of amino acids (Mohanty et al., 2014). Moreover, amino acids play 

essential roles in gene expression, nutrient transport, neurotransmission, 

and metabolism within the organism, acting as crucial biomolecules.  

Amino acids in human nutrition are generally classified into essential 

amino acids (arginine, histidine, cysteine, leucine, lysine, methionine, 

threonine, tryptophan, tyrosine, and valine), non-essential amino acids 

(aspartic acid, serine, and alanine), and conditionally essential amino acids 

(glutamic acid, glutamine, glycine, proline, and taurine) (Wu, 2010, 2013). 

Amino acid profiling is conducted to investigate the nutritional 

composition of seafood, focusing on both compositional and free amino 

acids. Compositional amino acids form protein structures, which are 

analyzed through acid hydrolysis to break down the protein into individual 

amino acids for profiling. Studies that have performed compositional 

amino acid profiling in fish have shown that the distribution of amino 

acids is consistent across various fish species, with no significant 

differences observed within the same species. On the other hand, free 

amino acids are recognized for their role in protein metabolism within the 
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cells of organisms (Christensen, 1964). Profiling these compounds can 

reveal region-specific metabolic patterns, providing potential markers for 

discriminating geographical origins. 

The released amino acids are separated using High-Performance Liquid 

Chromatography (HPLC), most commonly through ion-exchange or 

reversed-phase columns (Bayer et al., 1976). Separation is based on 

differences in charge, hydrophobicity, or polarity among the amino acids, 

allowing for precise resolution of individual components. To enhance 

detectability, derivatization of amino acids is often employed, either prior 

to (pre-column) or after (post-column) chromatographic separation 

(Bidlingmeyer et al., 1984; Le Boucher et al., 1997). Reagents such as o-

phthalaldehyde (OPA), ninhydrin, or 9-fluorenylmethyl chloroformate 

(FMOC-Cl) are widely used for this purpose, providing strong 

chromophoric or fluorophoric properties that enable sensitive and 

selective detection via UV or fluorescence detectors (Acquaviva et al., 

2016). 
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1.4.2. Fatty acid analysis for origin differentiation 

Fatty acid analysis is a critical technique for characterizing the lipid 

composition of biological and food samples (Adam et al., 2003). It 

provides essential information about the types and relative abundances of 

individual fatty acids, which is valuable for nutritional assessment, 

product quality control, and functional evaluation of biomaterials (Lands 

et al., 1992; Kratz et al., 2002). 

The most widely employed method for fatty acid analysis is Gas 

Chromatography (GC), particularly when analyzing fatty acid methyl 

esters (FAMEs) (Seppänen-Laakso et al., 2002). Conversion of free fatty 

acids or lipid-bound fatty acids into their methyl ester derivatives 

enhances volatility and thermal stability, allowing for efficient separation 

and quantification by GC. In many applications, GC is coupled with mass 

spectrometry (GC-MS) to improve sensitivity and structural identification 

of complex fatty acid profiles (Ecker et al., 2012; Quehenberger et al., 

2011). However, for routine quantitative analysis, gas chromatography 

with flame ionization detection (GC-FID) is most commonly employed 

due to its high sensitivity, reproducibility, and ease of use for detecting 
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FAMEs (Carvalho et al., 2012; Danish & Nizami, 2019). The analytical 

workflow typically begins with lipid extraction, often performed using 

organic solvent systems such as chloroform–methanol (2:1, v/v), followed 

by derivatization, where fatty acids are esterified to form FAMEs using 

boron trifluoride (BF3) or hydrochloric acid (HCl) (Bligh et al., 1959; 

Morrison et al., 1964; Stoffel et al., 1959). This derivatization step is 

crucial for ensuring accurate and reproducible chromatographic 

performance. 

Through this combination of extraction, derivatization, and 

chromatographic separation, fatty acid analysis provides a reliable 

approach to profiling lipid composition in diverse sample types, 

supporting applications across food science, biomedical research, and 

industrial product development (Chiu & Kuo, 2020; Ecker et al., 2012; 

Frostegård & Bååth, 1996; Quehenberger et al., 2011). In addition to being 

a rich source of protein, seafood is also recognized for its nutritional value 

in terms of lipids and fatty acids (Hardy & Lee, 2010). Although the 

composition of polyunsaturated fatty acids, such as omega-3, varies 

among different species, seafood consumption offers considerable health 
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benefits (Jabeen & Chaudhry, 2011). As a result, strategies to enhance 

seafood sustainability, such as dietary supplementation and seasonal 

harvesting, are of significant importance in industrial systems (Bianchi et 

al., 2022). Lipid supply is crucial not only for human health but also in 

aquaculture diets. Lipids play a vital role in forming cell membranes and 

contribute to lipid metabolism and growth (Hixon, 2014; Ogata et al., 

2002). Also, the seasonal variation of fatty acid can be attributed to 

differences in fish (Zlatanos & Laskaridis, 2007). Given that fatty acid 

profiles differ among fish from different geographical origins due to 

aquaculture practices or oceanographic conditions, this analysis is 

particularly valuable for origin authentication 

 

1.4.3. Mineral analysis reflecting geographical variability  

Minerals are essential nutrients involved in numerous physiological 

functions and are broadly classified into macrominerals and 

microminerals according to their required dietary intake levels (Lozano 

Muñoz & Díaz, 2020). Accurate quantification of these elements in food 
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is critical for evaluating nutritional value, ensuring product quality, and 

supporting public health monitoring. 

Macrominerals, such as calcium (Ca), phosphorus (P), magnesium 

(Mg), sodium (Na), potassium (K), chloride (Cl), and sulfur (S), are 

needed in relatively large amounts and play vital roles in bone formation, 

fluid balance, nerve conduction, and muscle contraction (Ali, 2023). In 

contrast, microminerals, also known as trace elements, are required in 

smaller quantities but are equally important. Key examples include iron 

(Fe), zinc (Zn), copper (Cu), iodine (I), selenium (Se), manganese (Mn), 

and fluoride (F). These elements contribute to enzymatic reactions, 

immune regulation, antioxidant defense, and cellular metabolism (Mehraj 

et al., 2017; Chongtham et al., 2021; Farag et al., 2023). Due to their low 

abundance in food matrices, highly sensitive analytical techniques are 

necessary for the accurate detection and quantification of these 

compounds. 

To assess mineral content in food, a range of instrumental techniques 

are employed. Atomic Absorption Spectroscopy (AAS) is widely used for 

its specificity and cost-effectiveness in determining the concentrations of 
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individual minerals (Nielsen et al., 2010). Atomic Emission Spectroscopy 

(AES), which measures the light emitted by excited atoms, facilitates 

multi-element detection (Thirumdas et al., 2019). More advanced methods, 

such as Inductively Coupled Plasma Optical Emission Spectroscopy (ICP-

OES) and Inductively Coupled Plasma Mass Spectrometry (ICP-MS), 

offer high sensitivity and the ability to quantify multiple elements at trace 

levels simultaneously (Ferreira et al., 2023; Muller et al., 2016). 

The analysis of minerals in food serves multiple key purposes. In 

nutritional science, it enables the evaluation of dietary adequacy and 

supports the formulation of balanced diets (Bouzari et al., 2015; Mehraj et 

al., 2017; Singla et al., 2023). In the food industry and regulatory sectors, 

it ensures product safety, consistency, and compliance with labeling 

standards (Mir-Marques et al., 2016). 

Minerals such as calcium, iron, magnesium, phosphorus, selenium, and 

zinc are essential for human health and are commonly found in fish. These 

minerals support critical biological processes, including maintaining bone 

health, promoting enzyme functions, regulating fluid balance, and 

protecting cells from oxidative stress (Wu, 2010, 2013). The concentration 
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and availability of these minerals in fish are influenced by environmental 

factors, including water quality, salinity, temperature, and the fish’s diet, 

all of which can vary across geographical regions (Hardy & Lee, 2010). 

Marine fish, for example, are generally richer in iodine and sodium due 

to the higher salinity of ocean waters, while freshwater species may 

exhibit differing levels of minerals based on the composition of their 

aquatic environment (Jabeen & Chaudhry, 2011). Furthermore, variations 

in seasonal conditions and biological processes also impact the mineral 

content in fish, with differences observed in the mineral profiles of fish 

harvested at different times of the year (Zlatanos & Laskaridis, 2007). 

Understanding regional and environmental influences on the mineral 

composition of fish is essential for assessing their nutritional value and for 

optimizing aquaculture practices to improve mineral content. Such 

regional and seasonal variations in mineral profiles offer a valuable basis 

for distinguishing the geographical origin of environmentally sensitive 

fish species. 
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1.5. Metabolomics for comprehensive discovery biomarker 

Metabolomics is the study of identifying and quantifying small 

molecules or chemicals found in cells, organs, and organisms (German et 

al., 2005). The small molecules can include various endogenous and 

exogenous chemicals, such as peptides, amino acids, nucleic acids, 

carbohydrates, organic acids, minerals, and substances that can be 

ingested or synthesized in a cell or an organism as a metabolic response 

(Johnson et al., 2012). Metabolomics in organisms reveals variations in 

metabolic systems resulting from environmental factors such as 

temperature and water pollution (Johnson et al., 2012; Marie & Gallet, 

2022; Otify et al., 2023). Mass spectrometry (MS) has become a 

cornerstone of metabolomics due to its high sensitivity, specificity, and 

ability to identify compounds based on the mass-to-charge ratio (m/z) (Lei 

et al., 2011). This analytical capability facilitates the detection of subtle 

metabolic differences across complex biological matrices, which may not 

be discernible through conventional compositional or targeted analyses 

(Di Minno et al., 2021). Such enhanced resolution is achieved by coupling 

high-resolution mass spectrometry with chromatographic or 
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electrophoretic separation systems, allowing for a more comprehensive 

metabolic overview (Guillarme et al., 2010). To effectively separate and 

reduce matrix complexity prior to MS detection, various chromatographic 

and electrophoretic techniques are employed, including capillary 

electrophoresis (CE), liquid chromatography (LC), and gas 

chromatography (GC) (Moco et al., 2007; Munjal et al., 2022). Capillary 

Electrophoresis (CE) separates metabolites primarily based on their 

charge-to-size ratio under the influence of an electric field. It is especially 

suited for analyzing polar and charged small molecules, including amino 

acids, nucleotides, and organic acids. CE-MS offers high-resolution 

separation with minimal sample requirements and is particularly valuable 

for targeted or niche metabolomics applications (Boizard et al., 2016; 

Drouin & Ramautar, 2021). Liquid chromatography (LC), especially in its 

reversed-phase and hydrophilic interaction liquid chromatography (HILIC) 

modes, is one of the most commonly used platforms for non-volatile, 

thermally labile, and moderately polar to non-polar metabolites. LC-MS 

is a highly versatile technique that is widely applied in both targeted and 

untargeted metabolomics, including proteomics, secondary metabolite 
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profiling, and biomarker discovery (Höcker et al., 2021; Saito-Shida et al., 

2018; Týčová et al., 2017; Zhou & Zhong, 2022). This method is widely 

used in various fields, including compound identification, proteomics, 

drug metabolomics, and food composition analysis (Makarov & Scigelova, 

2010). Gas Chromatography-Mass Spectrometry (GC-MS) is well-suited 

for analyzing volatile and semi-volatile metabolites, including organic 

acids, alcohols, fatty acids (after derivatization), and sugars (Garcia & 

Barbas, 2010). GC generally provides high chromatographic resolution 

and reproducibility, and when coupled with MS (especially with electron 

ionization), it allows for confident metabolite identification based on 

established spectral libraries (Fiehn, 2016). MS-based metabolomics 

platforms have thus become indispensable tools in comprehensive 

metabolic profiling, enabling the identification of potential biomarkers for 

physiological status, disease diagnostics, food authentication, and 

environmental assessment (Gil-Solsona et al., 2016; Hoffmann et al., 2017; 

Johnson & Gonzalez, 2012; Klockmann et al., 2016; Lim et al., 2018). 
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1.6. Chemometrics approach for food authenticity 

In food science, food analysis involves a high-dimensional data 

set composed of various chemical components, including fatty acids, 

amino acids, stable isotope ratios, and metabolomic analysis, etc (Ye 

et al., 2023). Unlike traditional univariate approaches that rely on 

the presence or concentration of a single compound, food 

authenticity research requires the integration of multivariate data to 

detect correlations between variables in a food group. 

Multivariate analyses incorporating unsupervised and supervised 

statistical techniques were performed to discriminate and predict 

metabolomes. These approaches are useful for identifying differences 

among groups, obtaining information about biological systems, and 

recognizing potential biomarkers through prediction models such as 

principal component analysis (PCA), hierarchical cluster analysis (HCA), 

and partial least squares discriminant analysis (PLS-DA) (Kim et al., 

2009). As metabolomics generates large and complex datasets, applying 

chemometrics is essential for efficiently processing and interpreting the 



26 

 

data. Chemometrics, which combines statistical, mathematical, and 

computational tools, plays a key role in identifying relevant patterns and 

discriminative features from high-dimensional data for food 

authentication (Rodionova et al., 2024). PCA and orthogonal partial least 

squares discriminant analysis (OPLS-DA) are widely used for exploratory 

visualization, group separation, and biomarker identification among 

chemometric techniques. Furthermore, machine learning approaches such 

as support vector machines (SVM), Random forest, and other 

classification algorithms are increasingly integrated with chemometric 

pipelines to enhance predictive performance and model robustness 

(Huang et al., 2023; Liu et al., 2022). In omics, which encompasses 

complex datasets such as metabolomics, various feature selection methods 

are employed to facilitate effective biomarker discovery and identify 

specific biomarkers (Grissa et al., 2016). These methods are widely used 

in both targeted and untargeted profiling. In targeted approaches, models 

based on stable isotope ratios, fatty acids, and metabolite concentrations 

have been successfully used for the origin authentication of milk (Wang et 

al., 2021), honey (Chen et al., 2017), and wolfberry (Gong et al., 2022). 
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In untargeted approaches, omics-based profiling has identified molecular 

markers for distinguishing between farmed and wild salmon (Florino et 

al., 2019; Gu et al., 2020), as well as extra-virgin olive oils using 

metabolomic signatures (Ghisoni et al., 2019). Collectively, these 

chemometric strategies not only enhance the ability to discriminate the 

origin of food products but also contribute to the discovery of reliable 

biomarkers, laying the foundation for robust food traceability systems. 

 

1.7.Objective of the thesis 

A country-of-origin labeling system has been established to ensure fair 

trade and consumer trust. However, violations of origin labeling still occur 

in some seafood markets in Korea. These violations are partly due to 

consumer concerns regarding food safety, particularly following incidents 

such as the Fukushima nuclear accident and the release of contaminated 

water. While strict monitoring and enforcement of origin labeling 

regulations are in place, research on methods for origin discrimination in 

seafood remains insufficient compared to similar methods developed for 

agricultural and livestock products. 
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This study aims to establish a robust analytical framework for 

discriminating the geographical origin of red seabream from Korea and 

Japan through a chemometrics-based approach. Specifically, it integrates 

compositional profiling, including fatty acids, amino acids, and minerals, 

with untargeted metabolomic analysis and chemometric modeling to 

identify and validate potential biomarkers. The specific objectives of this 

research are as follows: 

◼ Identifying biomarkers to distinguish different origins of red 

seabreams using compositional analysis 

◼ Comparison of different metabolisms in Korean and Japanese red 

seabreams 

◼ A metabolomics-based strategy for the discovery of food 

authenticity markers for discrimination between cultured 

red seabream from Korea and Japan 
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Chapter 2. Development of Biomarkers to Distinguish 

Different Origins of Red Seabreams (Pagrus major) 

from Korea and Japan by Fatty Acid, Amino Acid, 

and Mineral Profiling  

 

Abstract 

The aim of the present study was to determine the origin of fish based 

on fatty acid, amino acid, and mineral analyses, and to develop biomarkers 

that can discriminate between Japanese and Korean red seabream. To 

identify the differences between the two groups, 29 fatty acid families, 17 

amino acids, and 4 minerals were analyzed in 60 fish samples (standard 

sample collected in autumn), and fatty acid profiles were analyzed using 

                                                
  This chapter was based on the previously published manuscript: 

Development of biomarkers to distinguish different origins of red 

seabreams (Pagrus major) from Korea and Japan by fatty acid, amino acid, 

and mineral profiling. Food Research International. (2024, Vol. 180). 
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heatmap with hierarchical clustering analysis and orthogonal projections 

to latent structures discriminant analysis. The top 10 fatty acids that were 

different between the two groups were selected from all seasonal fish 

samples by combining variable importance in projection scores and p-

values. According to the receiver operating characteristic curve analysis 

results, percentage of linoleic acid (C18:2n-6, cis) suggested as a 

candidate biomarker with excellent sensitivity and specificity. This study 

introduces a strategy to identify the origins of red seabream using linoleic 

acid obtained from fatty acid analysis. 
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2.1. Introduction  

Red seabream (Pagrus major) is a migratory fish of the Sparidae 

family that has long been used as an aquatic protein source in Korea, Japan, 

and China (Kim et al., 2000). In particular, red seabream is actively 

cultivated in Korea and Japan, with 8,313 tons of red seabream annually 

produced by fish farms in Korea, accounting for 77.64% of the total 

production (MOF, 2022). Japanese and Chinese red seabream are the two 

main types imported into South Korea, with Japanese red seabream 

accounting for most imports at 97.71% (TRASS, 2023). However, the 

Fukushima nuclear disaster in Japan has led to the contamination of 

Japanese waters with radioactive wastewater, raising concerns about the 

radioactive contamination of seafood (BBC, 2021). As a result, the Korean 

government has enforced a strict quarantine on imported fish, while also 

requiring the labeling of fish according to their origins (MFDS,2023, 

NFQS, 2023). Violations have occurred several times in some fish markets 

in South Korea, failing to label or mislabeling Japanese fish, including red 

seabream (MOF, 2022). Although guidelines for determining the chemical 

origin of agricultural and livestock products are available, no such 
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guidelines exist for marine products (NAPQ, 2021, 2022).  

Previous studies have investigated regional and origin differences in 

fishery; for example, DNA sequence analysis was used to determine 

genetic differences among olive flounders (Paralichthys olivaceus) (Song 

et al., 2004), the nutritional value and safety of red seabream was 

evaluated (Hwang et al., 2015), genomic analysis was used to determine 

global geographical differences in yellow fin tuna (Thunnus albacares) 

(Pecoraro et al., 2018), and metabolomic analysis was used to investigate 

the chemistry of red seabream (Yang et al., 2022), yellowtail (Seriola 

quinqueradiata) (Shin et al., 2021), and yellow goosefish (Lophius litulon) 

(Yang et al., 2023). Such analyses are commonly reported in studies based 

on differences in geographic environments. In addition, the nutritional 

composition of fish can vary by size, sex, temperature, climate, seasonal 

variations, and diet (Bianchi et al., 2022, Hixson, 2014, Chaouch et al., 

2003, Jang et al., 2009). Several studies have compared the nutritional 

content of fish from different regions (Kim et al., 2000), but even within 

the same species, nutritional content can vary by size (Lee et al., 2022). 

Therefore, identifying a candidate biomarker for determining the origin of 
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a fish can pose challenges. The present study was conducted in 

conjunction with a previous study that examined the metabolome of red 

seabream (Yang et al., 2022). Although some studies have previously 

examined differences in fatty acids and amino acids between farmed and 

wild-caught red seabreams (Kim et al., 2000), none have examined 

definitive differences in amino acids, fatty acids, and minerals in red 

seabreams from different countries. 

In this study, candidate biomarkers were investigated by profiling fatty 

acids, amino acids, and minerals in Korean and Japanese red seabream, 

and differences in origin were preliminarily analyzed using multivariate 

statistical analysis. Seasonal fish samples were examined, and potential 

biomarkers for determining the origin of red seabream were identified 

through statistical approaches. Finally, a method for origin discrimination 

of red seabream based on fatty acid profiling was proposed. 

 

2.2. Materials and methods 

2.2.1. Sample preparation for Korean and Japanese cultured 
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red seabream 

Korean and Japanese red seabreams were sampled during the four 

seasons, and the initial samples collected during autumn were considered 

as standards. The samples during the other seasons were used for 

comparison with the standard sample. The standard sampling (n = 60) was 

performed during autumn, and the seasonal sampling (n = 30) was 

performed during winter, spring, and summer. The standard fish samples 

(Korean fish cultured by 34°44′19″N 128°23′47″E; Japanese fish cultured 

by 34°4′08″N, 136°13′54″E) were obtained from the Jagalchi Seafood 

Market in Busan, South Korea. For Korean cultured red seabream, the 

total body length and weight of standard samples (n = 30) were 44.82 ± 

2.90 cm and 1.28 ± 0.24 kg, respectively. The total body length and weight 

of Japanese cultured red seabream (n = 30) were 49.05 ± 3.30 cm and 1.81 

± 0.47 kg, respectively. For comparisons with seasonal fish, the fish 

samples were purchased from the same market from winter to summer (n 

= 30 per origin). Additionally, 20 fish samples from farms of unknown 

locations were mixed with Korean and Japanese red seabreams and used 

to evaluate the efficacy of the determination method identified in this study. 
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The fish muscles were used as the analytical samples. All fish samples 

used were edible fish, and the appropriate ethical procedures were 

followed. Fish were immediately euthanized by neck dislocation, the 

inedible fins, guts, and blood were removed, and the fish fillets were 

prepared. The animal study protocol was reviewed and approved by the 

Pukyong National University-Institutional Animal Care and Use 

Committee on ethical procedures and scientific care (approval number: 

PKNUIACUC-2022–30). The analytical samples were freeze-dried and 

homogenized using Mixer Mill MM400 (Retsch GmbH & Co., Haan, 

Germany) at 25 Hz for 60 s, and stored at -80 °C until analysis. 

 

2.2.2. Fatty acid analysis for Korean and Japanese cultured red 

seabream 

The fatty acid content in samples containing 50 to 100 mg of fat 

was analyzed according to the Korean Food Code (MFDS, 2023). 

The fat and fatty acids in the samples were acid-digested with 8.3 

M HCl and extracted with 12.5 mL diethyl ether, followed by 12.5 
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mL anhydrous petroleum ether. The fatty acids were methyl 

esterified using a 7% BF3-methanol solution and analyzed by gas 

chromatography (YL 6500 GC, Agilent Technologies, Santa Clara, 

CA, USA) combined with flame ionization detector (FID) and 

capillary GC column SP-2560 (100 m × 0.25 m × 0.2 μm). The 

injection volume and temperature were 1.0 μL and 225°C, 

respectively, with a split ratio of 200:1. The oven temperature 

program was: holding at 100°C for 4 min, increasing the 

temperature to 240°C at a rate of 3°C/min, and holding for at least 

15 min. The carrier gas used was helium with 0.75 mL/min flow. 

The content of each fatty acid was calculated by obtaining the 

conversion factor of each fatty acid in the GC-FID system from 37 

fatty acid methyl ester standards for carbon numbers 4 to 24 and 

converting the content of fatty acid ethyl esters to that of fatty acids.  

 

2.2.3. Amino acid analysis for Korean and Japanese cultured 
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red seabream 

For total amino acids analysis, the homogenized fish muscle samples 

(150 mg) were hydrolyzed using 10 mL 6 N HCL 110°C for 24 h. The 

digestion solution was pressure dried at 40℃, purified to 50 mL with 

sodium citrate buffer (pH 2.2), filtered through a 0.20 µm membrane filter, 

and used as a sample for amino acid analysis (White and Fly, 1986). 

Constituent amino acids were analyzed using an Amino Acid Sequential 

Analyzer (L-8900, Hitachi, Tokyo, Chiyoda-ku, Japan) and ion exchange 

column (#2622SC-PH, Hitachi, Tokyo, Chiyoda-ku, Japan). 

 

2.2.4. Minerals analysis for Korean and Japanese cultured red 

seabream 

The contents of minerals that indicate differences between origins 

according to previous studies (Park et al., 2006) were selectively analyzed. 

the mineral compositions analyzed including magnesium (Mg), calcium 

(Ca), potassium (K), and sodium (Na) in Korean and Japanese fish to 

compare their differences. Analytical samples were prepared according to 
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the Korea Food Code (MFDS, 2023). The muscle samples (approximately 

0.5 g) were pre-digested at 140°C for 15 min with 4 mL of 65% nitric acid. 

The digested samples were treated in a microwave reaction system 

(Microwave Reaction System Multiwave PRO; Anton Paar, Graz, Austria) 

at 1250 W, ramp for 20 min, and cooled by air for 15 min to prepare the 

analytical samples. The four minerals were analyzed by inductively 

coupled plasma, ICP-OES (Avio20, PerkinElmer., Santa Clara, USA). The 

plasma and nebulizer gases used were Ar at flow rates of 10 and 0.55 

L/min, respectively. The auxiliary gas flow was 0.2 L/min, the 

radiofrequency (RF) power was 1,300 watts, and the pump flow and speed 

were 1.0 ml/min and 100 rpm, respectively. The samples were extracted 

using 20 times the volume of each sample weight.  

 

2.2.5. Statistical analysis 

Statistical analyses were performed with univariate and multivariate 

statistical analyses. Univariate analyses were performed with SPSS 

software (version 27, SPSS Inc. Chicago, IL, USA) to compare various 
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components of red seabream using Student’s t-test. Multivariate analyses 

were performed with SIMCA® version 18 (Sartorius, Umeå, Sweden) 

using principal component analysis (PCA) to determine the different 

origins of fish between Korean and Japanese aquaculture systems. In 

addition, orthogonal partial least squares discriminant analysis (OPLS-DA) 

was performed to predict the fish origins. Moreover, a heatmap of the 

different compounds in Korean and Japanese fish based on 

MetaboAnalyst 6.0 (https://www.metaboanalyst.ca) was constructed and 

hierarchical cluster analysis was performed. A combination of variable 

importance (VIP) scores and p-values obtained by OPLS-DA and t-tests, 

respectively, were performed to select candidate biomarkers for 

discrimination between the two groups of fish. Finally, receiver operating 

characteristic (ROC) curve analysis was performed to select biomarkers 

based on area under the curve (AUC) values. The fatty acid data were 

compared using ANOVA with the Bonferroni multiple range test, and 

statistical significance was set at p < 0.05. 

 

2.3. Results and discussion 
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2.3.1. Differences in fatty acids, amino acids, and minerals 

profiling between Korean and Japanese red seabreams  

In this study, 29 fatty acids, 17 amino acids, and four minerals were 

detected in the fish muscle samples of Korean and Japanese red seabreams 

collected in autumn. These included 11 saturated fatty acids, seven 

monounsaturated fatty acids, 10 polyunsaturated fatty acids, nine essential 

amino acids eight unessential amino acids, mg, Ca, K, and Na. All 

detected compounds are presented in a heatmap with hierarchical 

classification analysis (Fig. 2.1). The heat map revealed differences 

between Korean and Japanese red seabreams in 50 analyzed compounds. 

To evaluate the major components in the phylogenetic analysis, VIP 

scores, and p-values were compared to the differences between the two 

groups (Table. 2.1). Fatty acids were the main components that 

distinguished between Korean and Japanese red seabreams, with 14 fatty 

acids showing the best performance with VIP scores above 1.0 and p-

values below 0.001. The VIP score and p-value are routinely used in 

combination to select candidate biomarkers (Santacruz et al., 2020). Thus, 
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Fig. 2. 1. Heatmap with clustering of chemical profiles for Korean and 

Japanese red seabreams. KPM, Korean red seabream (n = 15); 

JPM, Japanese red seabream (n = 15).
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Table 2. 1. The list of fatty acids with variable importance for Korean and Japanese red 

seabream 

Values are expressed as mean with standard deviation  
1 The p-value was obtained using t-test. 
2 The fold change is of computed by using averaged detection values. 
3 The VIP score was obtained by OPLS-DA 

KPM, Korean red seabream (n = 15); JPM, Japanese red seabream (n = 15) 

Compounds 

Quantitative analysis 

(g/100 g) 
Comparative analysis 

KPM JPM p-value 1 Fold change 2 VIP score 3 

Linoleic acid 

(C18:2n-6, Cis) 
1.65±1.13 6.51±1.23 <0.001 3.94 1.96 

Docosahexaenoic acid 

(C22:6n-3) 
12.15±1.96 7.14±1.65 <0.001 0.59 1.86 

Eicosapentaenoic acid 

(C20:5n-3) 
5.28±0.77 3.08±0.55 <0.001 0.58 1.84 

Palmitoleic acid 

(C16:1) 
5.02±0.52 3.42±0.53 <0.001 0.68 1.84 
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Continued 

α-Linolenic acid 

(C18:3n-3) 
0.50±0.11 0.87±0.09 <0.001 1.72 1.84 

cis-11,14-Eicosadienoic acid 

(C20:2) 
0.14±0.04 0.24±0.04 <0.001 1.72 1.79 

Oleic acid 

(C18:1n-9,Cis) 
13.72±1.91 18.18±1.74 <0.001 1.32 1.75 

dihomo γ-Linolenic acid 

(C20:3n-6) 
0.10±0.03 0.16±0.03 <0.001 1.62 1.61 

Docosadienoic acid 

(C22:2) 
0.65±0.07 0.53±0.06 <0.001 0.83 1.54 

cis-11-Eicosenoic acid 

(C20:1) 
1.74±0.42 1.24±0.19 <0.001 0.71 1.49 

Elaidic acid 

(C18:1n-9,trans) 
0.11±0.02 0.14±0.03 <0.001 1.34 1.47 
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 Continued 

Myristic acid 

(C14:0) 
2.41±0.25 2.04±0.18 <0.001 0.84 1.37 

Myristoleic acid 

(C14:1) 
0.04±0.003 0.01±0.02 <0.001 0.24 1.34 

Nervonic acid 

(C24:1) 
0.50±0.10 0.43±0.06 <0.001 0.86 1.08 
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the 14 identified fatty acids are suitable as candidate biomarkers. 

Species-specific differences in amino acids are not significantly found 

in fish (Bianchi et al., 2022). In addition, a previous study reported that 

the amino acid composition of farmed red seabreams from several regions 

was not significantly different (Kim et al., 2000). These discrepancies 

could be attributed to the differences in the analysis of the constituent 

amino acids in fish muscle tissue and metabolome extraction and analysis 

(Yang et al., 2022). Minerals can be classified as macro minerals (including 

calcium, magnesium, potassium, and sodium) and micro minerals 

(including manganese, copper, iodine, cobalt, fluoride, and selenium). 

Heavy metals, which are micro minerals, are used as indicators of marine 

environmental pollution because they can accumulate in aquatic products 

from polluted rivers and coastal waters (Choi et al., 2012). However, 

marine contamination is not specific to the country of origin of fish 

because it can vary according to the region and season. Macro minerals 

(Na, K, Mg, Ca) were analyzed based on prior findings indicating 

significant origin-related variations in these elements among commercial 

mackerel samples (Park et al., 2006). However, the results indicated that 
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these macro minerals were not effective in differentiating between Korean 

and Japanese cultured red seabreams. In contrast, variations in the 

composition of fatty acids in fish can be attributed to differences in their 

feed in addition to other factors, such as temperature, season, sex, and size 

(Zlatanos & Laskaridis, 2007, Özogul et al., 2009). Interestingly, Korean 

and Japanese aquaculture systems differ in seawater temperature and feed 

composition. Thus, fatty acid analyses were conducted to evaluate 

their potential for distinguishing fish of different geographical 

origins. 

 

2.3.2. Comparison of red seabream origin by fatty acid analysis 

of seasonal red seabream 

Through amino acid, fatty acid, and mineral analysis, the fatty acid 

content of Korean and Japanese fish was different. As previously 

mentioned, fatty acid content can differ by season; fatty acid content can 

vary by season; therefore, fatty acid profiles were further examined in fish  

samples collected during winter, spring, and summer. A total of 29 fatty 
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Fig. 2. 2. Principle component analysis (PCA) score plot of fatty acid 

compounds from Korean and Japanese red seabreams. 

JPMSp, Japanese red seabreams of spring (n = 5); JPMSu, 

Japanese red seabreams of summer (n = 5), JPMW, Japanese red 

seabreams of winter (n = 5); KPMSp, Korean red sea breams of 

spring (n = 5); KPMSu, Korean red seabreams of summer (n = 

5); KPMW, Korean red seabreams of winter (n = 5). 
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acids were detected in each season, and the results are presented in the 

PCA plot shown in Fig. 2.2. The PCA plot represents the fatty acid content 

in Korean and Japanese fish collected in spring, summer, and winter with 

54.2% and 16.7% of compoment 1 and 2, respectively. The fatty acids in 

fish from the same country showed overlap between seasons, and PCA 

plots revealed distinct differences in fatty acid content between Korean 

and Japanese fish. 

PCA revealed that fatty acids were correlated between Korean and 

Japanese red seabream regardless of the season. PCA also shows 

differences between groups, OPLS-DA can reduce the complexity of PCA 

and improve predictions (Zhang et al., 2019). Thus, OPLS-DA was 

performed to identify a compound that could represent the differences 

between Korean and Japanese fish in all seasons (Fig. 2.3A). The OPLS-

DA distinguished the fatty acids in red seabreams, with R2Y and Q2 values 

of 0.911 and 0.852, respectively. A heatmap was constructed, and 

hierarchical analysis was performed using seasonal fatty acid data to 

determine the top 10 fatty acids that could differentiate between samples 

from different geographical locations (Fig. 2.3B). The top 10 compounds 
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Fig. 2. 3. OPLS-DA model of fatty acid analysis (A) and heatmap of 

the top 10 fatty acids (B) from red seabreams collected during 

spring, summer, and winter. KPM, Korean red seabream (n = 

15); JPM, Japanese red seabream (n = 15).  
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showed significant differences based on VIP scores >1.5 obtained by 

OPLS-DA and p-value <0.001. Unsaturated fatty acids dominated the 

top10 compounds that were significantly different between Korean and 

Japanese red seabream. In general, marine products contain more 

unsaturated fatty acids than saturated fat and are, therefore, recommended 

in healthy diets (Taşbozan & Gökçe, 2017). The fatty acids of fish and 

their prey are similar, reflecting the effect of dietary intake on the fatty 

acid profile (Hardy & Lee, 2010). The feeds used in Korean and Japanese 

red seabream aquacultures in this study were different. In Korea, 91% of 

melt pellets (MP) and 9% of extrusion pellets (EP) were used at red 

seabream farms, whereas dried and extrusion feed were used in Japanese 

red seabream (NIFS, 2014; Song, 2012). Anchovy (Engraulis japonicus), 

pacific sand lance (Ammodytes personatus), and mackerel (Scomber 

japonicus) were used as ingredients in MP pellets (NIFS, 2018), which are 

known to be rich in unsaturated fatty acids such as EPA and DHA (Lee et 

al., 2012; Okumura et al., 2055; Shulgina et al., 2019). Interestingly, EPA 

and DHA levels were higher in Korean than in Japanese red seabream 

samples (Fig. 2.3B). A combination of VIP score > 1 as multivariate 
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statistical analysis and p-value < 0.05 as univariate statistical analysis is 

used to identify a candidate biomarker (Abdullah et al., 2017). Therefore, 

the top 10 compounds are valid candidate biomarkers for distinguishing 

between the two red seabreams in this study. 

 

2.3.3. Selection of candidate biomarker for discriminating 

different origins of red seabream 

VIP scores and p-values obtained using OPLS-DA and t-test were used 

to identify compounds that could indicate differences between the two 

groups. However, although this model can be used to identify biomarkers 

that discriminate between the two groups, it is limited in providing 

transparency. Therefore, a ROC curve was used to screen for robust 

biomarkers (Xia et al., 2013). Linoleic acid (C18:2n-6, cis) was identified 

as a promising biomarker by ROC curve analysis using four seasonal fish 

samples (Fig. 2.4). All AUC values were 1.0 with both sensitivities and 

specificities of 1.0. Since a model with an AUC of 0.9–1.0 is suggested to 

have excellent performance (Xia et al., 2013), linoleic acid was selected  
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Fig. 2. 4. Biomarker analysis to identify candidate biomarkers to discriminate between Korean 

and Japanese red seabreams (A, autumn, n = 60; B, spring, n = 10; C, summer, n = 10; 

D, winter, n = 10). Linoleic acid was identified as a biomarker. All AUC values were 1.0. 

Significant differences were performed by t-test (*p<0.05, **p<0.01, ***p<0.001). 
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as a biomarker to differentiate between Korean and Japanese red seabream 

during all four seasons. 

The linoleic acid (C18:2n-6, cis) content is higher in EP than in MP 

diets, and a study showed that linoleic acid levels in olive flounders that 

were fed EP diets were higher than in those fed MP diets (Kim et al., 2010). 

In general, the difference in the fatty acid composition of fish is attributed 

to the composition of the feed (Taşbozan & Gökçe, 2017). This study 

showed higher levels of linoleic acid in Japanese red seabream, primarily 

fed with EP diet, allowing us to compare the differences between the 

Korean and Japanese fish. Tables 2.2 and 2.3 compare Korean and 

Japanese red seabreams in the concentration of linoleic acid and its 

percentage of the total fatty acids. The cut-off values were presented based 

on 1.0 sensitivity and 1.0 specificity from the ROC curve. The linoleic 

acid content was found to be 1.65 ± 1.13, 0.18 ± 0.08, 0.41 ± 0.18, and 

0.36 ± 0.06 g/100 g for Korean red seabreams and 6.51 ± 1.23, 1.65 ± 0.43, 

2.27 ± 0.42, 1.73 ± 0.64 g/100 g for Japanese red seabreams in the autumn 

(standard), spring, summer, and winter samples, respectively. 

Therefore, the linoleic acid content in each season was higher in
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Table 2. 2. Comparative analysis of linoleic acid content (g/100 g) and cut-off value in fish 

samples collected across four seasons. 

Linoleic acid content 

(g/100 g) 
Standard Spring Summer Winter 

RSD,  

% 1 

RE, 

% 2 

Korea 1.65±1.13 a 0.18±0.08 b 0.41±0.18 b 0.36±0.06 b 92.79 -60.61 

Japan 6.51±1.23 a 1.65±0.43 b 2.27±0.42 b 1.73±0.64 b 49.14 -53.30 

Cut-off 3 3.93 0.75 1.18 0.68 94.55 -58.40 

Mean and standard deviation with different letters indicate significant differences (p < 0.05), whereas the same 

letters indicate no significant difference (p > 0.05).  
1 Precision was evaluated using relative standard deviation (RSD, %). 
2 Accuracy is assessed by calculating the relative error (RE, %). 
3 The ROC curve of each content obtained the cut-off values according to linoleic acid concentration (g/100 g) 

and percentage of total fatty acids. 

KPM, Korean red seabream (n = 45); JPM, Japanese red seabream (n = 45). 
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Table 2. 3. Comparative analysis of linoleic acid content (% of total fatty acids) and cut-off 

value in fish samples collected across four seasons. 

Linoleic acid content 

(% of total fatty acids) 
Standard Spring Summer Winter 

RSD,  

% 1 

RE, 

% 2 

Korea 
2.70 

±1.72 a 

1.55 

±0.09 b 

2.57 

±0.42 a 

1.83 

±0.21 a 
59.56 -19.91 

Japan 
10.60 

±1.99 a 

10.72 

±0.30 b 

12.25 

±0.17 a 

10.87 

±0.91 a 
15.92 4.81 

Cut-off 3 6.45 5.98 7.58 5.94 11.78 0.58 

Mean and standard deviation with different letters indicate significant differences (p < 0.05), whereas the same 

letters indicate no significant difference (p > 0.05).  
1 Precision was evaluated using relative standard deviation (RSD, %). 
2 Accuracy is assessed by calculating the relative error (RE, %). 
3 The ROC curve of each content obtained the cut-off values according to linoleic acid concentration (g/100 g) 

and percentage of total fatty acids. 

KPM, Korean red seabream (n = 45); JPM, Japanese red seabream (n = 45). 



56 

 

Japanese red seabreams. However, when comparing the linoleic acid 

content for each season, the results of the standard and the other seasonal 

samples were significantly different (p < 0.05). In contrast, when the  

linoleic acid content was converted to percentages of the total fatty acids, 

the values were similar to those in standard fish samples (p > 0.05), except 

for those collected during spring. The percentages of linoleic acid of total 

fatty acids were 2.70% ± 1.72%, 1.55% ± 0.09%, 2.57% ± 0.42%, and 

1.83% ± 0.21% for Korean red seabream, and 10.60% ± 1.99%, 10.72% 

± 0.30%, 12.25% ± 0.17%, and 10.87% ± 0.91% for Japanese red 

seabream in the autumn, spring, summer, and winter samples, respectively. 

The percentages of linoleic acid were also higher in Japanese red 

seabreams, similar to their concentrations. To evaluate analytical 

reliability, both the concentration and percentage of linoleic acid were 

assessed using a standard sample. The findings demonstrated that 

percentage-based expression provided superior accuracy and precision 

compared to concentration-based measurements (Table 2.2 and 2.3). 

Although the seasonal concentrations of linoleic acid exhibited 

variability, a consistent pattern was observed when expressed as a 
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percentage. To assess the discriminatory performance, ROC curve 

analyses were conducted for both concentration and percentage values 

using aggregated seasonal data, comparing their effectiveness in 

distinguishing between the two red seabream groups across seasons (Fig. 

2.5). The ROC curve is used to evaluate the sensitivity (true positive rate), 

specificity (false positive rate), and accuracy (AUC) of a model (Florkows 

ki, 2008). In this study, the ROC curve for linoleic acid concentration 

showed a sensitivity of 0.974, a specificity of 0.877, and an AUC value of 

0.938 (Fig. 2.5A). This model suggested that linoleic acid concentration is 

a good biomarker for discriminating between different fish species. 

However, the ROC curve of the percentage of linoleic acid of total fatty 

acids showed a sensitivity of 1.00, a specificity of 1.00, and an AUC of 

1.00, suggesting that this model is more accurate for discriminating 

between Korean and Japanese red seabream (Fig. 2.5B). Further, the 

sensitivity and specificity may suggest a higher cut-off value for the 

percentage ROC than for the concentration ROC. Thus, linoleic acid was 

selected as a biomarker for distinguishing Korean and Japanese red 

seabream through fatty acid analysis. A value of 6.45% was determined  
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Fig. 2. 5. The ROC curves for linoleic acid across all red seabream 

samples including standard and seasonal groups showed an 

AUC of 0.937 for concentration (g/100 g) (A) and 1.0 for its 

percentage of total fatty acids (B). KPM, Korean red 

seabream (n = 45); JPM, Japanese red seabream (n = 45). 
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as a threshold for linoleic acid for identifying Korean (<6.45%) and 

Japanese red seabream (>6.45%) (Fig. 2. 5B). 

 

2.3.4. Identification of red seabream origin using linoleic acid 

analysis 

The proportion of linoleic acid within the total fatty acid composition 

was subsequently applied to an independent set of 20 red seabream 

samples for further validation. The additional samples were obtained as 

described in section 2.1. Using the 20 fish samples (10 samples for each 

origin), 29 fatty acids were detected using the same procedure as in section 

2.2. Linoleic acid was detected in all fish samples of two different origins 

and identified by percentage of total fatty acids (Table 2. 4). The level of 

linoleic acid was higher in Japanese red seabream than in Korean fish, 

relatively. In Korean and Japanese red seabreams, the linoleic acid 

percentages were 1.28%–2.89% and 6.52%–13.67%, respectively (Table 

2. 3). Using a cut-off value of 6.45 (section 2.3). The origin of all Korean 

and Japanese red seabream samples was accurately identified, and the 



60 

 

Table 2. 4. Identification of red seabream origin using linoleic acid percentage of total fatty acid 

by fatty acid analysis 

Sample Discrimination  Sample Discrimination 

no origin 

linoleic acid 

(% of total 

fatty acid) 

Identify 
 

 no origin 

linoleic acid 

(% of total 

fatty acid) 

Identify 

1 Korea 1.47 Korea  7 Japan 7.67 Japan 

2 Korea 2.51 Korea  8 Japan 11.55 Japan 

3 Korea 2.66 Korea  9 Japan 12.30 Japan 

4 Korea 1.28 Korea  10 Japan 13.67 Japan 

5 Japan 11.53 Japan  11 Korea 1.96 Korea 

6 Japan 11.60 Japan  12 Korea 1.42 Korea 
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Continued 

13 Korea 2.43 Korea  17 Korea 2.89 Japan 

14 Japan 6.52 Japan  18 Korea 2.53 Japan 

15 Japan 11.05 Japan  19 Japan 13.04 Japan 

16 Korea 2.72 Japan  20 Japan 12.68 Japan 
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results were in full agreement with the verified origin of each sample. This 

result suggests that the percentage of total fatty acids of linoleic acid can 

be used to distinguish between Korean and Japanese red seabreams with 

high sensitivity and specificity. 

The present study suggests a strategy for distinguishing fish origins  

based on fatty acid analyses of fresh fish meat samples. However, lipid 

oxidation during food processing is a potential limitation for the method's 

application to determine fish origins. Therefore, further research is 

required to investigate differences in lipid oxidation during the processing 

of seafood or fish with different origins. 

 

2.4. Conclusion 

In this study, amino acids, fatty acids, and minerals analysis were 

performed on cultured red seabream from Korea and Japan. Among the 17 

amino acids, 29 fatty acids, and 4 minerals used for evaluation, the fatty 

acid analysis showed the best ability to discriminate between Korean and 

Japanese fish. Using PCA and OPLS-DA, this study also showed that fatty 
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acid profiling could discriminate between fish samples of different origins 

during different seasons. In particular, the top 10 fatty acids that were 

significantly different between Korean and Japanese fish were determined 

using a heatmap with hierarchical clustering analysis and were found to 

be unsaturated fatty acids, with VIP score >1.5 and p <0.05. Distinguished 

models were evaluated in each seasonal fish sample using ROC curve 

analysis to select a strong candidate biomarker. The linoleic acid 

concentration was identified as a good biomarker candidate with an ROC 

curve resulting in an AUC of 1.0 obtained from all seasonal samples. 

Moreover, the percentage of linoleic acid of total fatty acids presented a 

better model for the candidate biomarker. The linoleic acid percentage 

ROC curve suggested a higher sensitivity and specificity than 

concentration. A cut-off value of 6.45% was obtained from the percentage 

ROC curve to distinguish between Korean and Japanese red seabreams. 

This cut-off value accurately identified the origins of the fish when applied 

to 20 additional samples. 

This study has confirmed the potential of linoleic acid as a biomarker 

for determining the country of origin of red sea bream. However, it needs 
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to be further validated before it can be applied in practice. Validation is 

recommended for developing biomarkers in clinical and non-clinical 

studies (Lee et al., 2006; Whitmire et al., 2011). Therefore, using fish fatty 

acid biomarkers to determine the origins of red seabream should be 

validated in future studies. In this study, linoleic acid was nominated as a 

candidate origin marker for distinguishing between Korean and Japanese 

red seabream. However, the reliance on a single fatty acid biomarker is 

limited by its susceptibility to environmental variation. Fatty acid levels 

in fish tissue can fluctuate due to several extrinsic factors, including 

aquaculture feed composition, which is known to vary between Korea and 

Japan and directly influences lipid metabolism. Seasonal differences and 

other environmental parameters, such as water temperature and prey 

availability, may further alter metabolic responses. While this study was 

conducted under current aquaculture conditions, these findings may not 

be directly generalizable to different rearing environments. Therefore, the 

reliability of origin discrimination based solely on linoleic acid remains 

constrained. To enhance robustness and accuracy, further research is 

needed to identify additional or complementary markers. In this context, 
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a non-targeted metabolomics approach simultaneously measures a broad 

spectrum of metabolites and provides a more comprehensive and stable 

biochemical fingerprint. Unlike single-compound analysis, this multi-

dimensional profiling offers greater resilience to environmental variability 

and enhances the discriminatory power for geographic origin 

authentication. 
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Chapter 3. Analysis of Metabolites of Red Seabream 

(Pagrus major) from Different Geographical Origins 

by Capillary Electrophoresis Time-of-Flight Mass 

Spectrometry   

 

Abstract 

Capillary electrophoresis time-of-flight mass spectrometry (CE-

TOF/MS) was utilized to profile the muscle metabolome of red seabream, 

aiming to explore metabolomic-based strategies for discriminating the 

geographical origin of the species. The metabolites were extracted using 

50% acetonitrile in water. Chromatographic separation was successfully 

used to classify Japanese and South Korean red seabream metabolite 

profiles. Principal component analysis and hierarchical cluster analysis 

                                                
  This chapter was based on the previously published manuscript: Analysis 

of metabolites of red seabream (Pagrus major) from different 

geographical origins by capillary electrophoresis time-of-flight mass 

spectrometry. Plos one. (2022, Vol. 17). 
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showed a good ability to categorize the samples according to their origin. 

Amino acids showed the most significant quantitative difference in South 

Korean and Japanese muscle samples. Specifically, the levels of ornithine, 

anserine, histidine, L-alanine, L-glutamic acid, L-isoleucine, 

dimethylglycine, and L-isoleucine in Japanese red seabream samples were 

significantly higher than in South Korean samples. In contrast, 2'-

Deoxyguanosine and inosine monophosphate levels in South Korean 

muscle samples were significantly higher than in Japanese red muscle 

samples. The compounds also presented the differences in histidine 

metabolism and arginine biosynthesis pathways between Korean and 

Japanese red sea bream. The monitored metabolite profiles suggest that 

South Korean and Japanese red seabreams can be identified based on 

amino acid levels.  
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3.1. Introduction 

Red seabream belongs to the family Sparidae; its appearance is 

characterized by red coloring on the back and tail along with small blue 

spots. Red seabream is rich in essential amino acids, thereby representing 

a valuable source of aquatic protein (Kim et al., 2000), so it is widely 

consumed in South Korea, Japan, and China, particularly in the former 

two countries owing to the greater development of their aqua-culture 

technologies. Recently, the Japanese Government proposed using ocean 

water to treat wastewater from the Fukushima Nuclear Power Plant. 

Among the radionuclides in the wastewater, including cesium 134, cesium 

137, and strontium 90, tritium has raised the most significant concern 

(BBC news, 2021), considering the potential exposure of humans to the 

element through seafood consumption. Exposure to tritium may increase 

the risk of cancer and mutagenesis in humans (Nile et al., 2021; Tauchi et 

al., 2011), which inevitably raises safe-ty concerns over seafood 

consumption. In addition, there have been cases of misrepresentation of 

the origins of aquatic products. Therefore, it is important to identify the 
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origins of sea bream between South Korea and Japan. An earlier study 

elucidated the origins of the olive flounder (Paralichthys olivaceus) using 

gene polymorphism analyses (Song et al., 2004), and near-infrared 

reflectance spectroscopy has been used to identify the origin of sea bass 

(Dicentrarchus labrax L.) (Xiccato et al., 2004). While previous studies 

have compared the nutritional composition of several regional fishes, 

including red sea bass (Kim et al., 2002), it has been difficult to identify 

sea bass by geographic origin. However, nutritional composition may vary 

even within the same species depending on size, posing challenges to the 

identification of reliable origin biomarkers (Lee et al., 2022). 

Metabolomics is the study of identifying and quantifying small 

molecules or chemicals found in cells, organs, and organisms (German et 

al., 2005). The small molecules can include a variety of endogenous and 

exogenous chemicals such as peptides, amino acids, nucleic acids, 

carbohydrates, organic acids, minerals, and chemicals that can be ingested 

or synthesized in a cell or an organism as a metabolic response. 

Metabolomics has become an important tool in food science, including 

food composition analysis, food quality assessment, and food 
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consumption monitoring. In particular, food component analysis consists 

of various steps, such as the determination of individual protein, fat, 

carbohydrate, dietary fiber, and ash levels; however, metabolite analysis 

enables the collection of more chemically detailed information (Wishart, 

2008). In food authenticity research, metabolomics allows for the 

identification and quantification of numerous low-molecular-weight 

compounds, which can be statistically modeled to distinguish between 

different sample groups (Cubero-Leon et al., 2014). For example, 

metabolomic techniques have been successfully applied to differentiate 

sea cucumbers (Apostichopus japonicus) from various geographic origins 

(Zhao et al., 2020), and to identify regional signatures in Bokbunja fruit 

and beef from Wagyu and Holstein cattle (Heo et al., 2011; Yamada et al., 

2020). 

Numerous metabolomic technologies are currently available, including 

capillary electrophoresis (CE), nuclear magnetic resonance, gas 

chromatography, and liquid chromatography-mass spectrometry, each 

with advantages and disadvantages (Zhao et al., 2016). CE can be used to 

analyze low- and high-molecular-weight polar and non-polar compounds 
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and time-of-flight mass spectrometry (TOF-MS) is widely used with CE 

owing to its advantages of speed, wide mass range, sensitivity, and high 

ionization transfer efficiency (Lazar et al., 1997). In particular, CE-TOF 

coupling combines the efficiency and low sample consumption of CE with 

the high accuracy and resolution of TOF-MS. While TOF-MS provides a 

broad theoretical mass range, its application strength in CE-TOF/MS 

arises primarily from its ability to detect polar and charged small 

molecules with high sensitivity. Therefore, it has particular strengths in 

analyzing ionic and polar substances; CE-TOF/MS is considered a 

superior technique in biomolecular analysis (Staub et al., 2009). 

Therefore, in this study, capillary electrophoresis time-of-flight mass 

spectrometry (CE-TOF/MS) was used to monitor the metabolomic 

profiles of South Korean and Japanese red seabreams in order to evaluate 

the feasibility of origin discrimination. 

 

3.2. Material and methods 

3.2.1. Sample preparation for Korean and Japanese red 
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seabream  

Japanese (n = 10) and Korean (n = 10) red seabream were used in this 

study. All red seabream samples were collected as fresh edible fish at the 

Jagalchi seafood market in Busan in October 2020. Korean red seabreams 

(n = 10, cultured at Korea (34˚44’19” N 128˚23’47” E)'s total body length 

and weight were measured (45.20 ± 1.20 cm, 1.30 ± 0.30 kg). Japanese 

red seabreams (n = 10, cultured at Japan (34˚4’08” N 136˚13’54” E)'s total 

body length and weight were measured at 46.70 ± 1.1 cm, 1.40 ± 0.20 kg, 

respectively. This study was carried out in strict accordance with the 

guidelines on animal experimental ethics of the Korean Animal and Plant 

Quarantine Agency (Institutional Animal Care and Use Committee, 2020). 

If a part of a dead body is collected, it does not have to be deliberated by 

the Ethics Committee. Therefore, this experiment did not require 

deliberation by the Ethics Committee. All muscle samples were harvested 

between the dorsal and pectoral fins on the sideline and were then stored 

at -80°C for the subsequent metabolite analysis. The muscle tissue 

samples (approximately 30 mg) were collected and mixed with 750 µl of 

50% acetonitrile in water (v/v), containing methionine sulfone and 
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camphor-10-sulfonic acid as internal standards (20 μM), and homogenized 

using a homogenizer (3,500 rpm, 60 s × 5 times), followed by the addition 

of 50% acetonitrile in water (v/v). The supernatant (400 µL) was then 

filtered through a 5-kDa cut-off filter (ULTRAFREE-MC-PLHCC; 

Human Metabolome Technologies, Yamagata, Japan) to remove 

macromolecules. The filtrate was centrifugally concentrated and 

resuspended in 50 µL of ultrapure water immediately before measurement. 

 

3.2.2. Instrument condition of CE-TOF/MS 

Separations were performed using a fused silica capillary column (50 

μm × 80 cm) filled with cation buffer solution to detect cations and anion 

buffer solutions to detect anions. The extracted metabolites were analyzed 

using an Agilent CE-TOF/MS system (Agilent Technologies Inc., Santa 

Clara, CA, USA) in two modes: cationic and anionic metabolites (Das et 

al., 2017). The operating conditions for CE-TOF/MS analysis of 

metabolites are presented in Table 3.1. 
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Table 3.1. CE-TOF/MS conditions for obtaining the metabolome 

profiles from red seabream muscle samples. 

Device 

Agilent CE-TOFMS system 

(Agilent Technologies Inc.) 

Column Fused silica capillary i.d. 50 μm × 80 cm 

Condition Cationic Metabolite Anionic Metabolite 

Run buffer 
Cation Buffer Solution 

(p/n: H3301-1001) 

Anion Buffer Solution 

(p/n: I3302-1023) 

Rinse buffer 
Cation Buffer Solution 

(p/n: H3301-1001) 

Anion Buffer Solution 

(p/n: I3302-1023) 

Sample 

injection 

Pressure injection 50 

mbar, 10 sec 

Pressure injection 50 

mbar, 22 sec 

CE voltage Positive, 30 kV Positive, 30 kV 

MS ionization ESI Positive ESI Negative 

MS capillary 
voltage 

4,000 V 3,500 V 

MS scan range m/z 50–1,000 m/z 50–1,000 

Sheath liquid 
HMT Sheath Liquid 

(p/n: H3301-1020) 

HMT Sheath Liquid 

(p/n: H3301-1020) 
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3.2.3.Data processing for metabolite profiles 

Peaks detected in CE-TOFMS analyses were extracted using automatic 

integration software (Master Hands ver. 2.17.1.11 developed at Keio 

University) to obtain peak information, including m/z, migration time 

(MT), and peak area. Detected metabolites were based on the Human 

Metabolome Technologies (HMT) standard library (HMT, Yamagata, 

Japan). The peak area was converted to a relative peak area based on the 

metabolite peak area, internal standard peak area, and sample amount. The 

peak detection limit was determined based on the signal-to-noise ratio 

(S/N) of 3. Putative metabolites were then assigned to the HMT standard 

and known-unknown peak libraries based on m/z and MT. The tolerance 

was ±0.5 min for MT and ±10 ppm for m/z.  

 

3.2.4. Statistical analysis 

Principal component analysis (PCA) was performed using SIMCA® 

version 18 (Sartorius, Umeå, Sweden) to explore differences in the overall 

metabolic profiles between Korean and Japanese red seabream groups. 
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Hierarchical cluster analysis (HCA) was conducted based on a heatmap of 

233 putative metabolites, and pathway enrichment analysis was performed 

using MetaboAnalyst 6.0 (https://www.metaboanalyst.ca) based on the 

KEGG database. To identify differential metabolites between the two 

groups, univariate statistical analysis (t-test, p < 0.05) and multivariate 

analysis using orthogonal partial least squares discriminant analysis 

(OPLS-DA) were applied. Variables with high importance for projection 

(VIP > 1.2) and significant p-values were considered discriminative. The 

identified metabolites were further mapped to metabolic pathways to 

elucidate functional differences between the Korean and Japanese fish 

groups using KEGG pathway analysis. 

 

3.3. Results and discussion 

3.3.1. Comparison of red seabreams from different regions by 

metabolite profiles 

CE-TOF/MS presented 233 putative metabolites (94 amino acids; 28 

fatty acids, lipid metabolites; 17 carbohydrate metabolites; 25 nucleoside 
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metabolites; 21 organic acids; 19 organoheterocyclic com-pounds; 19 

organic nitrogen compounds; 10 unknown) in South Korean and Japanese 

red seabream muscle samples with 171 in the cation mode and 62 in the 

anion mode. Principal component analysis (PCA) revealed distinct 

metabolic profiles associated with regional variations in South Korean and 

Japanese red seabream (Fig. 3 .1), with the metabolite phenotyp e  

represented by components 1 and 2, accounting for 26.2% and 13.7%, 

respectively. By component 1, the PCA score plot of Korean red seabream 

samples showed distinct metabolite phenotypes, and the plot of som

e Japanese fish presented a slight overlap with the Korean fish group. The 

heatmap indicates that the Japanese fish samples were slightly mixed with 

Korean fish (Fig. 3.2). For Part B, the analyzed substances do not exhibit 

specific characteristics based on their origin. However, some compounds 

exhibit different characteristics based on differences in origin, as shown in 

Part A of the heatmap. Part A suggests that the diverse metabolome 

composition of fish is related to differences in metabolic processes due to 

differences in origin, matching those of yellowfin seabream in the fish 

metabolite database of KEGG. Among them, the top 103 metabolites  
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Fig. 3. 1. PCA of metabolome data from Japanese (JPM, n = 10) and 

South Korean (KPM, n = 10) red seabream muscle samples.  
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Fig. 3. 2. The heatmap with hierarchical clustering analysis of red 

seabream using 233 putative metabolite profiles between the 

different origins of Korea and Japan. KPM, Korean red 

seabream (n = 10); JPM, Japanese red seabream (n = 10). 
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exhibited different hierarchical clustering between Korean and Japanese 

fish, as shown in the heatmap (Fig. 3.3A). The top 25 pathways enriched 

in red seabream are related to 103 different metabolites (Fig. 3.3B). This 

result suggests that the pathways related to amino acids and peptides differ 

in the metabolism of red seabream of different origins. Almost pathways 

were influenced by dietary supplementation; 1) Arginine biosynthesis 

(Clark et al., 2020; Wang et al., 2021); 2) Histidine metabolism; 3) Alanine, 

aspartate, and glutamate metabolism (Albert et al., 2015); 4) Glycine, 

serine and threonine metabolism; 5) Valine, leucine and isoleucine 

biosynthesis; 6) Purine metabolism (Cai, e al., 2023; Yang et al., 2022). 

Furthermore, pathways related to glycine, serine, and threonine 

metabolism (Bai et al., 2016; Rahimi et al., 2020) and glyoxylate and 

dicarboxylate metabolism (Hu et al., 2022) have been linked to external 

stress factors, such as oxidative stress and cold stress, respectively. 

Especially, histidine metabolism is known to be influenced by various 

factors, such as sex, age, muscle type, dietary feeding method, and 

management (Boldrev, 2006; Haris et al., 2012; Tomonaga et al., 2005). 

The 11 relative metabolites with matched fish pathways showed difference 
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Fig. 3. 3. A heatmap with hierarchical clustering of the top 103 metabolites in the different origins 

of red seabreams (A) and the metabolism enrichment analysis of different metabolites 

in red seabreams by matching the KEEG database (B). KPM, Korean red seabream (n = 

10); JPM, Japanese red seabream (n = 10).
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with p < 0.05 and VIPs > 1.3 between fish of different origins (Table 3.2). 

The levels of ornithine, L-glutamic acid, anserine, histidine, 

dimethylglycine, L-glycine, L-alanine, L-isoleucine, L-valine, and 2'-

deoxyguanosine in Japanese red seabream were significantly higher than 

those in Korean red seabream. In contrast, the levels of inosine monophosphate 

in Korean fish were significantly higher than those in Japanese red 

seabream. 

Arginine is an essential nutrient for fish growth, but since fish cannot 

synthesize arginine endogenously, it must be supplied through their diet  

fish (Clark et al., 2020; Wang et al., 2021). Also, arginine can be 

synthesized in the fish urea cycle, as arginine is broken down into 

ornithine and urea by arginase. Ornithine reacts with carbamoyl phosphate, 

which is generated from glutamate, through the action of ornithine trans-

carbamylase, forming citrulline. Citrulline is then involved in arginine 

synthesis (Wright et al., 1995). Alanine is synthesized by metabolic 

processes in the human body and is produced by reductive amination of 

pyruvic acid. similar to threonine, serine, and glycine, it is also known to 

be related to saccarinity (Jin et al., 2006). Furthermore, glutamic acid is
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Table 3. 2. Key differential metabolites and their associated pathways between Korean and 

Japanese red seabream 

Values are expressed as mean ± SD. 

1 The fold change was computed using the average detection values, with the values of the PMK samples as the 

denominators.  
2 The p-value was obtained using Welch’s t-test.  
3 VIP score obtained by OPLS-DA 

KPM, Korean red seabream (n = 10); JPM, Japanese red seabream (n = 10). 

Metabolites Related pathway 

Relative area Comparative analysis 

KPM JPM 
Fold 

change1 

p-

value2 
VIPs3 

Ornithine 
Arginine 

biosynthesis 

1.80×10-4 

±4.80×10-5   

5.30×10-4 

±2.40×10-4 
0.33 <0.001 1.49 

L-Glutamic acid 

Arginine 

biosynthesis; 
Histidine 

metabolism; 

Alanine, asparate, 
and glutamate 

metabolism; 

Glyoxylate and 
dicarboxylate 

metabolism 

2.90×10-2 

±8.50×10-3 

5.00×10-2 

±1.20×10-2 
0.58 <0.001 1.51 
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Continued 

Citrulline Arginine biosynthesis 
1.00×10-3 
±2.24×10-4 

3.41×10-3 
±2.03×10-3 

0.29 0.005 1.49 

Anserine Histidine metabolism 
2.50×10-3 

±5.00×10-4 

3.40×10-3 

±7.70×10-4 
0.72 0.005 1.31 

Histidine Histidine metabolism 
1.00×10-3 

±2.40×10-4 
1.60×10-3 

±3.70×10-4 
0.65 0.001 1.37 

Dimethylglicine 
Glycine, serine and 

threonine metabolism 

9.00×10-5 

±2.90×10-5 

4.50×10-4 

±1.60×10-4 
0.20 <0.001 1.58 

L-Glycine 

Glycine, serine and 
threonine metabolism; 

Glyoxylate and 

dicarboxylate 
metabolism 

5.60×10-2 

±8.70×10-3 
8.40×10-2 

±2.20×10-2 
0.67 0.003 1.39 
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Continued 

L-Alanine 
Alanine, asparate and 

glutamate metabolism 

7.80×10-2 

±2.60×10-2 

1.10×10-1 

±1.90×10-2 
0.69 0.003 1.36 

L-Isoleucine 
Valine, leucine and 

isoleucine biosynthesis 

4.90×10-2 

±1.40×10-2 

7.00×10-2 

±1.10×10-2 
0.002 1.40 1.57 

2'-

Deoxyguanosine 
Purine metabolism 

5.00×10-5 

±1.10×10-5 

7.35×10-5 
±1.16×10-5 0.68 <0.001 1.41 

Inosine 
monophosphate 

Purine metabolism 
2.10×10-1 

±1.30×10-2 

1.79×10-1 

±2.60×10-2 1.19 0.002 1.33 
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abundant in nature and is found in various foods, including fish, seafood, 

pork, and beef. Glutamic acid is associated with the umami taste, utterly 

distinct from the four basic tastes—sweet, salty, sour, and bitter (Oruna-

Concha et al., 2007; Yamaguchi & Ninomiya, 2000). Additionally, South 

Korean and Japanese red seabreams showed different alanine and 

glutamic acid contents. This difference could be attributed to the 

differences between their aquaculture feeds. In South Korean aquaculture, 

91% of melt pellets (MP) and 9% of extrusion pellets (EP) are supplied to 

red seabreams, whereas in Japanese aquaculture, dry pellets (DP) and EP 

are mainly used (NIFS, 2014; Song, 2003). Sand eels (Ammodytes 

personatus) are used as MP in South Korean aquaculture (Kim & Kang, 

1991). 

In contrast, the protein and lipid levels in the compound feed used in 

Japanese aquaculture are 55% and 10%, respectively (Takeuchi et al., 

1991). A previous study showed significant differences in the levels of 

glutamic acid and alanine (also related to the umami taste) in flounder fed 

with MP and EP; the alanine level was higher in flounder fed EP (6.64%) 

than in flounder fed MP (6.05%). Similarly, glutamic acid content was 
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higher in flounder-fed EP (15.81%) than flounder-fed MP (15.42%) (Jang 

et al., 2009). 

Isoleucine is an essential amino acid for all fish species and is primarily 

deposited in the skeletal muscle proteins. In a study on the loss of meat 

quality due to dietary deficiency and excess isoleucine in grass carp 

(Ctenopharyngodon idella), differences in the shear force of grass carp 

muscle were associated with differences in isoleucine levels in the feed. 

The pH and shear force of their muscle were improved by increasing the 

isoleucine levels in the feed (3.8–18.5 g/kg diet). In addition, the 

isoleucine levels in grass carp muscle samples (3.25%–3.50%) can be 

increased by increasing the isoleucine level in the diet (Gan et al., 2014).  

Valine (Val), similar to isoleucine, is a branched-chain amino acid 

essential for inhibiting protein synthesis and degradation in fish. Valine 

deficiency reportedly reduced growth performance in Mrigal carp 

(Cirrhinus mrigala) (Ahmed & Khan, 2006). In a study on the dietary 

valine requirements of juvenile red seabreams, growth performance was 

associated with the dietary valine levels (Rahimnejad & Lee, 2013). 

Another study on the dietary valine requirements of catla (Catla catla) 
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reported a suitable dietary valine level for improved catla growth 

performance (1.12–1.71% valine in 0.51% of the diet). Furthermore, catla 

fed a diet containing the optimal valine level showed increased high-grade 

protein content and valine retention and gain (Zehra & Khan, 2014). 

Therefore, the current valine supply in optimized mixed feed of red sea 

bream seems to be a factor that causes differences in growth rate and 

valine content between South Korean and Japanese red sea bream. 

N, N-Dimethylglycine (DMG) acts as an antioxidant metabolite by 

methylation of free radicals and as a source of glycine for glutathione 

synthesis. It can enhance the body's antioxidant capacity, as well as 

improve an animal's ability to protect against oxidative stress and promote 

overall health (Bai et al., 2016; Rahimi et al., 2020). Increased DMG 

levels in rainbow trout exposed to clove oil be protective stress responses 

to anesthetics (Rahimi et al., 2020). Other studies have suggested that 

dietary DMG could improve athletic performance in horses and mice (Bai 

et al; Greene et al., 1996). To demonstrate that Japanese red sea bream has 

high DMG levels, additional data is required to determine whether it is 

added to the diet to improve athletic performance or produced in response 
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to external stress generated during the distribution process. 

In the present study, the analyzed amino acids tended to be more 

abundant in EP-fed Japanese red seabream than in EP-fed South Korean 

seabream. Therefore, the differences in amino acids are considered to be 

due to differences in the compositions of feed supplied by South Korean 

and Japanese aquacultures, which is consistent with the results of a study 

on the effect of feed composition on the fat and amino acid composition 

of red seabream (Kanosu & Watanabe, 1976). 

Inosine monophosphate (IMP) is associated with the umami taste, 

along with glutamic acid, guanosine monophosphate (GMP), and 

adenosine monophosphate (AMP), which participate in 5'-ribonucleotide 

synthesis. In particular, IMP is abundant in meat and fish, whereas GMP 

is more related to plants. 5-AMP, which has a lower taste intensity than 

IMP or GMP, is another important umami-related substance widely 

distributed in natural foods (Oruna-concha et al., 2007; Yamaguchi & 

Ninomiya, 1998; Ninomiya, 2002). A regional study on loach (Misgurnus 

mizolepis) (Kim et al., 2000) and a study on wild and cultured sweetfish 

(Plecoglossus altivelis) (Suyama et al., 1977) also showed differences in 
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the IMP content, which varied with the aquaculture region. The results of 

the present study also showed differences in IMP levels according to 

region. The difference in glutamic acid and IMP levels contributes to the 

difference in the umami taste of red seabreams obtained from South 

Korean and Japanese aquaculture; therefore, this taste difference is likely 

associated with the different metabolites produced in South Korean and 

Japanese red seabreams, depending on their feed composition.  

 

3.3.2. Identification of metabolic difference between Korean 

and Japanese red seabream  

The main metabolic differences observed between Korean and 

Japanese red seabream (Table 3.2) involve compounds related to both 

histidine metabolism and arginine biosynthesis. Specifically, L-histidine, 

anserine, carnosine, and L-glutamic acid are associated with histidine 

metabolism, while ornithine, citrulline, and L-glutamic acid are key 

intermediates in the arginine biosynthesis pathway. These metabolites 

revealed distinct origin-specific patterns, particularly highlighting 
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significant differences in histidine-derived intramuscular dipeptides (IDPs) 

such as anserine and carnosine, as well as shared intermediates like L-

glutamic acid (Fig. 3.4). Anserine, carnosine, and L-histidine are abundant 

intramuscular dipeptides (IDPs) found in both mammals and aquatic  

species. These compounds play crucial roles in muscle functionality, 

including pH buffering, antioxidant activity, increased Ca²⁺ sensitivity, 

and the inhibition of protein glycation (Hiemori-Kondo et al., 2021; Wang 

et al., 2021). While in humans, only carnosine and L-histidine are naturally 

present in muscle, anserine is typically obtained through the consumption 

of meat or fish (Brosnan & Brosnan, 2020). The synthesis of IDPs is influenced 

by various factors, including temperature and feeding systems (González-

Ricás et al., 2020). Generally, IDP synthesis is mediated by carnosine 

synthase 1, while their degradation is carried out by carnosinase 2 

(Katafuchi et al., 2024). For example, high ambient temperatures in 

poultry reduce anserine and carnosine levels, along with a decrease in 

carnosine synthase 1 mRNA expression and an increase in carnosinase 2 

expression (Ayumi et al., 2024). Similar trends were observed in pork 

under high-temperature conditions (Yang et al., 2014), where oxidative
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Fig. 3. 4. Difference of histidine metabolism between Korean and Japanese red sea breams. Red 

bar is Japanese red seabream (JPM, n=10) and blue bar is Korean red seabream (KPM, 

n=10). Significant differences were performed by t-test (*p<0.05, **p<0.01, ***p<0.001).  
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stress generated by reactive oxygen species (ROS) leads to DNA damage 

and lipid oxidation (Peiretti et al., 2011). Conversely, low-temperature 

conditions act as a stress factor in red seabream (Min et al., 2017). In smolt 

salmon, a high-protein diet resulted in higher anserine levels compared to 

low- or medium-protein diets, and the muscle buffering capacity was most 

significant in the high-protein diet group (Ogata & Marai, 1994). 

In this study, lower levels of IDPs were observed in Korean red 

seabream compared to Japanese red seabream, with differences in 

aquaculture conditions, including sea temperature and feeding systems, 

identified between the two regions. Generally, the optimal habitat 

temperature for red seabream ranges from 18°C to 25°C (Shin et al., 2018). 

However, Korean aquaculture farms experience water temperatures 

ranging from 11°C to 25°C, while Japanese farms have a slightly higher 

temperature range from 15°C to 27°C, highlighting a clear temperature 

difference between the two regions. 

In teleost fish, the arginine biosynthesis pathway typically involves key 

precursors, including glutamate, citrulline, and arginine (Wang et al., 

2021). During early developmental stages, the activity of urea cycle-
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related enzymes is generally high, facilitating efficient arginine 

biosynthesis. However, in adult teleosts, nitrogen is primarily excreted as 

ammonia through the gills, reducing the necessity for a complete urea 

cycle (Terjesen et al., 2001; LeMoine & Walsh, 2013; Wright & Land, 

1998). Consequently, enzymes such as CPS III, OTC, ASS, and ASL 

exhibit lower activity, with some expression detected in muscle tissues 

rather than in the liver (Buentello & Gatlin, 2000). Additionally, Japanese 

red seabream showed significantly elevated concentrations of multiple 

intermediates in the arginine biosynthesis pathway compared to Korean 

red seabream (Fig.3.5). These findings suggest that dietary differences or 

environmental adaptations may be influencing nitrogen metabolism. 

Citrulline supplementation, for instance, has been demonstrated to 

increase arginine levels more effectively than direct arginine intake (Clark 

et al., 2020). Additionally, urea cycle enzyme activities have increased in 

response to stressors, such as high stocking density or high pH, in various 

fish species (Laberge et al., 2009). Furthermore, the observed differences 

may be attributed to genetic divergence between brood stocks, which 

influences the expression of key urea cycle enzymes, including arginine:  
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Fig. 3. 5. Difference of arginine biosynthesis pathway between Korean and Japanese red 

seabreams. Red bar is Japanese red seabream (JPM, n=10) and blue bar is Korean red 

seabream (KPM, n=10). Significant differences were performed by t-test (*p<0.05, 

**p<0.01, ***p<0.001).   



96 

 

glycine amidinotransferase, nitric oxide synthases, and arginase, as noted 

in other marine species (Morris, 2016; Zou et al., 2019). 

Japanese aquaculture farms typically supply high-protein diets in their 

formulated feed (Takeuchi et al., 1991). In general, the aquaculture system 

for red seabream in Japan utilizes extruded pellet (EP) feed composed of 

various protein sources, such as fish meal, soy protein, and wheat gluten 

(Teru, 2006). These feeds are also formulated with a balanced composition 

of essential amino acids, including arginine, known for its role in growth 

and immune regulation, and histidine, which contributes to the 

biosynthesis of intramuscular dipeptides (IDPs) such as anserine and 

carnosine. The protein sources in the feed significantly influence growth 

performance, feed efficiency, survival rate, and immune function (Lim et 

al., 2021). This nutritionally optimized feed composition may directly 

affect specific metabolic pathways in red seabream, particularly those 

related to arginine and histidine metabolism. As a result, red seabream 

cultured in Japan may exhibit unique metabolite profiles reflecting region-

specific physiological responses induced by their feeding regime. 

Therefore, the distinct metabolomic characteristics observed in Japanese-
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cultured red seabream are likely associated with dietary influences on 

physiological metabolism and may serve as biologically relevant 

indicators for geographical origin discrimination.  

Further studies are needed to confirm these mechanisms, particularly 

those involving gene expression analyses and enzyme activity assays. 

These approaches will help determine whether the observed metabolite 

alterations are due to transcriptional regulation or post-translational 

metabolic control within the arginine biosynthesis network. 

 

3.4. Conclusion 

Using metabolomics and statistical analysis, in this study, the 

metabolite showed a difference profiles between South Korean and 

Japanese seabream, especially concerning amino acids (L-alanine, L-

glutamic acid, L-isoleucine, dimethylglycine, and L-valine), nucleoside 

metabolites (IMP), and organic nitrogen compounds (TMAO). These 

compounds show specific metabolisms, such as histidine synthesis and the 

arginine biosynthesis pathway. These distinct profiles are due to the 
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difference in the aquaculture feed, which is formulated to improve fish 

conditions and the environmental factors associated with South Korean 

and Japanese aquaculture, respectively. 

This study demonstrated the ability of metabolite profile analysis to 

help identify the geographic origin of red seabream by monitoring. 

Therefore, further research should focus on identifying specific 

biomarkers that can accurately determine the origin of red seabream 

through additional verification. These results will be used as basic 

research data for discriminant studies to identify the geographical origin 

of the red seabream. 
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Chapter 4. Machine Learning-Based Biomarker 

Discovery for Origin Discrimination of Cultured Red 

Seabream Using Metabolomics 

 

 

Abstract 

This study aimed to assess the impact of feature selection for 

biomarkers discovery of red seabream (Pagrus major) from Korea and 

Japan using random forest. The metabolite data were obtained from a 

previous study using capillary electrophoresis time-of-flight mass 

spectrometry (CE-TOF/MS), yielding 233 putative metabolites. The data 

were preprocessed using sum normalization, log transformation, and 

Pareto scaling. An OPLS-DA model was initially constructed to assess the 

overfiitting model with raw metabolic data. Validation of the model via 

permutation testing revealed a negative Q² slope (Q² = –0.213), while the 

R² slope remained close to 1 (R² = 0.972), suggesting possible overfitting. 
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Random Forest (RF), an ensemble-based learning algorithm, was applied 

due to its robustness against high-dimensional data to address overfitting 

observed in multivariate models. When trained on the full metabolomics 

dataset, the RF model achieved a strong classification performance with 

an out-of-bag (OOB) error rate of 5%. However, instability in tree 

formation was observed due to the small sample size and complexity of 

the data. To reduce dimensionality, feature selection was performed using 

volcano plot criteria based on FDR-adjusted p-values (< 0.05) and |log₂ 

fold change| (> 2). The RF model trained on the reduced feature set 

demonstrated improved variable importance and enhanced predictive 

performance (OOB error rate of 0%). Notably, the average effect size 

(Cohen’s d) increased from 0.32 to 0.42, and all selected variables showed 

strong statistical reliability with bootstrap p-values < 0.001. Among the 

selected features, N, N-dimethylglycine, creatine, and hypotaurine showed 

consistent discriminative potential, supported by both statistical validation 

and biological relevance. These results support using univariate filtering 

as an effective dimensionality reduction strategy in small-sample 

metabolomics studies for biomarker discovery. Further validation with 
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larger sample sizes and seasonal data is required to ensure generalizability 

and biomarker robustness.  
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4.1. Introduction 

In Chapter 3, a comparative metabolomic analysis was conducted to 

explore metabolic differences between Korean and Japanese cultured red 

seabream using CE-TOF/MS. Although 11 statistically significant 

metabolites were identified, further validation is required to assess their 

potential as robust biomarkers for geographical origin discrimination 

In metabolomics research, chemometric methods, such as multivariate 

statistical analyses, are commonly employed to handle the complexity of 

high-dimensional datasets and to identify patterns that distinguish 

between biological groups. Given the high dimensionality and 

multicollinearity often present in metabolomic datasets, orthogonal partial 

least squares discriminant analysis (OPLS-DA) was utilized to reduce 

dimensionality while maximizing group separation (Liu et al., 2016). This 

supervised technique not only facilitates the construction of predictive 

classification models but also yields variable importance in projection 

(VIP) scores, which indicate the relative influence of each metabolite. 

Metabolites with VIP scores greater than 1.0 were considered candidate 

biomarkers (Yang et al., 2019). OPLS-DA has also been widely used in 



103 

 

disease diagnosis and biomarker discovery (Bergholt et al., 2014; Yang et 

al., 2021; Ildiz et al., 2021). However, overfitting of the predictive model 

can limit the reliability of the biomarker. In addition to multivariate 

analysis, random forest (RF), a machine learning technique based on 

ensemble learning, was employed due to its high classification 

performance and ability to handle complex, nonlinear relationships within 

metabolomic data (Chen et al., 2013; Fan et al., 2011; Patterson et al., 

2011). This approach reduced the risk of overfitting and improved 

classification stability in high-dimensional datasets by using multiple 

decision trees with randomly selected subsets of variables at each node 

(Breiman, 2011). RF was used to rank feature importance and refine the 

selection of biomarkers. However, due to the relatively small sample sizes 

typical in metabolomics studies, there remains a significant risk of model 

overfitting, limiting the generalizability of the findings (Grissa et al., 

2016). To address this, feature selection is a key strategy for reducing data 

dimensionality by eliminating non-informative variables that may 

negatively impact the robustness and predictive accuracy of learning-

based models (Acharjee et al., 2020). While model-based methods such as 
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Boruta can be unstable and prone to overfitting when applied to limited 

datasets (Xu et al., 2022). In contrast, univariate filtering based on FDR-

adjusted p-values and fold change provides a simple, interpretable, and 

robust alternative, particularly well-suited for small-sample studies. This 

approach prioritizes statistically and biologically meaningful variables, 

enhancing model stability during downstream analysis (Haury et al., 2011).  

Although Chapter 3 demonstrated significant differences in metabolite 

levels between red seabream originating from South Korea and Japan 

through comparative metabolomic profiling, this chapter focuses on the 

development and evaluation of a biomarker discovery strategy. 

Specifically, this approach integrates machine learning-based 

classification, statistical feature selection, and validation techniques. 

Given the high dimensionality and limited sample size (p>> n) inherent in 

the metabolomics dataset, appropriate feature selection and modeling 

strategies were employed to enhance model stability and ensure reliable 

discrimination of red seabream by geographical origin. 

 

4.2. Materials and methods 
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4.2.1. Data preprocessing for metabolite profiles normalization 

Raw metabolite data obtained from CE-TOF/MS analysis from Korean 

and Japanese red seabream (n=20) were preprocessed as described in 

Chapter 3. To reduce measurement variation across the entire sample, 

metabolite data were preprocessed using a three-step pipeline: sum 

normalization, log transformation, and Pareto scaling. Sum normalization 

was applied to correct for differences in total metabolite abundance among 

samples. Subsequently, log transformation was performed to reduce right-

skewness and minimize the influence of extreme values. Finally, Pareto 

scaling was used to standardize the data by dividing each variable by the 

square root of its standard deviation, thereby reducing the impact of 

significant variance while preserving biological information. These 

preprocessing steps enhanced sample comparability and ensured reliable 

statistical analysis (Robert et al., 2006). 

 

4.2.2. OPLS-DA modeling and overfitting assessment 

Orthogonal partial least squares discriminant analysis (OPLS-DA) was 
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conducted using SIMCA ver. 18 (Sartorius Stedim Data Analytics AB, 

Umeå, Sweden) to evaluate the separation between red seabream samples 

from South Korea and Japan. Model performance was assessed by R²Y 

(explained variance) and Q² (predictive accuracy). The OPLS-DA model 

was validated by cross-validated ANOVA (CV-ANOVA, p < 0.05) test and 

permutation test (n = 200) to assess model robustness and potential 

overfitting (Eriksson et al., 2008). 

 

4.2.3. Random forest classification modeling 

Random forest classification was conducted using MetaboAnalyst 6.0 

(https://www.metaboanalyst.ca) to identify key metabolites that 

distinguish between the geographical origins of red seabream. Random 

forest classification was performed with a 500-decision-tree algorithm. 

Variables were ranked according to the mean decrease in accuracy, and 

model performance was assessed using the out-of-bag (OOB) error rate 

and a confusion matrix, which provided an estimate of the model’s 

predictive accuracy and robustness. 
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4.2.4. Feature selection via statistical criteria  

Feature selection was conducted to prevent overfitting caused by the 

high dimensionality and low sample size (p >> n) nature of the 

metabolomics dataset. Its primary role was to eliminate noisy or irrelevant 

variables that could compromise the robustness and predictive 

performance of downstream classification models. Univariate analysis 

was applied using volcano plot criteria, combining false discovery rate 

(FDR)-adjusted p-values (< 0.05) and |log₂ fold-change| thresholds (> 1.0), 

to filter out features with low statistical significance and minimal group 

separation. Welch’s t-test was used to identify significantly different 

metabolites between groups, and multiple testing correction was 

performed using the Benjamini-Hochberg FDR method. Fold change was 

calculated based on the ratio of average detection values, with Korean 

samples used as the reference group. Volcano plots were visualized with –

log₁₀(p) on the y-axis and log₂ fold change on the x-axis (Li, 2012). 

 

4.2.5. Biomarker validation using statistical analysis 
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Two statistical analyses, Cohen’s d and bootstrap resampling, were 

performed with SPSS software (version 27, SPSS Inc. Chicago, IL, USA) 

to compare and evaluate the reliability and robustness of the identified 

biomarkers. Cohen’s d was calculated for each metabolite to quantify the 

effect size between Korean and Japanese groups. A bootstrap resampling 

approach (5,000 iterations) was used to assess the selection stability of 

each feature. 

 

4.3. Results and discussion 

4.3.1. Evaluation of the OPLS-DA model to distinguish Korean 

and Japanese cultured red seabream  

Based on the metabolic differences observed in Chapter 3, candidate 

biomarker identification was performed using multivariate statistical 

analysis with a normalized dataset of 233 metabolites from Korean and 

Japanese red seabream. In this Chapter, data preprocessing was carried out 

using sum normalization, log transformation, and Pareto scaling. This 

normalization strategy aimed to reduce unwanted variations caused by 
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experimental and instrumental conditions while preserving the inherent 

biological information from the raw metabolite profiles (Misra, 2020). 

This approach differentiates from earlier analyses that utilized 

unprocessed metabolite data in Chapter 3, thereby enhancing the 

reliability and interpretability of the subsequent biomarker discovery 

process. OPLS-DA is a supervised multivariate analysis method suitable 

for biomarker selection and classification of two groups (Wheelock & 

Wheelock, 2013). In this study, OPLS-DA revealed a clear separation 

between red seabream samples from Japan (JPM) and South Korea (KPM), 

indicating distinct metabolic profiles (Fig. 4. 1A). The OPLS-DA model 

yielded a predictive component explaining 17.9% of the total variance, 

with an orthogonal component accounting for 9.7%. The model was 

statistically significant, as confirmed by CV-ANOVA (p = 1.14 × 10⁻⁴), 

indicating robust discrimination between red seabream samples from 

different geographical origins. A permutation test (n = 200) was conducted 

to evaluate the robustness and reliability of the OPLS-DA model (Fig. 4. 

1B). The permuted model showed a high R² value (0.972), indicating a  
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Fig. 4. 1. Evaluation of a predictive model of OPLS-DA model for 

discrimination of Korean and Japanese red seabreams. 

CV-ANOVA confirmed the model’s statistical significance (p 

= 1.14 × 10⁻⁴) (A). The permutation test plot based on 200 

iterations was evaluated by overfitting (B). KPM, Korean res 

seabream (n = 10); JPM, Japanese red seabream (n = 10). 
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strong model fit. In contrast, the Q² value was negative (-0.213), with a 

regression line showing a downward slope. For a valid OPLS-DA model, 

the original model's R² and Q² values should exceed those of the permuted 

models (Triba et al.,2015). Although the OPLS-DA model showed a high 

R² value (0.972), indicating a strong fit to the data, this metric alone cannot 

confirm model validity due to the risk of overfitting. In permutation testing, 

even randomly assigned class labels can yield high R² values if the model 

is excessively flexible. In contrast, Q² values are based on predictive 

accuracy via cross-validation and tend to decline with increasing label 

permutation. The original model’s Q² is significantly higher than that of 

permuted models, and a negative slope of the Q² regression line confirms 

that the model captures meaningful class differences rather than noise. 

 

4.3.2. Classification performance of random forest using full 

CE-TOF/MS dataset from Korean and Japanese red 

seabream 

Although the OPLS-DA model achieved high classification accuracy, 
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permutation testing revealed signs of overfitting. Therefore, a machine 

learning-based Random Forest model was subsequently applied to 

validate the predictive robustness and reduce bias. RF is an ensemble 

learning method based on classification and regression trees. It constructs 

multiple decision trees with randomly selected subsets of variables at each 

node, thus reducing the risk of overfitting and enhancing classification 

stability in high-dimensional datasets (Breiman, 2011; Degenhardt et al., 

2019; Nicodemus & Malley, 2009). A classification model was built using 

all 233 metabolite features without prior filtering. The RF model, 

constructed with 500 decision trees, achieved a low out-of-bag (OOB) 

error rate of 5.0%, indicating strong internal classification performance 

(Fig. 4.2A). The top 15 features were ranked based on the mean decrease 

in accuracy (MDA), with importance values ranging from 0.004 to 0.024, 

including N, N-Dimethylglycine, acetoacetamide, carnosine, citrulline, 

glutathione (GSH), stachydrine, trimethylamine N-oxide, inosine 

monophosphate, 2-aminobutyric acid, ornithine, propionylcarnitine 

cysteine, hypotaurine, creatine, and dimethylaminoethanol (Fig. 4.2B).  
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Fig. 4. 2. Random forest classification of full dataset to distinguish different origins of red 

seabream. The supervised learning was performed with 500 decision trees with an out-of-

bag (OOB) error of 5% (A). Fifteen key features were identified based on mean decrease 

accuracy rankings (B). KPM, Korean res seabream (n = 10); JPM, Japanese red seabream 

(n = 10). 
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These features were initially considered key variables contributing to the 

classification model for origin discrimination. As the previous OPLS-DA 

model exhibited signs of overfitting, the potential risk remains particularly 

high in datasets with a small number of samples and a large number of 

features (Acharjee et al., 2020). In machine learning applications 

involving large and complex datasets, such as metabolomics, feature 

selection is a crucial strategy for reducing dimensionality and minimizing 

overfitting (Acharjee et al., 2020; Grissa et al., 2016). Therefore, a 

univariate feature selection method was applied to reduce data 

dimensionality and improve model robustness and interpretability. 

 

4.3.3. Impact of feature selection on classification model 

stability from metabolic data of Korean and Japanese 

red seabream 

Feature selection is a widely used strategy to prevent overfitting by 

removing variables that contribute little to model performance, thereby 

retaining only those that are most informative for classification (Grissa et 
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al., 2016). To evaluate how feature selection influences model 

performance, this study compared classification accuracy between a 

model trained on the full high-dimensional dataset, where the number of 

variables far exceeds the number of samples (p >> n), and a model built 

using a reduced set of features obtained through statistical filtering. 

Features deemed statistically insignificant or potentially detrimental to 

model stability were filtered using volcano plot criteria that combined fold 

change and statistical significance (Cumbo et al., 2025; Rabiei et al., 2023). 

In this study, metabolites were selected based on a fold change ≥ 2.0 and 

an FDR-adjusted p-value < 0.05, and volcano plots were generated 

accordingly (Fig. 4. 3). 18 metabolites showed significant differences 

between the Korean and Japanese red seabream groups with three specific 

compounds from Korean red seabream and 15 specific compounds from 

Japanese red seabream. 

In this study, the number of features was reduced to 18 using volcano 

plot filtering to mitigate the risk of overfitting, despite the small sample 

size. The RF model was constructed using 500 decision trees with a 

minimized dataset. As the number of trees increased, the out-of-bag (OOB)   
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Fig. 4. 3. Volcano plot for feature selection from 233 metabolic data to 

approach biomarker discovery. The volcano plot was 

conducted by filtration with log2(fold change 2.0) and -

log10(p<0.05) based FDR. 
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Fig. 4. 4. Machin learning-based biomarker to distinguish different origins of red seabream 

validation. Random forest classification was used to evaluate biomarkers distinguishing 

red seabream origins with 500 trees (A). The model showed a low out-of-bag (OOB) error 

of 5%, indicating high predictive accuracy. Fifteen key features were identified based on 

mean decrease accuracy rankings (B). KPM, Korean res seabream (n = 10); JPM, Japanese 

red seabream (n = 10). 
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error gradually decreased, indicating improved model stability and 

generalization performance (Fig. 4. 4A) compared with the pre-RF model 

(Fig. 4. 2A). Additionally, the post-RF model achieved a low out-of-bag 

(OOB) error rate of 0.0%, with perfect classification accuracy for KPM 

and JPM samples (class error = 0%). To identify the most relevant RF 

analysis was applied to explore variable combinations and rank metabolite 

features based on their predictive importance with 15 compounds, 

including carnosine, ornithine, acetoacetamide, citrulline, N, N-

Dimethylglycine, glutathione (GSH), propionylcarnitine, stachydrine, 

dimethylamino-ethanol, creatine, nicotinic acid, hypotaurine, γ-Glu-ile, 

and cysteine (Fig. 4. 4B). The MDA range increased from 0.004 - 0.024 

to 0.002 - 0.067 following feature selection. The Benjamini–Hochberg 

false discovery rate (FDR) method is widely applied in multi-omics 

research to control for false positives that may arise from multiple 

hypothesis testing. By adjusting p-values, it allows the selection of 

statistically reliable features from high-dimensional datasets (Benjamini 

et al., 2024; Markussen et al., 2022; Xue et al., 2023). In parallel, fold 

change (FC) analysis identifies features with biologically meaningful 
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differences between experimental and control groups, while features with 

minimal or no change are considered noise. Therefore, dimensionality 

reduction strategies that incorporate FDR and FC thresholds effectively 

minimize overfitting caused by noisy variables, thereby improving model 

generalizability in machine learning-based classification (Cumbo et al., 

2025; Rabiei et al., 2023). In this study, dimensionality reduction enabled 

the random forest model to become more focused on informative variables, 

thereby improving interpretability and model transparency, as illustrated 

by the variable importance rankings (Fig. 4.2A and Fig. 4.4A). 

Furthermore, to assess the impact of feature selection on model robustness 

and feature stability, the top 15 selected features were compared using 

Cohen’s d and bootstrap analysis (Fig. 4.5). These metrics evaluated the effect 

size and the stability of group-level differences. In the 15 selected features of 

each models, 12 variables were common while three were unique to each 

model (Fig. 4. 5A). When comparing the effect sizes of selected features 

before and after dimensionality reduction, there was a trend toward an 

increase in effect size with a d-value of 0.32 ± 0.11 before reduction and 0.36 

± 0.10 after reduction, but no significant change (Fig. 4. 5B.). However, the  



120 

 

  

Fig. 4. 5. Comparison of top 15 features selected by random forest 

before and after feature selection. Venn diagram showed 

overlapping 12 and unique three features (A). Average of 

Cohen’s d value of top 15 features in each model (B). 

Comparative analysis with bootstrap-based p-values and 

Cohens’ d of unique variables from each model. Pre-FS, before 

feature selection; Post-FS, after feature selection. 
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effect size of the selected features increased significantly after dimensionality 

reduction, with a mean Cohen’s d of 0.32 ± 0.05 before reduction and 

0.42 ± 0.07 after reduction. Cohen’s d is defined as the difference in means 

between two groups divided by the pooled standard deviation and is 

commonly used to quantify the discriminative power between groups (Slinger 

et al., 2023). It is also applied to evaluate clinically or biologically meaningful 

differences based on standardized thresholds (Loth et al., 2021). Cohen’s d-

suggested effect sizes are as follows: d (.01) = very small, d (0.2) = small, 

d (0.5) = medium, d (0.8) = large, d (1.2) = very large, and d (2.0) = huge 

(Sawilowsky, 2009). Although the effect size after feature selection was still 

below the medium threshold, it demonstrated a meaningful improvement 

compared to the entire model. This supports that feature selection contributed 

to eliminating non-informative variables and enhancing the quality of the 

selected features in the classification model. In addition to effect size, the 

statistical stability of the selected features was evaluated using bootstrap 

resampling (Fig. 4. 5C). To address the limited statistical reliability due to 

the small sample size, a bootstrap method was employed with 5,000 

resamples to estimate the distribution of the model parameters (Hesterberg, 
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2011). All features selected after dimensionality reduction exhibited 

highly stable selection frequencies, with bootstrap-based p-values less 

than 0.001. In contrast, two features from the full model (prior to feature 

selection) showed lower selection stability (p = 0.01 and 0.02). These 

findings suggest that dimensionality reduction improved the 

discriminative power of individual features and enhanced the statistical 

reliability of the selected biomarkers. By removing noise and reducing 

model complexity, the feature selection process effectively improved the 

interpretability and robustness of the classification model.  

 

4.3.4. Identification of candidate biomarkers to distinguish 

Korean and Japanese cultured red seabream  

Based on the refined random forest (RF) model, statistical indices, 

including Cohen’s d, bootstrap p-value, and fold change, were compared 

and analyzed to evaluate the reliability and discriminative performance of 

the selected features. Among the top-ranked variables, three features, N, 

N-dimethylglycine, creatine, and hypotaurine, were identified as robust 
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biomarker candidates, meeting the criteria of effect size (Cohen’s d) ≥ 0.4 

and a bootstrap p-value < 0.001 (Table 4.1). The three selected features 

were all specific to the Japanese farmed red seabream group, exhibiting 

log₂ fold changes greater than 1 and FDR-adjusted p-values below 0.005. 

These variables showed Cohen’s d values approaching 5, indicating a 

large effect size and strong group separation (Sawilowsky, 2009). 

Although the small sample size posed limitations in biomarker reliability, 

bootstrap resampling (n = 5,000) confirmed statistically significant 

differences between groups for all three features (p < 0.001), supporting 

their robustness (Hesterberg, 2011). In addition to statistical validation, 

biological relevance was examined to support the validity of the selected 

features as candidate biomarkers (Broadhurst & Kell, 2006; Goodacre et 

al., 2004). 

N, N-Dimethylglycine (DMG) is a methylated derivative of glycine 

involved in glycine, serine, and threonine metabolism (Zhang et al., 2022). 

Previous studies have reported that levels of DMG, along with 

dimethylamine and phosphocholine, are altered in fish fed plant-based 

alternative protein diets, suggesting a dietary sensitivity of these metabo-
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Table 4. 1. Evaluation of statistical metrics for biomarker selection to distinguish the origins of 

Korean and Japanese red seabreams 

Compounds  Log2(Fc) 1 
p- adjusted 

(×10-2) 2 
Cohen’s d 4 Bootstrap-p 5 

N, N-Dimethylglycine 2.35 0.003 0.4253 <0.001 

Cysteine 1.42 0.007 0.4194 <0.001 

Hypotaurine 1.87 0.575 0.5403 <0.001 

1 The fold change (FC) with log2 was computed using average detection values  
2 The p-adjusted value is a multiple testing-corrected p-value, typically obtained via the Benjamini-Hochberg 

FDR method. 
3 Mean decrease accuracy (MDA) was obtained by random forest 
4 Bootstrap-based p-value was employed with 5,000 resamples. 
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lites (Roques et al., 2020). Moreover, exposure to environmental stressors 

such as the pesticide diazinon has been shown to reduce DMG levels in 

fish, while DMG supplementation may help mitigate some of the 

associated physiological effects (Hajirezaee et al., 2019). 

Creatine plays a crucial role in cellular energy metabolism through the 

phosphocreatine system, buffering ATP levels during periods of high 

energy demand (Wyss & Kaddurah-Daouk, 2000). It reflects muscle 

metabolic activity and is sensitive to changes in muscle development, 

nutritional status, and physical stress (Villasante et al., 2023). A diet high 

in plant proteins can lead to low creatine levels, as a lack of arginine, 

glycine, and methionine can result in differences in endogenous synthesis 

due to deficiencies in these precursors (Wuertz & Reiser, 2023). 

Hypotaurine is a sulfur-containing amino acid derivative formed as an 

intermediate in the cysteine-sulfinic acid pathway (Aruoma et al., 1988). 

It functions as a potent antioxidant and radical scavenger, particularly 

under stress conditions in fish (Martínez-Páramo et al., 2013). In rainbow 

trout, hypotaurine levels were shown to vary significantly across tissues, 

with notably high accumulation in the liver following dietary cystine 
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supplementation (Yokoyama & Nakazoe, 1998). These findings suggest 

that hypotaurine is highly responsive to dietary amino acid composition 

and may serve as a sensitive biomarker reflecting the nutritional and 

physiological status of fish. 

There are notable differences in feeding practices between Korean and 

Japanese aquaculture systems for red sea bream. While raw fish-based 

feed is commonly used in Korea, Japanese farms predominantly use 

formulated compound feeds. These differences likely reflect distinct 

nutritional strategies and farm management approaches. The selection of 

the identified features may reflect the metabolic responses to these dietary 

regimes, thereby supporting their biological relevance. This biological 

link reinforces the potential utility of these features as biomarkers for 

distinguishing fish according to their origin in aquaculture. 

 

4.4. Conclusion 

This study demonstrated a comprehensive strategy for biomarker 

discovery using metabolomic datasets derived from Korean and Japanese 

farmed red seabreams, analyzed via CE-TOF/MS. While traditional 
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multivariate methods, such as OPLS-DA, are susceptible to overfitting in 

high-dimensional, small-sample data, the application of random forest 

(RF) offers improved classification performance with a reduced risk of 

overfitting. Initial RF modeling, using all 233 metabolic features, achieved 

high accuracy (OOB error: 5%), but including irrelevant variables limited 

the model's robustness. Dimensionality reduction using volcano plot-

based feature selection (FDR-adjusted p-value < 0.05, |log₂FC| > 2) 

enhanced model stability, reducing the OOB error to 0% and increasing 

variable importance scores. Statistical validation confirmed that the effect 

size (Cohen’s d) of selected features increased from 0.32 to 0.42, with all 

selected variables showing significant bootstrap p-values (< 0.001). N, N-

dimethylglycine, creatine, and hypotaurine were identified as promising 

biomarkers, supported by both statistical metrics and biological relevance. 

While Chapter 3 identified statistically significant metabolites using 

univariate and multivariate analysis, the feature selection and machine 

learning-based approach in Chapter 4 refined biomarker discovery by 

focusing on model robustness and biological interpretability. The 

emergence of creatine and hypotaurine, initially not ranked highest, 
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underscores the added value of integrative approaches in identifying 

robust candidate biomarkers using a discrimination model. 

This Chapter proposes an interpretable and reproducible framework for 

metabolomics-based biomarker discovery in food authenticity. 

Nonetheless, further validation using larger, seasonally balanced sample 

sets and targeted quantification is essential to confirm the practical utility 

of the proposed biomarkers.  
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Summary 

Red seabream (Pagrus major) is a major aquaculture species and is a 

widely consumed seafood product in Korea, Japan, and China. 

Approximately 99% of the imported red seabream in Korea originates 

from Japanese aquaculture, significantly influencing the domestic seafood 

market. However, public concern over marine contamination caused by 

radioactive wastewater discharge from Japanese nuclear power plants has 

increased consumer avoidance of imported seafood. Consequently, 

incidents of mislabeling or omission of origin labeling, particularly for red 

seabream, have been reported in domestic markets. Despite governmental 

efforts to enforce origin labeling regulations, there remains a lack of 

scientific methods to distinguish the geographical origin of seafood, unlike 

agricultural products. This study aimed to develop a robust method for 

discriminating the geographical origin of red seabream using chemical 

composition analysis and metabolomics. 

In the primary study, Fatty acid, amino acid, and mineral compositions 

of Korean and Japanese red seabream were analyzed. 29 fatty acids, 17 
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amino acids, and four minerals were quantified. Hierarchical clustering 

and orthogonal partial least squares discriminant analysis (OPLS-DA) 

revealed significant group separation based on fatty acid profiles. Among 

these, linoleic acid was identified as a key marker with high sensitivity 

and specificity through receiver operating characteristic (ROC) analysis, 

with a threshold of 6.45% (relative to total fatty acids) enabling origin 

discrimination. 

Additionally, non-targeted metabolomics using CE-TOF/MS was 

conducted to evaluate the physiological differences between Korean and 

Japanese red seabream. 233 metabolites were identified and analyzed 

using principal component analysis (PCA) and hierarchical clustering 

analysis (HCA), which revealed distinct metabolic profiles based on 

geographical origin. Among these, 11 metabolites exhibited statistically 

significant differences, and KEGG pathway analysis indicated strong 

associations with histidine metabolism and arginine biosynthesis. These 

findings support the feasibility of origin discrimination based on 

metabolomic profiles. 

Finally, to propose a biomarker discovery strategy, metabolomic data 
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from Korean and Japanese cultured red seabream were analyzed using a 

random forest (RF) classification approach. To identify potential 

biomarkers, the metabolite dataset was preprocessed using sum 

normalization, log transformation, and Pareto scaling. To address the risk 

of overfitting associated with high-dimensional and small-sample datasets, 

feature selection was performed using univariate filtering criteria based on 

FDR-adjusted p-values (< 0.05) and |log₂ fold change| (> 2). The RF model 

trained on the reduced dataset demonstrated improved model stability and 

predictive performance, with the out-of-bag (OOB) error rate decreasing 

from 5% to 0% and an increase in mean decrease accuracy. Statistical 

validation confirmed enhanced effect sizes (Cohen’s d: 0.32 to 0.42) and 

strong significance via bootstrap resampling (p < 0.001). Among the 

selected features, N, N-dimethylglycine, creatine, and hypotaurine 

exhibited consistent discriminatory power, supported by both statistical 

metrics and biological relevance. These findings highlight the utility of 

univariate-based dimensionality reduction as a robust strategy for 

biomarker discovery in small-scale metabolomics studies. 

In this study, compositional analysis and metabolomics-based 
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approaches were employed to identify metabolic differences between 

Korean and Japanese red seabream, aiming to develop biomarkers for 

geographical origin discrimination. The integrated analysis demonstrated 

the potential of metabolite-based biomarkers for distinguishing the origin 

of red seabream. However, the sample set used in this study was limited 

in terms of geographical and seasonal scope, which may restrict the 

generalizability of the proposed method. Since the metabolic profile of red 

seabream can be influenced by various aquaculture and environmental 

factors, such as feed, water temperature, and farming systems, continuous 

and long-term monitoring is necessary to validate the biomarkers under 

diverse conditions. Further investigations are needed to examine seasonal 

variations and the impact of different aquaculture systems on metabolic 

profiles. Given the high dimensionality of metabolomic data, larger 

sample sizes are crucial for confidently proposing robust metabolome-

based biomarkers. Therefore, the reliability and generalizability of the 

biomarkers identified in this study remain to be validated. 

In conclusion, this study proposes a novel strategy for authenticating 

seafood origins by integrating chemometrics and untargeted 
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metabolomics, supported by multivariate statistical analysis. This 

integrative approach offers a scientific foundation for establishing a 

reliable seafood traceability system. 
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