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Executive summary 
 

A new definition of mechanically separated meat (MSM), formerly known as 

mechanically recovered meat (MRM), was agreed in 2004 in EU Regulation 853/2004 

and is defined as ñproduct obtained by removing meat from flesh-bearing bones after 

deboning or from poultry carcasses, using mechanical means resulting in the loss or 

modification of the muscle fibre structureò. This Regulation also imposed stricter 

hygiene controls on its production. In addition, MSM is excluded from the definition of 

meat for labelling purposes, and there is a requirement for its separate declaration in the 

list of ingredients. It is therefore important to have a test to determine whether a 

material is MSM or not, especially if it is to be incorporated into a meat product. This 

research project was aimed at developing a robust method to identify markers that 

could characterise MSM even when mixed with other meat ingredients. 

 

In this study only chicken and pork MSM materials have been analysed, as at the time 

they were the only sources of MSM in the EU.  
 

A metabolomics approach focuses on analysing a wide range of low molecular weight 

compounds extracted from a given sample. It has been widely applied to understand the 

biochemical processes and to differentiate between materials of similar chemical 

composition. To perform global metabolite fingerprinting, sensitive, robust and 

preferably high-throughput analytical methods are required, that would additionally 

provide detailed qualitative and quantitative information about the samples studied. So 

far, gas chromatography coupled to mass spectrometry (GC-MS) has proved to be the 

most useful technique in metabolomics, as it permits the potential identification of a 

large number of chromatographically separated compounds. Identification is made 

possible by using the free and commercial GC-MS libraries to elucidate the structure of 

compounds. 

 

The study combined an untargeted metabolomic approach described above with the 

optimisation of a method for the detection of bone-derived compounds - pyridinoline 

cross linkers. Because of their fluorescence properties and polar structures, these 

compounds were analysed by liquid chromatography with fluorescence detection (LC-

FL). 

 

One of the main challenges in any chemical analysis is the development of an 

extraction protocol that results in unbiased and repeatable extraction of metabolites. 

This study designed an experimental approach using multivariate analysis for the 

systematic optimisation of organic solvent extraction conditions on meat samples. The 

optimal method developed for GC-MS analysis was based on methanol-water 

extraction, followed by methoximation and N-Methyl-N(trimethylsilyl)trifluoro-

acetamide (MSTFA) derivitisation, whereas analysis of pyridinoline cross linkers with 

the LC-FL method was carried out after pure methanol extraction. 

 

Different statistical multivariate methods, such as principal component analysis (PCA), 

partial least squares analysis (PLS), orthogonal partial least squares analysis (OPLS) 

and partial least squares discriminant analysis (PLS-DA), were used for the creation of 
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chemometric models that could be used to reliably differentiate MSM from other meat 

materials and for its detection in meat mixtures. These methods were also used for a 

selection of compounds that could be potential MSM biomarkers.  

 

Results from the GC-MS analyses revealed that the amounts of some of the metabolites 

were significantly different in different types of meat-based materials (MSM, hand-

deboned, desinewed). However, the identification of unknown samples based purely on 

selected biomarker concentrations could not be considered reliable, especially in the 

case of meat mixtures where the variability between different samples outweighed the 

differences between types of meat materials. On the other hand, the application of a 

óglobal approachô, i.e. using all of the metabolites to create chemometric models, 

enabled reliable differentiation of MSM from other types of meat and its detection in 

mixtures even down to the 10% level. This indicates the huge potential of the 

application of multivariate analysis in food verification. 

 

Using the LC-FL approach, very few compounds were detected that differed 

significantly between MSM and hand-deboned meat (HDM) samples, and that could be 

used as potential biomarkers. Their chemical identity is still unknown and low 

concentrations in meat material would require further method development for the 

reliable application of LC-FL analysis in MSM detection. Additionally, as for the GC-

MS approach, the application of chemometric models enabled differentiation of MSM 

from HDM samples. 
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1. Abbreviations 
 

BR Bone residue 

CE-MS Capillary Electrophoresis (CE) coupled to Mass Spectrometry (MS) 

detector 

DOE Design of Experiment 

ELISA Enzyme-Linked Immunosorbent Assay 

FTIR Fourier Transform Infrared Spectroscopy 

GC-MS Gas Chromatography (GC) coupled to Mass Spectrometry (MS)  

HDM Hand-Deboned Meat 

HFBA Heptafluorobutyric acid 

IS Internal Standard 

LC-FL Liquid Chromatography (LC) coupled to Fluorescence (FL) detector 

LC-MS Liquid Chromatography (LC) coupled to Mass Spectrometry (MS)  

MALDI -TOF Matrix-Assisted Laser Desorption/Ionization (MALDI) with Time Of 

Flight mass spectrometry detector 

MRM Mechanically Recovered Meat 

MSM Mechanically Separated Meat 

MS Mass Spectrometry 

MSTFA N-Methyl-N(trimethylsilyl)trifluoro-acetamide 

NMR Nuclear Magnetic Resonance 

OPLS Orthogonal Partial Least Squares analysis 

PCA Principal Component Analysis 

PLS Partial Least Squares analysis 

PLS-DA Partial Least Squares Discriminant Analysis 

SDS-PAGE Sodium Dodecyl Sulphate Polyacrylamide Gel Electrophoresis 

TCMS Trimethylchlorosilane 

TIC Total Ion Chromatogram 
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2. Aims and objectives 
 

2.1. Introduction 

 

Mechanically separated meat (MSM), formerly known as mechanically recovered meat 

(MRM), is defined in EU Regulation 853/2004 as ñproduct obtained by removing meat 

from flesh-bearing bones after deboning or from poultry carcasses, using mechanical 

means resulting in the loss or modification of the muscle fibre structureò. This meat-

based material is produced under high pressure, and results in the residual flesh left on 

bones flowing off them and passing through a sieve to remove connective tissue and 

any bone particles. Such material has been used in many comminuted meat products 

such as meat pies, sausages and óeconomy burgersô. Ruminant-based material has been 

banned for some time as a potential source of transmissible spongiform 

encephalopathies. Hence MSM production is now confined to poultry and pork 

materials. 

 

In the UK, an industry code of practice restricts the type of bones used in MSM 

production to the vertebrae, ribs, shoulder blade and the pelvis. Long bones, with high 

marrow content, are considered unsuitable because of the problem of rancidity. The 

machines used to recover the residual meat vary in design and action to produce the 

necessary high pressure. Some machines utilise a hydraulic piston, whereas others are 

based on an auger with decreasing thread to produce the very high pressure required.  

Although it was found that MSM contains comparatively higher levels of calcium, iron 

and total purines, and lower levels of nitrogen as well as connective tissue, its gross 

chemical composition does not differ significantly or consistently from hand-deboned 

meat (HDM).  

 

Consumer concerns about the safety of MSM consumption, as well as its aesthetic 

perception, have led to tighter hygiene requirements and controls. They have also led to 

the exclusion of MSM from the EU definition of meat for labelling purposes. In doing 

so, clear and separate labelling of MSM in the list of ingredients is required, and MSM 

does not count towards the meat content of the product.  

 

Recently, production technologies for meat recovery from bones have been redesigned, 

so that the product obtained retains much of its muscle fibre structure, and hence it may 

be considered to fall outside the definition of MSM. This material is known 

commercially as ódesinewed meatô, 3mm meat or Baader meat (however, Baader meat 

can also be MSM).  

 

Therefore, in order to enforce both labelling legislation and ensure the correct hygiene 

controls have been in place, robust analytical procedures are needed to differentiate 

MSM from both hand-deboned meat (HDM) and desinewed meat. The difficulty of this 

task should not be underestimated, considering natural variation within and between 
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animal species, different pre-treatment conditions of the carcasses, and various machine 

types and operating settings used in MSM and desinewed meat production.  

2.2. State of the art 

 

Numerous approaches have been employed to differentiate MSM from HDM. 

Histological approaches have been investigated that exploit changes in meat properties 

arising during the mechanical production process. For example, tests have been based 

on the disappearance of muscle fibres or changes in their structure, or the concurrent 

appearance of bone fragments and bone-associated components (e.g. hyaline cartilage). 

After appropriate staining, these changes can be visualised under the microscope [
1
,
2
]. 

More recently, a histological method has been developed to check material either 

produced in the factory or as a raw material to decide whether it meets the EU hygiene 

definition of MSM [
3
]. This method has been validated and transferred to public 

analysts for enforcement purposes. However, it cannot be used on mixtures of meats or 

on meat products. Hence, with regards to detecting MSM in mixtures or products, 

microscopy-based methods are not reliable. 

 

Another approach is based on the assumption that during MSM production fluids from 

bone are released into the meat-derived material under high pressure. These fluids can 

be immunologically different from meat itself, and even from the residual blood that is 

found in HDM. In the work by Pickering et al. bone marrow was used to obtain 

potential MSM-characteristic polyclonal antibodies that were then used to screen MSM, 

HDM and MSM-HDM mixtures using ELISA-based assays [
4
]. Results were, however, 

non-equivocal mainly due to the low selectivity of the procedure, which was highly 

influenced by the residual blood, skin and other tissues. This approach indicated that 

immunological tests cannot be used for MSM detection, unless further optimisation of 

the procedure is carried out.  

 

The chemical composition (free fat, moisture, nitrogen, ash, collagen, calcium, iron and 

total purine content) of the different kinds of meat have also been investigated as a 

means of elucidating potential chemical markers for the detection of MSM. However, 

the results of these studies showed huge variability depending on the kind of raw 

material and the technical conditions used during meat recovery [
5
,
6
]. Although 

comparison of the MSM chemical composition with that of meat removed manually 

highlighted a number of differences between the two types of product, there were no 

consistent or significantly different alterations in chemical composition between MSM 

and HDM. Hence, compositional analysis cannot be treated as a reliable method for the 

detection of MSM in meat products. 

 

Another approach for MSM identification is based on the application of electrophoretic 

methods for protein analysis. This approach is based on the assumption that some bone 

proteins, not found in raw meat, can be released into the final product during MSM 

production. In addition,  relative quantities of some proteins can differ between both 

kinds of material. Electrophoretic techniques used included SDS-PAGE [
7
,
8
] and 

capillary gel electrophoresis [
9
]. It was revealed that there were obvious differences in 

the relative concentrations of several proteins, with haemoglobin content higher in 

marrow than in meat, and hence also higher in MSM than HDM. On the other hand, 
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HDM was characterised by higher amounts of actin, myosin and myoglobin. Some 

other distinct protein bands were also noticed, but they were not identified. It was 

suggested that SDS-PAGE gels could be used to detect 5-10% of red MSM in HDM 

and 25% of MSM in poultry products. Further development of the methodology with 

the application of capillary electrophoresis, which offers high resolution, fast sample 

analysis and automation with simultaneous quantification and sensitive on-line 

detection, would make protein analysis using electrophoretic methods a potential 

technique for MSM detection. It must be remembered, however, that relative amounts 

of different proteins will strongly depend on the natural variety of protein content in the 

material used for meat production and hence obtained results should be treated with 

caution. 

 

In one study it was shown that it is possible to detect  mixtures of 25% beef MSM in 

HDM with the application of isoelectric focusing and multivariate analysis [
10

]. This 

method appeared to be very promising. More samples should be considered, however, 

to establish whether the power of the model prediction may be hindered by the natural 

variability of the different MSM and hand-deboned samples. 

 

In conclusion, it can be said that so far existing methodology has failed to definitively 

differentiate MSM from other meat products or produce any biomarkers specific to 

MSM. 

 

2.3. Scientific basis of the project 

 

The main aim of metabolomics is to identify and quantify all (or as many as possible) 

metabolites extracted from a given sample, in order to understand the biochemical 

processes and to differentiate between materials of similar chemical composition. The 

metabolomic approach has been used in a wide variety of areas, such as the detection of 

biomarkers for drug effects and toxicity [
11

,
12

,
13

], clinical studies of different diseases 

[
14

,
15

], phytochemical analysis of plants [
16

,
17

] and even the classification and prediction 

of gender [
18

]. There are a few steps that are crucial when a metabolomic approach is 

considered. First, a sample preparation method must be chosen that would result either 

in the highest possible amount of compounds obtained for further analysis (metabolic 

fingerprinting); or will enable efficient extraction of prior-selected compounds with the 

biological significance to the problem investigated (metabolic profiling). The design of 

experiments [
19

,
20

] includes a method that introduces varied factors (e.g. solvent 

composition) in a systematic way and with no or little correlation between experiments, 

and enables subsequent analysis of the data with regression methods with selection of 

the optimal solution (i.e. extraction mixture). The next step includes selection of the 

analytical technique for compound detection and/or separation. Whereas there are some 

examples of the application of pure spectrometric methods in metabolomic studies, 

such as Nuclear Magnetic Resonance, NMR [
21

,
22

] or Fourier Transform Infrared 

Spectroscopy, FTIR [
23

], so far hyphenated techniques like GC-MS, LC-MS or even 

Capillary Electrophoresis coupled to Mass Spectrometry (CE-MS) have found greater 

use in this area, mainly because of their good resolution, accurate quantification, 

analyte-specific detection and capability of identifying unknowns [
24

,
25

]. GC-MS seems 

to be the most appropriate technique when ease and speed of use, as well as robustness 
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and sensitivity of analysis, are considered. Compound detection in GC-MS based 

metabolomics is also nowadays considered superior compared to other methods due to 

the presence of many free and commercial libraries containing metabolomics data; 

although the identities of most of the detected metabolites still remain unknown [
26

].  

 

A possible complementary method to the GC-MS global metabolite screening is a 

targeted approach that is based on the assumption that some metabolites inside bone 

might be typical biomarkers for MSM. Pyridinoline cross linkers were reported to be 

good indicators of presence of human bone [
27

,
28

,
29

] and hence targeted analysis of this 

type of compound might result in the successful identification of MSM biomarkers. 

Since these compounds exhibit strong fluorescent properties [
27

,
28

,
29

,
30

,
31

,
32

], the present 

study utili sed LC-FL for the targeted analysis of pyridinoline cross linkers. 

 

Because of the complexity and quite often high correlation within the data obtained 

when both global and targeted metabolomic approaches are considered, their analysis 

and biomarker mining requires the application of multivariate methods. In MS-

metabolomic studies, the interpretation of obtained results normally involves the 

application of multivariate tools like principal component analysis (PCA) 
 
[
33

], partial 

least squares analysis (PLS) [
12

,
34

], partial least squares discriminant analysis (PLS-DA) 

or hierarchical clustering [
33

]. If needed, the last step of metabolomic investigation 

covers the comprehensive identification of discovered marker compounds.  

 

The present study utili sed the design of the experimental approach [
35

,
36

], together with 

multivariate analysis, for the systematic optimisation of organic solvent extraction 

conditions for the metabolomic investigation of meat samples both for GC-MS and LC-

FL methods. Subsequently, chicken and pork samples were extracted with optimal 

procedures, analysed with the application of relevant analytical platforms and the data 

were evaluated by the application of multivariate data analysis, PLS-DA and PLS 

methods. These methods were also applied for the selection of potential MSM 

biomarkers and for the validation of the applied methodology by the class prediction of 

unknown samples. 

 

3. Materials and methods 
 

3.1. Reagents and standards 

The internal standard (IS) solution for GC-MS meat analysis was prepared by 

dissolving myristic-d27 acid (98 atom % D; Aldrich, Steinheim, Germany) in methanol 

(LC isocratic grade; BDH, Poole, England) to a final concentration of 2.9 mg/ml. 

Methyl stearate (approx. 99% GC; Sigma-Aldrich, Steinheim, Germany) was used as 

an IS for GC-MS extraction method development and was dissolved in n-heptane 

(99+%, capillary GC; Sigma-Aldrich, Steinheim, Germany) until the final 

concentration of 12.5 ɛg/ml was reached. A mixture of hydrocarbons (C8-C32) 

obtained from different sources was used to assess the stability of the GC-MS system. 

For sample preparation, acetonitrile (LC gradient grade; J. T. Baker, Deventer, 

Holland), methanol (for LC, isocratic grade), isopropanol (for LC) and acetone (for LC; 
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BDH, Poole, England), ethanol (analytical grade; Fisher Scientific, Leicestershire, 

England), and deionised water were used. For sample derivatisation, methoxylamine 

chloride (98%; Aldrich, Steinheim, Germany), pyridine (BDH, Poole, England), N-

Methyl-N(trimethylsilyl) trifluoro-acetamide with 1% trimethylchlorosilane (MSTFA 

with 1% TMCS; Fluka, Buchs, Switzerland) and n-heptane (99+%, capillary GC; 

Sigma-Aldrich, Steinheim, Germany) were used. For LC-FL analysis, 

heptafluorobutyric acid (99%) and pyridoxine hydrochloride (Sigma-Aldrich, 

Steinheim, Germany) were used. Pyridinoline and deoxypyridinoline were kindly 

donated by the Rowett Research Institute, UK. 

3.2. Sample collection and storage 

 

Hand-deboned or minced chicken and pork meat (HDM), mechanically separated meat 

(MSM) and desinewed meat samples of different origin were obtained from 

Leatherhead Food Research (Leatherhead, UK), these samples has been sourced for a 

separate FSA-funded project on characterising MSM using light microscopy [
3
]. MSM 

and desinewed samples were produced by Weiler Beehive RFTD06, Lima RM500, 

Stork Protecon MPD60, Stork Protecon DMM50, Townsend DMP45 and Baader 

machines at different pressures and dwell times (Table 1 and Table 2). The bone 

residues (BRs) from the processes were also collected. After manufacturing, 28 kg of 

each meat product and 4 kg of each BR were frozen at once and then delivered to Royal 

Holloway, University of London, where they were stored at -20
o
C in the cold room 

until further treatment. Small pieces of samples were taken from different parts of the 

large blocks, homogenised with a Waring Commercial Laboratory Blender (Waring 

Products, Torrington, UK) and stored in freezer at -80ή until use. Additional chicken 

hand-deboned samples, pork minced meat and fillet, and pork sausages were obtained 

from a local retailer. Meat mixtures were prepared from original samples after thawing 

by weighing appropriate amounts of raw materials (Table 1 and Table 2).  

3.3. Sample preparation for GC-MS analysis 

 

Just before extraction, samples were allowed to thaw at room temperature. From each 

meat product three samples were taken for analysis (if there was enough available 

material). Three grams of sample were extracted with 30 ml of 9:1 (v/v) MeOH/water 

mixture with 0.3 ml of internal standard solution added. Homogenisation and extraction 

was carried out simultaneously with an ULTRA-TURRAX T25 mincer (IKA
®
 Werke 

GmbH & Co. KG, Staufen, Germany) set at 8000 rpm for 5 minutes. From each extract, 

three 1.5 ml aliquots were taken and centrifuged at 14,000 rpm for 10 minutes in a 

Hermle Z 160M centrifuge (Hermle Labortechnik, Wehingen, Germany). Following 

centrifugation, a 0.2 ml aliquot of supernatant was taken for drying, which was 

performed for two hours in a Genevac EZ-2 Evaporator (Genevac Inc, New York, 

USA). The residues obtained after evaporation were dissolved in 0.03 ml of 

methoxyamine hydrochloride in pyridine (20 mg/ml solution) and left overnight (for 

approximately 16 hours). Then 0.03 ml of MSTFA containing 1% TMCS was added 

and the solution was left to derivatise for at least 1 hour. After silylation, 0.03 ml of 

heptane (with methyl stearate as internal standard in extraction optimisation studies and 
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without stearate for sample analysis) was added and the sample mixed and analysed by 

GC-MS. 

 

Cooked samples were prepared by placing defrosted meat in the oven at 180
o
C for 1 

hour. 
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Table 1. Chicken samples and chicken MSM mixtures analysed in the present study. 

HDM  Desinewed MSM HDM -MSM mixtures Desinewed-MSM mixtures 

Sample 

(Abbreviation)  
Remarks 

Sample 

(Abbreviation)  
Remarks 

Sample 

(Abbreviation)  
Remarks MSM (%) HDM  MSM (%) Desinewed 

HDM 

(HDM) 

From 

Leatherh

ead 

Necks DMP45 

(DCNDMP45) 

DMP45 

65Bar/ 2 

mm 

Baader 

Chicken MSM 

(CMS) 

MPD60, 

M 250, 

dwell: 

short 

MSM_Lima 

(5%) 
HDM 

MSM_Lima 

(5%) 
French 

Chicken mini 

fillets, skinless 

(Tesco Healthy) 

Tesco 

Healthy 

Living 

Keel Bone 

Carcase DMP45 

(KBCDMP45) 

DMP45 

30Bar/3m

m Baader 

Chicken MSM 

(CHS) 

MPD60, H 

300, 

dwell: 

short 

MSM_Lima 

(10%) 
HDM 

MSM_Lima 

(10%) 
French 

Chicken breasts 

fillets 

(Tesco Value) 

Tesco 

Value 

Brk/Drums 

DMP45 

(BDDMP45) 

DMP45 75 

Bar/3 mm 

Baader 

Chicken MSM 

(CLS) 

MPD60, L 

180, 

dwell: 

short 

MSM_Lima 

(20%) 
HDM 

MSM_Lima 

(20%) 
French 

  

4 part wings 

Baader 

(DCWBaader) 

Baader set 

at 18 Bar 

Chicken MSM 

(MSM_Lima) 

Lima 

(RM500) 

MSM_Lima 

(50%) 
HDM 

MSM_Lima 

(50%) 
French 

  

Keel Bone 

Carcase Baader 

(DCKBaader) 

Baader set 

at 18 Bar 

Chicken MSM 

(MSM_SP) 

Stork 

Protecon 

(MPD60) 

CLS (5%) Tesco_Value CLS (5%) 
DCNDMP4

5 

  

Brk/Drums 

Baader 

(BDBaader) 

Baader set 

at 18 Bar 

Chicken MSM 

(MSM_WB) 

Weiler 

Beehive 

(RFTD06) 

CMS (10%) 
Tesco_Health

y 
CMS (10%) BDDMP45 

  
French 

(French) 

Baader 3 

mm drum 

less than 4 

Bar 

Chicken MSM 

(MSM_SS) 

Stork 

DMM50 

(Sepameti

c) 

MSM_SS (20%) Tesco_Value MSM_SS (20%) 
DCKBaade

r 

  
Newby Food 

(Newby_Post) 

Post-

sepametic 
  CHS (50%) 

Tesco_Health

y 
CHS (50%) 

DCWBaade

r 

  
Newby Food 

(Newby_Pre) 

Pre-

sepametic 
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Table 2. Pork samples and pork MSM mixtures analysed in the present study. 

HDM  Desinewed MSM HDM -MSM mixtures Desinewed-MSM mixtures 

Sample 

(Abbreviation)  
Remarks 

Sample 

(Abbreviation)  
Remarks 

Sample 

(Abbreviation)  
Remarks MSM (%) HDM  MSM (%) 

Desinewe

d 

HDM 

(HDM) 

From 

Leatherhe

ad 

Newby Food 

(Newby_Post) 

Post-

Sepamatic 

Pork MSM 

(PMS) 

MPD60, M 

180, dwell: 

short 

MSM_Lima 

(5%) 
HDM 

MSM_Lima 

(5%) 

Newby_Pr

e 

Fresh British 

Pork Fillet 

(Tesco Fillet) 

Tesco 
Newby Food 

(Newby_Pre) 

Pre-

Sepamatic 

Pork MSM 

(PML) 

MPD60, M 

220, dwell: 

long 

MSM_Lima 

(10%) 
HDM 

MSM_Lima 

(10%) 

Newby_Pr

e 

Fresh British 

Pork Mince 

(Tesco Mince) 

Tesco   
Pork MSM 

(PLL) 

MPD60, L 

150 dwell: 

long 

MSM_Lima 

(20%) 
HDM 

MSM_Lima 

(20%) 

Newby_Pr

e 

    
Pork MSM 

(MSM_Lima) 

Lima 

(RM500) 

MSM_Lima 

(50%) 
HDM 

MSM_Lima 

(50%) 

Newby_Pr

e 

    
Pork MSM 

(MSM_SP) 

Stork 

Protecon 

(MPD60) 

PMS (5%) 
Tesco_Minc

e 
MSM_SS (5%) 

Newby_Pr

e 

    
Pork MSM 

(MSM_WB) 

Weiler 

Beehive 

(RFTD06) 

PMS (10%) 
Tesco_Minc

e 
PMS (10%) 

Newby_Pr

e 

    
Pork MSM 

(MSM_SS) 

Stork 

DMM50 

(Sepamatic

) 

PMS (20%) 
Tesco_Minc

e 
MSM_SS (20%) 

Newby_Pr

e 

    
Pork MSM 

(Belgium) 

Carr by 

Perimax 
MSM_SS (50%) 

Tesco_Minc

e 
PMS (50%) 

Newby_Pr

e 
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3.4. Sample preparation for LC-FL analysis 

 

All samples were homogenised in tubes in liquid nitrogen (Freezer/Mill 6750, Glen 

Creston, England) into fine powders before use. To 100 mg of the powder, 1.10 ng of 

pyridoxine in 1000 ɛl solution of an organic solvent (see Table 3) was added, and the 

metabolome was extracted in TissueLyser (Retsch, Germany) twice for 90 seconds, 

using steel beads to increase the extraction efficiency. After centrifuging at 14,000 rpm 

for 10 minutes, 500 ɛl of supernatant was taken and dried under nitrogen flow at 40
o
C. 

The obtained residue was dissolved in 100 ɛl of 10 mM heptafluorobutyric acid 

(HFBA) in acetonitrile-water (v/v, 5:95) solution, centrifuged at 14,000 rpm for 10 

minutes and 20 ɛl of the supernatant was injected into the LC column. 

3.5. GC-MS analysis 

 

One microlitre of the derivatised sample was injected in a split less mode using an 

Agilent 7683 autosampler (Agilent, Atlanta, USA) into an Agilent 6890 gas 

chromatograph equipped with a 30 m x 0.25 mm i.d. fused-silica capillary column with 

a chemically bonded 0.25 µm DB-5MS stationary phase with 10 m DuraGuard (J&W 

Scientific, Folsom, USA). The injector temperature was set at 250
o
C, the gas flow rate 

through the column was 1 ml/minute and the column temperature was held at 70
o
C for 

3 minutes, then increased by 10
o
C/minute to 310

o
C and held there for 3 minutes. The 

column effluent was introduced into the ion source of an Agilent 5973 (Agilent, 

Atlanta, USA) quadrupole mass spectrometer. The transfer line and the ion source 

temperatures were 280
o
C and 230

o
C, respectively. Ions were generated by a 70-eV 

electron beam and 2 scans/second were recorded in the mass range 50-800 m/z. The 

ionisation voltage was turned on after a solvent delay of 300 seconds. 

3.6. LC-FL analysis 

 

The separations were carried out with HP 1100 system from Agilent Technologies 

(Walbronn, Germany) consisting of vacuum degasser G1322A, quaternary pump 

G1311A, autosampler G1313A, diode-array detector (DAD) G1315B, fluorescence 

detector G1321A and software ChemStation. Chromatographic separations were carried 

out at ambient temperature on Nucleosil ODS C-18 5 m (150 x 4.6 mm) column with 

5 mm guard column, with an eluent flow rate of 0.8 ml/min. Chromatograms were 

recorded in the fluorescence detector (FL) at excitation and emission wavelengths of 

295 and 400 nm, respectively (these are the optimal values for fluorescence detection of 

pyridinoline and deoxypyridinoline, known human bone biomarkers). The mobile phase 

consisted of A: 10 mM heptafluorobutyric acid (HFBA) in acetonitrile-water (v/v, 

95:5), and B: 10 mM HFBA in acetonitrile-water (v/v, 5:95). This was applied in a 

gradient mode: first 3 minutes isocratic phase B, then to 30 minutes linear gradient to 

90% phase A, and after that phase A isocratic for 5 minutes. 
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3.7. Data collection and processing in GC-MS analysis 

 

Eighty compounds obtained in GC chromatograms of analysed samples were used for 

the creation of the chemometric model. The compounds were chosen manually from 

TIC chromatograms and their peak areas were calculated for characteristic ions and 

retention times using the MSD Chemstation software. The data was then exported into 

Excel where individual injections were averaged and peak areas normalised to the 

internal standard. The data matrix constructed in Excel was then directly exported into 

SIMCA software (version P11, Umetrics, Umeå, Sweden).  

 

3.8. Data collection and processing in LC-FL analysis 

 

Agilent Chemstation software was used for automatic peak detection and calculation of 

peak areas of internal standard and 38 detected peaks. Peaks with area lower than 0.5 

and height lower than 0.03 were rejected. The data were then exported into Excel where 

individual injections were averaged and normalised to the internal standard. The data 

matrix constructed in Excel was then directly exported into SIMCA software (version 

P11, Umetrics, Umeå, Sweden). 

3.9. Multivariate data analysis 

 

Software SIMCA 11.5 (Umetrics, Umeå, Sweden) was used throughout. Before 

performing multivariate analysis, each variable was mean-centred and scaled to unit 

variance, which is necessary to attribute the same weight to all variables, irrespective of 

their original numerical value. First, PCA as an unsupervised method was carried out to 

detect outliers. Then a supervised method, PLS-DA, followed. A 7-fold cross-

validation was used for the model building and the evaluation of the significant 

components. PLS-DA score plots were used for the investigation of sample 

classification and loading plots for the selection of potential biomarkers, which were 

then confirmed by t-tests. PLS-DA was also used for class prediction of the samples not 

included in the original model. PLS and OPLS methods were applied for the analysis of 

mixtures of MSM in HDM and desinewed meat, both for biomarker mining and new 

samples class membership prediction. PLS was also applied for the evaluation of results 

from extraction method development studies. 

 

The parameters used to evaluate chemometric models were R
2
X, R

2
Y and Q

2
, where 

R
2
X indicates variation in X-matrix, R

2
Y indicates variation response in matrix Y and 

Q
2 

indicates goodness of fit of the model. The higher the value of R
2
X and R

2
Y, the 

better the model can explain variation in the data. This same is true for Q
2
, which

 
is also 

defined as the predictive ability of the model as described by cross-validation ï its 

values closer to 1 indicate a greater ability of the model to classify new samples.   
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4. Results and discussion 
 

4.1. GC-MS analysis 

 

4.1.1. Extraction method development 

 

Optimisation of an extraction procedure for metabolome analysis is complex, taking 

into consideration the number and chemistry of possible metabolites, as well as the 

selection of available solvents. In our study, the design of the experimental approach 

was used to investigate how the five most commonly used solvents, methanol, ethanol, 

isopropanol, acetonitrile and acetone, affect the extraction efficiency of chicken 

metabolites. Different mixtures of solvents, as shown in Table 3, were used for the 

extraction of metabolites from HDM, desinewed and MSM samples. Obtained extracts 

were analysed with GC-MS and the data evaluated with PLS analysis. A one-

component PLS model was calculated, which explained 63.5% of the variation in the 

integral peak areas (X matrix). The X-score vector t(1) versus Y-score vector u(1) plot 

of this model is presented in Figure 1, with the lower left quadrant representing 

experiments that produced the overall lowest peak areas, and the upper right quadrant 

representing those that yielded the best results in terms of peak areas. As can be seen, 

experiments A09 and A04, which correspond to the mixtures with larger amounts of 

methanol (Table 3), resulted in the highest efficiency of compound extraction overall. 

Superiority of methanol as an extraction solvent for meat metabolites is also shown in a 

PLS loading plot (Figure 2), where the majority of the peaks were strongly and 

positively correlated with methanol. Interestingly, methanol has also been reported to 

be the best solvent for the extraction of small molecular weight compounds in the 

analysis of human blood plasma [
37

], human serum [
38

], intracellular metabolites [
39

], 

Escherichia coli [
40

] and yeast [
41

,
42

] extracts. 

 
Table 3. Experimental design for optimising the extraction conditions of metabolites from chicken 

HDM for GC-MS analysis. 

 
Solvent/ 

Experiment 

Ethanol 

(ml) 

Acetone 

(ml) 

Isopropanol 

(ml) 

Methanol 

(ml) 

Acetonitrile 

(ml) 

A01 10 0 0 0 0 

A02 0 10 0 0 0 

A03 0 0 10 0 0 

A04 0 0 0 10 0 

A05 0 0 0 0 10 

A06 6 1 1 1 1 

A07 1 6 1 1 1 

A08 1 1 6 1 1 

A09 1 1 1 6 1 

A10 1 1 1 1 6 

A11 4 4 2 0 0 

A12 2 2 2 2 2 
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Figure 1. Determination of the optimal solvent for extracting metabolites from chicken HDM ; the 

PLS score plot [t(1)-u(1)] showing the inner correlation structure between the X matrix (the 

experimental conditions; labelling of mixtures as shown in Table 3) and the Y matrix (the 

normalised areas of the GC-MS peaks).  
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Figure 2. Determination of the optimal solvent for extracting metabolites from chicken HDM ; the 

PLS loading plot summarising influence and correlation structure between variables in both the X 

matrix ( large squares, extraction solvents) and Y matrix (small circles, normalised peak areas).  

 

Although methanol extraction was found to be preferable for the majority of 

compounds, it was decided to test whether the addition of water would improve 

extraction efficiency, especially for the more polar compounds. To tune the extraction 

parameters and to investigate how changes in the concentration of methanol affect 

specific metabolites, experiments were carried out in which a proportion of methanol 

compared to water was changed between 60% and 100%. The results are presented in 

Figure 3 in the form of a PLS bi-plot, which shows the correlation between peak areas 
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and methanol/water mixtures. Higher proportions of methanol favoured the extraction 

of lipophilic compounds, such as cholesterol and fatty acids, while higher proportions 

of water recovered more hydrophilic compounds, such as small organic acids, glucose 

and so on. Still, the majority of the molecules were extracted with the higher ratios of 

methanol and, to achieve a compromise between extraction efficiency and chemical 

coverage of extracted compounds, a methanol/water mixture (9:1) was chosen as the 

final extraction solvent.  
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Figure 3. Optimi sation of the methanol-water content of the extraction solvent; the PLS bi-plot 

showing correlation between peak areas and the mixtures of different methanol-water ratios; a ï 

100 % methanol, b ï 90% methanol, c ï 80% methanol, d ï 60% methanol. 

 

As shown below, compounds that were extracted with the optimised method gave a 

wealth of information and enabled differentiation between the meat classes of interest. 

Intra-laboratory validation of the extraction method gave an average intra-day 

extraction repeatability equal to 22% and average inter-day extraction repeatability 

equal to 31%. The obtained repeatability values are in good agreement with the 

extraction repeatability described for the extraction of metabolites from complex matrix 

[
43

]. Good intra- and inter-day extraction repeatability was also evident when PCA 

analysis was applied: intra- and inter-day replicates of the same sample were clustering 

in the same region of the PCA score plot (Figure 4). It was also tested whether the 

extraction efficiency of the one-step method was acceptable; after a second extraction 

step, significantly lower amounts of compounds were detected, with an average of 12% 

of compounds still left in the sample (Figure 5).  
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 A)  

 
B) 

 
Figure 4. PCA score plots for first two scores for three classes of chicken (A) and pork (B) samples. 
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Figure 5. Efficiency of the extraction of selected compounds from chicken hand-deboned meat. 
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4.1.2. GC-MS of meat samples 

 

A representative total ion chromatogram (TIC) of an extract from a chicken MSM Lima 

sample is presented in Figure 6. It illustrates the dynamic diversity between the 

components that exists within the sample. In many cases the peaks of smaller intensity 

cannot be resolved sufficiently to perform quantification by integration of peak areas 

automatically. However, a method that included set retention times for specific 

extracted ion chromatograms for 80 manually selected compounds enabled unequivocal 

peak detection and quantification. In this method each compound was strictly defined 

by its retention time and spectrum, which could then be used for its identification. The 

whole methodology was highly reproducible because of the robustness of retention 

times for GC analysis and high selectivity of the applied MS detector. For multivariate 

analysis it is of the utmost importance that each sample is characterised by the same 

variables, which represent the same metabolites. The methodology described above 

fulfils  these criteria. The proposed approach also enabled direct export of the results 

into Excel, from which, after averaging injections, the matrix consisted of the 

normalised peak areas for each compound at a determined retention time that could be 

created and used by SIMCA software. This data processing method has a significant 

advantage over software-supported methods on the basis of ease of use, speed and 

reliability. Additionally, it does not require application of complicated software. This 

approach, based on extracted ion chromatograms, gives comparable results to those 

obtained with more complex methods such as multivariate curve resolution [
44

]. 

 

Tentative peak identification was made based on the MS spectrum match with the NIST 

database (http://webbook.nist.gov/chemistry/). Different match factors were obtained 

for different compounds. In some cases no matches were possible (these were 

considered as defined unknowns and marked with the letter U). For definite compound 

identification, all markers should be co-chromatographed with authentic standards and 

retention times and the spectra compared. This was, however, beyond the scope of the 

present work, which focused on the PCA/PLS-DA sample classification and 

preliminary selection of compounds as markers. It must also be pointed out that at this 

level confirmation of compound identity is not crucial as long as the metabolite is it is 

unequivocally described in the used system. This is also true for the unresolved 

compounds and is a similar approach to that proposed by Jonsson et al. [
45

], whereby as 

long as the variable is strictly defined it can be treated as a potential marker. As 

mentioned above, as all markers in our study were strictly defined by their retention 

times/indices and mass spectra, if one of them proves to be crucial for MSM 

identification it could be identified in an unequivocal way. 
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Figure 6. TIC  of extract from chicken MSM_Lima sample. 

 

4.1.3. Principal Component Analysis 

 

Figure 4 shows PCA score plots for samples of chicken and pork meat. Whereas for 

pork samples relatively clear separation of the three classes was achieved, for chicken 

samples clear separation of the classes was not possible, since few HDM, desinewed 

and MSM samples were clustering together within the classes. Explained variation in 

X-matrix (R
2
X) and goodness of fit of the model (Q

2
) for the first two dimensions were 

0.55 and 0.46 for pork samples and 0.45 and 0.38 for chicken samples, respectively.  

4.1.4. Partial Least Squares Discriminant Analysis 

 

PLS-DA has an advantage over the PCA method in that it allows the inclusion of class 

membership of the investigated samples into the chemometric model. Figure 7 

illustrates the discriminating ability of the PLS-DA model; for both chicken and pork 

samples better group separation was obtained. Nevertheless, some chicken desinewed 

samples (Newby) clustered very closely to the MSM samples. The model diagnostics 

for the first two dimensions showed explained variation in matrix X equal to 0.43 for 

both kinds of samples, an explained variation response in matrix Y (R
2
Y) equal to 0.72 

for chicken samples and to 0.87 for pork samples, and a goodness of fit (Q
2
) equal to 

0.70 and 0.85, respectively. An improved group separation was achieved when only 

two classes of samples were considered (MSM as one class and desinewed together 

with HDM as another). This was of particular benefit for separation between MSM and 

desinewed chicken samples (Figure 8). This kind of model showed for the first two 

scores better goodness of fit and better explanation of variation in matrix Y than the 

three-class model (R
2
Y=0.86, Q

2
=0.84 for chicken samples and R

2
Y=0.93, Q

2
=0.89 for 

pork samples). The two-class model can serve as an additional prediction tool and can 

be especially useful for MSM-desinewed differentiation of questionable chicken meat 

samples.  
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Figure 7. PLS-DA score plots for first two scores for three classes of chicken (A) and pork (B) 

samples; red ï MSM samples, blue ï desinewed samples, black ï HDM samples. 
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Figure 8. PLS-DA score plot for first two scores for two classes of chicken samples; red ï MSM 

samples, black ï desinewed together with HDM samples. 

 

Partial least squares discriminant analysis can be applied in class membership 

prediction for samples of unknown class. PLS-DA uses a binary variable for Y that 

represents class membership. Predictions have values between 0 and 1 depending on 

class membership, with values higher than 0.5 indicating that the sample belongs to the 

class. Both PLS-DA models were validated by the prediction of class membership for 

three samples (prediction set) excluded from the set of samples used to create the model 

(training set). 

 

For both kinds of meat (chicken and pork) the prediction set consisted of one hand-

deboned, one desinewed and one MSM sample. PLS-DA plots for both training and 

prediction sets for chicken samples are shown in Figure 9. As can be seen, clear 

separation of the samples in the prediction set was obtained and the class predictions 

for these unknown samples for both chicken and pork meat were correct (with 

prediction values higher than 0.5).  

 

For both kinds of meat, PCA and PLS-DA models based on fewer variables were tested 

(data not shown). In this case variables/compounds that were within a sample deviation 

of more than 15% were excluded from the model. These compounds were the ones with 

very small peak areas, which resulted in worse quantification, or compounds where 

derivatives were not stable in time. In all models for the first two dimensions 

application of fewer-variable model resulted in better R
2
X, better Q

2
 for PCA model 

and comparable R
2
Y and Q

2
 for PLS-DA models, probably due to the partial decrease 

of statistical noise obtained after exclusion of the low abundance compounds. However, 

in the discovery of potential biomarkers, an all-variable model must be considered as 

the one giving satisfactory results, enabling tracking of the markers within the whole 

set of extracted compounds. For raw meat material, the fewer-variable model proved to 

be also worse for class-membership prediction than the all-variable model. Inclusion of 

all variables in the model probably overwhelmed the advantage gained from lowering 

of statistical noise in the fewer-variable model.  
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Figure 9. PLS-DA score plots for first two scores in a three-class model for chicken samples; A ï 

training set, B ï prediction set; red ï MSM samples, blue ï desinewed samples, black ï HDM  

samples. 

4.1.5. Potential biomarkers 

 

The PLS analysis results in model coefficients for the variables known as PLS-weights; 

the weights for the X-variables, denoted w, indicate the importance of these variables, 

i.e. how much they óin a relative senseô participate in the modelling of Y; the weights of 

the Y variables, denoted c, indicate which Y-variables are modelled in the respective 

PLS model dimensions. When these coefficients are plotted in a so-called WC plot, a 

picture showing the relations between X and Y is obtained. A WC plot of a three-class 

model for chicken samples is shown in Figure 10. Clustering of some variables near the 

position of ódummyô variables representing each of the meat classes can be observed, 

and these variables could represent potential class markers. For confirmation, t-tests 
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were performed on all variables and this was followed by the analysis of average and 

range values for each compound. Those compounds that showed significant differences 

between classes were chosen as biomarkers. Table 4 shows the average values of 

normalised peak areas and marker properties of the compounds for both chicken and 

pork samples. By comparing the results presented in Table 4 with the WC plot in 

Figure 10, it can be seen that markers with a higher value for one of the classes actually 

gather very close to the ódummy variableô representing this class in the WC plot. 

However, there are other compounds that gather in the same area which after t-test and 

range analysis were rejected as potential biomarkers. This shows that, although WC 

plots are useful for preliminary marker selection, confirmation must be carried out with 

other statistical approaches. 

 

 
 
 

 

 

 

Figure 10. WC plot for first two dimensions in three class model of chicken samples; 1 ï desinewed 

meat, 2 ï mechanically recovered meat, 3 ï hand-deboned meat. 

 

As can be seen in Table 4, for chicken and pork samples no biomarker differentiating 

between all three meat classes was found. There were, however, compounds 

differentiating between two classes and hence a combined analysis of markers 

presented in Table 4 would enable differentiation of all classes of meat samples. 
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Table 4. Potential marker compounds for the differentiation of chicken and pork meat classes (P < 0.0005). 

  Chicken markers Pork markers 

Compound (*) Probability 

of match 

(*)  

Des-

MSM 

Des-

HDM 

MSM-

HDM 

Average value Des-

MSM 

Des-

HDM 

MSM-

HDM 

Average value 

MSM Des HDM MSM Des HDM 

U22 -       +   0.32 0.19 0.30 

U21 -       +   0.09 0.33 0.56 

U20 - + +  0.12 0.22 0.11 +  + 0.34 0.11 0.06 

Glucose 12%   + 0.14 1.06 1.40  + + 0.20 0.58 13.61 

Octadecanoic 

acid 

23%   + 

10.89 13.50 6.69 

+   

11.12 6.27 7.55 

U19 -  +  2.04 4.52 0.10  +  0.40 0.64 0.23 

U18 -        + + 0.02 0.04 0.35 

Ribose 16%        + + 0.09 0.12 0.26 

Hexadecanoic 

acid 

22%       +  + 

18.98 10.99 11.37 

Glucopyranos

e  

4%       +   

1.32 5.66 19.43 

Fructose 

methoxyamin

e 

8%        + + 

1.12 1.67 4.67 

Phosphoric 

acid (1) 

30% +  + 0.78 2.21 2.32 +  + 

3.89 8.92 15.43 

Adenosine 33%       + + + 0.90 1.30 2.05 

Xylitol  8%  + + 1.73 1.50 0.84 +   0.26 0.41 0.40 

Threonic acid  12%       + +  0.08 0.15 0.09 

U11 -       +   0.04 0.02 0.02 

Alanine (1) 44%       +  + 1.54 2.71 3.16 

Uracil  59%  + + 2.53 2.97 0.73  + + 2.04 1.17 0.31 

Glyceric acid 25% + +  1.37 4.80 1.08  +  1.23 2.06 1.18 

Phosphoric 

acid (2) 

19%       +   

41.32 69.91 70.61 

Butanoic acid 

(1) 

48%   + 0.21 0.19 0.10 + +  

0.09 0.12 0.08 

Butanoic acid 

(2) 

21%        +  

0.24 0.18 0.30 

U04 -       +   2.06 2.76 2.91 

1-monostearin 68%  +  1.50 3.15 1.11  +  0.89 0.51 0.71 

Oleate 24%        + + 30.16 13.94 5.17 

Linoleate 51%  + + 7.26 19.06 2.51   + 11.53 5.55 4.63 

Palmitelaidic 

acid 

43%  +  1.20 3.08 0.35   + 

1.41 0.68 0.21 

Cholesterol 10%       +   5.82 3.87 5.38 



 27 

N-

acetylglutamic 

acid 

34%  + + 

2.27 4.57 0.78 

   

   

Pyroglutamic 

acid 

34%  + + 

2.83 3.44 1.23 

   

   

Serine 22%  +  0.79 1.29 0.42       

U05 -  + + 0.01 0.01 0.06       

Glycine 58%   + 0.27 0.40 0.57       

Alanine (2) 34%  +  1.14 1.32 0.72       

Myo-Inositol 26%  + + 31.18 28.73 9.81       

U01 -  +  0.05 0.01 0.16       

* - compound identification tentative based on the best NIST match of the MS spectrum; U ï unknown; for details see text
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4.1.6. PLS-DA of cooked and commercial samples 

 

In Figure 11 PLS-DA score plots of prediction sets created from cooked pork samples 

(desinewed, MSM and hand-deboned) and from commercially available pork sausages 

are presented. Sausage samples were correctly classified as HDM (in agreement with 

their labelling), both by their position in the HDM area of the PLS-DA score plot and by 

their predictions for HDM class membership being higher than 0.5. This result 

demonstrates that the developed method can be used for the classification of commercial 

products, even if they are complex mixtures of meat and other additives (e.g. 

polysaccharides, preservatives). Correct spatial and numerical class prediction was also 

obtained for the cooked samples, for both chicken and pork meat. This was achieved even 

though the normalised peak areas of the investigated compounds changed during 

cooking, resulting in different marker compounds for cooked samples compared to fresh 

samples.  

 

Due to the changes in compound concentrations resulting from the heat processing of 

samples, a new chemometric model should be created for the reliable classification of 

cooked samples. This model would contain a wider database that is needed for the 

comprehensive investigation of processed chicken and pork samples. The analysis of 

cooked samples was beyond the scope of the present study. However, we have shown the 

potential of the developed methodology for the verification of heat-processed meat. 
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Figure 11. PLS-DA score plots for first two scores in a three-class model for pork samples; A ï 

training set, B ï commercially available pork sausages as prediction set, C ï cooked HDM, MSM and 

desinewed samples as prediction set; red ï MSM samples, blue ï desinewed samples, black ï HDM 

samples. 
 

4.1.7. PLS-DA in species differentiation 

 

Preliminary investigations were carried out to see if the proposed methodology could be 

applied in the field of meat species differentiation. A PLS-DA model using all samples as 

the training set was created and the results are presented in Figure 12. As can be seen, 

very good separation of both species was obtained, with the following model parameters 

for first two scores: R
2
X=0.43, R

2
Y=0.93 and Q

2
=0.92. Mixtures of MSM with 

desinewed meat and HDM (see next section), for both pork and chicken samples, were 

used as a prediction set. They were correctly predicted when both spatial and prediction 

coefficient values were considered. This example shows the potential of applying a 

metabolomic approach for meat species differentiation. 
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Figure 12. PLS-DA score plots for first two scores in a two-class model for pork and chicken 

samples; A ï training set, B ï prediction set from mixtures of MSM in HDM and desinewed meat; 

red ï chicken samples, blue ï pork samples. 

-8

-6

-4

-2

0

2

4

6

8

-12 -11 -10 -9 -8 -7 -6 -5 -4 -3 -2 -1 0 1 2 3 4 5 6 7 8 9 10 11 12

t[
2
]

t[1]

Pork and chicken together_28042008.M1 (PLS-DA)

t[Comp. 1]/t[Comp. 2]

Colored according to classes in M1

R2X[1] = 0.254223            R2X[2] = 0.174998            

Ellipse: Hotelling T2 (0.95) 

Class 1

Class 2

HDMHDMHDM Tesco_FresTesco_FresTesco_Fres

Tesco_FresTesco_Fres

Tesco_Fres

MRM_Lima_0MRM_Lima_0
MRM_Lima_0MRM_LimaMRM_Lima
MRM_Lima

MRM_SPMRM_SPMRM_SP

MRM_SS
MRM_SSMRM_SS
MRM_WBMRM_WBMRM_WB

MRM_PLLMRM_PLLMRM_PLL
MRM_PMLMRM_PML

MRM_PML

MRM_PMSMRM_PMS
MRM_PMS

MRM_BelgiuMRM_Belgiu

MRM_Belgiu

Newby_PostNewby_PostNewby_Post

Newby_PreNewby_PreNewby_Pre

HDM_300820

HDM_300820
HDM_300820

HDM_070920

HDM_070920
HDM_070920

HDM_110920

HDM_110920
HDM_110920

HDM_Tesco_
HDM_Tesco_

HDM_Tesco_HDM_Tesco_HDM_Tesco_HDM_Tesco_

MRM_LIMA_3
MRM_LIMA_3MRM_LIMA_3

MRM_LIMA_0MRM_LIMA_0MRM_LIMA_0MRM_LIMA_1MRM_LIMA_1MRM_LIMA_1MRM_SP
MRM_SPMRM_SP

MRM_SSMRM_SSMRM_SS

MRM_WBMRM_WB
MRM_WB

MRM_CLS_Re
MRM_CLS_ReMRM_CLS_ReMRM_CLS_WhMRM_CLS_WhMRM_CMS_Wh

MRM_CMS_Re
MRM_CMS_Re

MRM_CHS_Re
MRM_CHS_Re

MRM_CHS_Re

BDBaader
BDBaader

BDBaader

BDBaader

French
French

French

KBCDMP45

KBCDMP45KBCDMP45

KBCDMP45

BDDMP45BDDMP45

BDDMP45

DCKBaader

DCKBaaderDCKBaader

DCKBaader DCWBaaderDCWBaader
DCWBaader

DCNDMP45DCNDMP45

DCNDMP45

Newby_PostNewby_PostNewby_Post
Newby_Pre_Newby_Pre_Newby_Pre_

SIMCA-P 11.5 - 29/04/2008 09:41:54

-8

-6

-4

-2

0

2

4

6

8

-12 -11 -10 -9 -8 -7 -6 -5 -4 -3 -2 -1 0 1 2 3 4 5 6 7 8 9 10 11 12

tP
S

[2
]

tPS[1]

Pork and chicken together_28042008.M1 (PLS-DA), PS-Pork and chicken together_28042008

tPS[Comp. 1]/tPS[Comp. 2]

R2X[1] = 0.254223              R2X[2] = 0.174998              

Ellipse: Hotelling T2PS (0.95) 

Tesco_Heal
Tesco_HealTesco_Heal

Tesco_ThicTesco_Thic
Tesco_Thic

Newby50_LiNewby50_LiNewby50_Li

Newby80_LiNewby80_LiNewby80_LiNewby90_LiNewby90_LiNewby90_LiNewby95_LiNewby95_LiNewby95_Li
HDM50_LimaHDM50_LimaHDM50_Lima

HDM80_LimaHDM80_LimaHDM80_Lima

HDM90_LimaHDM90_LimaHDM90_Lima

HDM95_Lima
HDM95_LimaHDM95_Lima

Newby50_PM
Newby50_PMNewby50_PM

Newby80_SSNewby80_SSNewby80_SS

Newby90_PMNewby90_PMNewby90_PM

Newby95_SSNewby95_SS
Newby95_SS

HDM50_SS50HDM50_SS50
HDM50_SS50
TescoMinceTescoMinceTescoMince

HDM90_PMS1HDM90_PMS1HDM90_PMS1
TescoMinceTescoMinceTescoMince

HDM_RepetiHDM_Repeti
HDM_RepetiMRM_LIMA_1MRM_LIMA_1MRM_LIMA_1

HDM50_LimaHDM50_Lima
HDM50_Lima

HDM80_LimaHDM80_Lima
HDM80_LimaHDM90_Lima
HDM90_Lima

HDM90_Lima

HDM95_LimaHDM95_LimaHDM95_Lima

DesFr50_Li
DesFr50_LiDesFr50_Li

DesFr80_Li
DesFr80_LiDesFr80_Li

DesFr90_LiDesFr90_LiDesFr90_Li

DesFr95_LiDesFr95_Li
DesFr95_LiTescoFilleTescoFille

TescoFille

SIMCA-P 11.5 - 28/04/2008 15:18:33

CHICKEN 

PORK 



 31 

 
Table 5. Values of prediction coefficients for mixtures of chicken meat in PLS-DA models. 

 
Mixture 

(% of MSM) 
Three-class PLS-DA model  Two-class PLS-DA model  Three-class marker model 

HDM class MSM class Desinewed class  Other classes MSM class  HDM class MSM class Desinewed class 

HDM_Lima (50%) 0.64 0.52 -0.16  0.51 0.49  0.24 0.65 0.10 

HDM_Lima (20%) 0.91 0.19 -0.10  0.80 0.20  1.00 0.40 -0.40 

HDM_Lima (10%) 1.01 0.03 -0.04  0.98 0.02  1.05 0.31 -0.36 

HDM_Lima (5%) 0.67 0.24 0.09  0.72 0.28  1.23 0.24 -0.48 

France_Lima (50%) -0.10 0.91 0.20  0.04 0.96  -0.10 1.00 0.10 

France_Lima (20%) 0.12 0.31 0.56  0.65 0.35  0.44 0.26 0.30 

France_Lima (10%) -0.07 0.46 0.61  0.52 0.48  -0.06 0.34 0.73 

France_Lima (5%) 0.13 0.10 0.77  0.86 0.14  0.37 0.02 0.61 

Tesco_Healthy_CHS (50%) 0.29 0.43 0.28  0.54 0.46  0.44 0.50 0.06 

Tesco_Value_SS (20%) 0.53 0.60 -0.12  0.40 0.60  0.84 0.75 -0.58 

Tesco_Healthy_CMS (10%) 0.51 0.59 -0.10  0.42 0.58  0.76 0.70 -0.46 

Tesco_Value_CLS (5%) 0.69 -0.13 0.44  1.11 -0.11  1.08 0.09 -0.16 

DCWBaader_CHS (50%) 0.02 0.33 0.65  0.68 0.32  -0.10 0.43 0.67 

DCKBaader_SS (20%) 0.19 0.10 0.71  0.94 0.06  0.04 0.19 0.77 

BDDMP45_CLS (10%) 0.04 0.31 0.64  0.69 0.31  0.03 0.40 0.58 

DCNDMP45_WB (5%) 0.26 -0.14 0.88  1.18 -0.18  0.02 0.05 0.93 

 

Table 6. Values of prediction coefficients for mixtures of pork meat in PLS-DA models. 

 
Mixture 

(% of MSM) 

Three-class PLS-DA model  Two-class PLS-DA model  Three-class marker model 

HDM class MSM class Desinewed class  Other classes MSM class  HDM class MSM class Desinewed class 

HDM_Lima (50%) 0.34 0.77 -0.10  0.19 0.81  0.26 0.99 -0.25 

HDM_Lima (20%) 0.62 0.46 -0.08  0.55 0.45  0.42 0.60 -0.02 

HDM_Lima (10%) 0.78 0.23 -0.01  0.86 0.14  0.63 0.47 -0.10 

HDM_Lima (5%) 0.95 0.06 -0.01  0.97 0.03  0.76 0.47 -0.23 

Tesco_Mince_SS (50%) 0.47 0.40 0.13  0.59 0.41  0.39 0.51 0.10 

Tesco_Mince_PMS (20%) 0.54 0.07 0.39  1.05 -0.05  0.73 0.26 0.01 

Tesco_Mince_PMS (10%) 0.54 0.49 -0.03  0.61 0.39  0.60 0.76 -0.36 

Tesco_Mince_PMS (5%) 0.65 -0.05 0.41  1.17 -0.17  0.81 0.12 0.07 

Newby_Pre_Lima (50%) 0.16 0.64 0.20  0.24 0.76  0.09 0.69 0.22 

Newby_Pre_Lima (20%) 0.30 0.40 0.29  0.36 0.64  0.14 0.46 0.40 

Newby_Pre_Lima (10%) 0.21 0.22 0.57  0.52 0.48  0.07 0.42 0.51 

Newby_Pre_Lima (5%) 0.20 0.19 0.61  0.59 0.41  0.04 0.40 0.57 

Newby_Pre_PMS (50%) -0.01 0.46 0.55  0.59 0.41  0.10 0.70 0.19 

Newby_Pre_SS (20%) 0.28 -0.07 0.80  0.94 0.06  0.13 0.38 0.49 

Newby_Pre_PMS (10%) 0.07 0.14 0.79  0.97 0.03  0.14 0.47 0.39 

Newby_Pre_SS (5%) 0.15 0.02 0.83  1.08 -0.08  0.14 0.43 0.42 
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4.1.8. Analysis of mixtures 

 

PLS-DA approach 

 

Mixtures of both chicken and pork MSM with HDM and desinewed meat were prepared 

as described in the experimental section and in Table 1 and Table 2. To evaluate the 

obtained data and to predict class membership of mixtures, PLS-DA models created from 

raw samples were employed. All mixtures were positioned correctly in the PLS-DA score 

plots between the respective raw materials and the prediction coefficients obtained for 

three PLS-DA models are presented in Table 5 and Table 6. Values higher than 0.5 show 

that the sample belongs to that class. 

 

As can be seen, most of the mixtures containing 50% MSM were classified by the three-

class model as MSM. For some of the 20% mixtures, MSM classification could be 

obtained when other models were applied, such as a two-class model with MSM as one 

class and desinewed together with HDM as the other, or a model based only on the 

pork/chicken markers listed in Table 4. Here the advantage of a multivariate approach 

was proven in that all models could be created on the same set of data and hence 

elucidation of results could be done without performing additional experiments. It seems, 

however, that for a PLS-DA approach a threshold level of 20% MSM is the best that can 

be achieved. It is also worth noticing that lower class membership predictions were 

obtained for chicken samples compared to pork samples. This seems reasonable taking 

into account that, especially for the desinewed class, a greater variety of samples were 

obtained for chicken compared with pork, resulting in more complex mixture. This 

highlights again that natural variance within the meat samples can be considered a 

significant factor hindering MSM detection in meat products. 

 

Together with PLS-DA predictions, biomarkers listed in Table 4 were analysed as 

markers for MSM mixtures. Except for a few cases where 50% MSM mixtures could be 

detected as MSM-containing product based on their markersô values, this kind of analysis 

proved to be of no use in MSM detection. 

 

We also noted that application of a PLS-DA model with each mixture was not successful 

in MSM prediction. This can be explained by the fact that PLS-DA itself is a method that 

is most suited to the analysis of up to three classes of samples. 

 

PLS and OPLS approach 

 

Another method to analyse mixtures is to apply a multivariate calibration approach, such 

as PLS/OPLS, where one set of samples would be used to create a multidimensional 

calibration curve for the MSM concentration prediction of the other set of mixtures. 

Analysis of PLS or OPLS loading plots would also enable selection of compounds that 

change linearly with a linear change of MSM concentration and could be good candidates 

for potential biomarkers in mixture analysis. These compounds can be found on the far 

right and left ends of the PLS and OPLS loading plots. OPLS models seem to be better 

for marker selection, as these models separate noise from the predictive variation in the 
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data matrix; however, the predictive ability of both methods (PLS and OPLS) towards 

new samples is the same. 

 

The first attempt using this approach used mixtures of one kind of HDM/desinewed meat 

with one MSM type as the test set to build the model. Results of this investigation are 

presented in the second column of Table 7 and Table 8, where prediction coefficients as 

expected concentrations of MSM in test mixtures are given. As can be seen, this approach 

did not give reliable results for most of the samples. Additionally, all of the test mixtures 

were shown not to belong to the model, which further hinders application of this 

approach. What is interesting, however, is that analysis of OPLS loading plots revealed 

compounds that changed linearly with the change of MSM concentration, with very good 

values of regression coefficients (Figure 13 and Figure 14), especially if only HDM-

MSM or desinewed-MSM mixtures were used for model creation. When a combined 

model was created from HDM-MSM and desinewed-MSM mixtures, deviation from 

linearity for the potential biomarkers was observed for lower MSM concentrations; 

clearly as a result of differences in composition between HDM and desinewed materials 

(MSM material used in these samples was the same). The results demonstrate, however, 

the possibility of the application of a PLS/OPLS approach to identify biomarkers in 

mixtures consisting of exactly the same kind of material. 

 
Table 7. Values of prediction coefficients (expected MSM concentration) for mixtures of pork meat in 

PLS models. 

Sample PLS (less samples) PLS ( more samples) 

Tesco_Fresh_Minced -46.3 -4.67 

Tesco_Fresh_Fillet -25.4 -13.83 

Newby_Post - 7.61 

Newby_Pre -4.5 -1.34 

MSM_Lima 89.4 109.46 

MSM_SP 44.3 88.79 

MSM_SS 38.1 80.32 

MSM_WB 48.1 87.29 

MSM_PLL 91.8 100.36 

MSM_PML 99.7 92.22 

MSM_PMS 85.4 102.01 

MSM_Belgium 99.2 93.85 

Newby_Pre 50%_Lima 50% - 53.69 

Newby_Pre 80%_Lima 20% - 27.68 

Newby_Pre 90%_Lima 10% - 17.50 

Newby_Pre 95%_Lima 5% - 7.86 

HDM 50%_Lima 50% - 57.70 

HDM 80%_Lima 20% - 33.64 

HDM 90%_Lima 10% - -2.73 

HDM 95%_Lima 5% - 3.23 

Newby_Pre 50%_PMS 50% 43.6 42.71 

Newby_Pre 80%_SS 20% 7.5 10.87 

Newby_Pre 90%_PMS 10% 13.7 14.80 

Newby_Pre 95%_SS 5% 9.7 4.37 

HDM 50%_SS 50% 16.6 39.26 

Tesco_Mince 80%_PMS 20% -9.2 20.21 

HDM 90%_PMS 10% 24.4 25.17 

TescoMince 95%_PMS 5% -21.8 8.91 

HDM 3.6 18.97 
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As the first approach was not very successful in classifying MSM mixtures, it was further 

tested to verify whether implementation of additional mixtures into the model would 

improve its performance. Two samples of each of the mixture from those listed in Table 1 

and Table 2 together with additional MSM and HDM samples were used for the creation 

of the model, with the remaining samples used as a test set. Results in the form of 

predicted MSM concentrations are presented in the third column in Table 7 and Table 8. 

As can be seen, widening of the model not only improved its predictive ability (most of 

the MSM concentrations were predicted with much higher accuracy than in the previous 

model), but also resulted in the classification of all tested mixtures as belonging to the 

model, which indicates the greater  robustness of the approach. 

 
Table 8. Values of prediction coefficients (expected MSM concentration) for mixtures of chicken 

meat in PLS models. 

Sample PLS (less samples) PLS ( more samples) 

HDM -1.61 -5.91 

Tesco_Healthy 12.58 18.48 

Tesco_Value 1.70 -24.88 

MSM_LIMA_1 100.03 99.95 

MSM_LIMA_2 83.52 81.90 

MSM_SP 71.15 77.27 

MSM_SS 60.14 72.42 

MSM_WB 59.70 84.02 

MSM_CLS 66.72 77.75 

MSM_CMS 68.91 86.38 

MSM_CHS 62.96 106.47 

BDBaader 52.80 -8.54 

French - 4.81 

KBCDMP45 7.95 -4.71 

BDDMP45 82.76 13.84 

DCKBaader 37.98 -3.40 

DCWBaader 52.67 0.70 

DCNDMP45 69.16 9.45 

Newby_Post 43.72 15.39 

Newby_Pre 31.16 -9.29 

HDM 50%_Lima 50% - 49.08 

HDM 80%_Lima 20% - 17.10 

HDM 90%_Lima 10% - -1.03 

HDM 95%_Lima 5% - 24.42 

French 50%_Lima 50% - 56.50 

French 80%_Lima 20% - 27.72 

French 90%_Lima 10% - 26.78 

French 95%_Lima 5% - 12.33 

Tesco_Healthy 50%_CHS 50% 30.91 50.50 

Tesco_Value 80%_SS 20% 21.25 19.82 

Tesco_Healthy 90%_CMS 10% 23.01 22.88 

Tesco_Value 95%_CLS 5% 1.45 -10.27 

DCWBaader 50%_CHS 50% 38.33 50.69 

DCKBaader 80%_SS 20% 38.94 25.71 

BDDMP45 90%_CLS 10% 80.75 23.62 

DCNDMP45 95%_WB 5% 43.56 2.44 
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 OPLS loading plot (p(1)) Marker 1  Marker 2  

A 

-0.2

-0.1

-0.0

0.1

0.2
U

ra
c
il 

2
 T

U
1
9

O
le

a
te

P
a
lm

ite
la

i
U

1
9

L
in

o
le

a
te

M
a
le

ic
 a

c
i

M
y
o
-I

n
o
s
it

G
ly

c
in

e
 3

 
N

-a
c
e
ty

lg
l

H
e
x
a
d
e
c
a
n
o

T
y
ro

s
in

e
1
-m

o
n
o
p
a
lm

R
ib

o
s
e
 m

e
t

S
e
ri
n
e
 (

?
)

P
h
o
s
p
h
o
ri
c

L
e
u
c
in

e
U

2
1

C
h
o
le

s
te

ro
O

c
ta

d
e
c
a
n
o

P
ro

lin
e
 2

T
P

a
n
th

o
te

n
i

U
1
7

B
u
ta

n
o
ic

 a
A

s
p
a
rt

ic
 a

L
y
s
in

e
 3

 T
G

lu
ta

m
ic

 a
1
-m

o
n
o
o
le

o
B

e
n
z
e
n
e
a
c
e

U
1
1

P
y
ro

g
lu

ta
m

X
y
lit

o
l 5

T
B

u
ta

n
o
ic

 a
P

h
e
n
y
la

la
n

S
e
ri
n
e

G
ly

c
e
ri
c
 a

U
1
5

1
-m

o
n
o
s
te

a
E

ic
o
s
a
n
o
ic

U
1
0

U
0
8

P
ro

lin
e

A
la

n
in

e
 2

T
A

ra
c
h
id

o
n
i

U
0
4

R
ib

ito
l 5

T
U

0
7

U
1
1

G
lu

c
o
s
e
 3

In
o
s
in

e
L
-a

s
p
a
rg

in
G

lu
c
o
s
e
 m

e
U

2
0

P
h
o
s
p
h
o
ri
c

G
lu

c
o
s
e
 2

G
lu

c
o
s
e
 1

U
1
6

U
1
7
_
1

P
h
o
s
p
h
o
ri
c

F
u
m

a
ri
c
 a

c
U

l1
6

C
re

a
tin

e
U

0
5

T
h
re

o
n
ic

 a
U

1
2

P
h
o
s
p
h
o
ri
c

U
1
8

1
-m

o
n
o
lin

o
G

ly
c
in

e
?

G
lu

c
o
p
y
ra

n
V

a
lin

e
 (

?
)

R
ib

o
s
e
 d

e
r

U
l

U
0
9

L
a
c
tic

 a
c
i

A
d
e
n
o
s
in

e
 

3
-h

y
d
ro

x
y
b

A
la

n
in

e
 3

 
U

1
4

F
ru

c
to

s
e
 m

M
a
la

te

p
[1

]P

Var ID (Name)

Summary_Linear_22052008.M1 (OPLS)

p[Comp. 1]

R2X[1] = 0.389068 SIMCA-P 11.5 - 30/06/2008 11:31:22  

Uracil 2 TMS, HDM

y = 0.0219x + 0.285

R2 = 0.9958

0.00

0.50

1.00

1.50

2.00

2.50

3.00

0 20 40 60 80 100 120

 

Malate, HDM

y = -0.0299x + 3.6977

R2 = 0.9111

0.00

1.00

2.00

3.00

4.00

5.00

0 20 40 60 80 100 120

 

B 

-0.2

-0.1

-0.0

0.1

0.2

U
1
9

U
ra

c
il 

2
 T

O
c
ta

d
e
c
a
n
o

O
le

a
te

H
e
x
a
d
e
c
a
n
o

E
ic

o
s
a
n
o
ic

L
in

o
le

a
te

M
a
le

ic
 a

c
i

U
1
5

U
1
1

P
a
lm

ite
la

i
1
-m

o
n
o
p
a
lm

P
h
o
s
p
h
o
ri
c

C
h
o
le

s
te

ro
U

2
1

N
-a

c
e
ty

lg
l

U
0
8

1
-m

o
n
o
s
te

a
1
-m

o
n
o
lin

o
U

1
6

U
1
0

R
ib

o
s
e
 m

e
t

U
1
7

M
y
o
-I

n
o
s
it

G
lu

ta
m

ic
 a

B
e
n
z
e
n
e
a
c
e

F
u
m

a
ri
c
 a

c
T

y
ro

s
in

e
1
-m

o
n
o
o
le

o
G

ly
c
in

e
 3

 
L
-a

s
p
a
rg

in
P

ro
lin

e
 2

T
U

0
5

U
0
4

3
-h

y
d
ro

x
y
b

U
1
1

U
0
9

In
o
s
in

e
G

lu
c
o
s
e
 3

P
a
n
th

o
te

n
i

B
u
ta

n
o
ic

 a U
l

U
0
7

U
1
7
_
1

A
ra

c
h
id

o
n
i

G
lu

c
o
s
e
 2

G
lu

c
o
s
e
 1

P
y
ro

g
lu

ta
m

L
a
c
tic

 a
c
i

G
lu

c
o
p
y
ra

n
S

e
ri
n
e
 (

?
)

C
re

a
tin

e
L
e
u
c
in

e
U

1
2

P
ro

lin
e

A
la

n
in

e
 2

T
V

a
lin

e
 (

?
)

X
y
lit

o
l 5

T
S

e
ri
n
e

G
lu

c
o
s
e
 m

e
A

s
p
a
rt

ic
 a

A
d
e
n
o
s
in

e
 

R
ib

ito
l 5

T
P

h
e
n
y
la

la
n

U
1
8

U
1
4

P
h
o
s
p
h
o
ri
c

L
y
s
in

e
 3

 T
G

ly
c
in

e
?

U
2
0

R
ib

o
s
e
 d

e
r

M
a
la

te
F

ru
c
to

s
e
 m

U
1
9

B
u
ta

n
o
ic

 a
P

h
o
s
p
h
o
ri
c

A
la

n
in

e
 3

 
U

l1
6

P
h
o
s
p
h
o
ri
c

G
ly

c
e
ri
c
 a

T
h
re

o
n
ic

 a

p
[1

]P

Var ID (Name)

Summary_Linear_22052008.M2 (OPLS)

p[Comp. 1]

R2X[1] = 0.409652 SIMCA-P 11.5 - 30/06/2008 11:32:18  

U19, desinewed

y = 0.0015x + 0.1251

R2 = 0.9412

0.00

0.05

0.10

0.15

0.20

0.25

0.30

0 20 40 60 80 100 120

 

Uracil, desinewed

y = 0.0132x + 1.073

R2 = 0.931

0.00

0.50

1.00

1.50

2.00

2.50

3.00

0 20 40 60 80 100 120

 

C 

-0.3

-0.2

-0.1

-0.0

0.1

0.2

U
1
9

H
e
x
a
d
e
c
a
n
o

U
ra

c
il 

2
 T

O
le

a
te

L
in

o
le

a
te

1
-m

o
n
o
p
a
lm

M
a
le

ic
 a

c
i

N
-a

c
e
ty

lg
l

O
c
ta

d
e
c
a
n
o

P
a
lm

ite
la

i
P

h
o
s
p
h
o
ri
c

U
2
1

C
h
o
le

s
te

ro
M

y
o
-I

n
o
s
it

U
1
7

G
ly

c
in

e
 3

 
U

1
1

1
-m

o
n
o
s
te

a
R

ib
o
s
e
 m

e
t

T
y
ro

s
in

e
G

lu
ta

m
ic

 a
U

1
5

B
e
n
z
e
n
e
a
c
e

1
-m

o
n
o
o
le

o
P

ro
lin

e
 2

T
E

ic
o
s
a
n
o
ic

S
e
ri
n
e
 (

?
)

U
0
8

P
a
n
th

o
te

n
i

L
e
u
c
in

e
U

1
9

B
u
ta

n
o
ic

 a
1
-m

o
n
o
lin

o
U

1
0

A
s
p
a
rt

ic
 a

P
y
ro

g
lu

ta
m

U
0
4

U
1
6

X
y
lit

o
l 5

T
P

h
e
n
y
la

la
n

B
u
ta

n
o
ic

 a
A

ra
c
h
id

o
n
i

S
e
ri
n
e

3
-h

y
d
ro

x
y
b

L
y
s
in

e
 3

 T
U

0
7

L
-a

s
p
a
rg

in
G

lu
c
o
s
e
 3

In
o
s
in

e
U

1
1

G
lu

c
o
s
e
 2

G
lu

c
o
s
e
 1

F
u
m

a
ri
c
 a

c
U

0
9

R
ib

ito
l 5

T
G

ly
c
e
ri
c
 a

P
ro

lin
e

U
1
8

U
0
5

U
1
7
_
1

A
la

n
in

e
 2

T
G

lu
c
o
p
y
ra

n
U

1
2

G
lu

c
o
s
e
 m

e
C

re
a
tin

e
L
a
c
tic

 a
c
i

U
l1

6
P

h
o
s
p
h
o
ri
c

P
h
o
s
p
h
o
ri
c

V
a
lin

e
 (

?
)

R
ib

o
s
e
 d

e
r

U
l

G
ly

c
in

e
?

U
2
0

M
a
la

te
T

h
re

o
n
ic

 a
P

h
o
s
p
h
o
ri
c

A
d
e
n
o
s
in

e
 

F
ru

c
to

s
e
 m

A
la

n
in

e
 3

 
U

1
4

p
[1

]P

Var ID (Name)

Summary_Linear_22052008.M3 (OPLS)

p[Comp. 1]

R2X[1] = 0.207496 SIMCA-P 11.5 - 30/06/2008 11:33:07  

U19

y = 0.0018x + 0.0888

R2 = 0.7432

0.00

0.05

0.10

0.15

0.20

0.25

0.30

0 20 40 60 80 100 120

 

U14

y = -0.0009x + 0.1395

R2 = 0.6357

0.00

0.05

0.10

0.15

0.20

0 20 40 60 80 100 120

 

Figure 13. OPLS loading plots and calibration curves for selected potential biomarkers in analysis of pork meat mixtures with limited training set ; A ï only 

HDM -MSM model, B ï only desinewed-MSM model, C ï combined HDM and desinewed versus MSM model. 
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 OPLS loading plot (p(1)) Marker 1  Marker 2  

A 

-0.3

-0.2

-0.1

-0.0

0.1

0.2

0.3
U

1
7

U
1
9

M
y
o
-I

n
o
s
it

O
le

a
te

L
in

o
le

a
te

U
ra

c
il 

2
 T

U
2
0

P
y
ro

g
lu

ta
m

P
h
o
s
p
h
o
ri
c

O
c
ta

d
e
c
a
n
o

H
e
x
a
d
e
c
a
n
o

A
s
p
a
rt

ic
 a

P
ro

lin
e

P
a
lm

it
e
la

i
L
e
u
c
in

e
G

lu
ta

m
ic

 a
E

ic
o
s
a
n
o
ic

U
1
9

L
y
s
in

e
 3

 T
1
-m

o
n
o
s
te

a
P

ro
lin

e
 2

T
T

y
ro

s
in

e
X

y
lit

o
l 
5
T

S
e
ri
n
e

A
ra

c
h
id

o
n
i

U
0
9

B
e
n
z
e
n
e
a
c
e

N
-a

c
e
ty

lg
l

B
u
ta

n
o
ic

 a
G

ly
c
in

e
 3

 
U

0
4

A
la

n
in

e
 2

T
U

0
7

L
a
c
ti
c
 a

c
i

1
-m

o
n
o
lin

o
M

a
le

ic
 a

c
i

U
0
8

U
1
1

1
-m

o
n
o
p
a
lm

F
u
m

a
ri
c
 a

c
S

e
ri
n
e
 (

?
)

P
h
e
n
y
la

la
n

U
1
6

1
-m

o
n
o
o
le

o
T

h
re

o
n
ic

 a
U

2
1

U
1
5

In
o
s
in

e
U

1
7
_
1 U
l

U
l1

6
G

lu
c
o
s
e
 2

P
h
o
s
p
h
o
ri
c

F
ru

c
to

s
e
 m

B
u
ta

n
o
ic

 a
G

lu
c
o
s
e
 1

U
1
1

P
h
o
s
p
h
o
ri
c

G
ly

c
e
ri
c
 a

R
ib

it
o
l 
5
T

R
ib

o
s
e
 m

e
t

C
h
o
le

s
te

ro
G

lu
c
o
s
e
 3

U
1
8

L
-a

s
p
a
rg

in
R

ib
o
s
e
 d

e
r

U
1
2

U
1
4

A
d
e
n
o
s
in

e
 

M
a
la

te
3
-h

y
d
ro

x
y
b

G
lu

c
o
p
y
ra

n
V

a
lin

e
 (

?
)

P
a
n
th

o
te

n
i

G
lu

c
o
s
e
 m

e
U

1
0

G
ly

c
in

e
?

C
re

a
ti
n
e

U
0
5

P
h
o
s
p
h
o
ri
c

A
la

n
in

e
 3

 

p
[1

]P

Var ID (Name)

SUMMARY_PLSLima_26062008.M2 (OPLS)

p[Comp. 1]

R2X[1] = 0.258763 SIMCA-P 11.5 - 26/06/2008 15:16:16

 

U17, HDM

y = 0.0148x + 0.1155

R2 = 0.9627

0.00

0.20

0.40

0.60

0.80

1.00

1.20

1.40

1.60

1.80

2.00

0 20 40 60 80 100 120

 

U19, HDM

y = 0.0072x + 0.0532

R2 = 0.9474

0.00

0.20

0.40

0.60

0.80

1.00

1.20

0 20 40 60 80 100 120

 
B 

-0.2

-0.1

-0.0

0.1

0.2

0.3

U
1
7

M
y
o
-I

n
o
s
it

U
l

U
2
0

3
-h

y
d
ro

x
y
b

F
u
m

a
ri
c
 a

c
P

h
o
s
p
h
o
ri
c

L
a
c
tic

 a
c
i

U
0
8

U
0
9

U
1
1

U
1
6

O
c
ta

d
e
c
a
n
o

E
ic

o
s
a
n
o
ic

U
1
0

P
ro

lin
e

H
e
x
a
d
e
c
a
n
o

P
y
ro

g
lu

ta
m

B
u
ta

n
o
ic

 a
U

2
1

U
0
7

C
h
o
le

s
te

ro
X

y
lit

o
l 5

T
P

h
o
s
p
h
o
ri
c

G
lu

ta
m

ic
 a

M
a
la

te
U

1
9

A
ra

c
h
id

o
n
i

U
1
5

U
ra

c
il 

2
 T

G
lu

c
o
s
e
 2

S
e
ri
n
e

In
o
s
in

e
U

0
4

P
ro

lin
e
 2

T
R

ib
o
s
e
 m

e
t

B
u
ta

n
o
ic

 a
V

a
lin

e
 (

?
)

P
a
n
th

o
te

n
i

A
s
p
a
rt

ic
 a

U
1
7
_
1

U
1
1

B
e
n
z
e
n
e
a
c
e

U
1
8

U
1
4

L
e
u
c
in

e
G

lu
c
o
s
e
 3

S
e
ri
n
e
 (

?
)

U
l1

6
L
y
s
in

e
 3

 T
U

0
5

O
le

a
te

G
lu

c
o
s
e
 1

R
ib

ito
l 5

T
P

h
o
s
p
h
o
ri
c

L
-a

s
p
a
rg

in
T

h
re

o
n
ic

 a
U

1
2

A
la

n
in

e
 2

T
M

a
le

ic
 a

c
i

U
1
9

P
h
e
n
y
la

la
n

G
lu

c
o
s
e
 m

e
R

ib
o
s
e
 d

e
r

C
re

a
tin

e
N

-a
c
e
ty

lg
l

G
lu

c
o
p
y
ra

n
1
-m

o
n
o
lin

o
T

y
ro

s
in

e
G

ly
c
in

e
 3

 
L
in

o
le

a
te

A
d
e
n
o
s
in

e
 

1
-m

o
n
o
p
a
lm

1
-m

o
n
o
s
te

a
A

la
n
in

e
 3

 
F

ru
c
to

s
e
 m

1
-m

o
n
o
o
le

o
G

ly
c
in

e
?

P
h
o
s
p
h
o
ri
c

P
a
lm

ite
la

i
G

ly
c
e
ri
c
 a

p
[1

]P

Var ID (Name)

SUMMARY_PLSLima_26062008.M3 (OPLS)

p[Comp. 1]

R2X[1] = 0.291317 SIMCA-P 11.5 - 26/06/2008 15:17:28

 

U17, desinewed

y = 0.0129x + 0.2071

R2 = 0.9217

0.00

0.20

0.40

0.60

0.80

1.00

1.20

1.40

1.60

1.80

2.00

0 20 40 60 80 100 120

 

Glyceric acid, desinewed

y = -0.0126x + 2.1512

R2 = 0.8891

0.00

0.50

1.00

1.50

2.00

2.50

0 20 40 60 80 100 120

 
C 

-0.4

-0.3

-0.2

-0.1

-0.0

0.1

0.2

0.3

0.4

0.5

U
1
7

M
y
o
-I

n
o
s
it

U
2
0

P
h
o
s
p
h
o
ri
c

O
c
ta

d
e
c
a
n
o

P
ro

lin
e

P
y
ro

g
lu

ta
m

E
ic

o
s
a
n
o
ic

H
e
x
a
d
e
c
a
n
o

U
1
9

L
a
c
tic

 a
c
i

U
0
9

U
ra

c
il 

2
 T

O
le

a
te

U
0
7

G
lu

ta
m

ic
 a

X
y
lit

o
l 5

T
P

ro
lin

e
 2

T
F

u
m

a
ri
c
 a

c
U

0
8

U
1
1

L
in

o
le

a
te

A
s
p
a
rt

ic
 a

B
u
ta

n
o
ic

 a
R

ib
o
s
e
 m

e
t

A
ra

c
h
id

o
n
i

U
l

U
0
4

U
1
6

S
e
ri
n
e

B
e
n
z
e
n
e
a
c
e

L
e
u
c
in

e
U

2
1

S
e
ri
n
e
 (

?
)

U
1
5

B
u
ta

n
o
ic

 a
P

h
o
s
p
h
o
ri
c

1
-m

o
n
o
s
te

a
In

o
s
in

e
N

-a
c
e
ty

lg
l

P
a
lm

ite
la

i
M

a
le

ic
 a

c
i

A
la

n
in

e
 2

T
L
y
s
in

e
 3

 T
G

lu
c
o
s
e
 2

G
lu

c
o
s
e
 1

U
1
7
_
1

C
h
o
le

s
te

ro
3
-h

y
d
ro

x
y
b

1
-m

o
n
o
p
a
lm

U
1
0

U
1
8

P
h
e
n
y
la

la
n

T
h
re

o
n
ic

 a
T

y
ro

s
in

e
1
-m

o
n
o
lin

o
U

1
9

G
ly

c
in

e
 3

 
G

ly
c
e
ri
c
 a

P
h
o
s
p
h
o
ri
c

F
ru

c
to

s
e
 m

1
-m

o
n
o
o
le

o
U

1
1

M
a
la

te
U

l1
6

R
ib

o
s
e
 d

e
r

V
a
lin

e
 (

?
)

R
ib

ito
l 5

T
G

lu
c
o
s
e
 3

P
a
n
th

o
te

n
i

U
1
4

G
lu

c
o
s
e
 m

e
L
-a

s
p
a
rg

in
A

d
e
n
o
s
in

e
 

U
1
2

U
0
5

C
re

a
tin

e
G

lu
c
o
p
y
ra

n
P

h
o
s
p
h
o
ri
c

G
ly

c
in

e
?

A
la

n
in

e
 3

 

p
[1

]P

Var ID (Name)

SUMMARY_PLSLima_26062008.M1 (OPLS)

p[Comp. 1]

R2X[1] = 0.118268 SIMCA-P 11.5 - 26/06/2008 15:14:14

 

U17

y = 0.0137x + 0.163

R2 = 0.9306

0.00

0.20

0.40

0.60

0.80

1.00

1.20

1.40

1.60

1.80

2.00

0 20 40 60 80 100 120

 

Myo-Inositol

y = 0.259x + 15.513

R2 = 0.7327

0.00

5.00

10.00

15.00

20.00

25.00

30.00

35.00

40.00

45.00

50.00

0 20 40 60 80 100 120

 
Figure 14. OPLS loading plots and calibration curves for selected potential biomarkers in analysis of chicken meat mixtures with limited training set ; A ï 

only HDM -MSM model, B ï only desinewed-MSM model, C ï combined HDM and desinewed versus MSM model. 
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Figure 15. OPLS loading plots and calibration curves for selected potential biomarkers in analysis of pork meat mixtures with more samples in the training 

set; A ï only HDM -MSM model, B ï only desinewed-MSM model, C ï combined HDM and desinewed versus MSM model. 
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Figure 16. OPLS loading plots and calibration curves for selected potential biomarkers in analysis of chicken meat mixtures with more samples in the 

training set; A ï only HDM -MSM model, B ï only desinewed-MSM model, C ï combined HDM and desinewed versus MSM model. 
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As before, calibration curves were created for potential markers as suggested by the 

analysis of OPLS loading plots and shown in Figure 15 and Figure 16. As could be 

expected, there are much higher deviations from linearity observed for all compounds 

compared to the narrower model, with a clearly visible spread of distribution for 0% and 

100% MSM datapoints (ópureô MSM, desinewed and HDM samples), hindering the 

possibility of application of single component calibration curves in MSM detection.  

 

When selected biomarkers were used for the prediction of MSM concentrations for new 

samples, obtained prediction coefficient values were less accurate than in the case of a 

multivariate approach and could not be reliably used for  MSM detection. This can be 

explained by the fact that variation in concentrations of one component between different 

materials, even if following some trend, can be much higher than when the whole dataset 

is used for the creation of calibration curves and the prediction of class membership of 

new samples. 

 

The presented results can be considered as preliminary, but it seems obvious that the 

inclusion of a higher variety of mixtures in the PLS model would result in its enhanced 

prediction ability. Additionally, although mixture predictions obtained from multivariate 

PLS ócalibrationô are not as accurate as in classical one-compound calibration methods, 

our approach makes the detection of MSM, if not highly accurate, possible even at a level 

of 10%. 

 

4.2. LC-FL analysis 

 

4.2.1. Extraction method development 

 

Experimental design was applied to investigate how the five most commonly used 

solvents (methanol, ethanol, isopropanol, acetonitrile and acetone) affect the extraction 

efficiency of chicken metabolites with fluorescence properties and to develop an optimal 

method for their extraction. Different mixtures of solvents, as shown in Table 9, were 

used for the extraction of metabolites, which were later analysed with LC-FL followed by 

PLS analysis. A two-component PLS model was calculated between the design matrix X 

and 38 resolved peak areas (Y matrix), which explained approximately 50% of the 

variation in the integral peak areas, according to the R
2
X, R

2
Y and Q

2
 parameters (0.518, 

0.499, and 0.156, respectively). The X-score vector t(1) versus Y-score vector u(1) plot 

of this model is presented in Figure 17, with the lower left quadrant representing 

experiments that produced the overall lowest peak areas, and the upper right quadrant 

representing those that yielded the best results in terms of peak areas. As can be seen, 

experiments N09 and N04, which correspond to the mixtures with a high amount of 

methanol (Table 9), resulted in the overall highest efficiency of compound extraction. 

Superiority of methanol as an extraction solvent for meat metabolites is also shown in the 

PLS loading plot (Figure 18), where the majority of the peaks were strongly and 

positively correlated with methanol. As a result of these experiments, methanol was 
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chosen as the optimal extraction solvent for LC-FL analysis of meat metabolites with 

fluorescent properties. 

 
Table 9. Experimental design for optimising the extraction conditions of metabolites from chicken 

meat for LC -FL analysis. 

 
Solvent/ 

Experiment 

Ethanol 

(ɛl) 

Acetone 

(ɛl) 

Isopropanol 

(ɛl) 

Methanol 

(ɛl) 

Acetonitrile 

(ɛl) 

N01 1000 0 0 0 0 
N02 0 1000 0 0 0 
N03 0 0 1000 0 0 
N04 0 0 0 1000 0 
N05 0 0 0 0 1000 
N06 600 100 100 100 100 
N07 100 600 100 100 100 
N08 100 100 600 100 100 
N09 100 100 100 600 100 
N10 100 100 100 100 600 
N11 400 400 200 0 0 
N12 200 200 200 200 200 
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Figure 17. Determination of optimal solvent for extracting metabolites with fluorescence properties 

from chicken HDM ; the PLS score plot (t(1)-u(1)) showing the inner correlation structure between 

the X matrix (the experimental conditions; labelling of mixtures as shown in Table 9) and the Y 

matrix (the normal ised areas of the LC-FL peaks).  
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Figure 18. Determination of optimal solvent for extracting metabolites with fluorescence properties 

from chicken HDM ; PLS loading plot summarising influence and correlation structure between 

variables in both the X matrix (large squares, extraction solvents) and Y matrix (small circles, 

normalised peak areas).  

 

4.2.2. HDM and MSM biomarkers in LC-FL analysis 

 

MSM and HDM samples were extracted with the optimised method and analysed with 

LC-FL. As shown by the chromatograms in Figure 19 and Figure 20, visible differences 

in peak patterns between HDM and MSM samples were observed. Peaks M1, M2, M3 

and M4 were relatively higher in MSM samples, whereas peaks H1 and H2 were 

relatively higher in chicken HDM samples and peak H2 higher in pork HDM samples. 

After peak area normalisation against the internal standard, statistically significant 

differences (P<0.05) were confirmed for these peaks, suggesting that they could be of 

potential use as a biomarkers in MSM/HDM differentiation. However, small 

concentrations of most of these markers would hinder reliable quantitative analysis, 

unless some sample enrichment methods were applied. UV-Vis spectra of the peaks 

resembled those of pyridinoline and deoxypyridinoline ï human bone biomarkers ï  

which suggests that they are chemically related. However, pyridinoline and 

deoxypyridinoline themselves were not found in analysed samples and attempts to 

identify the structures of potential fluorescence chicken markers by LC-MS or MALDI-

TOF analysis were not successful.  
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Figure 19. LC-FL chromatograms of chicken meat samples with potential markers for MSM (M) and 

HDM (H).  

 
 

 
 

Figure 20. LC-FL chromatograms of pork meat samples with potential markers for MSM (M) and 

HDM (H).  










