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Executive summary

A new definition of nechanically separatedmeat MSM), formerly known as
mechanically recovered meat (MRMyas agreed in 2004 in EU Regulation 853/2004
andisdef i ned altainédpyrresndving rneafrom fleshrbearing bones after
deboning or frompoultry carcassesising mechanical meamssulting in the loss or
modi fication of t h eThisnRBeguwatioa aldo iinposestriceet r uct ur e
hygiene controls on its productiolm addition, MSM isexcludedfrom the definition of
meat for labellig purposesand there ia requirement for its separate declaratiothe

list of ingredients. It is thereforamportant to have a test to determine whether a
material is MSM or nqtespecially if itis to beincorporated into a meat product. This
researb project was aimed at developing a robust mettwodientify markers that
couldcharacterisélSM even when mixed with other meat ingredients

In this studyonly chicken and porlMSM materiak have been analysgdsat the time
theywerethe only sourcesf MSM in the EU.

A metabolomis approachfocuseson analysig a wide range otow molecular weight
compounds extracted froengiven samplelt has been widely applied to understand the
biochemical processeand to differentiate betweematerials of similar chemical
composition. To perform global metabolitdingerprinting sensitive, robustand
preferably higkhthroughputanalytical methods are requiredhat would additionally
provide detailed qualitative and quantitative information about the sastpided. So
far, gaschromatography coupled tmassspectrometry(GC-MS) has proved to béhe
most useful technique in metabolomies it permitshe potentialidentification of a
large number of chromatographically separatempounds Identification is made
possible by using thigkee and commerci&C-MS librariesto elucidate the structure of
compounds.

The study combined aunntargeted metabolomic approadbscribed abovevith the
optimisationof a method for the detection of bowkerived compounds pyridinoline

cross linkers. Because of their fluorescence properties and polar structures, these
compounds weranalysedoy liquid chromatography with fluorescence detect{b@-

FL).

One of the main challenges iany chemical analysis isthe development ofan
extraction protocol that resslin unbiasedand repeatablextraction of metabolites.
This study desigad an experimerdl approachusing multivariate analysis for the
systematicoptimisation of organic solvent extraction conditioms meat samplesThe
optimal method developed for GC-MS analysis was based on methanahter
extraction, followed by methamation and N-Methyl-N(trimethylsilyl)trifluoro-
acetamidg MSTFA) derivitisation whereasanalysis of pyridinoline crodmkers with
the LC-FL method wasarried out after pure methanol extraction.

Different statisticalmultivariate methodssuch agrincipal componentanalysis(PCA),
partial least squares analysRLE), orthogonal prtial leastsquaresanalysis QPLS
andpatrtial least squares discriminanalysis(PLS-DA), were used fothe creation of



chemometric models that could be usedeliably differentiateMSM from other meat
materialsandfor its detection in meat mixture$hesemethods were also used far
selection of compounds that couldentialMSM biomarkers.

Results fom the GC-MS analysesevealed thathe amountsof some of the metabolites
were significantly different in differentypes of meatbased material§MSM, hand
deboned, desinewedjlowever theidentification ofunknownsamples based purely on
selectedbiomarker concentrations could not be considered rejigsigecially in the
case of meat mixtureshaerethe variability between different samplesitweighedthe
differences between types of menaterials On the other had, the application ofa
@lobal approaadh j.e. usng all of the metabolitesto createchemometric models,
enabled reliable differentiation &iSM from other types of meat and its detection in
mixtures even down to the 10% level. Thisindicatesthe huge mtential of the
applicationof multivariate analysig food verification.

Using the LC-FL approach very few compounds were detected that differed
significantly betweeMSM andhanddeboned meaHHDM) samplesand that could be
used as potential biomarmse Their chemical identity is still unknown and low
concentrations in meat material would require further method developmettiefor
reliable application of LEFL analysisin MSM detection. Additionallyas for the GE
MS approachthe application of chenmmetric models enabled differentiation iSM
from HDM samples.



1. Abbreviations

BR Bone residue

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

DOE Design of Experiment

ELISA EnzymeLinked Immuncorbent Assay

FTIR Fouria Transform Infrared Spectroscopy

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

HDM HandDeboned Meat

HFBA Heptafluorobutyric acid

IS Internal Standard

LC-FL Liguid Chromatography (LC) coupled téuérescence (FL) detector

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

MALDI -TOF | Matrix-Assisted Laser Desorption/lonization (MALDI) with Time Of
Flight mass spectrometry detector

MRM Mechanically Recovered Meat

MSM Mechanically Separated Meat

MS Mass Spectrometr

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

NMR Nuclear Magnetic Resonance

OPLS Orthogonal Rrtial LeastSquaresanalysis

PCA Principal Component Analysis

PLS Partial LeastSquaresanalysis

PLS DA Partial LeastSquareiscriminantAnalysis

SDSPAGE | Sodium Dodecyl SphatePolyacrylamideGel Electrophoresis

TCMS Trimethylchlorosilane

TIC Total lon Chromatogram




2. Aims and objectives

2.1. Introduction

Mechanicallyseparatedaneat(MSM), formerly known as mechanically recovered meat
(MRM), is definedin EU Regulation 853/2004sfi p r o abtainetby removing meat

from flesh-bearing bones after deboning or from poultry carcassssg mechanical
meansresulting in the loss or modificatioof the muscle fibre structuye. heat s
based materiak producedunder high pressurand results in the residual flesh left on
bonesflowing off them and passinthrough a sieve toemove connective tissue and
any bone particlesSuch material has been used in many comminuted meat products
suchas meatpies sausages and Rdrenantbasednaterid) has lgeenr s 6 .
banned for some time as a potential source of transmissible spongiform
encephalopates Hence MSM production is now confined to poultryand pork
materials.

In the UK, an industry code giractice restricts the type of bones usedviSM
productionto the vertebrae, ribs, shoulder blade #imel pelvis. Long bones, with high
marrow content, are considered unsuitable because qirtidem of rancidity The
machines used to recover the residuaat vary in design and actido produce the
necessary high pressu®ome machirgutilise a hydrauligpiston whereas otherare
based on an auger with decreasing thregordéduce thevery high pressureequired.
Although it was found thaMSM contans comparatively higher levels of calcium, iron
and total puringsand lower levels of nitrogen as well as connective tissue, its gross
chemicalcomposition does not differ significantly or consistently froemddeboned
meat(HDM).

Consumer concerns abt the safety oMSM consumption as well as its aesthetic
perceptionhave led totighter hygiene requirements and contrdlsey havealso led to
the exclusion ofMSM from the EU definition of medbr labelling purposesin doing
so, clear and separdtdbelling ofMSM in the list of ingredientss required andMSM
does not count towards the meat content of the product

Recently, production technologies for meat reco¥eygn boneshave beemedesigned

so thatthe product obtainedetains much of & muscle fibre structure, and hencenay

be considered to falloutside the definition of MSM. This material is known
commerciallyas @esinewed megt3mm meat or Baader medip(vever,Baader meat
can also be MSM)

Therefore in order to enforce botlabelling legislation and ensure the correct hygiene
controls have been in placmbust analytical procedurese needed to differentiate
MSM from both hanedeboned megHDM) and desinewed medthe difficulty of this
task should not be underestimatezhnsidering natural variation within and between



animalspeciesdifferent pretreatment conditions of the carcassasjvarious machine
types and operating settings usei8M and desinewed meptoduction

2.2. State of the art

Numerous approaches have beemployed to differentiateMSM from HDM.
Histological approaats have beeninvestigaéd that exploit changes in meat properties
arising during the mechanical production process. For examesks have been based
on thedisappearance of muscle fibres oarbes in their structurer the concurrent
appearance of bone fragments and bassociatedomponents (e.g. hyaline cartilage)
After appropriate staininghese changes can be visualised under the microstfpe [
More recently a histological method &8 been developed to check material either
produced irthefactory or as a raw material to decide whether it meets the EU hygiene
definition of MSM [°]. This method has been validated and transferred to public
analysts for enforcement purposes. HowgeNerannot be used on mixtures meatsor

on meatproducts. Hencgewith regardsto detectingMSM in mixtures or products
microscopybased methods are neliable

Another approach is based on the assumption that dMi81g production fluids from
bone areaeleased into theneatderived materialnder high pressurdhese fluids can

be immunologically different from meat itself, and even from the residual blood that is
found in HDM. In the work by Pickeringet al. bone marrow was used to obtain
potentialMSM-characteristic polyclonal antibodidgsatwere then used to screptEM,

HDM and MSM-HDM mixtures usingELISA-based assay$][ Results werghowever
nonequivocal mainly due to the low selectivity of the procedwigich was highly
influenced by the redual blood, skin and other tissues. This approach indicated that
immunological tests cannot be used K68M detection, unless furtheptimisation of

the procedurés carried out

The chemical composition (free fat, moisture, nitrogen, ash, collageiyroairon and

total purine content) of the different kinds of meat have also been investigated as a
means of elucidating potential chemical markers for the detectidSdi. However

the results of these studies showed huge variability depending onnitheokiraw
material and the technical conditions used during meat recovgty Although
comparison of the'SM chemical composition with that of meat removed manually
highlighted a number of differences betweba two types of product, there were no
consstent or significantly different alterations in chemical composibietween MSM
andHDM. Hence, compositional analysis cannot be treated as a reliable metiioel for
detection oMSM in meat products.

Another approach faMiSM identification is based otie 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 d8ERY
production In addition, relative quantities of soenproteinscan differ betweenboth

kinds of material.Electrophoretic techniques used included SPS3E [f] and
capillary gel electrophoresi€]] It was revealed that there were obvious differences in

the relative concentrations of several proteinshwkiiaemoglobincontent higher in
marrow than in meat, and hence also higheviBM than HDM. On the other hand



HDM was charactesed by higher amoustof actin, myosin and myoglobin. Some
other distinct protein bands were also noticed, but they were antifidd. It was
suggested that SBDBAGE gels could be used to deteet®% of redMSM in HDM

and 25% ofMSM in poultry products. Further development of the methodology with
the application of capillary electrophoresihich offers high resolutionfast sample
analysis and automation with simultaneous quantificateord sensitive orine
detection would make protein analysiasing electrophoretic methods a potential
technique folMSM detection.It must be remembergtiowever 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 onestudyit was shown that its possilbe to detect mixtures a25% beefMSM in
HDM with the application of isoelectric focusing and multivariate analy§is This
method appeared to be very promising. More samples should be consiusreder,
to establishwhetherthe power of the model prediction may be hinderedhleynatural
variability of the differenMSM and hanedeboned samples.

In conclusionit can be said thato farexisting methodologyas failed to definitively
differentiate MSM from other meat productsr 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)
metabolitesextracted from a given sample, in order understand the biochemical
processeand to differentiate between materials of similar chentgoahposition The
metabolomic approachasbeen used iawide variety of areassuch aghe detection of
biomarkers for drug effects and toxicity,{>*7, clinical studies of different diseases

[** 7], phytochemical analysis of plant$,f’] andeventheclassification and prediction

of gender . There area few steps that are crucial wharmetabolomic approach is
considered. Firsia sample preparation methaaustbe choserthatwould result either

in the highest possible amount of compounds obtaineéuftrer analysis (metabolic
fingerprinting) or will enable efficient extraction of priegelected compounds with the
biological significance to the problem investigated (metabolic profilige design of
experiments ;%] includes a method that introdes varied factorse(g. solvent
composition) in a systematic way and with no or little correlation between experiments
andenables subsequent analysis of the data with regression methiodslection of

the optimal solution(i.e. extraction mixture)The rext step includes selection tfie
analytical techniquéor compound detection and/or separation. Whereas there are some
examples ofthe application of pure spectrometric methods in metabolomiciesud
such asNuclear Magnetic ResonancBIMR [*%?]] or Fourier Transform Infrared
SpectroscopyFTIR [*], so far hyphenated techniques like ®fS, LC-MS or even
Capillary Electrophoresis coupled to Mass Spectrom@g+MS) have foundgreater

use in this area, mainly because of their good resolution, accunatdifgation,
analytespecific detection and capabiliof identifying unknowns §*?°]. GC-MS seens

to bethe most appropriateechniquewhen ease and speed of use well as robustness



and sensitivity of analysisare considered Compound detection in GMS based
metabolomics is also nowadagsnsideredsuperior compared to other methods due to
the presence of mgnfree and commercial librariesontaining metabolomics data
althoughtheidentities of most of the detected metabolist remain unknown¥].

A possible complementargnethodto the GGMS global metabolite screening a
targeted approacthat isbased on the assumption that some metabolites inside bone
might be typical biomarkers fdviSM. Pyridinoline crosdinkers were reported to be
goodindicators of presence tiiman bone?,® ] and hence targeted analysisthis

type of compound might result ithe successful identification dISM biomarkers.
Since these compounds exhibit strong fluorescent properti@s$ 3! %3, thepresent

studyutilised LC-FL for thetargeted analysis of pyridinoline crdssers.

Because of the complexity and quite ofteigh correlation withinthe data obtained
when both global and targeted metabolomic appremate consideredheir analysis
and biomarker mining requirethe application of multivariatemethods In MS-
metabolomic studiesthe interpretation of obtainedesults normallyinvolves the
application of multivariate tools like principal component analysis (PCA], partial
least squareanalysis(PLS) [434], partial least squares discriminant analysis (P14
or hierarchical clustering®{]. If needed, the last step of metabolomic investigation

coversthe comprehensive identification of discovered marker compounds.

The pesent studyitilisedthe design ofthe experimentl approacH %], together with
multivariate analysisfor the systematicptimisation of organic solvent extraction
conditions for the metabolomic investigation of meat sampdéis for GCMS andLC-

FL methods Subsequentlychicken and porksampleswere extracted with optimal
procedurs, analysed with the application of relevant analytical platfosmandthe data

were evaluatedby the application of multivariate data analysis, F& and PLS
method. These methodsvere also applied for the selectionf g@otential 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 f@C-MS meat analysis was prepared by
dissolving nyristic-d,7 acid (98 atom % DAldrich, Steinheim, Germany) in methanol
(LC isocratic grade BDH, Poole, England}o a final concentration of 2.9 mgim
Methyl stearate (approx. 99% GSigmaAldrich, Steinheim, Germanyvas useds
an IS for GC-MS extracton method developmerdnd was dissolved in 4meptane
(99+%, capillary GC SigmaAldrich, Steinheim, Germany)until the final
concentrat i ohwao feach&dA. niixture gf/ hydrocarbons (G832)
obtained from different sources was used to assesstdhgity of theGC-MS system
For sample preparatipracetonitrile [C gradient gradeJ. T. Baker Deventer,
Holland), methanol (foL.C, isocratic grade), isopropanol (fo€) and acetone (fdrC;



BDH, Poole, England), ethanol (analytical grad@sher Scientific Leicestershire,
England), anddeionisedwater were usedFor samplederivatisation, methoxylamine
chloride (98%; Aldrich, Steinheim, Germany), pyridinedBDH, Poole, England), N
Methyl-N(trimethylsilyl) trifluoro-acetamide with 1%rimethylchlaosilane (MSTFA
with 1% TMCS Fluka, Buchs, Switzerland) and-meptane (99+%, capillary GC
SigmaAldrich, Steinteim, Germany) were used.For LC-FL analysis
heptafluorobutyric acid (99%) and pyridoxine hydrochlorid€igmaAldrich,
Steinheim, Germany) were useByridinoline and deoxypyridinoline were kindly
donated byhe Rowedt Research Institute, UK.

3.2. Sample collection and storage

Handdeboned or minced chicken and pork meat (HDM), mechanisaefigrateaneat
(MSM) and desinewed meat samples of different origin were obtained from
Leatherhead FooResearchLeatherhead, UK)these samples has been sourmda
sefrateFSA-funded project on characterisiMSM using lightmicroscopy[®]. MSM

and desinewed samples were produced by Weiler Beehive RFTDO6, Lima RM500,
Stork Protecon MPD60, Stork Protecon DMM50, Townsend DMP45 and Baader
machines at different pressuresdadwell times(Table 1 and Table 2). The bone
residues (BR) from theprocessesverealso collected. After manufacturing, 28 kg of
each meat product and 4 kg of each BR viwrzen at once and then dedred to Royal
Holloway, University of Londonwhere they werestored at-20°C in the cold room

until further treatmentSmall pieces of samples were taken from differentspdrthe

large blocks homogeised with a Waring Commercial Laboratory Blender (Vifay
Products, Torrington, UK) and stored in freezer&) until use.Additional chicken
handdeboned samplepork minced meat and filleand pork sausages were obtained
from alocal retailer Meat mixtures were prepardébm original sampleafter thawing

by weighing appropriate amourdéraw material§Tablel andTable2).

3.3. Sample preparation for GC-MS analysis

Just before extractigsamples were allowed to thaw at room temperater@m each
meat product three samples were taken for analysis (if theseemough available
material). Three grams samplewere extracted with 30 Inof 9:1 (v/v) MeOH/water
mixture with 0.3 nhof internal standard solution added. Homogenisation and extraction
was carried out simultaneously with an ULTRAJRRAX T25 mincer(IKA® Werke
GmbH & Co. KG Staufen, Germany) set at 8000 rpm for 5utés From each extract
three 1.5 rhaliquots were taken and centrifuged atOD® rpm for 10 minutes in a
Hermle Z 160M centrifuge (Hermle Labortechnik, Wehingen, Germany). Following
centifugation, a 0.2 m aliquot of supernatant was taken for drying, which was
performed for two hours im Genevac EZ Evaporator (Genevac Inc, New York,
USA). The residues obtained after evaporation were dissolved in dl0®f
methoxyamine hydrochloridenipyridine (20 mg/msolution) and left overnight (for
approximately 16 dwurg. Then 0.03 hof MSTFA containing 1% TMCSvas added
andthe solutionwas left to derivatse for at leastl hour. After silylation 0.03 ni of
heptangwith methyl stearate astarnal standard in extracti@ptimisation studies and

1C



without stearate for sample analysigs added and the samphixed andanaly®d by
GC-MS.

Cooked samples were prepared by placing defcmeat in the oven at 180 for 1
hour.
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Table 1. Chicken samples and chickeMSM mixtures analysed in the present study

HDM Desinewed MSM HDM -MSM mixtures DesinewedMSM mixtures
Sample Sample Sample MSM (% HDM MSM (% Desinewed
(Abbreviation) Remarks (Abbreviation) Remarks (Abbreviation) Remarks %) (%)
From DMP45 MPD60, . )
HDM Leatherh | Necks DMP45 | 65Bar/ 2 | ChickenMSM | M 250, MSM_Lima HDM MSM_Lima French
(HDM) (DCNDMP45) mm (CMS) dwell: (5%) (5%)
ead
Baader short
Chicken mini Tesco Keel Bone DMP45 ChickenMSM MP,EO%O’ H MSM Lima MSM Lima
fillets, skinless | Healthy | CarcaseDMP45 | 30Bar/3m (CHS) dwell (10%) HDM (10%) French
(Tesco Healthy | Living (KBCDMP45) | m Baader shorf
. MPD60, L ) _
Chlck_en breasts Tesco Brk/Drums DMP45 75 ChickenMSM 180, MSM_Lima HDM MSM_Lima French
fillets Value DMP45 Bar/3 mm (CLS) dwell: (20%) (20%)
(Tesco Valug (BDDMP45) Baader shorf
4 F?;;\évé?gs Baader set| ChickenMSM Lima MS(I;/I&)I;i)ma HDM Ms(g/l&;i)ma French
i (v) (0
(DCWBaader) at 18 Bar | (MSM_Lima) (RM500)
Keel Bone , Stork
Baader set| ChickenMSM CLS (5%) Tesco_Value|  CLS(5%) DCNDMP4
Carcase Baade at 18 Bar (MSM_SP) Protecon 5
(DCKBaader) — (MPD60)
Brk/Drums . Weiler
Baader set| ChickenMSM . CMS (10%) Tesco_Health CMS (10%) BDDMP45
Baader at 18 Bar (MSM_WB) Beehive y
(BDBaader) — (RFTDO6)
Baader 3 Stork
French mm drum | ChickenMSM | DMM50 | MsM_SS(209%) | Tesco_Value| MSM_SS(20%) DCKBaade
(French) less than 4| (MSM_SS) (Sepameti r
Bar C)
Newby Food Post CHS (50%) Tesco_Health CHS (50%) DCWBaade
(Newby_Post) | sepametic y r
Newby Food Pre
(Newby Pre) | sepametic
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Table 2. Pork samples andoork MSM mixtures analysed in the present study

HDM Desinewed MSM HDM -MSM mixtures DesinewedMSM mixtures
Sample Sample Sample o o Desinewe
(Abbreviation) Remarks (Abbreviation) Remarks (Abbreviation) Remarks MSM (%) HDM MSM (%) d
HDM Le';';ﬁg‘rhe Newby Food Post PorkMSM 'l"SF:)Dgsv’e'}f_ MSM_Lima HDM MSM_Lima | Newby Pr
(HDM) ad (Newby Post) | Sepamatic (PMS) s,hort ’ (5%) (5%) e
Fresh British Newby Food Pre PorkMsm | MPD6O, M yemt Lima MSM_Lima | Newby Pr
Pork Fillet Tesco (Newby Pre) | Sepamatic (PML) 220, dwell: (10%) HDM (10%) e
(Tesco Fille} Y- P long 0 0
Fresh British MPDG60, L . .
Pork Mince Tesco PorkMSM 150 dwell: MSM_0L|ma HDM MSM_OL|ma Newby Pr
(Tesco Mincg (PLL) long (20%) (20%) €
PorkMSM Lima MSM_Lima HDM MSM_Lima Newby Pr
(MSM_Lima) (RM500) (50%) (50%) e
Stork .
PorkMSM Protecon PMS (5%) Tesco_Minc MSM_SS (5%) Newby Pr
(MSM_SP) (MPD60) e e
Weiler .
(,F\)Acg,'\‘ﬂ'v'\fv'\é) Beehive PMS (10%) Tesc‘;—'v“”c PMS (10%) Ne""gy—Pr
- (RFTDO6)
Stork
PorkMSM DMM50 o Tesco_Minc o Newby Pr
(MSM_SYS) (Sepamatic PMS(20%9 e MSM_SS (20%) e
)
PorkMSM Car_r by MSM_SS (50%) Tesco_Minc PMS (50%) Newby Pr
(Belgium) Perimax e e
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3.4. Sample preparation for LC-FL analysis

All samples werehomogenisedn tubes in liquid nitrogen (Freezbftill 6750, Glen
Creston, Englad) into fine powders before use. TO0 mg of the powded.10 ng of
pyridoxinein 1 0 O I0solwionof an organic solvenfsee Table 3yvas addedand the
metabolome was extracted in TissueLyser (Retsch, Germany) twice farc8Qds
usingsteel beads to increase the extraction efficiency. After centrifugibg @20 rpm

for 10 mirutes;, 500 ¢ | of supernatant was fCaken
The obtainedresidue was dissolved in 100el of 10 mM heptafluorobutyric acid
(HFBA) in acetonitrilewater (v/v, 5:95)solution, centrifuged at 14,000 rpmfor 10
minutesand20 ¢l of the supernatantasinjected intothe LC column.

3.5. GC-MS analysis

One microlite of the derivateed sample was injected in split lessmode using an
Agilent 7683 autosampler (Agilent, Atlanta, USA) into an Agilent 6890 gas
chromatograph equipped with a 80x 0.25 mm i.d. fusedilica capillary column with

a chemically bonded 0.25 pm B&VIS stationary phase with 10 m DuraGuard (J&W
Scientific, Folsom, USA). The injector temperature was set &i230e gas flow rate
through the column was 1lfminute andthe column temperature was held atG@or

3 minutes then increased by 10/minuteto 310C and held there for 3 mites The
column effluent was introduced into the ion source of an Agilent 5973 (Agilent,
Atlanta, USA) quadrupole mass spectrometer. fraasfer line and the ion source
temperatures were 28D and 230C, respectively. lons were generated by ae¥0
electron beam and 2 scaresfsndwere recorded in the mass range8® m/z. The
ionisationvoltage was turned on after a solvent delay of @a@nds

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 G13A, diodearray detectofDAD) G1315B, fluorescence
detector G1321Aand software ChemStation. Chromatographic separations were carried
out atambienttemperaturen NucleosilODS G185 um (150 x 4.6 mm) column with

5 mm guard column, withan eluent flow rate of @ ml/min. Chromatogrens were
recorded inthe fluorescence detector (FL) at excitation and emission wavelengths of
295 and 400 nprespectivelythese are theptimalvalues for fluorescence detection of
pyridinoline and deoxypyridinolin&knownhumanbone biomarkers)The mobile phase
consisted of A:10 mM heptafluorobutyric acigHFBA) in acetoitrile-water (v/v,
95:5), and B:10 mM HFBA in acetonitrilevater (v/v, 5:95) This was applied in a
gradient mode: firs8 minutesisocratic phase Bthen to 30 miateslinear gradient to

90% phase Aandafter that nase Aisocraticfor 5 mirutes
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3.7. Data collection and processing in GC-MS analysis

Eighty compounds obtained in GC chromatogramanaflyg®d 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 amebk areasiormalsed to the
internal stadard. The data matrix constructed in Excel was then directly exported into
SIMCA software (version P11, Umetrics, Uin&weden).

3.8. Data collection and processing in LC-FL analysis

Agilent Chemstation software was used for automatic peak detection anthih of

peak areas of internal standard @&&detected peaks. Peaks with area lower than 0.5
and height lower than 0.03 were rejecfEde dataverethen exported into Excelhere
individual injections were averaged and norseal to the internal stadard. The data
matrix constructed in Excel was then directly exported into SIMCA software (version
P11, Umetrics, Um& Sweden).

3.9. Multivariate data analysis

Software SIMCA 11.5 (Umetrics, Umea, Sweden) was used througBaifibre
performing multivariate aalysis, each variable was meeentredand scaled to unit
variance, which is necessary to attribute the same weight to all variables, irrespective of
their original numerical value. Fird8CA as an unseervised method was carried adat
detect outliers Then a supervised methpdPLS-DA, followed. A 7-fold cross
validation was used for the modblilding and the evaluation of the significant
components. PL®A score plots were used fothe investigation of sample
classificationand loading plots fothe sekection of potential biomarkers, which were
then confirmed by-tests. PLSDA was also used for class prediction of the samples not
included in the original modePLS and OPLS methods were applied for the analysis of
mixtures ofMSM in HDM and desinewed neg, both for biomarker mining and new
samples class membersipiediction PLS was also applied fdine evaluation of results
from extraction method development studies.

The parameters used to evaluate chemometric models f¥reRRY and J, where
R?X indicatesvariation in Xmatrix, R?Y indicatesvariation response in matrix &nd
Q? indicatesgoodness of fit of the modeThe highe the valueof R°X and RY, the
better the model can explain variation in the data. This same is trué, fehi@his also
defined asthe predictive ability of the model as described by creslgdation’i its
values closer td indicatea greaterability of the modeto classifynew 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 analysisamplex,taking
into considerationthe number and chemistry of possible metabolites well asthe
selection ofavailablesolvents. In our studythe designof the experimeral approach
was used tonvestigate how the fivemostcommonly used solventmethanol, ethanol,
isopropanol, acetonitrile and acetoreffect the extraction efficiency of chicken
metabolites. Different mixtures of solvents shown inTable 3, were usedor the
extraction of metabolitesom HDM, desinewed and MSM sampl&3btained extracts
were analysed with GC-MS and the data evaluated witiPLS analysis. A one
component PLS model was calculated, which explained 63.5% of the variation in the
integral p@k areas (X matrix). The-Xcore vector t(1) versus-y¥core vector u(1) plot
of this model is presented iRigure 1, with the lower left quadrant representing
experiments that produced the overall lowest peak areas, and therighpguadrant
representing those that yielded the best results in terms of peak areas. As can be seen,
experiments A0O9 and A04, which correspond to the mixtures latitfer amouns of
methanol Table 3), resulted inthe highest &iciency of compound extractioaverall
Superiority of methanol as an extraction solvent for meat metabolites is also ish@wn
PLS loading plot Kigure 2), where the majority of the peaks were strongly and
positively correlatd with methanol. Interestingly, metharnwhsalso beenreported to
be the best solvent fahe extraction of small molecular weight compoundstlie
analysis of human blood plasm#][ human serum®f], intracellular metabolites’{],
Escherichia col{*’] and yeast {*,*)] extracts.

Table 3. Experimental design foroptimising the extraction conditions of metabolites fronchicken
HDM for GC-MS analysis

Solvent/ Ethanol Acetone Isopropanol Methanol Acetontrile

Experiment (ml) (ml) (ml) (ml) (ml)
A01 10 0 0 0 0
A02 0 10 0 0 0
AO03 0 0 10 0 0
A04 0 0 0 10 0
AO5 0 0 0 0 10
A06 6 1 1 1 1
AQ7 1 6 1 1 1
AO08 1 1 6 1 1
A09 1 1 1 6 1
Al10 1 1 1 1 6
All 4 4 2 0 0
Al2 2 2 2 2 2
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Figure 1. Determination of the optimal solventfor 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 inTable 3) and the Y matrix (the
normalised areas of the GEMS peaks).
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Figure 2. Determination of the optimal solvent for extracting metabolites fromchicken HDM ; the

PLS loading plot summarising influence and correlation structure betweervariables in both the X
matrix (large squares extraction solvents) and Y matrix (smallcircles, normalised peak areas).

Although methanol extraction was fountd be preferable for the majority of
compounds, it was decided to teshether theaddition d water would improve
extraction efficiency, especially fdhe 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 popion of methanol
compared to water was changed between 60% and 100%. The results are presented in
Figure3 in the form of aPLS biplot, which shows the correlation between peak areas
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and methanol/water mixtures. Higheroporions of methanolfavouredthe extraction

of lipophilic compounds, such as cholesterol and fatty acids, \migleer proportions

of waterrecovered more hydrophilic compoundsich as small organic acids, glucose
and so onSitill, the majority of the molecies were extracted with the higher ratios of
methanol andto achievea compromise between extraction efficiency and chemical
coverage of extracted compoundsnethanol/water mixture (9:1) was chosentlzes
final extraction solvent.
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Figure 3. Optimisation of the methanolwater content of the extraction solvent; the PLS bplot

showing correlation between peak areas and the mixtures of different methanulater ratios; a i
100 % methanol, bi 90% methanol, ci 80% methanol, di 60% methanol.

As shown below, compounds that were ext@datith the optimised method gave a
wealth of information and enabled differentiation between the meat classes of interest.
Intra-laboratory validation of the extraction methaghve an average intralay
extraction repeatability equab 22% and average intatay extraction repeatability
equal to 31%. The obtained repeatability values are in good agreement with the
extraction repeatability described fible extraction of metabolites from complex matri

[*]. Good intra and interday extraction repeatability was alsvidentwhen PCA
analysis was applied: intrand interday replicées of the same sample were clustering

in the same region ahe PCA score plot(Figure 4) It was also testewhether the
extraction efficiency othe onestep method was acceptgbédter a second extraction
step significantly lower amounts of compounds were detecidith anaverageof 12%

of compounds still left in theasnple Figureb).
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4.1.2. GC-MS of meat samples

A representative total ion chromatogréMcC) of an extract from a chickddSM Lima
sample is presented iRigure 6. It illustrates the dynamic diversity between the
componerg that exists within the samplie many cases the peaks of smaller intensity
cannot be resolved sufficiently to perform quantification by integration of peak areas
automatically. However a methodthat included set retention times for specific
extracted ion chromatograms &0 manually selected compounds enabled unequivocal
peak detection and quantification. In this method each compound was strictly defined
by its retention timerad spectrum, which couldhenbe used for its identificatiohe

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 ofthe utmost importance that each sample is chargeteby the same
variables, which represent the same metabolites. The methodology desdydnexl
fulfils these criteriaThe poposed approachlso enableddirect export of the results

into Excel, from which after averaging injectionsthe matrix consisted of the
normalsed peak areas for each compound at a determined retentiothate®uld be
created and used by SIMCA softwailéhis data processing method hasignificant
advantage over softwamippored methods ornhe basis of ease of use, speed and
reliability. Additionally, it does not requé application of complicated softwar€his
approach based on extracted ion chromatogramises comparable results tthose
obtained with more complex methasisch asnultivariate curve resolutiorfy.

Tentative peak identification was made based on the MS spectrum match with the NIST
databasdhttp://webbook.nist.gov/chemist)y/Different match factors were obtained
for different compoundsin some cases no atthes were possible (these were
considered adefinedunknowns and marked withe letter U). For definite compound
identification, all markers should be-chromatographed with authentic standards and
retention times anthe spectra compared. This wd®wever beyondthe scope of the
present work, which focused on the PCA/FPD& sample classification and
preliminary selection of compounds as markers. It mlssibe pointed out that at this
level confirmation of ompound identity is not crucial as longthe metabolite ist is
unequivocally describedin the used systemThis is also truefor the unresolved
compounds ani a similar approach tthatproposed by Jonsset al.[*’], whereby as
long as the variable is strictly defined it can be treatec pstential markerAs
mentioned aboveas all markers in our study were strictly defined by their retention
timedindices and mass spectraf one of them prove to be crucial forMSM
identification itcould be identified imnunequivocal way.
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Figure 6. TIC of extract from chicken MSM _Lima sample.

4.1.3. Principal Component Analysis

Figure 4shows PCA score plots for samples of chicken and pork meat. Whereas for
pork samples relately clear separation dhe threeclasses was achieved, for chicken
samples clear separation of the classes was not possiidefew HDM, desinewed

and MSM samples were clustering togethwithin the classesExplained variation in
X-matrix (RX) and gmdness of fit of the model @for the first two dimensions were
0.55 and 0.46 for pork samples and 0.45 and 0.38 for chicken sarepfeectively.

4.1.4. Partial Least Squares Discriminant Analysis

PLSDA has an advantage over the PCA method in that it alkv inclusion of class
membershipof the investigated samples into the chemometric modé&ligure 7
illustrates the discriminating ability of the PAL¥A model for both chicken and pork
samples better group separation was obthiNeverthelesssome chicken desinewed
samples (Newby) clustered very closelythe MSM samples The model diagnostics

for the first two dimensions showed expkdhvariation in matrix X equalo 0.43 for

both kinds of samplesin explained variation rpense in matrix Y (RY) equalto 0.72

for chicken samples artd 0.87 for pork samples, and a goodness of ffi) @ualto

0.70 and 0.85respectively. An improved group separation was achieved when only
two classes of samples were considgifd®&M as oneclass and desinewedgether

with HDM asanother).This was of particular benefit for separatibatweenMSM and
desinewed chicken sampleSiqure 8). This kind of model showed for the first two
scores better goodness of fit anektbr explanation of variation in matrix Y than the
threeclass model (Rr=0.86, Q°=0.84 for chicken samples and®R=0.93, Q?=0.89 for

pork samples)The two-class model can serve as an additional prediction tool and can
be especially useful failSM-desineved differentiation of questionable chicken meat
samples.
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Partial least squares discriminant analysis can be appliedlass membership
prediction for samplesf unknown classPLSDA uses a binary variable for ¥hat
represents class membership. Predictions have srakteveen 0 and tlepending on
class membershjpvith values higher than 0.8ndicatingthatthe sample lelongs to the
class. Both PLEDA models were validated by the prediction of class membership for
three samples (prediction set) excluded from the set of samples used tohereatdel
(training set)

For both kinds of meat (chicken and potkg predicton set consisted of one hand
deboned, ne desinewed and odSM sample PLSDA plots for both training and
prediction sets for chicken samples are showrFigure 9. As can be seerglear
separatiorof the samplesin the predicton setwas obtainedind the clasgredictions
for these unknown samples for both chicken and pork meat were corveth (
prediction values higher than 0.5).

For both kinds of meaPCA and PLSDA models based on fewer variables were tested
(data not shewn). In this case variables/compounds tatewithin a sample deviation

of more than 15% were excluded from the model. These compounds were the ones with
very small peakareas,which resulted in worse quantificationy compounds wére
derivatives were ot stable in time. In all models for the first two dimensions
application offewervariable model resulted in bettePR better G for PCA model
and comparable ¥ and @ for PLSDA models, probably due to the partial decrease
of statistical noise obtaideafter exclusion of the low abundance compoukidsvever,

in the discovery of potential biomarkeemn all-variable model must be considered as
the one ging satisfactory resultsenabling tracking of the markers within théoele

set of extracted compods For raw meat materiaglhe fewervariable model proved to
be also worse for clasaembership prediction thahe all-variablemodel Inclusion of

all variables in the model probabbyerwhelmedhe advantage gained from lowering
of statistical noise ithefewervariable model.
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4.1.5. Potential biomarkers

The PLS analysis results in model coefficients for the varidmles/n asPLS-weights;

the weights for the Xariables, denoted w, indicate the importance of these variables,

ieehow much they 06i n atinthe malelling/oéY; theeweightss@f par t i c
the Y variables, denoted c, indicate whickvariables are modelled itlhe respective

PLS model dimensions. When these coefficients are plottacdsdacalled WC plot, a

picture showing the relations between X ahd obtainedA WC plot ofathreeclass

model for chicken samples is showrFigure10. Clustering of some variables near the
position of O0dummyd uf#he meatclasses can beobsEly e nt i n g
and these variables could represent potential class markers. For confirmégsis, t
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were performed on all variables and this was followedhaanalysis of average and
range values for each compound. Those compounds that showed significantaifferen
between classes were chosen as biomarKable 4 showsthe average values of
normalsed peak areas and marker properties of the compounds for both chicken and
pork samplesBy comparingthe results presented Table 4 with the WC plot in

Figure 10it can be seen that markers wahigher value for one of the classactually

gat her very <c¢l ose t o tingehis élassinnimyWCwtr i abl e 6
However, there are other compounds that gather in the same area whiclesttant

range analysis were rejected as potential biomarkers. This showslthaugh WC

plots are useful for preliminary marker selection,feamtion must becarried outwith

other statistical approaches.
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Figure 10. WC plot for first two dimensions in three class model of chicken samples;ildesinewed
meat, 21 mechanically recoverel meat, 3i hand-deboned meat.

As can be seeim Table4, for chicken and pork samples no biomarker differentiating
between all three meat classes wasintb Thee were however compounds
differentiating between two classes aheénce a combined analysis of markers
presented iTable4 would enable differentiation of all classes of meat samples.
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Table 4. Potential marker compounds forthe differentiation of chicken and pork meat dasses P < 0.0005).

Chicken markers

Pork markers

Compound (*)| Probability Des Des MSM- Average value Des Des MSM- Average value

of match MSM HDM HDM MSM Des | HDM MSM HDM HDM MSM Des HDM

*)

u22 - + 0.32 0.19 0.30
uz21 - + 0.09 0.33 0.56
U220 - + + 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 23% + +
acid 10.89 13.50| 6.69 11.12 6.27 7.55
ul9 - + 2.04 452 0.10 + 0.40 0.64 0.23
uls - + + 0.02 0.04 0.35
Ribos 16% + + 0.09 0.12 0.26
Hexadecanoic 22% + +
acid 18.98 | 10.99| 11.37
Glucopyranos 4% +
e 1.32 5.66 | 19.43
Fructose 8% + +
methoxyamin
e 1.12 1.67 4.67
Phosphoric 30% + + 0.78 2.21 2.32 + +
acid (1) 3.89 8.92 | 15.43
Adenosire 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
ull - + 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 19% +
acid (2) 41.32 | 69.91| 70.61
Butanoic acid 48% + 0.21 0.19 0.10 + +
(1) 0.09 0.12 0.08
Butanoic acid 21% +
(2) 0.24 0.18 0.30
uo4 - + 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 43% + 1.20 3.08 0.35 +
acid 1.41 0.68 0.21
Cholesterol 10% + 5.82 3.87 5.38
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N- 34% + +

acetylglutamic

acid 2.27 457 | 0.78
Pyroglutamic 34% + +

acid 2.83 3.44 | 1.23
Serine 22% + 0.79 1.29 | 042
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
uo1 - + 0.05 0.01 | 0.16

* - compound identification tentative basedtha bestNIST match of the MS spectrum;iUunknown; 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 predigin sets created from cooked pork samples
(desinewedMSM and hanebdeboned) 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 PD& score plot and by

their predictions for HDM class membership being higher than 0.5. This result
demonstratethat the developed method can be usedtfoe classification of commercial
products, even if they are complex mixtures of meat and other additives (e.g.
polysaccharides, preservative§rrect spatial andumerical class predictiowas dso
obtainedfor thecooked samples, for both chicken and pork meat. This was achieved even
though the normalsed peak areas of the investigated compounds changed during
cooking, resulhg in different marker compounds for cooked samples compared to fresh
samples

Due tothe changes in compound concentrations resulting ftbenheatprocessingof
sampls, a new chemmetric model should be createtbr the reliable classification of
cooked samplesThis model would contaim wider databasehat is needed forthe
comprehensive investigation of processed chicken and pork sarmipkesanalysis of
cooked samplesvas beyond thecope othe presenstudy. However we have shown the
potential ofthe developed methodolodgr the verification of heajprocessed meat.
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Figure 11. PLS-DA score plots for first two scaes in a three-class model for pork samples; A
training set, B1 commercially available pork sausages as prediction set, iCcooked HDM, MSM and
desinewed samples as prediction set; redMSM samples, bluei desinewed samples, black HDM
samples.

4.1.7. PLS-DA in species differentiation

Preliminary investigationwere carried out to see if the proposed methodologyladtbe
applied in the field of meat species differentiatidBrPLS-DA modelusingall samples as
the training set was created atitke results argresentedn Figure 12 As can be seen,
very goodseparation of both species was obtained, witHfahewing model parameters
for first two scores R*X=0.43 R?Y=0.93 and @=0.92 Mixtures of MSM with
desnewedmeatand HDM (seenext section)for both pork and chicken samples, were
used as prediction set. They wereorrectly predicted when bospdial and prediction
coefficient values were considered. This example shihespotential of applying a
metdolomic approackor meat speciedifferentiation
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Table 5. Values of prediction coefficients for mixtures of chicken meain PLS-DA models

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

Mixture

Three-class PLS-DA model

Two-class PLS-DA model

Three-class marker model

(% of MSM) 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

PLSDA approach

Mixtures of both clcken and porktMSM with HDM and desinewed meat were prepared
as described inhe experimental section and Table 1 and Table 2. To evaluatethe
obtained datandto predict class membership mixtures PLS DA models created from
raw samples were employedlll mixtures werepositionedcorrectlyin the PLSDA score
plots betweerthe respective raw matets andthe prediction coefficientobtained for
three PLSDA models are presented Trable5 andTable6. Vaues hidner than0.5 show
thatthesamplebelongs tahatclass.

As can be seen, most of the mixtures containing MBM were classified byhethree
class model adMSM. For some of the 20% mixttgeMSM classification could be
obtained when other models were appligdch as @awo-classmodelwith MSM as one
class and desinewed together with HDM as the pthea model based only on the
pork/chicken markersisted in Table 4. Here he advantage ad multivariate approach
was proven inthat all models auld be created on the same set of datal hence
elucidation of resultsauld be donewithout perforning additional experimentdt seems
however thatfor a PLS-DA approab athreshold level 020% MSM is thebestthat can
be achieved. It is also worth notig thatlower class membership predictiongere
obtained for chicken samples compared to pakples This seems reasonable taking
into account thatespecially or the desinewecdclass a greatewvariety of samplesvere
obtained for chickercomparedwith pork, resuling in more complex mixture. This
highlights again that natural variance within the meat samples can be considered a
significantfactor hinderingVISM detecton in meat products.

Together with PLEDA predictions biomarkers listed inTable 4 were analy®d as
markers forMSM mixtures.Except for a few caseshere50% MSM mixturescould be
detected aMSM-containing product based orethmarkes @alues, this kind of analysis
proved to be of no use MSM detection.

We also noted thatpplication ofa PLS-DA model with each mixture wasot successful
in MSM prediction. This can be explained by the fact that-BifSitself is a methodhat
is most suitedo the analysis of up tthreeclasses of samples.

PLSand OPLSapproach

Anothermethodto analysemixtures is to applya multivariate calibration approachuch
as PLSYOPLS where one set of samples would be used to ceeateltidimensional
calibration curve for theMSM concentration predictiomf the other setof mixtures
Analysis of PLS or OPLS loading plotgould also enable selection of compounds that
change linearly witla linear change oMSM concentration and could be good datates
for potential biomarkers in mixture analysihese compounds can baufd on the far
right and left ends of thBLS and OPL3oading plots.OPLS models seem to be better
for marker selection, atese modelseparate noise from the predictive aion in the
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data matrix;however,the predictive ability of both method®LS and OPLS) towards
new sampless the same.

The frst attemptusing this approach usedixtures of one kind of HDMlesinewedneat
with one MSM type as the test set to builtie model Results of this investigation are
presentedn the seconatolumnof Table7 and Table8, where prediction coefficientss
expected concentrations MISM in test mixtires aregiven As can be seen, this approach
did notgive 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 interestingowever, is that analysis o©OPLS loading plots revealed
compounds that changed linearly with the changd®#M concentration, with very good
values of regression coefficientBigure 13 and Figure 14), espedally if only HDM-
MSM or desinewedSM mixtures were used for model creatiofhen a combined
model was created from HDMISM and desinewetSM mixtures, deviation from
linearity for the potential biomarkers was observed for loM&M concentrations;
clearly as a result of differences composition between HDM and desivexd materied
(MSM material used in these samples was the sahme)resultsdemonstratehowever
the possibility of the application ofa PLS/OPLS approacho identify biomarkers in
mixtures consighg of exactly the same kind of material.

Table 7. Values of prediction coefficientdexpectedMSM 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 Pre50%_Lima50% - 53.69
Newby Pre80%_ Lima20% - 27.68
Newby Pre90% Lima10% - 17.50
Newby Pre95% Lima5% - 7.86
HDM 50%_Lima50% - 57.70
HDM 80%_Lima 20% - 33.64
HDM 90%_Lima 10% - -2.73
HDM 95%_Lima5% - 3.23
Newby Pre50% PMS50% 43.6 42.71
Newby Pre80% SS20% 7.5 10.87
Newby Pre90% PMS10% 13.7 14.80
Newby Pre95% SS5% 9.7 4.37
HDM 50%_SS50% 16.6 39.26
Tesco Mince80% PMS20% -9.2 20.21
HDM 90%_PMS10% 24.4 25.17
TescoMince95% PMS5% -21.8 8.91
HDM 3.6 18.97
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As the first apppachwas not very successful atassifyingMSM mixtures, it was further
testedto verify whetherimplementationof additional mixturesnto the modelwould
improve its performance. Two samples of each of the mixture thoselisted inTablel
andTable2 together withadditionalMSM and HDM samples were used for the creation
of the model, with theemainingsamples used as a test set. Results in the form of
predictedMSM concentrations are presentedhe thirdcolumn inTable7 andTable8.

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

the MSM concentrations were predicted witluch higher accuracy than in the previous
model), but also resulted the classification of all tested mixtures as belonging to the
model, whch indicatesthe greaterrobustness of the approach.

Table 8. Values of prediction coeficients (expectedMSM concentration) for mixtures of chicken
meatin 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 7115 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%_Lima50% - 49.08
HDM 80% _ Lima20% - 17.10
HDM 90% Lima10% - -1.03
HDM 95% Lima5% - 24.42
French50%_Lima50% - 56.50
French80% Lima20% - 27.72
French90%_Lima 10% - 26.78
French95%_Lima5% - 12.33
Tesco_Healthys0% CHS50% 30.91 50.50
Tesco_ Valu0% SS20% 21.25 19.82
Tesco_Healthp0% CMS10% 23.01 22.88
Tesco Valu®5% CLS5% 1.45 -10.27
DCWBaadel50%_CHS50% 38.33 50.69
DCKBaade80%_SS20% 38.94 25.71
BDDMP4590% CLS10% 80.75 23.62
DCNDMP4595% WB 5% 43.56 2.44
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Figure 13. OPLS loading plots and calibration curves for selected potential biomarkers in analysis pbrk meat mixtures with limited training set; A 7 only
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Figure 15. OPLS loading plots and calibration curves for selected potential biomarkers in analysis pbrk meat mixtureswith more samplesin the training
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Figure 16. OPLS loading plots and calibration curves for selected potentidiomarkers in analysis of chicken meat mixtures with more sampleis the
training set; A1 only HDM-MSM model,B i only desinewedMSM model, Ci combined HDM and desinewed versuMISM model.
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As before, calibration curves were created for potential enarks suggested by the
analysis of OPLS loading pktand shownin Figure 15 and Figure 16. As could be
expected, there are much higher deviations from linearity observed for all compounds
compared to th narrower modelwith a clearly visible spread of distribution for 0% and
100% MSM datp oi nt s MSM) peasineevéd and HDM sampled)indering the
possibility of application of singleomponent calibration curves MSM detection

Whenselected biom&erswere usedor the prediction oMSM concentratios for new
samplesobtained prediction coefficient values wdess accurate than the case oh
multivariate approach and could not be reliably used M8M detection. This can be
explained by thedct that variation in concentrations of one component between different
materials even if following some trend, can be much higher twaen the whole dataset

is used forthe creation of calibration curgeandthe prediction of class membership of
new sarples

The pesented results can be considered as prelimitantyit seems obvious thahe
inclusion ofa higher variety of mixtures in the PLS model would result in its enhanced
prediction ability.Additionally, dthoughmixture predictions obtainefdlom multivariate

PLS O6calibrationd ar e n-oompoand calbm@atomumethbds, a s
our approach makethe detection oMSM, if not highly accurate, possiéven atalevel

of 10%

4.2. LC-FL analysis

4.2.1. Extraction method development

Experimental designwas applied to investigate how the fivanost commonly used
solvents(methanol, ethanol, isopropanol, acetonitrile and acgtafiect the extraction
efficiency of chicken metabolitesith fluorescence properties and to devedmyptimal
methal for their extraction Different mixtures of solventsas shown inTable 9, were

used for the extraction of metabolitégich were lateanalygd withLC-FL followed by

PLS analysisA two-component PLS model was calculated kestw 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%Y and & parameters (0.518,
0.499, and 0.156, respectivelylhe X-score vector t(1) versuY-score vector u(1) plot

of this model is presented iRigure 17, with the lower left quadrant representing
experiments that produced the overall lowest peak areas, and the upper right quadrant
representing those that yieldedethest results in terms of peak areas. As can be seen,
experimentsNO9 andNO04, which correspond to the mixtures wahhigh amount of
methanol Table 9), resulted inthe overall highest efficiency of compound extraction.
Superioity of methanol as an extraction solvent for meat metabolites is also o

PLS loading plot Figure 18), where the majority of the peaks were strongly and
positively correlated with methanoRs a result of these experintsnmethanol was
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chosen as the optimal extraction solvent f@-FL analysis of meat metabolitegth

fluorescent properties

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

meatfor LC -FL analysis.

Solvent/ Ethanol Acetone Isopropanol Methanol Acetonitrile
Experiment () (9 (9 (9 (9
NO1 1000 0 0 0 0
NO2 0 1000 0 0 0
NO3 0 0 1000 0 0
NO04 0 0 0 1000 0
NO5 0 0 0 0 1000
NO06 600 100 100 100 100
NO7 100 600 100 100 100
NO08 100 100 600 100 100
NO09 100 100 100 600 100
N10 100 100 100 100 600
N11 400 400 200 0 0
N12 200 200 200 200 200
N84
ANO09
1
— NO
30 NI1a [4NOL
A N12
NO8
t N95 NgAleo
NSZ ANO7
1 1
t[1]

Figure 17. Determination of optimal solventfor extracting metabolites with fluorescence properties
from chicken HDM ; the PLS score plot (t(1ju(1)) showirg the inner correlation structure between
the X matrix (the experimental conditions; labelling of mixtures as shown inTable 9) and the Y
matrix (the normalised areas of theLC-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 matix (small circles,
normalised peak areas).

4.2.2. HDM and MSM biomarkers in LC-FL analysis

MSM and HDM samples were extracted witie optimised method andanaly®d with
LC-FL. As shownby thechromatograms ifrigure 19 and Figure 20, visible differences
in peak patterns betwedfDM and MSM sampleswere observed Peaks M1,M2, M3
and M4 were relatively higherin MSM samples whereaspeaksH1 and H2 were
relatively higherin chickenHDM samples angheakH2 higher in pork HDM samples
After peak areanormalsation againstthe internal standardstatistically significant
differences(P<0.05) were confirmed for thee peaks suggesting that they could be of
potential use as abiomarkers in MSM/HDM differeniation However, small
concentrations of most adhese markersvould hinder reliable quantitative analysis
unless some sample enrichment metho@sevapplied. UV-Vis spectra ofthe peaks
resembled tbse of pyridinoline and deoxypyridinolinel human bone biomarkeris
which suggests that they are chemically relatadowever pyridinoline and
deoxypyridinoline themselves were not found analygd samples and attempts to
identify the structures of potential fluorescence chicken marketsCoylS or MALDI-
TOF analysiswere not successful.
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Figure 19. LC-FL chromatograms of chicken meat samples with potential markers foMSM (M) and
HDM (H).

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