CHAPTER 4

RESULTS AND DISCUSSION

ca‘f'

Southern Malaysia using FTIR combined with Principal C?.nent

Yv

4.1 Profiling of Lard from Collected Pig Samples at Northern, Ce

Analysis (PCA)

4.1.1 Introduction

A total of 270 FTIR spectra were measured, ﬂlu ed
| S
lard spectra collected by body parts; BK (b ats), B fat s%“}and SD

(shoulder fats) from different regions; rtR a ntral e total of

180 training sets samples were div1d@ thr,

(60), and south (60). The remalm e _&Qset are from the

mK
central (30), north (30), and s ) 'r’% i ,& training and test set
division were conducted %}m CthIl. Afterward, pre-
processings or transforma we ' ld e training set of divided
samples to improve fo %j‘! rest and reduce or remove the

noise on spectra Qs Sectl 4.1. hen PCA was performed on each

transformed ta Section B @%sélect and observe outliers. Next, the

selected del sesse &l/ Section 4.1.4 using Hotelling T?. In the
,
P(; . .

selecte A rﬁp‘del was validated by test set projection in
N

\C-)

s; cen 1 (60), north




4.1.2 Data Pre-processing

This section discusses the raw or untreated and pre-processing W
to identify any spectral discrepancies. As a whole or globally, th%\ca of

fats collected from various regions cannot be distinguished &antly by

the naked eye even though the data has been transformed, as gwn in Figure

4.1 (a) — (c). \’
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First, an in-depth analysis of untreated FTIR spectra can be seen in
Figure 4.1 (a) shows significant additive offset multiplicative scaling S
and light scattering. It can be noted that some south region sa@reen
lines) seem uplifting from the others between wavenumbers 4 85 cml.
Three peaks regions around 3059-2762 cm™, 1823-1696 cm ™and 1500-680
cm™' dominated the whole spectra. The first overtone and comibination area of
hydroxyl (-OH) stretching and bending vibrations c &);srrved at 3900-

3100 cm!. The sharp peak at 756 cm' is identified Whloroform
@

residues during the extraction process of crude% The qils 'fa& ve a
peak around 720 cm™! which is attributed to the 1(C=6) h. \/‘T
Previous works have attempted m lar\ etwe&ected fats
using a combination of FTIR m%and che etri@%t the specific
frequency wavenumbers. For th%litative \d\$| i;Q n determination of
lard blended with other anit%, it Q)vas und &Ié:}to be almost different
were observed at wav m J ns Ol(@ﬂ cm’l, 1220-1095 cm’!

irg r},' 2@'); qualitatively studies of lard

(Jaswir et al., 2003; n &

to differ with oth %les filt
cm™ (Che Maé, 20 .
the waven % fro
from VaQ%cesﬁ numbers with the previous works.

m spectra  were @Z).rocessed or transformed by multiplicative
S \correction (MSC). As can be seen in Figure 4.1 (b), both MSC and

& ated spectra show a similar pattern according to the regions (north,
entral & south). MSC corrections were demonstrated to solve baseline offset

1

4 &
kil g&sz.s em, 2922 cm’! and 1464.7
'Wevéﬂe finding of this study showed that

a"of(-lja d to represent the entire lard profiles
N

problems. After pre-processing, the baseline between 4000-3010 cm’
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becomes tighter and closer to each other than the original. It can be seen that

the uplifted samples from the original line plots of the raw data are

Still, both regions and body parts samples showed a similar pattem@ raw

data. A

Other than MSC, the second choice and most commony pre-processing

is the 2™ DSG (Derivatives Savitzky-Golay) pre-prqiem to solve the

multiple scattering effects. After the 2™ DSG pre- sSing, 'the spectra of

lard origin have also turned into some sharp™ypeaks } ( 41 (c))

Interference peaks clearly showed chloroform a ethanol's alt) @‘(s at

, % 1se\&'ks were
seen from the broadening regions 3 51590 @X cm  and
1500-680 cm™). In contrast, spectr ch as p 30@4%m 3010 cm’!

and small peaks around 1500- 6 cm! ca e

1033 cm™ and 756 cm’!, respectively. In

d& ied and were lost
S

after 2" DSG pre-processing ( y, 202%) &
The chemometrics strate esl unc}é@t a difference in light
n of baselin

scattering could ca eV variati a e shift. Light scattering is

o‘

present when it &:rates til 1nto thickened lard samples in

semi-solid for\ obsC g the baseline shift of the % T line

be
¢ L)
plots of tEi data. Thi bgseU shift was also an issue in the FTIR
measur% et$ 2019; Karunathilaka et al., 2019). Thus,

e-processing of FTI @éctra is necessary as a correction part before

%xetrlcs modelling.



4.1.3 Principal Component Analysis (PCA)

Figure 4.2 compares PCA according to the raw and pre-proces?!f

FTIR data as; a) Untreated PCA-FTIR, b) Full spectra of M

Selected frequencies of MSC-PCA and d) 2" DSG-PCA.
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Figure 4.2: Comparison of the FTIR-PCA Before and After Pre-processing.
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In this study, PCA was performed on raw FTIR spectra of lard between
different regions and body parts to obtain an overview of the daw
discrepancies of outliers. In the previous section, it was repoﬂ@ the
spectra of untreated FTIR data showed no differences in larﬂ&oﬁles by
regions or body parts. In PCA, the important data was com&s;d into the
PC. Furthermore, FTIR data that were treated with Mim 2 DSG pre-

processing were also subjected to PCA.

The outcome of PCA on raw FTIR data s
explained a total of 81% variances by the
(PCs). A few samples, mainly from the

(CI at 95%). These outlier samples can

and 1033 cm™” as can be seen %e

chloroform and methanol residu%s inter\c_f_e(_e qé\ These peaks also

S
appear in positive PC-1 (%e tc9 the saattzo baseline. Thus, pre-
processing with peak d xmr%@ in lard characterization.
The line loading pl(% hows & sinfilat p@’lle of original data and may

AN
\S]

2 &
highlight regions o meo?a \ é.}
(b)jwsho SC&& full spectra has similar trends in
¢

Figure 4
! (7
raw PCA %ilar tal ia{ce&/o as much as 81% at the first two PCs.

N
Howev% s plgts_a ilose@ld outliers (CI at 95%) are lesser than the

original “data. From its load@fﬂots, the interfering peaks at 756 cm only at
n%k PC-1. There are slight variations in PC-2 north region samples
utweighed at positive PC-2 direction and south region at negative PC-2

irection.



As can be seen in Figure 4.2 (c), only 89% of the variances are captured
after variables selection on MSC-PCA. This strategy is because V?!s
were selected according to the lard individual's frequencies to 0@ the
interferents peaks issues. Therefore, variables (frequencies) w%&lected in
the correlation loadings plot in Figure 4.2 (c¢) of the loadinngc% compared

to the standard view loadings plot in Figure 4.2 (b) Ntter frequency

The plot in correlation loadings (Figure

2 (0) irw ‘the two
ellipses or circles representing correlation X-loadi betv;en lf#:ti:@gks.
The outer ellipse is the unit circle and indi 1-100% nce .‘ﬁle inner
ellipse indicates 0-50% of the Variance.xe at t Y;ortance of
iveé-l: 1744 cm!

1;(\-0.814), 3009 cm’!
\
ive PC-2: 3004 cm™ (-

visualisation.

prominent peaks related

The othenéyroce \Dfnede}i‘&nd DSG. Figure 4.2 (d) shows that

2" DSG-P h)ture 74 ér &é‘jvariances at the first two PCs. Unlike

N
MSC % essi@,bJ)?ing Y@)ts from the 2" DSG-PCA were not
dete&l by selecting i@uals’ frequencies. The sharp peaks produced
@2“ DSG-PCA caused a discrepancy in the point data of each sample.
efore, only interval wavenumbers selection between 3030-1120 cm™ was

sed on FTIR spectra after 2"¢ DSG-PCA to exclude interferent peaks. From

the loadings plot, the first two PCs display noise in 1823-1696 cm™ and
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1500-680 cm™ notably at positive PC-1. This outcome confirms
statement that the method of 2™ DSG-PCA gives much change to the ?’a
of the origin (Jiang et al., 2019; Panchuk et al., 2018).

The 2" DSG pre-processing can correct the multlphcaﬂkffect by
removing both baseline and linear trends. However, the tec Ws are not
helpful for this study because some noise spectra wo d nﬂated Hence,
the MSC pre-processing is proper to be applied c se the spectral
features of the lard.

From the three PCA models of the un tr, f(im‘lé) data,

there are no distinction grouping either by or bod y , € e‘rafter the

interferent removal. Therefore, the s ted was Y.;en as the

final model for the similarity test\gza validate m@ Then extended
PCA employed Hoteling T for out dc rmﬁl uation.
S
Prior PCA, MSC pre-p%g, an

ev.
ated @s plot spectra are not

changing much differs. i p S cessing is appropriate in
ortancd)

looking for s1m11ar1t% “ of pre-processing shows that
4

outliers in the FTIR ls and &nbval of irrelevant signals come

from sample n at1 et ab 018; Mishra et al.,, 2020), and the
IS

finding of h A Valua n" study” also enhanced the visualisation of the

importa mbtr "

"”‘7/

@ proved that the (ﬂ%ﬁers evaluation is essential before the finalised

E In this view, some wavenumber selections are necessary to refine data
0 ifying the interfering peak, such as solvents inherited from fats
traction. Furthermore, untreated and transformed FTIR data could not

cluster lard according to the regions and body parts. These findings suggested
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that there is a homogeneity of the spectral lard qualitatively. The finalised
MSC-PCA calibration model compressed multivariate data into the firs e

PCs to represent lard spectra from selected frequencies revealed @Hngs

plot. A

4.1.4 Hotelling T? Similarity Assessment of MSC-PCA Mﬁ(m

In this study, the similarity of lard spe Fetermined by

S
evaluating different percentages of o (0.5%, %, %\&.f%). For
tellin st#lti sz)vas
e % 2 h,\@‘;‘;hesis of
um‘i iden@zutliers or

abnormalities during multivariate pro@ation (Rinnan et @09).
In Figure 4.3, a total of ei%mple&p&te g{\auter ellipse at 95%

S
CT of Hotelling T2 limits MSC- det $h PCP Vs Pc<$.
A

TZ

quantitative similarity of the collected lard,
proposed to test the o of the multivariate

a multivariate normal distribution 1

721

PC-3 (5%)
< o o

o
N

05 0 05
PC-1(76%)

/?\f/x

B CENTRAL @ NORTH A SOUTH

A Figure 4.3: @f&nination of Outliers by MSC-PCA.
%ng's T? statistics describe a class space, and the trust ellipse is used to

0\ a multivariate normal distribution hypothesis. All samples within the

critical line limit and Hotelling T? eclipse remain the same spectra. In
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comparison, those outsides of the line samples are determined as extremists
or outliers. Unscrambler® X software removed the outliers from thevc-

PCA by recalculating this model and updating the statistical dl@ and

the results presented in Table 4.1. A

Table 4.1: Comparison between Four Different Significance LZels (o).

Hoteling T Limit
(1-0) @ PC-1 PC-2 PC-3
(99.9%) 0.10% 11.269 14.548 17.305
(99.5%) 0.50% 8.130 11.054 13.521
(99.0%) 1% 6.822 9.569 11.896
(95%) 5% 3.918 6.167 8.110

T‘
@wrs for the
95‘VC§&. There are no

Comparison of four different 51@
first 3 PCs after removing eight outside t

outliers at the first 3 PCs at 01 Y d 0.5% Ker

;

e(i\rlng the outliers. In
S

order to accommodate Type , a ?onge d&'staz%- Hoteling T Limit was
chosen by reducing o. @v E d have to determine the
similarity of the lard%. Based ‘on e“ de n a at 0.5%, it can be stated

4
that these study mes Iiau!i;\ Jec e null hypothesis. In the future,
C

f th éegllected lard by Hotelling T? statistic

has been e ed Y wd ep{1 (?e null hypothesis of the lard profile
regardl regl&nﬁ) ody farts.

ﬁrst 3 PCs (tota\ﬁfy iances >80%) were retained, and the threshold

the o of the

rbltrary critical value was set at 0.5% o, referring to the Hoteling T?
imits (PC-I = 8.130, PC-2 = 11.054 & PC-3 = 13.521; df; 179, 6). These

utcomes can be used as the benchmark for profiling lard at different regions



and body parts. Thus, the first 3 PCs of MSC-PCA were chosen to determine
the similarity of lard spectra and subsequently to predict the new samples. Y'

The results in Table 4.1 show that the statistical distance @ the
corrected limits decreases as p-values (denoted by o) incre&*rom the
findings, the similarities scores vector presents after consm removing
some extremes outliers. Thus, a p-value at 0.5% a ( .SWI) was chosen
after considering the elimination of the extreme %:nierestingly, the

generalisation of Hoteling T2 statistics as a ified rw material
@

N
ed fats, e c‘al@ the

idally,_fsed \t,SF identify

ns oﬁutm stan.@&v. parameters.
The statistical distance can be us&aeasure t gni@i:e level in the

multivariate data (Efron, 2014). \Y &\
) o S
9 Q—
4.1.5 Prediction of Lardﬁk-i’f ro ctio$
After the MSC% odel ;s}alls he prediction process on the

g
test set was app&\l"est ‘;

&
\We.re da (dutside the training set randomly
selected by the, K-Swalg

he t&?}‘-‘ﬂimensional (2D) scatter plot scores

spectroscopic analysis. The influence pl

outliers or abnormalities when a proc

&

| t?
’ (Factors) from prediction results. Once the

S

¢
for two SEIG% compon

N
MSC-P el i§ .cst 'hed% a training set or calibration, new objects
or @es can be added {o\;ﬁ; model, which would cause new ratings, t,
a Nings p (See Equation 2.2). In addition, the variance of the residuals,
calculated for each fitted component, providing a measure of similarity

etween the test and training sets.



The plots observed how close the new samples were predicted

according to the distances of the original samples. The training dataset?ﬂe

PC-2 (27%, 33%)

-0.04 -0.02 0 0.02 0.04 0.06
PC-1 (50%,43%)

@® Calibration @ Projection

Figure 4.4: P@n‘ of the Test ef‘intg?;&S’C-PCA.
N
s

‘ : z (
As expected, all the scores plot ﬁvhjd&t et (green) are located inside the
eclipse. Therefo@C-P@duces % acceptable percentage calibration

S

(at the right) Nred' tign the ]etgyPC-l (50%, 43%), PC-2 (27%, 33%),
and PC-3 @o). §J

4
w graph 1 Fl';ul;gjah may not fully show test sample plotting.
oy
from the projected ZIhcores plot, the test set results for the first 3 PCs
¢ observed through the Influence graph comprising F-Residual value vs

Otelling’s T? weighted with their respective critical limits based on a above

(Table 4.1). The test set samples re-assembly inside the first 3 PCs (4)

e

o

%
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boundaries in the Influence graph plot. As can be seen in Figure 4.5, The F-
Residual value versus Hotelling’s T? are presented in Figure 4.5 (a)?:

0.01, 8.130; Figure 4.5 (b) PC-2: 0.007, 11.054; and Figure 4.%\03:

0.005, 13.825. A

a) PC-1 QLM

Hotelling's T2 (PC-3, HotT2Lim: 13.52513)

Influence Influence
© =
3 N
S 0.01 g 0.007
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E £ 0.006
- |
1] 1]
8 $ 0.005
w w
T : o 0.004 f
g |- g
= b S00031.. "
e t 2 R
@ 5 © 0,002} o s’
© &." . w =
=] =] i .
o ‘;~ ‘ % 0.001 o !.‘ *
a r . ‘o . LY
Loy o w 0
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Hotelling's T2 (PC-1, HotT2Lim: 8.13188) r Hotelling's T2 (PC-2, HotT2Lim: 11.05659)
o g
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o«
& 5 0.003
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> o ‘e
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TR l :.\l‘ .
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Figure 4.5: Influ \Graph Plots F-Residual vs Hoteling T?.
K

ence, the first 3 PCs distribution so each PC were visualized

Oividually by influence graph. Finally, F-Residual value vs Hotelling’s T2

was set to use as boundaries to conclude the test set in belonging to the lard.
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All projected test samples were shown inside the red line (critical limit), and
there were no extreme samples. Hotelling’s T? has been used as a pa?!r
of the data quality in the multivariate study. For instance, biodie%\ples’
model assessment and error analysis quality by spectrophotomﬁ%ata were
performed using the Hotelling T? statistic and Q-Residual indW replace F-

Residual (Tehranizadeh & Ghazanfari, 2020). The Infl erNaph was also
gp

conducted in chemometric modelling to UV-Vis s y' (Angheluta et

al., 2020). \d
]
- . N\
The PCA projection outcomes can also b idated | as rlr PCs
through a residual variance graph in Figulv' (s 1% ¢ quality of the

X
projected samples. > é
Y @ .

Residual Variance

3e-05
o 2e-05
o
c
o
Z
= 1e-05 o
projection
0
PC-0 PC-1 PC-2 PC-3 PC-4 PC-5
PCs
Calibration Validation Projected

“Figurke 4.6) Total %sidual Variance of MSC-PCA.
(Qk ’ U ) <>

’
X
3
¥

se boundaries indicates that test samples were

Th&cois vector outside

% lard groups. Hotelling’s T? statistic measures the distance of a new

Oewaﬁon to the model mean. The critical limit is based on an F-test, which

replaces the #-test in the univariate statistic.
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The blue curve represents the residual calibration variance, which
depends on fitting the calibration data to the MSC-PCA model. YH
validation 1is wused to calculate residual validation variance, @}

represented by the red curve. The residual variance of the prﬁ& samples

1S

is often seen as a green curve in the projection case (Fl?re 4.6). The
resultant MSC-PCA models produced the smallest valu M zero of total
residual variance, where the residual variance drop Krp

ly' to zero from

the fewest possible components. The projected c below alibration
@

and validation curve showed reliable prediction resu% ' _S
Visualisation residual distances of _varian an \b/\r related
directly to each PC and give a robust W ion 'ﬁbou he p Yi.on through
MSC-PCA residual variance graph: e Aindings th@QIhe first 3 PCs
have given a satisfactory smalle%dual fo $et r\ Tﬁality of the model.

It can be seen from the r%f th@ prediction e, which are parallel

below the calibration/v*:éatl J e. \3This §tcome means the new
projected samples (tes% ng to the ca ra'timb'

4
The statistic %renci \th wa%cused by applying a random effect
&h wh

model to dete e € ' ithj\crﬁe built-in model can be re-applied.
¢

Prediction yarianges were hay higher at PC-2 and PC-3 but acceptable
N

because atrixJ’ ‘pot ays perfectly reconstituted after re-sampling
into training set espe@ involving spectral data, which are typically
inher1 by the small number of objects, n and large numbers of the

& bles, p (Abdi & Williams, 2010).
The finding shows that PCA projection with other Influence and

Residual Variances graphs are highly recommended to validate the similarity
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of the new samples in case the model's saturated or homogenous scores
vectors exist. Otherwise, to find dissimilarity between scores phva
combination of PCA and OPLSDA has been found to discriminate %\ fish
lipids successfully (Hanafy et al., 2021).

The profiling of lard and its reliability have to be imprayed. Thus, the
study was conducted to compile lard from different regionswand body parts

and to encourage using a standard library of lard S. Feally, such a

library would be composed of lard spectral and onventio Ms with

®
ANO 'h@yb.een

well-characterized chemometric  data. Traditi

-

d in" TOC sxof the

ide; 2017){01‘1. the other
A @4% been used to

implemented as a univariate statistical
uncertainty test assessment of the C

hand, chemometrics techniques suw )CA an
quantify the CRM of inorganic%rial an\he%

Sy
data (Adilson et al., 2020)% thisﬂ stu @ro@g the high-dimensional
data generated by FTIR an@net’ echhiques Aevelop the CRM.




4.2 Discrimination of Pigs (Lard), Chicken, Beef, Mutton, and Plant Fats After

Heating-Process using FTIR, "TH-NMR, and *C-NMR with Chemom?"

Techniques %\
4.2.1 Introduction ?

In this study, fats subjected to the heating-process_wer easured using
FTIR, 'H-NMR, and *C-NMR combined with che ethic t'tchniques such
as PCA, multivariate classification, and multivariate regreéssion.

X

The FTIR and 'H-NMR findings were) “outlined | accordihg (o the

chemometrics evaluation: Data pr ing< : @tivariate

classification, and multivariate regressiw t}T rmine&; chemical
features that contributed to f\% using C-@‘R. Multivariate

classifications were performed t%ssify a\n? l,e'Q}éd fat according to
A o
the respective groups. M%\ i i <'i$..c:¥nployed were LDA,

MDA, QDA, and SV '
the OSC-PLSR, PCI%% di c;ﬁnn@ lard and other fats by the
dummy binary (0/1 \
A contiw tud
S

erlapped l‘ G(IQ '"H-NMR-PCA  scores plot. The

chicken fat i
\
chemor%t evalflatio "on &-NMR data was repeated from pre-

mg, PCA and heatmap@ﬁiomarkers of lard discovery.

N

N
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4.2.2 Profiling of Lard and Selected Edible Fats After the Heating-Process.
4.2.2.1 FTIR T
FTIR data was obtained from the range 4000-650 cm™ as %\rﬁng
point for spectral acquisition. The spectra of the FTIR datase*neasured
and contain 339885 data points (195 samples x 1743 wavemrs). Figure
4.7 1illustrates the total of samples spectra simultaneousl ording to the
five types of edible fats after the heating-process de %}Z ) chicken, (b)

\d

lard, (c) beef, (d) mutton, and (e) plant fats.

o
a) chicken fats h b) Ld 3 | \C}T

2922

Absorbance (a.u)

Absorbance (a.u)

4000.4 3659 3360 3063 2764 2465 2168 1869 1572 1273 976 731)

4000.4 3659 3360 3063 2764 2465 2168 1869 1572 1273 976 731
wavenumbers cm-1
-

C) beef fats gt 6 > z zﬁ?‘utton fats

N
J: y

Vi 45\ W{/\: lﬁm.lw \@
S

wavenumbers cm-1

L

Absorbance (a.u)

Absorbance (a.u)

4000.4 3659 3360 3063 2764 2465 2168 1869 1572 1273 976 731
4000.4 3659 3360 3063 2764 2465 2168 1869 1572 1273 976 731

wavenumbers cm-1

‘ wavenumbers cm-1
I ) \ Je)plant fats
:

Absorbance (a.u)

4000.4 3659 3360 3063 2764 2465 2168 1869 1572 1273 976 731
wavenumbers cm-1

&
N
S

Figure 4.7: Comparison of FTIR Spectra.
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Spectra in the analysis of fats subject to the heating-process of each

figure are presented globally or simultaneously to align w1tYHe

chemometrics evaluation concept. Each spectral was imposed a@ to

the fats type and heating-process design 240 °C; and temperatu\f& I, 2 &

3 hrs). The extreme intensities at lower bands between 65(%~ cm™! were

considered to be eliminated and known as interferent he interferent
ol

peaks can mask the other important peaks of fats, be observed

through the loadings plot of PCA (Appendix 1). \d

The scattering or high magnitude at the t bands 'co from

light dispersed from the semiliquid fats. '% at% re @ tified as
ical ) Spec

important characteristics of fats. The t

TAG are shown at 2922 cm’! 2 cm™. ese @) peaks can be

associated with the stretchmg ions o \th e ,&Hz) and methyl (-
CHs-) groups, respectively bendlng 1 ratlca@, the methylene group
shows bands at 1465 cm‘1 abso @ peak of ester linkage at

1740 cm™! was clearly for all nim falts

&

m” % ave been shown to differ from

Bands in th C

animal and pl Chi andd;&d have very similar characteristics at

a glance u t e na ed e (gllgeée‘)47 (a) & (b)). While beef and mutton
have s haragteristi W1t 1ght variations. Beef and mutton fats are

me dlfferent spec@e{round 2850-2950 cm! at 240 °C (Figure 4.7
( d)). The broad bands 3100-4000 cm™' were identified as moisture from

r residues in some lard, beef, and plant fats. Plant fats have little

r1at10n 1500-731 cm™ compared to animal fat (Figure 4.7 (e)).
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The main indicator is that the 2922 cm! can be associated with the
asymmetrical stretching vibrations of methylene (-CH»), while the 285?!’1
methyl absorbance was the result of a symmetrical stretching band@Hﬂ
groups, and sharp carbonyl (C=0) of triglycerides absorption Aapproved

at 1740 cm™! as in the structure is shown in Figure 4.8. The G, commonly

called triglycerides (known as lipids in general), are ioMby combining
rsy of

glycerol with three FA molecules at different n 'carbon chains

denoted as R. The chain lengths and saturation ofWthe F swral TAG

vary depending on their sources, e.g., plants, a Is, orba 'al S ﬁhimes
at minimal variances. FTIR is remarkabl de% rd L‘&ombined

with chemometric techniques on lard%an sis,'a\esp ially @;‘; involving

massive data.

%y
O

ks

qu{e K NFl;c\ﬂa-sic é@fure of TAG.

4222 IH-Nne%& ;
of

N
l c_)(.z
The@t' - speé:nbscopy produced a total of 136 spectra
{ uplicat 4\

(i.e., les wer eéy additional triplicate on lard at untreated and

L&

%

12\ from lard, chickeha:ts, beef, mutton, and plant fats subjected to
-process and labelling (See at Table 3.4). Each peak value of chemical

oft (0), denoted in ppm units, was recorded. The o were utilized at ranges,
as can be seen in Appendix 4; each peak of o has been assigned to the

corresponding functional group (Lia et al., 2020; Sacchi, 1997).
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Figure 4.9 (a) shows the 'H-NMR spectra of the five fat types after the
heating-process. The spectra of various edible fats heated at 180 °C for S
were stacked to observe the specific signal/marker to differentiate @ fats
of different types. Some signals have varying intensities at & 0: and o
2.76 ppm, especially by lard and chicken. However, intense signals of TAG

in the aliphatic region (6 1.2 - 1.4 ppm) dominate the spectra.

BEENU UQI‘!ID‘S‘UMUS Min CDC3 i l a)Baeffai(B-Os)

) Chicken fat (C-08) T
) ) 0 R4 La
1 B

)
hah / Dr|Sukri Ut

2=

USTM / O Sukri L (IE45) ==
2 | ) L (m) 3
5] 6 0 2. 1 0g
ne_lﬁ & ; g B
M8 Nor Aishah / Dr Sukrl USIM in CDCI3
o i ) Mitton fat (M-08) i X
| | | 1l
va_1h i I I e [
V8 Nor pishah / Or Sukrd USIM in CDO3 "
; ‘ <) Plant fat (V-08) -
A JUUUEE DL
A =

5:4 5:1 STD 4.‘3 4?5 4:4 4:2 4[0 1'8 3:5 ]:4 3:1 EID 2.‘8 2:5 1:4 ITI 24‘0 er 1I5 1:4 111 llD D:S
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\%n otal é% 'H-NMR Spectra.
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100000 A
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0
o 0.5 114 1.9 24 29 3.4 39 44 49 54

Intensity

chemical shift

Figure 4.9: 'H-NMR Spectra.
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It could be time-consuming to observe 136 samples individually. Thus,
the spectra were superimposed for further multivariate analysis. Th
from MestReNova software were binned and transferred into @ﬁles
before being imported to the Unscrambler® X software, is s in Figure
4.9 (b). There was no specific signal/marker to differentiaté’ between fat
varieties. Some signals have little varying intensities on_each¥ resonance. For
X.

example, the concentrations of methyl groups of the '(in the & 1.26

ppm) are dominated with large intensities, but %he o ewould not

a
discriminate against fats varieties. é ' 3
L4

Y‘
4.2.3 Data Pre-processing \, é
4.2.3.1 FTIR \L )

The different of the sp% after \%ta n{e\processings as; a)

normalisation and (b) 2 DSGétrateﬁ\in_Ffuae 4,10
N &

a) FTIR-Normalization
0.1

gt

b) FTIR- 2 Derivatives Savitzky Golay (20 DSG)

Absorbances (a.u)

0.001

K.
&

=0.001

\ 648.1 947 1219 1543 1869 2195 2519 2845 3169 3495 3819
Wavenumber (cm-1)
0 Figure 4.10: Comparison of Normalised vs 2" DSG FTIR Spectra.
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Before pre-processing, the raw FTIR data matrix, X, samples (m), and
wavenumbers (n) or (m=195, n=1743) were divided by trainingw
samples and test sets (50 test) by the K-S algorithm. First, the trair% was
applied to the pre-processing at selected peaks, 715-3100 cm™. ext, the
identified interferent peaks at wavenumbers ranging from 650 ¥709 cm™ and

3101-4000 cm™!, were excluded. V

sideﬂed to improve
the baseline of raw FTIR spectra data (See Figurew4.7). The~raw s&mtra
1‘ N
apparently displayed relatively high backgro noise an tering\, effects.
L 4
According to the literature, normalisationw 2“‘1\% re-p%*g;ging are

suitable to overcome the scattering effect 61 et al.ﬁZOO <§
T

Normalisation is spotted differN om 2" G iI@e following two

G A
plots aspect. First, as can b in Ei 1
? o =

{@, normalisation pre-
processing is similar to the\lnals ctra eﬁ‘tu&é’See Figure 4.7 (a)-(e)).

The only magnitude of Tnce 1S S rdi;@to be between 0.2 and (-)
(
G (il/)g‘ has centralised intensities to

(Figure y)

the zero baseliry”&wcondl pe\ 1ipid§ei(é{%ion; 1098-1235 c¢m!, 1375-1740
cm!, and 2 w2 cn‘r e'ine&g}ter normalisation pre-processing and
'
ra

0 represent lipid&jomposition. Noted that previous studies

The selection of two types of pre-processing a

(=N

0.2 a.u. Meanwhile,

allowed s

indicat

r -bancf' regions co@ be notably lipids or fat (Arslan & Caglar,

. N
2019; 1Ién & Cabo, 199(&7Lerma-Garcia et al.,, 2010). On the contrary, by

@mg sharper peaks, the 2™ DSG enhanced the main peaks at 1166-1370

0' , 1499-1746 cm™!, and 2800-3025 cm™'.



4.2.3.2 'TH-NMR

"H-NMR profiling on untreated spectra from previous Suw
4.2.2.2 (See Figure 4.9 (b)) encountered drifting issues on spe@ause
many samples were conducted simultaneously. Although the%se were

appropriately referenced, chemical shift drift was inevitable. W drift may
happen due to many factors, such as compounding, chinEe n pH samples,
dilu

ionic strength, instrumental factor, and level of com
spectra are required to be pre-processed for comparabili

lion. Thus, the

Figure 4.11 shows that combination -processi n’q were
applied to the 'H-NMR spectra sim sly{ ing @f the a)

S

A

Normalise -Baseline.

Correlation Optimized Warping (C% G‘) = orma@.c) COW-
‘N ™

Intensities

TSOO0 - . . - -
roeoo a) Correlation Optimized Warping (COW) Pre-processing
ESDDD
=)
s=c00
SOOOD
45000
s
s=c00
DD
IECOD
2000
15000
rocos

5000
o

Q.8

.7 b) COW-Normalize

0.5

o5

0.4

a3

o.2

£ -
: ok
! 03 ¢) COW-Normalize -Baseline.
01
° I
0778 1116 1.3 1.6 1.8 22,16 2,390 2.6 2.8 3 3.16 3.30 36 3.8 44,16 430 446 48 £ 516 5.39
chemical shift

Figure 4.11: "H-NMR Spectra After Pre-processing.
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The region of d-TMS and d-CHCI3 (0.0-0.5 ppm & 6.1-8.0 ppm) were
firstly removed, and then combination pre-processing was applied due?ﬂe
O drift of the binned spectra. Some baseline offsets seemed 0% and
required baseline correction on the spectra. These popular ali spectra,
such as the COW method, need referenced spectra representing the entire
samples. After COW pre-processing of spectra, the unit OMSities 0-100 x

10 is required to be scaled (Figure 4.11 (a)). Calration by full

spectra to a unit area (0-1) should enable an unbi classificatiofi’ of the fat

oy
samples based on their compositions, is in | Fi e' 4_1@ (b).
Normalisation is a method of good cha the dif -N@ spectral
riat'ﬂn. weve&ne extreme

values and scattering effects a otigeably uplifting @%’ normalisation.

Figure 4.11 (b) shows the spec%isplay i b@ine variations after
ESY o

COW-Normalise pre-processi glied. uch <';;Qolems were suggested

variation due to intensity or concentr

to be corrected by using_ba: ine' iﬁechniques to subtract the
baseline offset (Figure ; I Q‘
'3 ¢ &

The alignme f the i spec as satisfactory using the COW-

Normalise-Baseline “pre-pr i alg('} m. Hence, a thorough assessment

|

¢

of the sam % was| carri (ﬁt Q‘Verify the occurrence of spectral outliers.
N

textWPCA W rrned&

KNS
4% \PCA
4.2% .1 PCA of FTIR data

The normalised-PCA is shown in Figure 4.12; plant fats and the first

two PCs separated animal fats with a total variance of 80%.
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Figure 4.12: The Normalised-PCA O ew of the "‘ T a’a..:)

|

PC-3 (T%)
(?)
N

.
<
o

—

! 4
It can be seen that the highest xm'ces \mutton R?,Y;ats and
chicken/lard overlapped and we %yrrel th nt fats. PC-1
separated well between animal mnt i ojgroups: mutton and
chicken. PC-2 separated mut@eeﬁ sampl 'Ion(é}e rest using the first

“ &
&
S

Beef-mutton is Jlecate separat'ly fi m tb’ elected fats in PC-2 vs PC-

two PCs.

Yy

3, accounting for 18% +tetal W@ : L{r is located positive at PC-3 and

anti-correlated v&n ken fats 01rc\ , as can be seen in PC-3 vs PC-4,

which accou%\r ly* 8% yjt otal variance. At the same axis, beef-

mutton %t fa‘l'ts clusfer ea%@ther in the middle of the axis as average

.

plots. “Eheréfore, the PC-3 vs @ZL can be defined as lard and chicken fats as

te\clusters separation from the selected fats, but the total variances
ained are too low for the defensive results.

o Normalised-PCA  loadings plots have defined the wavenumbers,

displayed poorly, and required in-depth investigation. The alternative to

<
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define wavenumbers or frequencies could be applied by scores plot selection

according to the distinctively each fats clustering, as shown in Appe A

Each PC represents the wavenumbers contributed by the loading® The
wavenumbers ranges are addressed as band regions in the d&l‘IR. For

example, the PC-1 vs PC-2 plot shows that the separation of th&fplant fats was

mostly contributed by the band region 721-854 cm. T vs PC-3 plot
s@parated

shows that band region 1680-1751 cm™ significan the cluster

mutton and beef fats from the rest. \d
"X
As can be seen in Figure 4.13, the 2™ presproce i]’g _@PCA
shows almost similar clustering to the normalis : 4 j \/‘T
DA
CN \w\ y &

0.004 Scores 0.002 Scores
. v
2 0.002 I so0001|
e ’ ' 3 oy
S ol Wr | T 0] o
3 b . ! Yttt
© .0.002 -.m.‘ g -0.001 . ,
-0.004 -0.002 .
-0.006 -0.004 -0.002 O 0.002 0.004 -0.004  -0.002 0 0.002 0.004
PC-1(27%) PC-3 (14%)
B beef ® chicken A lard B beef @ chicken A lard
4 mutton w plant 4 mutton w plant
0.004 Scores 0.4 Loadings
A v N + n¥
S 90 LR "'-H
t‘? ‘r Tw v []
O .0.002 "
o . ..“.

-0.004 . . .
-0.004  -0.002 0 0.002 0.004

04
729.1 1030 1300 1572 1842 2112 2384 2654 2926

PC-2 (16%) :
B beef ® chicken A lard X-variables (1-4)
4 ¢ mutton y plant PC-1 ——PC-2 PC-3 ——PC-4
. < Figure 4.13: The 2" DSG-PCA Overview of the FTIR Data.
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The first two PCs (total variance 43%) separated plant fats into a tight cluster
and animal fats into two tight clusters: mutton - beef fats and chicken fw
lard clusters. The clustering patterns of scores plots are Very@s to

normalise-PCA, where plant fats most contributed differently a vs PC-

2, accounting for 43%. Q

Separation fats, especially mutton-beef, could bew visualised on

PC-2 vs PC-3 (in circled), accounting for total explai variances of 30%.

Mutton and beef fats were slightly overlapped as cireles. M@ 1@ is
&
located opposite the chicken fats by PC-3, as n'in the sc plor.SQ PC-
4

2 vs PC-3 (in circled). Animal fats contr by\% d mNYO:I closed

together with plant fats in the middle axisu?f
gloa

din

PC=8_vs PC-4. The

contribution of wavenumbers throug

aQ

cou@not be observed
AN

d é&o the fats.

)

Plant fats are differed animal,_fats ‘the &t two PCs as shown in

the PCA scores plot, th fat§ clusteted g@ng themselves tightly. This
[ Q

outcome could sug%t ose srllt} ?t% ith palm oil hydrogenated

(shortening) are &Nsist@at conipared to the other fats, i.e., animal
fatS. \ '
. ‘' Yr .9 |
X-lo@ lots | ca bser\ve_/ the correlation between each fat and

waven s) accordi o’ th ost scores plot on the PCs presented in

well because 2" DSG-PCA mostl %ce S n

“Re

el of lard separation because lard and chicken fats cluster are located at
opposite PC axis. Thus, it is easier to identify wavenumber related to the lard

from chicken fats. From the 1D graph in Appendix 2, lard separated from
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chicken fat by negative PC-3, which explained 8% of the total variances
using the third and fourth PCs. It was found that the region's band at -
1468 cm ! and 1726-1766 cm™! are attributes of lard. %\

The pre-processing prior to PCA also demonstrated the ance of
these techniques on FTIR data. Previous studies on 2" DSGyare useful in
solving the baseline problem of spectra, but in some cases, 1#is important to
consider the other pre-processing techniques as a ¢ m Rinnan et al.,
2009). As revealed in this study, normalisation h een foWbe more

@
appropriate and the same pattern clustering p@@ in the 'w@s of

the 2" DSG. 4 b &
\ Y
b
a utton, are

. @normalised-PCA

—

The covariances between lard d ic

obviously in the first two PCs w;:ost vari
model was therefore chosen a% indica\ﬂg
o

correlated with animal fats é moa varj nces((/ ors. The unique lard

cluster can only be ob }on ' re min fg@ iances at PC-3 vs PC-+4
through at a muci%? % of expla
2

ihedeariance. This outcome also
indicates that lar(%jlected fa ighgjmilar spectral profiles.
S

A previt& y Mat\jéf al., (2011a) focused on the first
@

ats that are anti-

%0

component : s the mo ;al ‘c?s contributed to the separation of lard
\

betwee\% fats J* ielectoci\ individual frequency in 2853 cm™ region

292 ! and 1465 cm™. {@'ﬁer than pointing out the main component (first

%x&, the new aspect revealed in this study indicated that the scores plot

d ibuted to the lard are from the following component, which is of minor

ariances such as PC-3 vs PC-4 but could give important information of lard

after heating-process.

=



4.2.4.2 PCA of "H-NMR data

The PCA was performed using a spectral set containing 136 @}s in

Figure 4.14 (a) Untreated samples, shows scattered into the t

ers. The

two PCs explained total variances of 97%, but fats are Yhot -clustering

according to their groups. Figure 4.14 (b) shows after ire-p essing the 'H-

NMR data using the COW-Normalise-Baseline.

l

o

a) Untreated

200000 Scores
< 100000 3 aaa
S y g4
= 0 L Y . 473 feH
o h =
Q 100000 ", - —

ny ] Q712 1. 1.77 23277 33377 “1.31.77 5.3
-200000 . X-variables (1-2}
-500000 0 500000 1000000 e Pl o8 PO
b) Pre-prosessing PC-1 (90%)
Before the outlier’s removal After the outlier's removal
1 Scores Scores _a
_ 05 &, ~ 02 ¥
Esf 0| = n F':AM'.’ E'o\ 0 .%
o R " «® - .
o -0.5 v R 02 -
(@] -
o 4 % ® 8 0.4
-0.6
-1.5
-1 -0.5 0 0.5 1 -1 -0.5 0 0.5 1
PC-1 (60%) PC-1(77%)
B beef ® chicken A ard ¢ mutton ¥ plant

o e L
Figur%: he H%-’élé‘bUntreated and After Pre-processing.
N

<

v

5Awf COW-Nomalts;‘;.%lseline pre-processing shows some samples

N

1 Med, identified as outliers (at confident level 95%) of the first two PCs

ained by 71% variance. Then, outliers’ removal improved the -clustering
each fat in the model in the scores plots making the variances of the first
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two PCs slightly increase to 87%. However, the untreated and PCA pre-
processed data loadings plots were fairly similar. Y'

The plot of the beef fats is isolated from other fats in the m%\f the
axis. Chicken fats were almost mixed with lard clusters and clo&gether at
positive PC-1 (in circled). However, mutton, fats and plant were tightly
clustered by PC-1 but slightly spread by PC-2 and di;ﬂﬁ%ewsimilar clusters

l

The loading plots indicated a resemblance the OMata. The

PC-1 a P‘J-Z\Q}S;ing

at negative PC-1.

major & by peak were labelled by looking int

plots. Lard and chicken fats were separat t positive PC-1

epamﬁed nega@eY~ PC-1. The

beef fats were located at the middl the' axis, an S c@é explained that

the beef fats have an average%The ) %- @pm dominated the

S
loadings plot and was mail%‘ribut’éd b rd @ chicken fats. This o
¥ &

could be assigned to the ac mgrolp ‘%\

For the evalua 1Scrimination oOf !amb‘rom other fats 'H-NMR data
4 f &
using the Chemw tec}r Xg\ as %ﬂl demonstrated to be satisfactory
but™it ha

to some exten\ oun t 'H-NMR data of lard and chicken

|
fats have Eii%n

N
them us% xperifment ?arameem

tl'is ejte‘c%mes challenging to distinguish between
results obtained e untreated spectra show that 'H-NMR has

as opposed to mutton-plant fats beingWyfar

X during measurement, and some chemometrics strategies could be
ied to overcome the issue. This drifting issue has been found on 'H-NMR
nd explained by other researchers as well (Khakimov et al., 2020; Lefort et

al., 2021; Savorani et al, 2010), but upon alignment pre-processing, the
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results of the five types of edible fats used in this study demonstrated that
PCA could distinguish lard from other fats, especially by PC-1. In a?ﬂ,

the novel concept of integrating several ways to baseline@ction

demonstrates that the various strategies used in this study T& provide

complementary information on edible fats. ?

Numerous studies to identify FAs using 1H-NMli Mbeen reported

extensively, especially on plant oils (Barison et a oberta et al,

2020). However, research on identifying lard an her edi s or oils

NMR data have also been reported to be wi
specificity for classification when comparew . &'
In this study, the 'H-NMR w& extende ev@ﬂe its capability

to differentiate lard from selec%at after %e gg:\)rocess, which has
N

shown satisfactory results. ]%ion, ﬂthe 1 bil&;@)f '"H-NMR and PLS

algorithm for determinin h th s been @éra‘ted with lard, using all
rte toI

proton-bearing comp% Cas re
N

g
al., 2015). &\ @
\ ; C)
425 Mulﬂ'&@e Classification . VO
\
T

bility’ JorMVC ‘ﬂ%del is reliable for testing model robustness

lﬁb good approach (Fadzillah et

’
&

&
in Q and '"H-NMR @’ Classifications in each different fat were
a&d

in Table 4.2 (a) for class sensitivity (Sems) and (b) Specificity

t
Q c), and (c) for MCC. Sens and Spec calculations were explained in
u

bsection 2.1.2.3 (See Equations 2.7 & 2.8). Overall, each model's

performance was measured by MCC (Table 4.2 (c)). Then, the values of each
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measurement were calculated (See Equation 2.9). Finally,

were converted into percentages (%).

Table 4.2: Multivariate Classification on FTIR and 'H-

all calculations

X
o~

(%) a)Sens b) Spec ¢) MCC
C L B M V C L B u\,‘
FTIR
LDA PR 100 100 88 83 100 100 100 97 g" 100 98
pred 100 85 92 69 100 100 100 !oo 94
QDA PR 100 100 92 8 100 100 10 98 | 100 & 98
pred 100 100 92 92 100 100 100 9 298
MDA PR 100 100 88 96 100 100 99 X
pred 100 100 92 92 100 100 97 0' .\2%\
C-1- PR 100 96 0 50 100 100 832 99 4100 8
SVMDA  ed 100 82 0 52 100 10 0 715\ 100 48
C-3- PR 100 100 0 50 1004 100, % 100 8 00 {0 79
SVMDA  ,0ed 100 91 0 52 1 1 m 7494 100, 100 67
v-0.5- PR 100 100 100 100%% ,oo 100 1 <"100 100
SVMDA  ,,cd 100 91 100 100 100% 100~_ 100 1 100 97
H- % \T &
NMR N
LDA PR 94 100 109% 100 @ 100 100 100 s
pred 78 80 1\ 10096 J 93 4% 100 100 89
QDA PR 100 100 _100 W00 J1 10@&100 100 100 100
pred 100 100 %' 100 f100 100 100 100 100 100
MDA PR 100 100 Y1004 10 § 100 100 100 100
pred 100 100 100 \K 10,100 100 100 100 100
C-1- PR 1 & 10 100 100 100 100 100 97
SVMDA  ed &10 1000 89 100 100 96 100 85
C-3- PR \% 100 1 9 10Q>100 100 100 100 100 100
SVMDA pre(q 190 “10 o Y0 100 100 100 100 100 100
v 1 10(\(.1&)0 100 100 100 100 100 100
1 100 100 100 100 100 100

recogni

Sen
pl

QE Other common classification

DA),

analysis (MDA), and support vector

S =OC

n; pred = prediction; C = (é'i;ken fats, L = lard, B = Beef fats, M = mutton fats, & V =

quadratic

methods, linear discriminant analysis

discriminant  analysis Mahalanobis discriminant

(QDA),

machine (SVM), were reported to have
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been used to analyze the FTIR and 'H-NMR data by selected intervals

obtained from PCA. According to Vaclavik et al.,, (2011), the percenta )

of those successfully classified in the training set is presented as@ition

ability or pattern recognition (PR). Meanwhile, the pﬂ&ges of

successfully classified in training developed models' test set at€ presented as
prediction (pred). V

In this study, three linear SVMDA were eval tng' parameter C.
First, the least values are 1, C-I-SVMDA, an igger tw 3, C-3-

"X
SVMDA. Second, parameter Nu (v) and the est value _ate '0&%—0.5-

SVMDA. These parameters were selected F% a s@ because

N

S

SVM is a complex algorithm.

4.2.5.1 Class Sensitivity

As can be seen in T%Z a",
excellent sensitivity in %:C\'IR l = of 0% LDA, MDA, and QDA.
Mutton and beef sho%o sistent fresulfs in *@ and pred FTIR-LDA of beef

'3 $ &
fats (88 %, 92 %)%and mtp 3%@9,%). FTIR-QDA mutton fats (83%,
69%) and FTIR-MDA fats(:}%%) are worst in class sensitivity.

€ ! C,)
Chicken, 1 plant fa S{O\@ excellent sensitivity in 0-0.5-SVMDA
\
i§_ <

80% the ~contrary, beef shows the worst PR, and the

pre&eef fats (0). Mu@’fats show in C-I & C-3-SVMDA outputs at

b%&ies (> 50 %) as output values (50 %, 52 %).
MVC-'H-NMR of all fats showed excellent sensitivity in PR and pred
Q_ 80%). 'H-NMR-MDA & 'H-NMR-QDA showed the best with full

achievement in classifying all fats (100%). Contrarily, 'H-NMR-LDA lard
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was not entirely correctly classified. All fats showed excellent sensitivity in
PR of the 'H-NMR-SVMDA (> 80%). The C-3 & v-0.5-SVMDA W
the best full achievement in classifying all fats (100%). Lard e%\ the
worst prediction (40%) of 'H-NMR-C-I-SVMDA. Beef an on were
correctly classified as values (100%) for calibration and p&:’on in 'H-

NMR-SVMDA models, in contrast to the results of FTIR-SVMDA dels.

4.2.5.2 Class Specificity \d
Ay
As can be seen in Table 4.2 (b), LD DA, [an ]}A_\Qowed
excellent specificity PR (> 80%) of the ta. Ohi larcL:;r'ld plant
fats showed excellent PR outputs (100%) ,on QTISI ty. H@tver, mutton

and beef showed inconsistent resu sor }R and C—é\'MDA between

(< 80% & > 50%). % \Y &\

For the 'H-NMR, MD D <<,;
was @nd that all fats showed

classifying all types of NOO L ! %

sensitivity to LDA @sz) c-s ’ﬂA®‘ v-0.5-SVMDA have shown
4 &)

the best full ac wlem "n all ﬂ% 100 %). Beef and mutton are

correctly classified “as 0 C}%’ in 'H-NMR-SVMDA models, in

0
contrast to I%ults f ‘F -gVI&/‘D?‘. Lard and chicken fats were found to
be ove%%'whuf ofips t}n&\he MVC-'"H-NMR  lard and chicken fats
&peciﬁc than the sel@‘gts beef, mutton, and plant.

er
\( could refer to calibration, and pred could refer to wvalidation to
implify the results. While prior studies have examined FTIR data by LDA

Gmalysis (Jamwal et al., 2020a; Han et al., 2020; Mousa et al., 2022), it may

be preferable to contemplate the other techniques using QDA and MDA on

w
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FTIR  analysis. In addition, pattern recognitions involved in multiclass of
oils and fats in literature are limited. Furthermore, LDA analysis onw
data for oil and fat research has been most used in the literature \d to
the QDA and MDA. However, in this study, FTIR-LDA was fi be less
sensitive than FTIR-MDA and FTIR-QDA to predict the IMutton, and
beef according to their classes 100%. Nevertheless, the fM were similar
to other studies, such as by Akin et al., (2019), wh Xn.str ted ATR-MIR

data on LDA and QDA models gave accuracy valuggyof 9 .4}\%41 100 %,
]

dibles! oils jra&‘}vs;ed,

respectively, which were constructed with

sunflower, hazelnut, soybean, olive, and cotton ' 4 \/‘T

The selection parameter of SVM \ @{ive than o-
0.5-SVMDA on FTIR data. How@e ano(%eciﬁcity results
show that the LDA, QDA, 5 Q&were also capable
methods which could be b% C-3-SVMDA for the

discrimination beef and %ﬁ the heating-process. In

another study, the ra% is s used as the kernel function

of FTIR-SVM to %ify lla hicken, and lamb fats in meat
mixtures wh &e

rall ion C%éuracies for pure samples were
@

6&3 samples at 81.25 % and 72.2 %,
N

demonstrated. “Pute samples
respectié%r; sugcess predicted (Siddiqui et al., 2021).
n§\ MVC-"H-NMR, 1@2:1(1 chicken fats' sensitivity and specificity
@Were less accurate. The worst validation of lard was by 'H-NMR-C-I-
DA at only 40 %. All other fats showed excellent results, especially beef

nd mutton fat which gave 100% of the class sensitivity. The performance of

'H-.NMR-MDA, QDA, C-3-SVMDA, and 0-0.5-SVMDA showed perfect,
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ie., 100 % on all fats' classes sensitivity and specificity. By comparison,
Wang et al., (2020) identified pure olive oils from blended products aw
% classification accuracy when the adulteration ratio was above lc}smg

C-support vector classification (C-SVC) with RBF-SVM combi‘*rith low-

field NMR data. i

4.2.5.3 Classification Measures of the MCC. z '
As can be seen in Table 4.2 (c), all FTIR-MEC h ew excellent
@
classification (> 80 %) except C-I & C-3-S A wi 's&@ctory

results but was found unstable in terms of or beef utto{quats. The

otentégr: the other
A@‘&i C-3-SVMDA

FTIR-MCC results show that »-0.5-S

c“%{‘
fat classification methods. OtheN

showed less calibration and pred ab111ty

4 ,@& 79 %, 67 %), as

shown in MCC. The MDA %)A \lx}ere und <<,; rehable because they

gave accurate results in 1briu ith a@dlctlon of 98 % for both

abilities. sele% erform

=

nces) bfs_lhe FTIR-SVMDA can be

4 &

DA in increasing order.

outperformed the FTIR-MCC and

NCC& the training results showed that MDA,
QD 3 SVMDA, and vu- Q}(SVMDA were more powerful than LDA and
DA classification methods for fats. Brereton (2021), suggested that

has to be a better evaluation measure for multiclass classification than

thers, such as the proportion of samples predicted (PRE), correctly

classified rate (CCR), and the F1-score.
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4.2.6 Multivariate Regression (MVR)

The MVR was performed to investigate the relationship b
different classes of lard and non-lard. Scores plot of each model's %\riate
regression observed the lard separation plots according to Facﬁ&variances
by the 2D graph. Two values were noted inside the ‘t¥k~ets X, Y,
representing variances by each Factor or PC. The “X” “denoted spectral
variance, and “Y” is class variance which is (0/1) th X:p red by Factor

or PCs. The rules that are opposed in 2D multiva reg swowed the

'Y
Factors, or PCs, which contribute a little to s (Nif (tekcb the
percentage of class variance by < 50% (CAM . \" \,Y*
4.2.6.1 FTIR - ) CS*

The MVR of FTIR model

PLSR, (b) FTIR-PCR, and (c) l%

raph.
a) Scores Plot of FTIR-OSC-PLSR b) Scores plot of FTIR-PCR
& Scores a0 Scores i
Foa F eee 1
£2 % ; 10 " gt
— =
t_‘-_c: 4] % E [i] . L ws e
] .‘ i) ‘Eﬁ ] ah‘h
o -2 - o -10 . = ."l
i 4 ‘.'- 20 h
0 5 0 5 10 15 20 25 30 60 -50 -40 -30 -20 -10 0 10 20 30 40
Factor-1 (56%, 98%) PC-1 (T2%, 13%)
c) Scores plot of FTIR-PLSR
20 Scores -
. . Aﬁ*
§1u o
¢,
™
§ 10 o v .‘“ﬂ "'l#‘i
2.
=
o~y 20

50 40 30 20 D 0 10 20 30 40
Factor-1 (T0%, 25%)

| & chicken & lard # mutton w plant

Figure 4.15: Multivariate Regression on FTIR data.
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In the model of FTIR-OSC-PLSR, the fitted first two Factor models
considered extracted Factor-1 as a predictive component and Factor- 2?’1
orthogonal component. As can be seen in Figure 4.15 (a), all the @plots
of lard, coded as number 1, line up at the Factor-1 axis antl-‘f&ted with
the other fats and contributed 56% of spectral Varlances e total class

variance is 98%, which showed that the separation of la;% other fats was

l

excellent using FTIR-OSC-PLSR.

Figure 4.15 (b) shows the model of FTIR- co ld\qtd separate
'Y

lard and chicken clusters. Therefore, Factor-1 nly given "/‘ ‘s@ation

between the class of lard and non-lard. In odel of -P the first

Factors were considered to be able to

i tiatv\ lardy, and %&Y;ed fats are
shown in Figure 4.15 (c). All thwa plots o @Ere clustered in

positive variances mixed with %en fats; g (;é(md mutton fats at

S
Factor-1. The percentage ton tweenqca'd and non-lard was

&
about 25%. \ Q\
fecizd

Prior works h% mente ij“ge fats can differentiate lard

using FTIR, PCA %PLS 't gb&nan & Che Man, 2010; Rohman
& Che Man 1; ' %?}&7’) Although much research has been

devoted to %lard n th c,;ce tages of mixtures and binary concentration
\
aspect, ttent 1S eded% determine the degradation of lard after the

m&ocess From thls\ y, it is possible to attempt more than one

in multivariate regression techniques to classify lard from other fats

0 the heating- process.
In this study, the binary dummies 0/1 allowed visualisation scores plot

distribution. In addition, this study extended the last multivariate calibration
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of the FTIR spectra after the heating- process (Salleh & Hassan, 2019) that
has found additional information by exploiting different chemo?'l!

techniques such as PCR and SVMR rather than PLSR alone in \tmg

The MVR of 'TH-NMR models are shown in c 6' (a) 'H-NMR-

process of lard.

4.2.6.2 '"H-NMR

OSC-PLSR, (b) 'H-NMR-PCR, and (c) 'H-NMR-PLSR. , \d
@
'§ o N
a) Scores Plot of 'H-NMR-OSC-PLSR b) Scores plot of 'H-NMR-PCR
Scores Scores
_- 08
- 2042
o1 v o
§ " ..I. g 0.2 . * * i l. . 'l';:'l
3 o '}}s 8 ] BERCC R A
E l'.-‘n T : & .07 *'.l‘ '..l l: . ,-‘
0.1 - - - 0.4 - - - -
0.4 0.2 0 0.2 0.4 06 08 06 04 02 0O 0z 04 06
Factor-1 (72%, 56%) PC-1 (75%, 17%)
c) Scores plot of 'TH-NMR-PLSR
0.4 Scores

% 02{ . 't

&?_ s ;: '.1 X iy

a ol — tac

{‘\.'\.! ' L] : * * l#

502 ' Ir._, .

0.4
0.6 0.4 0.2 0 02 04 06 [

Factor-1 (75%, 19%)
#® chicken & lard + mutton v plant

% F F/f M@rla‘[e Regression on 'H-NMR.
A &

Flgure 4.16 (a) 'H-NMR-OSC-PLSR class separation, only 56% can

considered as borderline values (< 50%). In addition, lard and chicken fats
O

re found to be slightly correlated in Factor-1. In Figure 4.16 (b), the model

of 'H-NMR-PCR, the 1% and 2" components could not separate lard because
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the cluster lard and chicken are correlated with each other at negative PC-1
by the class variances at 17%. Y’

In the model of 'H-NMR-PLSR (Figure 4.16 (c)), the first @ctors
explained little about lard because scores plot of the clusters laﬂ% chicken
were also highly correlated at positive PC-1 but anti-correlate ith the other

fats in the class variances is 19%. . V

4.2.6.3 Comparison between FTIR and 'H-NMR Multivariate Rejgre
'Y
In this study, only the first component (F 1 & PC- ar} @mted

for in the statistics. Therefore, a comparis he @ iate Q%'ssion of

FTIR and '"H-NMR is shown in Table 4.3. \, u\ g
Table 4.3: Statistics variate R sio «
*%:'53 i (®

RZ

lldj . (R? RMS@\
FTIR E’ ’ Y
OSC-PLSR % ‘\o.—-ay

A% MSEP

7]

0.985 0495 4 51 0.056
PCR 0.126 x 7 LA380 0.442
PLSR 0.249 0938 ’ 37 S0 0351 0.405
'H-NMR %'

OSC-PLSR 0.56 0.548 0.1530 0.201 0.203
PCR 0.165 0.134¢ 3 0.341 0.290
PLSR \ 10762 @ 0.337 0.114

N 9

L]
In addition, %\xod ﬂ%i’! PGP%{“mance was evaluated using a test set

given b % O,V all, /bo @R and 'H-NMR using OSC-PLSR perform

better xa PLSR and PCRG)&.S expected, the FTIR-OSC-PLSR data was

Mrmed and more robh than the other algorithm with R? = 0.985, adj.

= 0.984, RMSEC = 0.049, RMSEV = 0.05, and MSEP = 0.054. In
Omparison, the 'H-NMR-OSC-PLSR showed satisfactory in predictive
results.
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The first component, the most variances principle, was less effective in
discriminating lard against others selected fats, as shown in PCR andw
outputs. The principal works based on most variances, but PC%N'uced
worst results than PLSR. The similar finding in comparative ics, PLSR
outperformed PCR in the authentication of extra virgin olive q! :Rohman et
al., 2017); adulteration analysis of virgin coconut oil with grape seed oil and
soybean oil (Rohman et al., 2019). However, both i sty llohman et al.,
used more than two components. \d

@
o NS
Although PLSR finds the direction of th t latent f; rl 1£\C-tjle fat

% : 1@ strategy

en ocicco S fo%gr; than one
factor to suit the R?. Noted that b\% and PL av@ﬂ‘ferent principles
S

than OSC-PLSR. Co &
OSC-PLSR functions a%m i

S
it into two parts, i.e.,

one is linearly related to*;e p(:]

to the response (oﬂ% . Sinc

scores plot of lardi separa]t i gﬂ-OSC-PLSR data but not in 'H-

NMR-OSC-PL . T natioéﬁight be that the wavelet type of

@ ! C,)
FTIR data on [OSC ﬁ‘{ Ql}t not on the sharp peaks of NMR. In

contras%le_

goo&aration because @fesearchers used selected individual chemical

class variances, the outcomes were unsati

may be the reason some publications

d is linearly uncorrelated

is forcing separation, the

N

-PLS% in some metabolomic publications gave
S \at produced discreet data types.

Q The second explanation for the observation may be that fats were
irectly diluted in d-CHCI3, which might not be effective in dispersing the
chemical composition. Thus, additional isolation works, such as TLC before
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solvent dilution, could help to disperse the fatty matrix. However, the

S

4.2.7 Correlation Chemical Features of Lard after Heating-PrAby OSC-

PLSR Y ’
42.7.1 FTIR Y'
e

The weighted regression coefficients reveal 1mpo

variables. The X-variables with a large regression coefficien T)]Qg’
é | &

isolation works are time-consuming and not practical for large samples.

the X-

an
important role in the correlation of che features. e plots were

N st cg(@uted lard

deﬁr)eg the important

extracted from the X-loadings related to g m

scores plots. The predictor with a N co

variables are shown in Appendix Nve&
coefficient are negligible. Th %‘taa‘t%

a
“« Q-
PLSR (Appendix 3) are tabul&%Tabl%j A%
N
From weighte %l'on C}efﬁc nts § aldehydes and ketones in

ictors™(X) with a small

it a'b,}res of  FTIR-OSC-

re
(
saturated and aromatic ainsﬁ (ﬁ@;ed. These secondary oxidation
products are e@m rJ on ariab@after the heating-process to defer

N
lard and se Mats Identi ?k @énumbers can be related to the lard

requires owledge about the.oxidation of fats after the heating-process.
Ut

This 1§, t rst study“tha led\Y}T an understanding of the FTIR spectra of lard
oy

an%c d fats after the heath-process.
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Table 4.4: Wavenumbers Contributed to the Lard.

Wavenumbers range (cm™') Vibrations Groups Chains
742.6-769.6 C-H bending NR NR\
827.5-839.0 C-H bending NR \%
864.1-866.0 C-H bending NR *
1062.8-1085.9 C-O0 stretching ester
1124.5-1136.1 C-O0 stretching ester
1163.1-1193.9 Cc=0 stretching aldehyde®, aromatic
1163.1-1193.9 C-O0 stretching es NR
1217.1-1238.3 C-C-C stretching aromatic
1504.5-1510.3 NA NA g NA
1516.0-1523.8 NA NA ' NA
1533.4-1545.0 NA NA A \H
1554.6-1575.8 NA NA B !
1633.7-1649.1 Cc=C stretching N IlR C}T
1651.1-1701.2 c=0 stretchi ketone a onMc
1735.9-1755.2 C=0 stretchin Jester NR"
2854.6-2864.3 CHCH, &T E\R
2885.5-2912.5 CHCH; ing R
2922.1-2939.5 C-H R , NR
NR = Not related, NA = Not Applicable in t\u S. 6
\? AL
4.2.7.2 '"H-NMR 0) >7 S
) e,

OSC-PLSR-'H-NMR K s thew anal si; Attyv%enhance interpretability
between predictive and Tonal' . e Vah@\ of explained variation of
| q.\
scores vectors were % 6%, .Qﬂggq m's performances are on the
boundary perfo %Valud. Although t@chicken fats and lard scores plot
o
are found tt\so hg?orrqlat?é_)n Factor-1 as indicated in previous

Figure 4. a),“the cluste ch@én fats appeared slightly lower than lard,

subse Weakéli the @ctive scores of lard to relate chemical
Y

featurc§™A4Thus, the altemaﬁ&? solution to derive lard-associated features is

é the regression coefficient in Appendix 5 into a probability (p) graph

@-graph, are presented in Figure 4.17.
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Figure 4.17: Variables Selection by p-C fion. '

The information of J is extracted by tting "it into &g apﬁ.\‘zhen,

Gy

observing the B plot is a good way to id potentla m rtant'%hemical
shifts to differentiate lard and chicken f a signalsy-on the X-
loadings regression coefficient plot %& 0 egu S lard profile

ctr&Qntrlbutlng to the

based on Factor-1. The importa nt andWsi n 1can3‘

lard profile are shown in

r@%:essmn coefficient (B)
&
&

marked in dark colour circles A

Table 4.5 su he ;em a §\ () from the regression

coefficient (B) andr% labj Plét , significant at p-values < 0.05

generated from @rap l The loadl plots that influenced most in the

separation o MWe % 'ar 8 0.85-0.92 ppm (assigned to acyl
6-

groups len ), (all acyl groups), & 1.61-1.68 (all acyl
group 99 206 ole'gl, %’Rf)'leyl and linolenyl groups), 6 2.30-2.32 (all
h)s) and o 2.74-2.8})\(linolenyl group). Therefore, it can be suggested

lecules based on the chemical shift in the literature reports is shown in

§ ard contains more linoleic and linolenic FAs. The elucidation of

Appendix 4.

112



Table 4.5: Summary of the § by 'H-NMR-OCR-PLS.

0 Description
0.85-0.92 -CH»-CH,-CH,-CHj3 (all acyl groups except linolenyl)\

1.26-1.36 -(CH»)n- (all acyl groups)

1.61-1.68 -OCO-CH,-CH:- (all acyl groups) %
1.99-2.06 -CH»-CH-CH-(oleyl, linoleyl & linolenyl grouA
2.30-2.32 -OCO-CH»-(all acyl groups)

2.74-2.86 CH-CH»-CH (linolenyl group)

Q)

-plot or S-graph

The coefficient correlation graph is well known as

w plot the
graph of the same function in the probability plot. ults' sho av o 8-
N
| LS
0.89, 1.26-1.31, 2.05-2.06 resonance derive m regre§sioft” co fﬁ\uent of

lard clusters, interpreted as leading to prot S suc%\‘)ﬁ palmitic

wezz%nown to be

in the SIMCA software package, but The Unscrambl

predominantly present in oil and fats.

-
to extend by *C-NMR analysis, for furth i atlo(:)l\SD get more chemical
]
dq
information on lard after the @OCN AQ%
In this study, mul‘?ﬂe ref,ress' n) FTIR>and 'H-NMR using OSC-

by
PLSR, PCR, and Pthe been .fo d,'u{z/u for evaluating lard and non-

lard spectra. T@&m@esﬁo@alysis was compared to evaluate

the best wa Ners an respoq.igﬂ} for the differentiation of lard from
H '

selected @' hows th TIR.QSC-PLSR provides better differentiation of

lard wcted ﬁt an 1I$/IR-OSC-PLSR according to the separation
A

/
Q

N

sc t and statistics fbcg')multivariate regression. The algorithm of PCR

éSR does not help separate lard and other fats by binary classification.
0& findings from the loadings plot of the FTIR-OSC-PLSR denoted the
secondary oxidation products that can discriminate lard from selected fats,

thus providing better predictive outcomes than 'H-NMR-OSC-PLSR.
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4.2.8 Profiling of *C-NMR Lard vs Chicken fats
The descriptive analysis PCA, multivariate classification and reg
outputs on FTIR and 'H-NMR demonstrated that lard and chicke%\have
high similarity based on their scores proximity. Selected ove\-* samples
of lard and chicken fats from the scores plot of 1H-NMR-IQ.(See Figure
4.14) were subsequently analysed by '*C-NMR. Their peak es were noted
Yc itical variances

and integrated by MestReNova version 11.0 to com

between lard and chicken fats spectra by peak assignme isual aw
®

These experiments resulted from a @e\k value llS_{%ectra
recorded in ppm units. Then the sp ere ali t(\‘ﬁ'etermine

to &u;tilevel the

dissimilarities between lard and chick 1z

heating-process. For all peaks inw’I-NM

chemical structures for each s% utilisi

shown in Appendix 6. %
The 3C-NMR profi }prtws 4.18 reveal that each fat

her or‘:, 5@ overlay or stacking of '’C-

is owing by the sa tures.

visually undifferentiable without
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| a) chicken fat (C 08)

| ) lard (LOS)

L w i,

N
LR S ERIERIE 'Y{i”
\o;:jécgg\/n Fats.

&

Previous research has de rlbed th &Oless sensitive to
identified lard and chicken f@ etpal., 2013, Fa ah et al.,, 2015), and
some studies on 'H-N Ve Aji Q use of the "C-NMR
spectroscopy (Erich %l, 2015; "ruzz et % 021). However, due to the

he

erg ﬁﬁl BC-NMR in the fine spectra

Figure 4.18: Stacked individual *C- % ect

JS

3‘0

close similarity of  t

peak, thus, pre smg speetra ha be conducted to remove noise and

NG
l%(./

additive basel ’ b4
,,) &

s

4.2. 9 re processing of NMR Spectra

\ total of 15 13C-Nl\h spectra were superimposed, as can be seen in

oéure 4.19 (a) Before correction & (b) After correction.



a) Before correction
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Figure 449: PCINMR Spectralof hgg‘?d & Chicken Fats.
N U
& N)
The raw data Wed Vis‘ib 15es &)ﬁgl the peaks of fats that were aggregated
(Q 4
d co in?us al@the baseline, especially some of the chicken

together a

sampl een). The" n héppened because a longer acquisition time could lead to

)

m se noise and low s/ﬂ@gnal-to-noise ratio), as evident in Figure 4.19 (a).

e The denoises were applied by Whittaker Smoother correction, and the

sults are shown in Figure 4.19 (b). The two samples of chicken fats were

found uplifting from baselines after denoises correction and required further
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pre-processing. Thus, the data were transferred into ASCII files for further
pre-processing by Unscrambler® X software. Figure 4.20  demonstra e

signal of '3C-NMR after transferring to the Unscrambler® %\After

subjecting to baseline pre-processing, the line plots resemb e origin

spectra. Q
a

A
1 Line Plot of 1D-13C NMR

0.9
0.8
0.7
0.6
0.5
0.4
03
0.2

'Y
N
O

Intensity (baseline & normalization
scales)

0.1

0 ' s
11.61 25.82 40.24 54.65 69.07 83.49 97.91 1123 126.7 141.1 155.5 169.9
chemical shift (ppm)

chicken lard

Figure 4.20: 13C-b@ectm"After gseligl)e-Processing.
> S

4.2.10 PCA of 3C-N L% Vs Chlken ts 0

In the study, a\tot of. Péé app“eéldrd and chicken fats samples in

the 'H-NMR plot~resu werd e-analysed using ’C-NMR to be
applied PCA ight lard s kg a{'@ seven chicken samples total up to 15

overlapp ples." b'e}e ra@the o from 11-74 ppm and 121-170 ppm
b4

were selec and subject to @K The ranges of & 0-10 ppm were excluded

S
b Nof the internal standard (d-TMS) and 75-80 ppm region of d-CHCls.

In the first model, as can be seen in Figure 4.21 (a), the scores plot of
0-1 vs PC-2 showed no difference between lard and chicken fats. The first
two PCs are explained about 70% of total variances.
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a) PC-1vs PC-2
1

Correlation Loadings (X)
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. .
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B dicken o lotd - PC-3 (12%)

Fats : C = chicken fats, L. = lard, Tem turds: 1 m2,'03 ;v180 °C=05, 06,07 & 08;
240° C=109. 10, 11 & 12 Duratio : 0. 0 =02,06 &10; 2 hrs =03,

07 & 11; 3 hrs =04, 08 & 12 \

Figure 4.21:

5

The chick@
between lard Mic n
C-;

of 17%

positiy, %s of

Vs

v’ &
an@ overlan# each other.

‘fa
4
) Seores

Lontributed by C-2 denoted by & 34.21 and 62.10,

'3

(Q The discrimination
@ in Figure 4.21 (b) at total variances

des

ts are distinguished between two fats at

N

m a red circle in elation loadings, and the structures of elucidated

%molecules are shown in Appendix 7. These resonances can be

ociated with the correlation loadings in Figure 4.21 (b) are challenging to

visualise. Therefore, heatmap is a complementary approach to highlight the
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contrast intensities of the O between chicken fats and lard as can be seen in

Figure 4.22.
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Fig ; a
\a\ IOU\§JS >50% input representing the

co

é

o/l, de tcﬁ IQ:?roportions 0-100% by colour; 0-24.9 %
N

(pink), £5,0-9.9 % - (bido) 5@@74.9 %  (dark green), and 75.0-100 %

(yele \C}’Y‘

e heatmap showed that PC-3 contributed by & 34.21 and 62.10 to

was scaled

The dark &andl
significant con{& depN? 'm )@elaﬁon loading plots. The intensity
t

ifferent lard and chicken fats. The heatmap has the advantage of generating
n obvious additional identification of the carbon information of o. The two

groups can separate the two groups of lard: lower sum-heat (L04-1 = 120 °C/
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3 hrs & LO1-1 = 120 °C/ 0.5 hr), unheated (L00-2 & L00-1), and high sum-
heat (L12-3 = 240 °C/ 3 hrs, L12-4 = 240 °C/ 3 hrs, L09-3 = 240 °C/YM
& LO08-1 = 180 °C/ 3 hrs). The distinctions between these @were
contributed by & 24.87- 24-90 ppm at a higher heat sum. A

The findings show that the chemical shift, 8 62.10, relatesfto the lard to
discriminate from other edible fats. The PCA combin MR lard and
chicken fats have found 6 ascribed to the TAG isom &i:e with the latest
research that identified the regioisomer FA that congribute w the lard

characterization by GC-MS (Hanafy et al.,

). Anothe re‘at&‘}study

a i)‘n isomer
i {\;@

successfully used '3C-NMR spectroscopy

from porcine and bovine sources (Kildahl =4

The examples of TAG isom )hown in re éﬁ (Beppu et al.,
2017). The sn-1 position of T.% 1somer\9\$ep g@} using Thin Layer
S

Chromatography (TLC) p ore be1 t ned by GC. This

separation process is i qui eéchemicals and a skilled
person. However, th une can b u!g d by the "C-NMR analysis,

which uses less Vent. More y studies established on TAG

and -NMR can be used as references

isomer eluc1d&&1
(DiPietro e %2020 Eric

94,L ct alty 19978 Thuzl gt ol «@1 Vigli et al., 2003).
.

ef' ab‘?MS Guillén & Ruiz, 2003; Gunstone,

O

\ sn-1 (o) pOSItIOI’I—pCH -O- C R
% R- C-O CH""SH -2 (B) position
0 0 CH2-O-C -R

sn-3 (o) position -~ O
Figure 4.23: TAG Isomers.
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4.3 Evaluation on Fatty Acids (FAs) of Lard and Selected Fats after Heating-

Process using GC-FID and LC-MS/MS combined with Principal T

-\

4.3.1 Gas Chromatography with Flame Ionization Detection (G ID)

Component Analysis (PCA)

4.3.1.1 Introduction

GC-FID was employed on the methylated fats Zhe reatlng process
to evaluate the degradation of specific FAs. ed us1ng

FAMEs standard (Supelco ®) and automated ration| usi pl@atlon
software (Appendix 8). The typical s&own in
Appendix 9. The result of 60 samples n b@mutton and
plant fats subjected to 12 heatlng@s in ro that calculated
area percentages of the peaks as pe T ,q\

o S

&
N\‘v
4.3.1.2 Fatty Acids (FAs) P 11in L \
C-FI ;

Data matrix

compressed into &b i
describe the ra 1 the whole sample set.

r“‘\

Figure 4.24: Box Plot of FAs
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The box plot revealed nine detectable FAs (max >1.00) with d t
variations at ranges of max-min values; C14:0 (0-3.88), C16:0 (1@.98),
Cl6:1 (0-6.93), C18:0 (3.99-36.30), C18:1n9t (0-4.33), CI18: 0-37.86),
C18:2n6t (0-2.68), C18:2n6¢ (0-23.88) and C18:3n3 (0-3.44).V1.general, it
can be divided into three classes of FAs according to the 2 percentile, Q1
(lower quartile), the median (middle), the 75% p k?ard Q3 (upper
quartile). The first-class shows the Q1 > 1.00 and > 5. OMS C16:0,
C18:0, C18:1n9¢c, and C18:2n9c. The second c is Q1> O'a@.% >
1.00 on FAs Cl14:0, Cl16:1, C18:1n9t, a .3nKsﬁ sma{jz;'alues of

%\Y'

QI but as important FAs. The rest were claw Veroﬁe
The extreme maximum valu oad at FA Cl@and C18:0 box

plots represent higher Variatior%ges far I;Q:\indicating that all
samples contain these FAs. oderzge di ances<</ een Q1-Q3 quantiles
of C16:0 and C18:0 sh d\sm ll%f tion than the other FAs.
The double bonds 0%&8. hyfd'ocar on' cha, which is MUFA (single of
the double chain l%s, \S\Ln c & él%:ln%) and PUFA ( > 2 of the
double chain %i.e c), éliq% the largest distances between QI

1el
@
and Q3 th other FA U other hand, the average FAs indicated
%a

7

study aimed to \(%Eﬂuate FAs degradation of various edible fats
a%\he heating-process. The evaluation of heating-process parameters
invelved the type of fats and heat parameters in determining lard and other

Qats using PCA, especially on GC-FID data found limited in the research.
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FAs compositions were compressed using a box plot based on the raw

data, indicating the percentile FAs with the most variance are C16:0, W

Cl18:1n9¢c, and C18:2n6c. In the studies, it has been found that @

lard and animal fats of the heated fats have carbon chains C16: 8:1, and

C18:2 that present most predominantly. Such FAs have been Emonstrated to

be major components in lard by GC-FID (Azir et al., 2017; rjuliana et al.,
Z 3

2011) and GC-MS (Naquiah, et al., 2013). FA such 18:3n6 have been
found to play an important role in profiling lard (Azizan ., 2021).
Previous research found that lard could differentia ,ro‘qi‘) ocoa

butter, having C16:1 (Azir et al., 2017; K 1 e< a@ the most
mp?re 0 ot@'ammals fats

(Nurjuliana et al., 2011). Howev@;amc stafisti d@tion could not

explain the distribution of FAs rdlng Tsa es: Thus multivariate

S
analysis, PCA was employe ela% sa S Q/aQ- As distribution. It is

suggested that the data t e\ %rmahsation prior to PCA.

1 are;g
Normalisation selecti rally ;J Iot@hze the FAs by minimizing

abundant compound was C18:2 in la

O

£

data redundancy the sln ues as C14:0-15:1 and C18:3n6-

06 FAs. ‘V
C20:4n6 FA l c.)o
@

43.1.3 %%C qu-)" Y'é\

data matrix (60 &.}21) of the heated edible fats and FAs was
E to PCA to reduce the number of FAs determined by PCs. As a
Q t, five types of FAs of the raw data are shown to be prominent in

ppendix 10.
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Figure 4.25 (a) & (b), represent the two graphs sample scores and
loadings plots in the first two principal components (PC-1 vs PC-2).?ME
4.25 (a) shows the scores plot of the sample -clustering. Figur@ (b)
represents FAs; Palmitic (C16:0), Stearic (C18:0). However, integration

plots are among the highest (240 °C) temperatures with the IQest (120 °C)
scores plot. V
\z i

a) b)
. Scores 1 Loadings \
cluster 3 %
‘ ®
;" g U8 C18:206c
?’3 ﬁ 8:1n9c \ C§'
3 07 : s U ) ;\
¢ ST (_') ster
L2 vy ) a.95 o » 4
cluster 1 cluster 2 LT .
04 |
03 02 01 0 01 02 03 04 05 ‘ 08 06 04 02 0 02 04 08
PC-1 (74%) PC-1 (74%)

10 e 190 & 20

Fats: C = chicken fats, L =lard, B=Db R SV =%ﬁt fats

9,104 & 12. Duration of

r{?/a',s&lz.

4 'y
f

Three CILISW] b‘a i ified
(a). The first glustety is t negative PC-1 inversely to the second at

N N0

positive PC-%O ambigu émel}?, M7 and B7, belong to cluster 1. The

<</the scores plot in Figure 4.25

<t N
third claster “eonsists _of #plant fats’ only. Clusters 2 and 3 were located at

Y-v

positive 4PC-1 but anti-corre@d to cluster 1. It is apparent cluster 2 were
N
s \'&. from those only temperatures 180 °C & 240 °C dominated only by

nimal fats. Meanwhile, only plant fats closed together at all temperatures in

uster 3.
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As can be seen from Figure 4.25 (b), the FAs are represented by
loadings plots. Two clusters of FAs mapping to correlate the score A
The FAs of C18:1n9¢ (Oleic) and C18:2n6¢ (Linoleic) are loc@ the
positive side of PC-2. Both FAs are in unsaturated fatty acids with cis
isomer represented by cluster 1. The FAs of C18:0 (SW C18:1n9t
(Elaidic), and C16:0 (Palmitic) are located at positiv% and can be

represented by clusters 2 & 3. FAs in the middle dinF plots at the

nearest to 0 or centre are considered not important FAs. \d
@
From the GC-FID-PCA, the score plot samples, ] ' z@other
selected fats could not be differentia e no edo@nt fats

contributed to the cluster mixing with % t t pl&avts clusters.
The reason for this might not be% ut heate
could be attributed to it. Someqies hav\bsgd eated fats produce
o a >y .
secondary oxidation prod ch “as ymea’% TAG, affecting the
methylation process (Do % el " 006)‘%{%6 conventional separation
i

methods include T ior methyl ioh \b GC analysis for frying or
2 f &
heated fats at hi Wnpera\trﬁﬂowev%the separation process is laborious
and time-consu &eni i mart]_)éﬁ-ples, such as this study.
‘ '
Table Zhhow th. osf' sienjtacant PCs generated from the FAs; their

< b N
loading% ues (> were@hligh‘[ed in bold.

X

A Table 4.6: X-cork n Loadings Plot of the GC-FID-PCA.

\ FAs PC-1 PC-2
C16:0 0.735 0.612
o C16:1 0.517 0.026

ts' <éhylation process

C18:0 0.121 -0.910
C18:1n9t 0.969 -0.117
C18:1n9c¢ -0.984 0.070
C18:2n6¢ -0.692 0.315
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The negative PC-1 strongly correlates with C18:1n9¢c (-0.984), follovw

C18:2n6¢c (-0.692). The negative values of C16:1 and C18:2n6t '% the

boundaries. The anti-correlated of C18:1n9t (0.735) and CIEN.BS) at

positive PC-1. Meanwhile, negative PC-2 most contribute to Wer sum of

heat and have strongly correlated at C18:0 (0.910) Qﬁyelated positive
l

Samples of heated fats in PCA were cluster lose tthher, and

PC-2 at C16:0 (0.612).

"X
the details only can be identified by observing t lot lci (%@endix

s aQEG'ccording

the s@x;at can be
&

The clusters according to %sum-he%r‘ewi g(a\ted in Figure 4.26.
Cluster 1, starting from No. %wwsﬂ all e Qal/g,?\al fats at the range of
sum-heat values at 60- Xres g the l‘oéu% heat treatment level in
PCA models. & D I
¢ &

750
700
650
600
550
w500
=
= 450
8400 Clusters
£ 250

200
150
100
=N HIRINHIRAm AR Al

5 7 9 1113 15 17 19 21 23 25 27 29 31 33 35 37 39 41 43 45 47 49 51 53 55 57 59
Sample of Fat
Figure 4.26: Bar Plot Sum of Heat Values.
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Meanwhile, cluster 2, starting from No. 37-48, shows the whole species of
animal fats at the range of sum-heat values at 480-720, represeanH

highest level of heat treatment. Cluster 3 are represented all sa%\from
plant fats (V) in one group (No. 49-60). A

According to the FAs pattern in PCA, there are clusters z; animal fats

from lower to higher levels of heat-sum. It is a reaso utcome because
each sample was treated at different heating duga d temperature
interactions. Therefore, sum-heat values by multipl S’pdmre%,and

duration of heating factors (°C) x (hrs) are t st param er Jpr.ési?t this

Y-v

research's heating- process or heating treatment

These findings suggested sum-tWels Were escrleby loadings

plot of cis-isomer FAs CI8: 1n9c& 6¢c from wer-@l sum-heat may

have been degraded into tran % r; C@ 18:2n6t for animal
fats. The degradation pro cis ?md se of trans geometric
isomer trans after prolova rgh- t} tem Atures were consistent with
the study by Bhard\% " ( 6). I?It Eba’luthor's study, six edible fats
were subjected Nng @ C aq&iO °C, which demonstrated trans
isomer of %& ncre . ' b&l’()ﬁ‘h(é cis isomer of PUFA decreased.

Meanwhil is @ly contributed by commercial plant fats

and w ested"to hl@ stability against heat, could have closer to

0

. This finding is {&ﬂsmtent with those other studies that the stability

ening has correlated to refined oil (Yu et al., 2018).
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4.3.2 Liquid Chromatography with Tandem Mass Spectrometry (LC-MS/MS)
4.3.2.1 Introduction T
The study also evaluates another strategy for discriminating @ fats
lipids after heating with LC-MS/MS followed by PCA. The li als with
an automated mass spectrometry identified and characterized mpid classes

by database searching of MS/MS fragments ions autgmat by LipidView

Software™. The characteristic Glycerolipids (GL) lycefophosphohplds
(GPPL) of animal fats and plant fats could be erv I g to the
®

hydrocarbon chain, saturated fatty acid (SFA onounsaturated ' ﬂ&&y) acid

(MUFA), and polyunsaturated fatty acid (PUF \,‘T

\/ °\ 4‘"'
4.3.2.2 Profiling of Lard and Selected\%uC MS/ O<'g

The resulting lipid group %ﬂes are\ﬂusyat A Figure 4.27, and
o
to

each class of fats were ed e‘lz:cord ol mass-to-charge ratio

&
ows ) that ‘é@ (green diamond) mostly

/z ‘: ﬁ@ribuﬁon of the sample groups

has more Varlance&rom to ﬁ.ﬂ m/z. The lipid groups of m/z
according to @ sh in Appendix 12. Filtering unique
compound %J 1 Jonb(? identifying lipid species. In total, 127
GL an PL J mo ar sp%es at different structures of the FAs chain

wermAtlﬁed s1multaneousl&t%‘LlpldVlewTM

N
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0.9 s
| 4
08 A
So7
§°-5 a 4 : 4 : ‘. B beef
o5 a » u tag s - S ® chicken
204 . voat e A lard
e "‘“ 4 ¢ 4 mutton
g£03 w o ¥ ;‘ o 2t v plant
“o02{% A B, 442"
0.1 A A ‘ r ¢
o litl b i i in 15* f v
264.5 458.5 572.5 626.5 656.5 686 709 762 802 852 881 904.5 934.5
m/z
Figure 4.27: The Profiles of Fats b S/MS.! \d
O
4.3.2.3 Glycerolipids of the PCA by LC-MS/MS @M -GL-P '
The PCA scores plot in the 3D g T incipal

components for better visualisation is sho twgure
a) \

pc—‘l U %)

Pe
‘2 1
)

S
&

Fats: wn fats, L = Mrd B-= be&?ats M = mutton fats, & V = plant fats. Temperatures: 120
°C51 & 4;180°C=5,6,7 & °C=9,10, 11 & 12. Unheated = 0. Duration of heating: 0.5

hi ;1hr—26&102h7§.37&113hrs—48&12

Figure 4.28: GL-PCA on LC-MS/MS Data of All Fats.
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The first three PCs were observed the scores plot accounted for a total
variance of 86% from PC-1 (71%), PC-2 (10%), and PC-3 (5%). As e

seen in Figure 4.28 (a), all fat samples can be grouped into %\nain

clusters.

First, cluster along positive PC-1 explained most fat z:res of beef

and mutton in all parameters of the heat process: lard, and plant fats

formmed the cluster

lle L6 Qﬁ,m

at negative values. The 3D graph could e clusters [be tllankt e 2D

with lower heat at negative PC-1. Second, plant fat

at negative PC-2. Third, one group of lard samples

graph since the data of LC-MS/MS c son& Val't:te‘g~ at the

particular column, giving an imbalance otwlbutlgﬁl of t SCO\‘Q

&
are @u ated with the
AN

individual lipids and impossibl bserV e @ced eye, X-correlation

0 )

was tabulated into Table 4.7 t 1 tify lipi &

Since the loadings plots 1

Table 4.7: X—correla n S l 0

All
!
id m/s ﬁ ,V PC-1 PC-2 PC-3
MAG 01 2645 MAG 10: M SFA Cj’ 0567  -0.786  0.044
A
UFA

(LC MS/MS-GL-PCA).

MAG 17 430& AG 2:14N M 0.030  -0.781  -0.162
TAG07 708’5 TAG4 12+ NH4
(E\ A?g} F
l -0306 0307 0771

0.996 0.092 -0.005
TAG 15
TAG 18
E afe beﬁ' mutton, and plant fats, with the highest

-0.220 0.264 0.776
S st cluste
co%o are 0.99 on TA% 07 (m/z: 708.5, TAG 41.2 +NH4). The second

s are plant fats contributed by MAG 01 (m/z: 264.5, MAG 10:0+NH4)

che value of -0.786; and MAG 17 (m/z: 430.0, MAG 22:1+NH4) at the

value of -0.781 in correlation. The third clusters are mixed chicken fats
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mapping by TAG 15 (m/z: 900.5, TAG 54:3+NH4) at the value of 0.776, and
TAG 18 (m/z: 902, TAG 55:11+NH4) at the value of 0.771 in correlatvﬂh
order to investigate lard characters, samples of lard vs chicken %\ are
enlarged to investigate further information on lard by ing the
dominated individual lard samples, L4 (120° C, 3 hrs), to e&ry the small

intensities of the other lard samples in Figure 4.29. A_3D “graph shows the
xpl

scores plotted (a) represent a total variance of

(50%), PC-2 (16%), and PC-3 (10%). \d
"X

a"ned by PC-1

A~

Fats: C = chicken f: L%—d, B :lbeef fi

Temperatures: 120 °C= ,3
Duration of he &H hr=1,5
¢
Qi' e 4.29: @C-MS/MS of Lard vs Chicken.

Ae major clusters @ shown in the GL- PCA. First clusters are

lar ted at 180 °C (0.5, 1 & 2 hrs) and labelled as L5, L6 and L7. The

, M= on fats, & V = plant fats
5,6, ; 240° C=9,10, 11 & 12. Unheated = 0.

1'=2°§§y 0:2hrs=3,7& 11;3 hrs=4, 8 & 12.

cond clusters are lard (L9, L10 & LI12) at higher temperatures at 240 °C
0.5, 1 & 3). The third cluster formed from a combination of lard-chicken fats
(L2,L3,L11 & C1 - C8).

131



From Table 4.8, which is extracted from loading plots of the PC-1 in
Figure 4.29 (b), the first cluster of lard is contributed at DAG 10 (m/z:v.!,
DAG 32:0+NH4) at the highest value -0.993 and MAG 10 (m/z: 46%\/IAG

24:0+NH4) at the second highest value of -0.863. The typic trum for

The second clusters of lard are contributed by N4 (m/z:
3+

both compounds is shown in Appendix 13.
DAG

40:9+NH4) at a value of 0.858 and TAG 11 (m/z: T 4) at a value

of 0.858 in correlation. Finally, the third cluster of%ghicke fa ontributed
oy

by TAG 07 (m/z: 722.0, TAG 41:2+NH4) a e of 0.7 a‘ld € arc

contributed by TAG 18 (m/z: 900.5 TAG 55:11 t avalu ,@63 in

correlation.

é\‘?

Table 4.8: X-correlatio 1ngs Plo ?/I -GL-PCA)
o

id m/z Name Qroup ,L(g? PC-2 PC-3
DAG 04 502.5 DAG 26t 4 0.358 -0.260
DAG 10 586.5 TNH4 993 -0.058 0.021
DAG 24 542.5 Al 1+NH4 0 -0.795 -0.058 0.002
DAG 37 620.5 %33 5+N BA 4(/ -0.025 -0.494 -0.575
DAG 60 662.5 DAG 3 PUF/() -0.729 0.406 -0.290
DAG 74 680& AG i :9+N P 0.090 0.858 0.352
DAG 79 694.5 0.479 -0.683 -0.004
MAG 02 3. A -0.683 0.432 -0.309
MAG 10 0. {J SFA -0.863 0.297 -0.220
TAG 07 0 PUFA 0.772 0.004 0.031
45 & 52: 3+N$ PUFA 0.156  0.858  0.115

TA::S 873.0 TAG 52 + PUFA 0.139 0.799 0.125
T 898.5 TAG 54\ NH4 PUFA 0.243 0.333 -0.780
8 900.5 TAG 55:11+NH4  PUFA 0.203 0.125 -0.903

S
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4.3.2.4 Glycerophospholipids of the PCA by LC-MS/MS (LC-MS/MS-GPPL-PCA)
For the GPPL groups, the first 3 PCs were considered to W
GPPL-PCA. As can be seen in Figure 4.30 (a), the first clusters%\uxed
animal fats. chicken fats (CO - CS8) and lard (LI - L3) mixed‘!&er while
(B1-B12), chicken fats (C9-C12) and lard (LO) at negative \R%t? of PC-I1.
The second clusters are mutton (M3 - MI12) and pla V1 - VI12) at
positive values of PC-1. The third clusters are lard i,6 and L7 at
negative values of PC-2. The loadings plot (Figurewg.30 (MS that 3

clusters contribute lipids. The details loadings an be ob 4d J\&)\f able

4.9, \)‘T
S
a) \ ) O

q

Fats: C = chicken fats, L. = lard, B = beef fats, M = mutton fats, & V = plant fats.
mperatures: 120 °C= 1, 2, 3 & 4; 180 °C= 5, 6, 7 & 8; 240° C= 9,10, 11 & 12.
nheated = 0. Duration of heating: 0.5 hr = 1,5 & 9; 1 hr =2, 6 & 10; 2 hrs = 3, 7 & 11;

3hrs=4,8 & 12.

Figure 4.30: GPPL-PCA on LC-MS/MS Data of All Fats.
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Table 4.9: X-correlation Loadings Plot (LC-MS/MS-GPPL-PCA).Y'

id m/z Name Group PC-1 PC-2 P -&
PA-1 481.5 PA 20:0 SFA 0.054 -0.605 0
PA-2 495.5 PA21:0 SFA 0.054 -0.609 %
PA-4 523.5 PA 23:0 SFA 0.054 -0.605 058
PA-5 551.5 PA 25:0 SFA 0.054 -0.609 0.060
PCh-3 722.0 PC32:6 PUFA 0.517 O.N -0.678
PCh-4 874.5 PC42:0 SFA -0.945 %ﬁ -0.008
PCh-5 907.0 PC45:5 PUFA 0.837 0496 0.212
PG-1 877.5 PG 43:0 SFA 0.779 5 ' -0.285
PI-1 9515 PI42:0 SFA 0. 0280 L 0
® \Y.
In Table 4.9, the first clusters of mix s are comtri d'bAcpCh-M
& X
(m/z: 874.5; PCh 42:0) at the value of 11'!% 10n.%§he second
PCh=0S (m/z: 874.5,

clusters are mutton & plant fats clutMtrib
i

PCh 42:0) at values of 0.837 in CN n. Thir

contributed by PA - 1 (m/z: 48 %

[oN

)

1'tri
F o

differed from \ S ‘a
lipid classQ')

@0.605, PA - 2 (m/z:
/2 @qs, PA 23:0) at a value
t a_@{ue of - 0.609. These lard
phosphatidic acid lipid classes
the hydrocarbon chain view, lard

t‘)')e by SFA groups in GL and GPPL

N
L al, lilﬁdvz,'a l$ and very complex group. Lipids exhibit a
hi e of structural dﬂc@}sny and complexity, with over 37,000 distinct

es now maintained in LIPID MAPS®, the

Onprehensive lipid structure database (Fahy et al., 2011).

study targeted GL and GPPL in the analysis of lipid classes.

into three groups, DAG, MAG, and TAG. While the lipids
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consisted  of  phosphatidic acids (PA), Phosphatidylcholines  (PCh),
phosphatidyl-glycerols (PG), and phosphatidylinositol (PI). The gro
analyzed using LC-MS/MS, which requires a minimum sampl@sion.
This study used IPA to dissolve total fats before being inj into LC-
MS/MS equipment. Technological advances LC-MS/MS allomssisted by
LipidView™ software to produce quick and reliable results. V

Numerous studies have investigated MAG, D z: il‘ AG in halal
analysis to discriminate lard. For example, A aM;TOF-MS
successfully compared the FAs composition a ermall pr le:l _({f)\VIAG
and DAG of six commercial emulsiﬁersw tinctl), i fy @al acyl-

glycerols of lard from those of sunf% corn oil utter_,éﬁ~ palm oils

(Nasyrah et al., 2014). It was rep@ the o C (%s of MAG and

DAG of lard differed significa (p<0.05): %so k{é\been demonstrated
\

that the MAG and DAG d%lom ﬂchic qfatzlé’:%f fat, and mutton fat

contributed by stearic, o 'Xﬂ 1"7 1 Using ﬁ%EA/IRMS combined with

PCA (Naquiah et al., 2% p vj "| §
Most coms@ stud']e \é\ é?i’w
oils. The char@ ion
TOF-MS i % gly er(:l
g

sunflow "seed il, corn oil, butter, and palm oil, was

X

earlier by Indra{%’ et al, (2010). However, there are limited

c Xtive studies between lard and other animal fats. Both lard and other
& al fats (i.e., poultry and cattle) have a similar chemical composition that
challenging to differentiate. Therefore, the study of lard is opposed to other

edible fats, i.e., animal fats using LC-MS/MS after the heating-process is also
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limited. Nevertheless, from this study, lard has been found pronouncedly

different at temperatures 180 °C at 0.5, 1, and 2 hrs, contributed by DA 7

and MAG 24:0. (ﬁ\

Glycerophospholipids (GPPL) are mainly found in mle oils'

saponifiable portion. However, due to a lack of sensitive%and selective
analytical tools, GPPL has received little attention_ in “edible fats, as

commonly as in lard analysis. GPPL is composed z: ‘)f sn-1,2-DAG

with a phosphate residue in the sn-3 position coupled t Wo organic

molecule known as the head group. Q ' -@T
Depending on the identity of the hea : %

several classes. PCh, PE, PS, PG, PI, PA, aﬂ the™~main @;‘p.s of GPPL

be .divided into
found in mammalian cell memb&aian & S, @3). From these
studies, lard was found to be d%[ivelyﬁnw ;{rﬁ)eratures 180 °C at

S
0.5, 1, and 2 hrs, contribut g/ﬁA 23:0, and PA 25:0

(Appendix 14). The LC M-G]- ne identical to LC-MS/MS-

GPPL-PCA model, v\% showed t }ga@at 180 °C (0.5, 1 & 2 hrs)
g &
and labelled as L ,%and@he lar(gamples have more variation in lipid

compounds thamthe other s O
: QR
Identify1 Ls fan Pl’i @ pounds using a combination of LC-
i

N
S S ?les i& novel discovery of differentiation of lard

£
[\
p—

fats after the hea\' -process. The dramatically different profiles of

la cording to the heating-process were identified wusing LC-MS/MS

G iques with more advantages than GC-FID.
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