CHAPTER 2

LITERATURE REVIEW T

\

2.1 Chemometrics Technique b
According to the International = Chemometrics i (ICYS),
chemometrics is a new chemical discipline that employs and methods
from mathematics, statistics, computer science, an elated fields to
optimise chemical measurement procedures. It _ai 1lact much
chemical information as possible from mica %xd@ple
chemometrics techniques have been used nalyse:e bl fats "th oils.

Typically, researchers have used univaria anal h as aly51s

variance (ANOVA) or t-tests by sel N fe

S oaogs or fats for

ols Quld generate a

comparison. However, many mode 1ca 7%

massive volume of data from f: t lkha % difficult to process
or interpret literally and mu : &@s for more meaningful
information. ' .%\

Chemometrics u;ﬂlS}i 1\ a& data analysis could involve

0 odelll ng, jpatte Q\ﬁentlﬁcanon classification, signal

N
correction, a% istical, progess gﬁol Chemometrics is applied in the
experime logi S er&&/ particularly  chemistry, to  address

i¢al
’ s _
descrlil d predictive proBzems The chemical property is modelled in
1P

calibration,

4
de solutions to unhbc?stand the system's underlying relationships and

ée (Artrith & Urban, 2016; Ward & Wolverton, 2017). In other words,

Ocnptlve modelling aims to understand the model of a chemical system or

system identification (Kumar & Sharma 2018). In predictive applications,



established models are projected outside samples identified for classification

X
N

In terms of descriptive solutions, PCA is an explogve technique

and authentication purposes (Bevilacqua et al., 2017).

2.1.1 Principal Component Analysis (PCA)

without any prior knowledge or being natural. Thel;ifore, it is also an

unsupervised clustering and classification technique i coliro & Marini,

(De M Dodou,
‘XY

2016). PCA reduces the dependence of varia in Iti ia’e _@ by
computing eigenvalues and eigenvectors, % can the tra@zed into

visual forms. The graphic forms of th% analyiis preséf&l. through a
scores plot and loadings plot. b;) f, the es @%‘ describes the

identification of clusters of th%ne or \’ffsr%t f)i%r the others class.
Z SN

Loading plots are variables scores bas{&-on the similarities and

differences of the samples. \ \A

Scores plot is % arran:g
the Principal Co ent (P?) \d\l i éﬁf)gs the first PC (PC-1). Each PC
is not the SB.IQ op Qs‘cratg}%’ lines or orthogonal, as the second
most Varie@calle tl‘le c&d@% (PC-2). Each PC determines the plots'

2018). It is similar to Factor Analysis in statis

t@ the most variance, known as

positiongan. iance§ fro e dat@)les as per Equation 2.1 below;

A \c.)M =TP' +E 2.1)

éN is a combination m x n data matrix of spectral data or column. T is
G k matrix of score values for all the spectra, and P is k x n matrix of
Cs. The E matrix contains the spectral residuals not fit by the optimal PCA

and has the same dimension as X; m is the number of samples, n is the
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number of data points, i.e., wavenumbers, chemical shift, and retention time.
k is the number of PC used to reconstruct the X, which is k< mve

superscript (') denotes matrix transpose. %\

PCA is commonly used in the chemometric technique as a €orrelation
analysis of different types of edible fats and oils as sc% t distribution
and loadings plot displayed as FAs or TAGs mappi pattern of the

scores vector. The generalisability of the first 2 P n i#dicator of the

abundant FAs in GC has been widely published oil M .reﬁarch
ey

N
(Caridi et al., 2021; Tian et al., 2019; Xing @19). arLe,&L first
R4

2 PCs always have been an indicator of ﬂYmt vatianc Y*

ontributing to the

Yw
C16:0, C18:1, and C18:2 in edible fatWil m’c%sur by -FID and GC-

MS (Muthai et al., 2019). \ @)

AN
The FAs of 540 Tuni 'a%rgin \(S ids PC-1 contribute
‘% @

36.84%, mainly attributed 1 ing C‘-ll@'Dabbou et al., 2012).

Thermally raw and procv lipif fr Ma@ﬁtza pig demonstrated that
| Q

the explained Varian% PC-1 2 %}‘;2&/ o related to the linoleic and

\al.,

sunflower oil (&lﬁ ation lat é)Q}B, 50 %, and 65 % showed linolenic,
’
(ﬁ '3
oleic, araghidic,<'and margaroleic \@gids located at the most variance PC-1
(Monfi% al., 60@?:eid§; et al.,, (2020) performed a combination GC-

M PC-1 at 92 %Nc@liances to identify FAMEs and quantify lard

vaccenic/elaidic Netronian The study of olive oil and

a tion in olive oil.

Q It is possible to find the main variable for each most variance of PC.
he first two PCs of PCA with mathematical meaning represent the highest
variances. Thus, the reduction original of data into the particular PC for the %
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variance accounting of the total variance for better visualisation of samples.

Moreover, the higher the PCs contribute the % variance, then the PCSWU

represent more information on the original variables. %\
2.1.1.1 Hotelling’s T-Squared (T?) ?

Various studies have combined PCA with other chem@metric methods,
such as multivariate calibration and discriminant Cattfrn recognition

(Agussabti et al., 2020; Amante et al., 2019; Mo adi ewl%. The
®
future prediction validates this technique on saw’?le

ith ected
i o
analytical platforms for the developed In_ the ~ai an@s field,

mpleépgs.eed oil in

t @'—PCA data was

integrated with Hotelling's T-squared di ribut%\d:(gre d;\@sf}.

Hotelling’s T? statistic%lre ﬁow em‘i:?e observation in the
model space and distanc h centre S anned by the PCs. Thus,
Hotelling’s T? statist%kck;[ﬁ ié a@iges in the setting and detect

situations where %:m isl \I'de non%tonditions (Catelani et al., 2018).
&

Hotelling’s TZK' limits g 'wn tg.)%/ confidence ellipse in the 2D scores
Gy vioef

plot or as ne) plot) with ép@ critical limit. Individual samples can be
\
used toftest te sigilari ‘pf th&nodels by Hotelling’s T? value at a certain

con e level (CI). \C.}’

Lorchner et al., (2022) have claimed elt

quality control evaluation. Their Na'nonstrate

.‘n—r

65 .2 PCA Projection
The prediction of new samples has been extended based on classes or

categories such as PLS, PCR, and SVM. In comparison, another supervised
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data reduction method is PCA projection, or Supervised PCA, which is not
almost considered for the classification method (Badcock et al., 2004; Tt
al., 2006; Chao et al., 2019). %\
More recently, PCA projection has been applied in fields.
Strakova et al., (2020) demonstrated that they could successfully group root
samples into more universal root types by re-constructing théW’PCA combined
with FTIR spectra of plant roots in peatland k 1t al., (2020)
demonstrated that PCA projections could efficient ive nw:)pulation
structure from genetic data of the UK Biob and the 0' @Yo:nes

project. Although both studies claimed the f PC oject@~ in their

respective fields, this application was fw havY b intr@;‘e:l by Wold
et al., (1987) over thirty years ago. \> O<'g
PCA projection is equiva%to the \edigio ,Q\regression methods
;&y o

and provides a robust statisti rthelﬁlore, projec the test set samples

onto the existing cali i()}mol training @) and checking residual
ws

variances and leve at all o s@ltaneously determine model
'3 $ &
eI bri

validation for the wet sa]n S & st set x is projected into the A-

dimensional spﬂ erat i 'mini§f by multiplying with loadings P of
¢

a trained se %q " C’)
4

—

uation 2,2
N
% b4 {2 xP 2.2)
A residuals vector e @x‘nputed from the trained data as in Equation

\e >
2. identity matrix is symbolised as / from the vectors. Since the vectors

réw independent, this estimation of the new scores ¢, or loadings P, is

nalogous to linear regression (Eriksson et al., 2006 & 2014).



e=x—tp (2.3)
or
e =x(I—PP) %\
The possibilities of PCA projection as a multivariate cdkﬁion have
not been fully established in many fields compared to T successive
projection algorithms such as PLS. In another M solution,

multivariate discriminant and multivariate regression zls ere employed

using multivariate calibration. Multivariate cali Wme data

obtain | new nflgl@ and
). Es€andar/’ et a‘q* (2006)

ich e@& appealing
i d‘s electrochemical

from several sources to solve selectivity iss

instantly detect outliers (Brereton et al

described modern multivariate cahbrat%gtho
when applied to fundamentally @'e spe

signals.

Skl
A‘v
N

2.1.2  Multivariate Classlﬁc?N

Multivariate ¢ sﬁicZon ’v}uitig@.ate dimensionality reduction
E ? 3
technique that us axis( t9" optimise the distance between

-~

classes and m the w1th®ategor1es The goal is to reduce the
number of smn whi ﬁal t%mg as much information as possible.
Oliveri (291 1ﬁ,%\ multivariate classification as discriminant

analzmi artial  least s s discriminant  analysis (PLS-DA), linear
\

an analysis (LDA), k-nearest neighbours (k-NN) and quadratic
iminant analysis (QDA), class-modelling methods unequal class models

QNEQ), and soft independent modelling of class analogy (SIMCA).



PLS-DA and LDA are the most successive projections algorithm
models which are probability-based. De Santana et al., (2016) proveYMt
PLS-DA could effectively distinguish between legitimate roseh% and
adulterated rosehip oil containing 5 %, 10 %, 15 %, and % (W/w)
containing soybean, corn and sunflower oils. Vegetable oils Were compared
using a PCA, PLS-DA, and LDA mixture by variQus ameter distinct
principal components. Despite their apparent similar m‘. are considered
the most powerful in discriminating between olivegand les, while
sterols and squalene also play a useful role (Shen et a 21). ' _@

Overfitting occurs when a model s< i na]l@vell on
training data but poorly on test data (nw ). S-DAQ’;(S. overfitting

issues, many researchers have alrwand other erna@(%. For example,
Random Forest (RF), a metho%sed on @s, was applied to

S
authentic and adulterated a% oil-gontai ing z}@%zan and corn oils in

different proportions usi m be@esults than PLS-DA (De

Santana et al, 201% otherTopti n Ito@{iercome overfitting 1issues is
2

s

selecting the opt'&numbf: S gnponents (Lei et al., 2019) and
&e i firs

selecting the best -pr ' t(_} ivatives and standard normalisation
@
variable (S ansformati U'ef e “applying PLS-DA on the FAs peanuts

gav

b

2. 2. ML inear Discriminant Analysis (LDA)

LDA is generalised for the case of more than two classes. The
eneralisation forms for the within-class and Dbetween-class covariance



matrices. Thus, to find the weight vector, W by maximising the eigenvectors
that correspond to their largest eigenvalues or PCs as per Equation 2.4, T
W =eig(s,,-1Sg) %\2.4)
where the eig is eigenvectors that correspond to their mﬁ*igniﬁcant
eigenvalues within-class covariance matrix Sy,, estimating thef between-class
covariance Sz. Once the projection has been found, % points, class
stem
l

means, and covariances can be transformed into the new a

LDA was applied in chromatographic data of me| oil p;:riLQ. oil

1S
and successfully detected adulterated sampl ent at a§ | 2 % by
0 4

mixing contaminated levels of perilla oil v?ﬂeap oil e mhix' oil and

soybean oil (Kim et al., 2020). Mortwhe

\

learning approach (Chen et al., 20 %
6 S0 o2 .
The other types of K nant wanaly. d@ on the variability of
each group that does notT the fsam ctu‘%\(unequal covariance matrix).

If the shape of th%e sepagatin %nog)" is not linear thus, quadratic

discriminant anal Nn piov1 bett,%gc}lassiﬁcation model, as in Figure
,S

2.1 (Hastie et w ' ‘B:'

orith is trained, no

=]

adw@ge of the LDA

Figure 2.1: Illustration of Boundaries LDA (left) vs QDA (right).
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The centre distances of the groups also can be measured using the

Mahalanobis distance known as MDA as per Equation 2.5,

dia =+ (e —x). C (e — ) %\2'5)

where xj is the data vector of k in a matrix (n X 1), x; is %ean data

vector (n X 1), C7lis the covariance matrix (n xXmn), (x; —xE denotes the
transposition of (x; —x;), and n is the number of data?y;in X, (Adams,

2004). QDA is another distance metric similar to th m':tric. However,

L

S S
covariance matrix rather than the overall pooled g ' g
4
¥

2.1.2.2 Support Vector Machines (SVM) %V °\ <<
SVM can be applied to egr@n w in&Q alternative loss
function, and the results were Eo bl& e basic of SVM is to map

QDA calculates the distance to each class wusit th WVariYagce-

“ &

the data X into a high sional re iﬁe’e (F) via a nonlinear

N
mapping and then to gdo lRar regressio in‘ thi§Sspace, as illustrated in Figure
2.2 (Wang et al., 2007). s &

A\ I\\ \Q}

b,

feature 2 e
1 | B A
", @ feature mapping . o
- o
’ P p— .“-..",,.,“.;, .
.I‘ @ ° ¢
® o o R
- e e 2@ 3> @ ° o

% feature | new i‘ealurerl
o Figure 2.2: Basic Idea of the Kernel Function in SVM.
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Thus, regression approximation addresses the problem of estimating a
function established to a given data set G = {(x;:d;)}}_,, where (xwﬂs

the input vector, d;is the chosen value. SVM approximates the \n in

Equation 2.6 as follows; A

y= iwi ®;(w) + b \,Y. (2.6)

From Equation 2.6 the {®;(x)} is the set of mappings of' input features,

and {(w)}._,, b are the coefficients. Hence, a ma of tole e.ber.een

! N
the two types of kernel parameters, epsilon d"Nu (v o@ed to

. . o b 3
get the best calibration and prediction resuwﬂﬂe dfﬁ"f{ etvsggﬁ € and v
is the & parameter which is less sensi 'M v. hypzlsﬁes parameter

is regularised term in SVM that co the pen

misclassified point for a give t% Th \31

(]
Unscrambler® X has the default option type.s as S%AM{&' C-SVM.

N
X | 2ls
2.1.2.3 Evaluation of l\%late Cl§ ifi ism ({/
\ (_{)

A compre N coml)aris of
N
model amon \fa la‘sse pcc&l?iyg to class sensitivity and specificity.
if) 4
Class sengitiyity<desc es?th m@s ability to correctly recognise samples

wn

est case for each classification

belon We categgo afhely sefisitivity (Sens) as per Equation 2.7,
: NV
Sg?s = __TP 2.7)

\ (TP + FN)
specificity describes the model’s ability to reject samples of all the
her classes from the other one. In this regard, if all the representatives of
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class groups are correctly identified (true assigned), then a sensitivity (Spec)

was calculated as per Equation 2.8, T
TN 2.
Spec = ———— :% 8)

(TN + FP)

where TP is the number of true positives, FP is false positivesmw7N is true

negatives, and FN is false negatives. These parameters exwe actual class

vs the predicted class from the confusion matrix. T '

The Matthews Correlation Coefficient ( \Qd reliable
statistical rate that yields a high score only if t diction per ei(%el in
all four confusion matrix categories (7P, and Fp). ortion of
the size of positive and negatlve ments data%\?roduced a
coefficient as a balanced metric t e emp eveé‘ the classes are
substantially different because 1 51ders d e@heous positives and
negatives (Chicco & Jurman, 2 @

The MCC is a co ela& coefi that ds a number between +1
;te

d b1 ry ¢ sslﬁ ns (Equation 2.9.)

é"x FN (2.9)

( +FP)( +F1\Q§7V+FN)(TN+FN)
A coefﬁcien 0 notes ?Jrfeﬁg't{)recast a coefficient of 0 indicates a

random w ile 21 ent of -1 denotes a strong disagreement
betwe p ction and selgat@'

65 Multivariate Regression

Multivariate regression is a strategy for determining the degree to

and -1 for observed and a

which several independent variables (predictors) and multiple dependent
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variables (responses) are connected linearly. The relationship between the
acquired spectra and the quality features of interest is described

(2.10)

multivariate framework. The model can be written as per Equation 2.10 %\
Y = £(X) -\
From a statistical standpoint, the model to determine the qlwy. aspects of
interest from the acquired spectra is defined as the search a mathematical
relationship (f) between the predictor or indepen: cto X and the

predicted or dependent variables Y.

'Y

PCR and PLSR are the most used in riate 1egr orl a.k&aithms

to compare oil and fats analysis (Rohma L, corhbination of

FTIR analysis with the PCR and P @ use utherﬂ&ation of extra
virgin olive oil and extra V1rg1 onut ohnfan) ‘et al., 2017);
AN
adulteration analysis of virgin 011 w e él. oil and soybean oil
0 w,
(Rohman et al., 2019); m (J wal Jt “al., 0a) and virgin coconut
oil from its adulterant para am 13 202

2.1.3.1 Principal C ent@o (PC
PCR 1s ilta 1x X, followed by multiple linear

he
regression L L @sed between the scores obtained in the

the gtisti to be modelled in Equation 2.11. The first

bles or PCs are @med to have the most variance of the original
eanwhile, the different numbers of PC sequences are less than the first
. Consequently, only r are retained PCs and r < min (n,p) to data

s1mp11ﬁcat10n After performing PCA on X, the second step in PCR consists



of the linear regression of the scores and the y property of interest. The linear

model between (nxp)and A (nxr) is as follows, Y.
Y=Ab+e qm 1)
where A is the weighted normalised matrix of order n x p an represent

the new coordinates for the n objects in the new system, and pfis the loading
matrix, and the column vectors are called eigenvectors P oading. Where
; P)

b (R x k) are the coefficients and e is the error ve ' The objective

of the response y is not directly correlated with X, wit its\llﬁﬁ he PC is

®
I
obtained by decomposing X via PCA as per tion 2.12 h‘ @wtion
4 X

responses on X with (Bp) are given by: T \ NV
Yw
9= )@}/ il 3 (2.12)

The coefficients of that combinatio&e called r ssionQ)efﬁcients or b-

MNNP)S |
eigh h p&q}\present the weighted

[
7
b,, are™egnfounde 44;?5/ using the number of

coefficients (by). If the X-vari

regression coefficients, ther\

: ) N
factors (or PCs) according tWOde" int sI s@
, 4 4
NN %(3"
&

&mipal components from spectral data
N

relevant%talytiy 0 jltrati (Brereton, 2009). PLS is a method for

ng regression @ on the latent or hidden variable

con
@(mition to relate two blocks, matrices X as per Equation 2.13,
o (2.13)

and Y, as per Equation 2.14, which contain the independent, x, and

dependent, y, variables, respectively.



\ 2.14

The objective of PLS is to find the best number of late NYJ;,
typically performed using cross-validation (CV) based on the.@ination
of minimum prediction error. In which T and U are the score ces for the
data set of X in a combination of Equation 2.13 andNEquation 2.14
respectively; p and q are the loading matrices for X Yr:spfctively, E and

F are the residual matrices. The two matrices a sociat dWscores T

and U, for each latent variable, as Equation 2.15, é ' _\C}
ur =bs+t b 4 (2.15)
f f \,Y'

m thegsvtant of the
new samples can be estimated fr bew SCO : w@? are substituted

from Equation 2.13, combined in E%n 2.14, \dmgt

='=TBQT ¥ “ é}- (2.16)
Although the reg \co %jwi‘@Cs in PCR outperform
MLR, there is no @at}&!ﬁi&g a significant proportion of
variance in X Welp @Y. As esult, defining the new variables
based on the rel”&ns be zind C{)@u d be more efficient.

@
The bas en..o r@tl @ards this goal, e.g., in the prediction of
N
tyal

hypers age$ ?lk sd%pﬂes of Canadian wheat by Mahesh et al.,

Y-v

(20 d the determinati ﬂ;ff informative wavelength band in NIR region
foi\-invasive blood glucose by Suryakala and Prince, (2019). The new
arame

ters are presented as orthogonal (uncorrelated) linear combinations of

from us, matrix Y can be calculated ingEquation

e original variables that retain the covariance between X and Y to the

maximum extent.



2.1.3.3 Orthogonal Signal Correction Partial Least Squares (OSC-PLS)

This research includes PLS models extended on orthogonal ?ﬂl
correction partial least squares (OSC-PLS). The most used in th ture
are orthogonal partial least squares regression (OPLSR) or orﬂ&l partial
least squares (OPLS). OPLS is a new version of PLS intro@ by Trygg
and Wold (2002), which possesses built-in OSC @rs out some

l
The OPLS model separates systematic variatiOfigin th S?’blgd into two

is the [coy, ar‘:c:_&g\f?;een

% i Van@n in X

variances in the X-matrix unrelated to Y.

parts, predictive and orthogonal. The predictive
X and Y. The second part, orthogonal,

unrelated to Y. When Y is constructed

&, | N
2.1.3.4 Multivariate Regressionéient Qs Im nt QFj@res Assessment
The important vari han 'b%g %
weight for all the ts vs i the alliabbnumber. The variable has a
'3 f &
significant posit%negat" in .
variable is cow wit
@
value for t 's%pon t wi

N
large % lod ‘yveig Regression coefficients summarise the

mpotb)%( A sample with a significant score

!
httle ei?rge positive value for a variable with a

relati ip between all pr@brs and given responses. Using the following

\&.2.17,

: B =W(PTw)1QT (2.17)
e regression coefficients by, in a matrix as B calculated by the T scores.
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For PLS, the regression coefficients can be computed for any number of
components or factors. For example, the B for three factors summari?mﬁ
relationship between the predictors and the response, as a model% hree
components approximates it. The weighted B provides inform bout the
importance of the X-variables. The X-variables with a larg B play an
essential role in the regression model; a positive coeffi 'Nws a positive
link with the response, and a negative coefficient s ﬁ.n ative relation.

Conversely, predictors with a small coefficient ar ten [negligi (CAMO,

2015).

(adjusted R squared or a% of error calibration
(RMSEC) and predictionQ\&.
in prediction (MSEP% calculation y’ dj. R*> as shown in Equation

2
o 2.18)
the y; i%’alib}at n yalue, é\ts predicted by the multivariate techniques
& o2

is computes the@‘érage of the calibration values in the training

2.18,

.

: s
d M and calculation of the RMSEC and RMSEYV as in Equation 2.19,
n
(i — ¥i)? (2.19)
nC
1

i=

24



where n, is the number of calibration or validation sets, y; and y; are the
predicted and calibration values of the i*"observation samples. The mowﬂ

prediction performance capability measured by the MSEP as @

Equation 2.20,

(2.20)

n
1 532
n—Z()’i —9:i)
T
where n, is the prediction set denoted by y; @ thei measured and

predicted values of the i" observation. Y.

A‘?

The smallest RMSEC value was assoc with th optimal ‘%g'bration

o

and RMSEV value for wvalidation model. sh

variance in the Y variables represer%w

e per ei!{age of the

) 'Jzie values of R?

nearest to the one (1) is con31dere xc m Q performance in

calibration. The RMSEC, RM V, n(h luqs,) re indicators of the
reliability and predictive a f the and %Hould be lower than the
zero value. I

Multivariate clm on a te regression are two of the
most  often lneﬁc l aches in applied statistics and
chemometrlc he cuarren a demonstrate multivariate calibration
(Baqueta O a 2014; Saeys et al., 2019). These
app A 1nv01 {n VWOus fields and applications, from chemical

oscopy to chromatogl%hy (Anzardi et al.,, 2021; Belal et al., 2020).

rimary distinction between these two methods is that regression analysis

Gs a continuous dependent variable, whereas discriminant analysis requires

a discrete dependent variable. Discriminant analysis is similar to a regression



analysis such as PLS-DA and PLSR. However, the output of the finding is
different. For the discriminant analysis, the output is represented?’a
confusion matrix, whereas R? and RMSEC represent the @ of
multivariate regression. A

Borghi et al., (2020) developed PLS model of the binary blends to

identify and quantify adulterations in extra virgin olive iN’OO) with the

he jputcomes were

LWnd PLSR

o g
regression techniques using FTIR-UV-vis wer cessfully d’ ‘@edict

construction of soybean, sunflower, corn, and canola

R? higher than 0.98 with RMSEV < 5.0 wt %.

©)

adulteration oils from the pure oils level ncu 4n en, @9). The
calibration of FTIR & UV; (R? = 0.94w ) ami pr 'ction@?. R* = 091
& 0.97) models and low error val or galibration 2 ‘@d 2.68 %). The

best predictions were achieve ing st spectr determination of
squalene content of EVOO %binagi\on Weerzé’@\orescence and infrared
with the lowest RMSEC %65, @Z@l, and MSEP of 0.150 in
the spectral region 25@ arhal, 20 }_I Q’

'3

From a statiStical or \ma ysis spective, overcoming collinearity
between spectsal iabl i 'he @J&Gary difficulty in such problems.
@
Collinearity %ns hen l{gh(j rrelation between two variables exists,
\

making%ktion{ ?h v le by regression -coefficient difficult or
impgssible.  Furthermore, & al-world  applications ~ frequently  involve
Xs with a few known spectra and many spectral variables (Nes &

ik, 2001). Therefore, data pre-processing, feature selection, and

rojection are required for any technique based on the original spectra
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variables because these variables do not adequately represent the feature

X
K\

Pre-processing, transformation or pretreatment of the obfained spectral

space and improve the prediction.
2.1.4 Data Pre-processing

data is the essential and initial stage in chemom rNodelhng. Pre-

processing aims to remove any noise or disturbance qu l]y the baseline

shift from the spectra that compensated deviation of“spectra toWose as to
®

the Beer-Lambert law. Thus, the most im t varian t‘ _@nical

s r
g N, Y\.’
Engel et al., (2013) overV1ewed% rteﬁaTts r th st common

analytical data types. The artefact \a‘[ for a nd@R data such as

features can be retained during the chemometri sis

baseline, scatter, and noise. basehne\m%h , and noise are
particular to the NMR, mass sp ry, a‘ﬂdG pcctr‘e:/%
The Savitzky- Golay m epotted @ frequently used for this
IIVC %

purpose by calculat deriv fitted polynomials for the
4 2

spectral basehne es TI]e \ﬂn -ord r1vat1ve will also eliminate a

baseline slope he om of dch} preprocessing, such as derivatisation

with some g e of sm th£1 f r example, employing Savitzky-Golay

\
ﬁltermg%hp improve data‘@aandy & Yulia, 2017).

Y-v

rocessmg method&.}’can correct light-scatter effects such as

&

Normal Variate (SNV) and Multiplicative Signal Correction (MSC).

é‘

pre-processing  techniques estimate the scattering coefficient by

egressmg the spectrum to a reference. Rinnan et al.,, (2009) reviewed the
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close relationship between SNV and MSC pre-processing on Near Infrared

(NIR) data. Y'

The misalignment in NMR is recommended to be c@ by

Correlation Optimized Warping (COW) by splitting the signa different

segments. The optimal alignment should be reached by%stretching or

compressing the individual segments to match the reference™$egments. Local
.,

alignment is particularly relevant for the pre-proc 'NMR spectra,

where each peak may shift in both (spectral) dircétions ( kw., 2006).
@
N ¥
Also, the amount of shifting can vary between peaks ted tofa re nl:e. ey
Normalisation equates each pattern i co% to .{rbvarbitrary
constant, such as chromatography. It ha$y,been reperte a Yr:ion of the

overall integrated peak area (L et)al., 20 M@ approaches to

e/

normalisation and scaling can %mpleme .YT ,@\ost popular spectra
o

normalisation includes scali 9 pons

e@caling to individual

=
M Q
ob)
—_
=

in séaling t%,lnit variance (auto scale),
a

=

Ew

metabolite (or peak), log,pre-
n fltn@' and vector normalisation

C
Pareto  scaling, de% p:
&
O

(Tugizimana et a“@ ' g %
In a stuw the ity) of a@e' juice screening by UV and NIR,
¢

Wtodarska ‘% (2021) u ﬁ:eejto?'netrics in their comparative study. The
pre—pro@ta Swere }bsequ§ly used in chemometrics techniques such
as to input a classi@é‘: or calibration model. Then, the RMSEC, or
% , was utilised to assess the quality of the pre-processing method in
his¥ model. Further, the deep learning model attained the lowest RMSEV of

76 %, which was 13 % lower than the PLSR on the raw absorbance data.

n’

Finally, an analysis of apple juice by NIR and PLSR for data analysis was
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optimised using pre-processing and variable selection, resulting in the adj. R*

> 0.9 in the predicted total phenolic compound from the spectra o e
juice. %\
Interpreting the main effects and interactions enables the ion of an

optimal pre-processing strategy (Gerretzen et al., 2015). Co@g infrared
spectroscopy with chemometrics has proved its ability owde a fast and
reliable indicator for soil diagnostics (Barra et al. %ard authenticate
heparin for pharmaceutical control applications istr Va\Qd; 2021).
However, the pre-processing steps must be take ith caution_i ‘oxgzes.
In general, spectral pre-processing was ed _tof de@'sed the

N\

performance of both the PLS and deep leam del et al

2.2 Application of Chemometri%‘ard Pr\'eSWr al*Authentication
S
nes

According to Islamic di guid’e’li lal ds are foods allowed

to be consumed by M h It !l VIC Versa\% the foods that are not

).

permitted or called eaning fo id&e@oth halal and haram are in

2 ¢ &
Arabic, which is mimp \iq Muﬁ) lifestyles. The market for halal
foods WorldwiK&stim be @ﬁ USD 1.2 trillion in 2022 and is

|
¢
expected to increased b 5.&%6tlpoughout the forecasting period to reach

N
USD 3% n by 203 Futu Market Insight, 2022). Malaysia is a country

that otes Intemational\ lal Food Hub, such as the fat-based food
i% . However, there is often a target of lard adulteration of fat-based
00ds since commercial pigs are breeding in this country. Therefore, the

ources of fats in halal food products are concerned to be misused. Noted that



the lard is a part of the pig, stated as haram or forbidden to be consumed by
Muslims according to the Islamic dietary guidelines. T

Lard is rendered or refined from pig fat adipose tissues to t@d as
an ingredient in commercial food products such as bakery and.&éctionery.
The general term "fats" refers to a naturally occurring oily Mhat can be

found in the body of animals like cattle and poultry, Nlaﬂy when it

forms a layer under the skin or around particular o s.%ln 1hemica1 terms,

fats are groups of glycerol esters combined with er ttw in solid
X

form at room temperature, which are primary ing blocks,_of 'ar@ and
plant fat, e.g., hydrogenated palm kernel oi d is simi 0 ﬁa\tér of other

animals that are in solid form at roon%ny ratwi, t the g;sis of lard

for halal foods authentication res\ n be b y @(%sented on FAs
and TAGs (Marikkar et al., 2005;\\@'5t al., 2020); T I
2 i o b
The term halal foods ication cdn ube Q?c ded in public foods
@}t@ood complies with the
ala fo()dsbuthentication is subject to the

s &
ogm. Danezis et al., (2016) reviewed

ds &ﬁt refer to the origin (species,

geographica! ocation,| or 1(‘{,-/ the production process (conventional,
organic% ntiogd ods,~free range), or the processing techniques

(irr%l, freezing, micr@é heating). In another term of halal foods

authentication. Food authenti ionL

information on its la%tﬂarly,
2

halal label on th wagingl
&

that the authentication

¢

a ication on meat and meat products, Khadijah et al., (2012) emphasised
6 ossible analytical methods to detect pork and lard.

Rusni et al., (2020) found that the practitioners of fat-based food were

quite aware of the halal status in pastries and other confectioneries
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ingredients. The main challenges are the lack of data on lard profiles because
it is complicated to identify when mixing in a food matrix as fat-basew
and thus could decrease halal status confidences. Nevertheless, it @sible
to view lard profiles as an essential determinant of assuring halal food

In order to construct models for the authenticity and trae€ability of the

lard, it is feasible to combine chemometrics with ]'EWntal analytical

techniques under this approach. Furthermore, Ng ., 9(2022) emphasised

lidit What offer
@

valuable data for future advancements i phisticate t&c@gies.

Therefore, applying chemometrics using "YL; an% atfo:;@~ on lard
en atiow\ by, a hq@g.certiﬁcation

authority to create awareness for ublic of /a ood@d their benefits

the categorization of several approaches based on

profiles significantly impacts halal

to Muslim consumers.

2.2.1 FTIR spectroscop 'hbelI dies \A
FTIR spectroscc%?been nsidéred abeffective tool in oils and fats

'3 ¢ &
authentication, ms Mn héJrecently been increased with
developments in chémom

hniq&ié} (Jamwal et al., 2021). FTIR offers
@
attractive ai ages an a&tic&l} latform due to its consistency, rapidity

N
and, mo% antly, its ?'labil@nd low-cost operation.

difference betwe@fard and other fats (animal fat; lard, beef,

y;

and mutton fats and fish; plant oil; cod liver, canola, corn, extra

:Vl in olive, grape seed, palm, pumpkin seed, rice bran, sesame, soybean,
nflower) was studied by Che Man et al, (2011a). The scores plot of the

PCA observation demonstrated in PC-1 accounts for 44.1 % of the variation
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denoted by lard, cod liver oil, corn, soybean, and rice that contribute by
2852.8 cm’'. In contrast, other than oils, fats located at PC-2 account fw
% of the variances contributed by 1116.8 cm™ and 12363 ¢ \uster
Analysis (CA), an additional chemometrics technique, supportecf& for the

fats grouping, indicating that lard and other fats are highly CQ elated. These

findings would have been helpful if the author explained lard is anti-
correlated with other animal fats instead of plant fats it rs been known
that animal fat has a high similarity of FAs composition rland, 2

Saputra et al., (2018) have identified pi

minants | a'm.@e of
tra{ plg@ucts as

prqiroc ed smoothmg,

baseline  correction, then Wa Diffe S ® een  products
containing the selected wavelen%asmﬁe \ck?n @bl product at 1236
\

cm! and 3007 cm! in Pl ere equently identified as

fat samples and food products. First, lard

compared to chicken. Then raw dat

biomarkers lard. The sm h1n us

but it can distort the or% nal an@ its r@lutlon (Xu et al., 2008).
&

The combinations of PCA and PLSR are the most useful applied in the
A™ | ~

spectra data and chemometrlcs of lard detection. Erwanto et al., (2016)

\ o l ‘?\J
conducted Ei%nixt es (05 1({ 2&/ 0, 40, 50, 60, 70, 80, 90 & 100 %) of

pigskin % w skin_ f iahbra& on of rambak crackers. The authors selected

eh e part of the noisy data,

the ormances of pr cﬁ%?bn at wavenumber 1200-1000 cm’. The
%\hlp between the actual value of lard gave the values of R?, RMSEC,
G RMSEV to be 0997, 138, and 2.77, respectively. Then commercial
ambak crackers were projected into PCA and found in the average clusters

between cow, buffalo, and pig skin. A similar study on adulteration buffalo
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skin by Muttagien et al., (2016) yielded R*> and RMSEC values at 0.961 and
2.56, respectively. Then the 3D-PCA projected rambak crackers corw
pigskin, buffalo skin, and commercial rambak crackers were wel@ated,

indicating  the successful determination using FTIR ﬁ&d with

chemometrics strategies. q
a .

Guntarti et al, (2019) distinguished between lard and beef sausages

s IV

before applying them to commercial sausages. First, the F}“IR-PLSR was
| »

developed at various concentrations reference (0 % — 100 %) of lard. The

& VI oT°* X

calibration identified the frequency region of 1200-1000 c,m‘1 ielgle‘(_i_\ R* and

RMSEC at 0.985 and 2.09, respectively. Then sausages “from the l(ié_a-l market
- v v

were projected onto the FTIR-PCA model, and it found that collected

LY (o 2D

commercial samples closer to the beef sausage could 1ndlcate leads for halal

authentication. \(') >§ 13 -\

Rohman et al., (2011b) quantltated lard, beef fat and their mixtures in

AN N W

meatball formulation. The spiked pork to meatball in the concentration range

- I 2! <&

of 1.0; 3.0; 5.0; 10.0; 25.0 ratios yielded R?, and RMSEV obtained were

) Il

0.996 and 0.712, reswtlvelg PLSR was successfully used to quantify pork's

2.
impurity at the selected ﬁnget]i)rlnt region (1200-1000 cm™!). Ahda and

\J
Safitri (201§%ﬂiouct a_s 16! obnary mixtures of lard in crude palm oil

usmg E The. fi ?g 1s<? haracteristic of lard in crude palm oil could
be t ed using FTIR g@&oseopy combined with PLS at wavenumber
148]. 999.05 em! and 1793.67-1650.95 cm’' where R?, RMSEC, and

EV value were reported to be 0.998, 1.291% (v/v), 0.838 % (Vv/v),

espectively. The pre-processes normal spectra give much better accuracy

prediction than the 1% and 2™ derivatives. Sa’ari and Che Man (2016)
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investigated the addition of lard in the chocolate formulation. FTIR-PLSR
were used on lard cocoa butter and their blends (ranging from 0 — IOWf
lard in cocoa butter. The calibration model developed and reported%\alues
of R? and RMSEC to be 0.989 and 0.450, respectively. A

The analysis of functional groups responsible for FTIR abSorption in fat
and oil samples could be related to the FAs and therm mls Rohman &

Che Man (2010) demonstrated four types of animal fats lard and body fats of
v | { »
lamb, cow, and chicken, in quaternary mixtures were quantitatively analysed
v *Xr
L o -
using FTIR-PLS and FAs by GC-FID. The increase in, pegl)k_ inte‘n.s\it_ies at
3007 cm! corresponded with the high concentration of monosatu\nated fatty
Y~ N\ .+
acids (MUFA) in animal fats, in the seq@ce of Lard > Cow > Chicken >

<l L

Lamb. The calibration model was developed by comparing the PLS model

i - 53 \
using different spectral frequen01es to analyse oils in ternary mixtures. The

f‘» / "
frequency region between 1500 1000 cm1 was found suitable for analysing

0N NI W

four animal fats using PLS calibration and then preprocessed selection at

e M 1 X! =F

normalised 1%, and 2" derivatives. The 1% derivatives spectra at the frequency

IR RS A4

region of 1500- 1000 cm are the most accurate to calibrate lard. On the

-

other hand, normahsed data found accurately calibrated lamb, cow, and

chicken fats
? &
K 1 et ) monstrated FTIR-PLSR of lard in meatball

the quantitative d(%x‘mmatlon using a wavenumber region 1018 -

‘% ‘I, The R? and RMSEC were 0.9975 and 1.34 % (v/v), and adj. R’
Q RMSEV were 0.9944 and 2.89 % (v/v), respectively. The commercial
amples were collected and then classified using the FTIR-PCA model at a

-1

selected wavenumber region of 1200-1000 cm™ and correlated with beef fats
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at PC-1. The additional information by GC-FID on the FAs analysis of lard

indicated that lard contained more oleic and stearic. On the contrary, b t

relatively contained more palmitic and oleic acids. Ahda et 65\020)

investigated wild boar meat in beef meatballs by PCA and f& In this

study, FTIR-PLSR was conducted to quantitatively measurey the chemical

profiles for authentication after transformation spectra Nivative in the
\e

regions covering the frequency region of 999-1481 bil'ed with 1650-

1793 cm. \d
@
) | N4
Witjaksono et al., (2017) combined FTIR GC-TO S' t&&hjuques
to study the fat of pig, cow, lamb, and chi ﬁd\ i biog}szers for
1,

lard identification. Lard and chicken fw tohave @f‘mvgt peaks at
J éﬁ 20225 em.

wavenumbers 1159.6 cm™, 1743 h 2853.

q‘(\of 1,2,3-trimethyl-
S

benzene, indane, and und%are 0250, .4,520 d 1.28 times more

According to GC-TOF/MS the c\cengati

outstanding in lard than J ke\, 9@2.3, 1.24 times higher in
cow fat, respectively. z I Q‘
'3 $ &
Mansor et wllM@rated éﬂbry admixtures of lard in virgin

coconut oil ingVvari p con, E&fations ranging from 1 % to 50 %
L B8 D
(v/v). The tures Wwer s&et} sing fast gas chromatography with a
N
surface facoustic wav. ?ctor%C-SAW) system. The authors found one

peab&he fast GC-SAW\ em chromatogram to indicate the presence of

152\1& virgin coconut oil, with an R® value of 0.934, when fitted into the
econd-order polynomial curve.

0 Rohman et al, (2012a) developed standards consisting  of

concentrations ranging from 1 to 60 % (v/v) of lard in palm oil using FTIR-

35



PLSR analysis. Both the unadulterated oils samples have high oleic acid
content measured by GC-FID. However, lard had double the linoleni 1
groups compared to palm oil. Therefore, the band at frequency 3(%\ in
FTIR spectra of lard could relate to the linolenic acyl groups. ptimized
frequency region used by the author was 1480-1085 cm’! sz’ RMSEC

and RMSEV values were reported to be 0.998., 1.69 f’iow2.87 % (VIv),

Suparman et al., (2015), conducted a study uthe tiWn several

@
n the ma Ils‘i@YTFIR

respectively.

variants of imported chocolate products circulati
and GC-MS. Their findings indicated tha ectra? o a dY;hocolate
regio@v(;06.8 cm’,
sis @PCA and PLS
-@0.63 cm’! indicated

o
the lard identification in ch@%at. "ﬂle R% and Q‘;@EC were found to be
0.997 % and 1.563 %, V\* :xninir ctio@it at a concentration of 4

%. GC-MS results%

suggested to be ererl

concentration & %. 'llect <<!amples from six imported chocolate

¢
variants w e%ﬂ to sho lédQ)/r files marked by the appearance of 11,
N

14-eik0% t acid’ %

Mabhalanobis di@ principle of discriminant analysis (MDA)

A\

h Xectively classified lard and other fats. A study demonstrated that
& rprint regions of 1500-1000 cm' were used for quantifying and
assifying lard in the mixture with vegetable oils such as canola oil, corn oil,
extra virgin olive oil, soybean oil, and sunflower oil by Rohman et al,
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(2011a). Che Man et al. (2011b) selected edible fats and oils and those in
biscuit formulation by MDA. In their study, FTIR spectral frequency S
at 3050-2800 cm™', 1800-1600 cm™, and 1500-650 cm™ were e%\ for
the classification of lard and other commercial vegetable oils and ani

Che Man et al., (2014) detected the presence of lard in W fries pre-
fried in palm oil adulterated with lard. Prediction of lar% lended mixture

of lard and palm oil was conducted. The R> and 979, 2.45%) were

obtained with 0.5 % detection limit in the study. A t tWistinguish
@

between fries samples adulterated with lard an ples pre-fti dl \Y@palm

£ \/‘T

Al-Kahtani et al., (2017) attemptw;tud)n\the dulter@g. of lard in

"3

commercial food products (frozen nchy fries) an eget@

oils.

oils (corn oil,

sunflower oil, palm oil, and o oil). \bm?ry l@ures were prepared
o
from 1 to 20 % (i.e., 1, 5, QZO ‘%\of 1 FTQg)analysis detected levels

of lard as low as 1% i %ﬂi)Il ere ‘gq% important FTIR spectral
regions were obse 405-1365 A 0-1198 cm™, 935-910 cm,
\" F &

877-857 cm-! and 85%833 cm-ll. @)
Upadhya)e\t 2

cted ((_7)&' body fat in pure ghee. The author

: R
used pure mi ghee| that s"sp' ed with pig body fat at 3, 4, 5, 10, and
\
15%. e “wavenfimb ‘;ange&t 3030-2785 cm’!, 1786-1680 cm, and
149 cm™ were selec%\l’)ased on differences in the spectra obtained.
X clusters of the samples were obtained by employing PCA at a 5 %
ighificance level on the chosen wavenumber range. SIMCA classified 90 %

f the samples into their respective class containing pure ghee and pig body

fat. FTIR-PLSR could detect spiking of pig body fat in pure ghee even at a
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level of 3 % by calibration, with a validation value of R?> > 0.99. The

application chemometrics and FTIR on profiles lard by various studw

tabulated in Table 2.1.

Table 2.1: Application Chemometrics and FTIR on Profil

%
K\

ard.

A
Wavenm References

Application Chemometrics Data
preprocessing
Discrimination lard and PCA Mean center 2. -1 Che Man et
other fats (animal fat ' al., (2011a)
and edibles oils). \d
Discrimination pigina PCA Smoothin 1236 cm! & 3 S uTt
mixture of fat samples Baseline cm! ' al.@l
and food products. Correcti A
Normalis
’ '3
Discrimination cow, PCA, PLSR (R?, Normalise )DQ—\I 00 cm‘l.vsﬁrwanto et
buffalo pig and. RMSEC, & RMSEV z é\ al., (2016)
commercial rambak =0.997,1.38, & V
crackers. 2.77), PCA %
projection. \
Discrimination pigskin, Muttagien
buffalo skin, and etal.,
commercial rambak (2016)
crackers-
Quantification pork fat Rohman et
(PF), beef fat (BF), and al., (2011b)
their mixtures in
meatball formulation.
Discrimination of the 1se 1481.22-999.05 Ahda &
binary mixtures of d2nd cm™! & 1793.67- Safitri
in crude palm oil '&{Va‘uves 1650.95 cm’! (2016)
(CPO) \ @)
Discriminatiéfiglard-i Normalise 1500-1000 cm™! Sa’ari &
the chocola Che Man
(2016)
Normalise 1500-1000 cm™  Rohman &
1%, & 2nd Che Man
derivatives. (2010)
1scrimination lard in PCA, PLSR (R?, Normalise 1200-1000 cm-1 Kurniawati
meatball broth, RMSEC 0.997 & 1018-1284 cm’! etal.,
mmercial samples. 1.34; adj. R> & (2014)
RMSEV 0.994 &
2.89)
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Table 2.1, continued

Discrimination pig, PCA Normalise 1159.6 cm, Witjaksono
cow, lamb, and 1743.4 cm’', eta
chicken. 2853.1cm’™, & 01
2922.5 cm’!
Quantification lard in PLSR (R?, RMSEC Normalise 1480 — 1085 cm” hnan et
palm oil (1 to 60% ). & RMSEV = 0.998, ., (2012a)
1.69, 2.87)
Discrimination variants PLSR (R?, RMSEC = Normalise 1097.42 cm™ Suparman
of imported chocolate 0.997 & 1.563) 999.05 -"l90 etal.,
products. cm! (2015)
Discrimination lard in MDA & FTIR-PLS Normalise —Z;O cm, ! Rohman et
the mixture with m' al., (2011a)
vegetable oils. '\d
Discrimination lard PLSR Normalise 3050-2800 cm Cﬁ n et
selected edible fats and 1800-1600 cm 2, ' zk 11b)
oils in biscuit 1500-650 ¢
formulation. b o Y"

Discrimination of lard
in French fries pre-
fried in palm oil
adulterated with lard.

Discrimination lard in
frozen French fries and
vegetable oils 1 to 20%
(1,5, 10 and 20% of
lard)

Discrimination pig
body fat in pure ghee.
Pure mixed ghee was
spiked with pig body
fat (3,4, 5, 10, and
15%).

N

900 ¢ -R.Che Man et
% al., (2014)

0

PLSR (R?, RMSEC = Normaze
0.979, 2.45%)
N

FTIR-PLSR 5%.%?5 cm’!',  Al-Kahtani
60=11

1

% T 1 8cm’, etal,

P 9%.10 cm’, (2017)
d 57 cm™! &
\ A<$-833 em!
FTIRV alise “o™ 3030-2785cm,  Upadhyay

MCAfwas [ 1786-1680 cm™!,  etal.,

i 0 % Q 1490-919 cm™! (2018)

222 1\?%%'

lutio
efft

spectrum  width

|%!1mited
Qadvantage of 'H-NMR spectroscopy in oil analysis. As an alternative to
H

-NMR, BC-NMR

R s@oscopy techniques have been wused to

> » .
analyze and stmare unsaturated lipids (Alexandri et al., 2017).

spanned by protons is the fundamental

spectra have few advantages. The '’C spectrum is
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particularly informative since it provides a large number of signals covering a
wide range of chemical shifts (Lankhorst & Chang, 2018). Y'

Fang et al.,, (2013) recognised that the characterisation of 0@ fats
for classification, prediction, and adulteration detection i ntial to

consumers from commercial and health perspectives. IHW, GC-MS

of oils and fats.

fingerprinting, and chemometrics successfully differe 'aW)ils and fats.
PCA of both techniques showed group clustering of Ks

PLS-DA and OPLS-DA wusing GC-MS data exc llMsiﬁcaﬁon
@

" - | 3.
sensitivity and specificity compared to mode ing - '(iﬁag The
study also demonstrated that PLS mode s% e@shed to
detect as low as 5 % lard and beef tallow s

Fadzillah et al, (2015) devw

model the relationship between actual \bewof ]gé‘ and the predicted

o
value using the data from %\ S gctros py. at)é?model yielded R? of
0.998, RMSEC of 0.00 %ani A% 0{&0090 %, respectively. In
zt that ) thé

addition, this study% rated: 2 @ model was good, as the

intercepts of R*Y K%, Werel .\S&and —g@, respectively.
iShed

Little stuw been (Q\j%e identification of lard using NMR,
€ ? C,)

of PLSR to

although t approach h een @cessfully used to identify FAs in other
7 N

oils fo% ticatio ns. % instance, Lia et al., (2020) demonstrated
thatA

Y-v

‘H%and *C-NMR sp@, successfully differentiated Maltese and non-

and EVOO samples by exploiting PLS-DA and artificial neural

Oiorks (ANN).



2.2.3 Chromatography (GC-FID, GC-MS, & HPLC)

Several analytical methods, including liquid chromatography (L
gas  chromatography  (GC), especially when combined \@}nass
spectrometry, have been presented in the recent decade for rap&ening or
selective confirmation of the quality and authenticity of larcw addition, a

chemometric technique is frequently used in investigati on complex
;rve'

chromatograms and chemical signatures, thus co as providing

reliable qualitative or classification and quantita or jca

of the

Ay
multivariate. However, GC-FID detection h@ionally be 4 & rable
n % e n@red and

option for lard analysis since the FAs and %
compared to reference standards. \, 0\ g
Dahimi et al., (2013) attempw >ifferentia rd @‘&teration at very
low beef and chicken fats using%FID co \m%w‘
S
application. The measureme e m 1& lard, beef fats, pure
™

h ' e een @ ulterated with  different
2%

chicken fat, and fat
concentrations of lar%:o, 1%,

'pGA and k-mean CA

(¢}
B
[oN

3%,44%, 5% & 10 %) in beef and

N

beef ta%td, ﬂdbcgbzken even at a lower concentration level of 0.5

% On the other han@e k-mean CA can only classify pure lard, pure

c% fat, and pure beef.
Q PCA is an important technique in FAMEs data analysis and plays a
rucial role in FAs distribution. FAs data from GC-MS was used with a PCA

model that assists in discriminating lard from lard olein, lard stearin, and
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chicken fat (Naquiah et al., 2013); partial acylglycerols of lard with those of
chicken fat, beef fat, and wmutton fat (Naquiah et al, W;
monoacylglycerols (MAG) and diacylglycerols (DAG) of lard wi@e of
six commercial partial acylglycerols (Nasyrah et al., 2014): se three
studies also show that C18:0, C18:1, and C18:2 are the mostf discriminating

FAs in clustering lards and other fats. The findings sgim that extracted

lard from different processed products, such S arinl and partial

acylglycerols, have similar FAs composition. How not a in PCA
]

models could well discriminated lard against r fats. h‘ﬂ@ the

relationship between FAs and lard has nv ﬁl&f isherGnce the
lusters a

most findings stated that lard and fat chick Iﬁco ated. g

The OSC-PLS or orthogonw ;ations to ent éﬂcmres analysis
OPLS has been applied to the E@s data. \IM e @(2021) studied sn-2
\

fatty acids (sn-2 FAs) to % lar(f' adu natio(o' the fish feeds. The

identification of sn-2 C16; h th,t ructured AG in middle position of

glycerol backbone v% ducted? by :I‘LSb\, OPLSR and ANOVA of
\7':& &

the cross-validat;%CV-? as d stic tools. Both models showed
similar perfow in i leanth)%’,' namely SVM, RF, and ANN. The

!
OPLS-DA i ified su-2 o C{6:((-(:F%s as markers of lard. Noted that the

¢
NN

compari etw t 3 chen%metrics models using CV-ANOVA were

adoﬁom the pioners, Erﬂ@'{ et al., (2008).

\cently, the development of omics data has influenced the data
nalys

is of edible oils and fats. The term metabolite profiling is also used in
e study of FAMEs on lard. Heidari et al, (2020) conducted a metabolite

profiling approaches using GC-MS to identify and quantify lard adulteration
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in plant oil. The authors demonstrated that the 3D-PCA scores plot could
correctly identify and clusters olive oil, sunflower oil, sesame oil, lanvﬂd
adulterated samples through the changes in their FAMES profile thyl
myristate, methyl palmitate, methyl oleate, and methyl stearate‘& selected

as discriminant markers to identify and quantify lard adulteration even as low
i ON the absolute

as 5% (w/w), with errors < 2% in the compar
concentration. z '

Although the PLS-DA was successfully use st yWifferences

@
that the erl @thms

% to @ct lard

rics'a\an C-M@was found
that the RF which outperformed \bu in sa cl@s‘caﬁon. Features

selection using RF  proposed q:3n6 ? g@ﬂial biomarker in
o ? o ¥V &

in most published studies, a recent study sho
outperformed PLS-DA. Azizan et al.,

alduteration in wheat biscuits using chémo

discriminating pure wheat lard ulteran biscuits. In addition,

o@ter analysis (HCA) could

the author reported that ﬁ%«md ' %
lard du!lt@d samples from their FAs

cluster lard, wheat { biseui d
4 4

distribution.  Therefere, frmr stud&the trial of several algorithms

becomes a necessity ofrlard e
\ o 1 O
‘0 ot

al., (2012 (ﬁ'ff entiated lard and other animal fats (beef,

Rohm.
\
mutton,%ltickef t ?nd c@ liver oil has using HPLC and PCA. Lard

was&l to be separated @g the opposing side in the PC-1 and PC-2 of
% variance 82 % have highly correlated with chicken fats. This lard
& ated to be similar to chicken fat in terms of TAG composition. In
dition, palmitooleoolein and palmitooleostearin of the lard and chicken fats

contributed to differences in the PCA model.



Ahda et al, (2016) attempted to distinguish between beef and pork
meatball using HPLC combined with PCA. However, the authors
highlighted that the application of HPLC has a problem with lard %\n in
meatballs because it could not control the hydrolysis of TAG. that the
hydrolysis of TAG can also be detected using HPLC-UV afid giving the

interference for authentication. V



