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Abstract

In this study a quick and efficient routine proceddor food fraud detection by multiple
adulterants is presented. Non-targeted analysidogmphe Near Infrared (NIR) spectroscopy
measurements and one-class classification modaknthe chemometric data processing. The
approach is illustrated by the analysis of a largiection of NIR spectra of soybean meal. The
clean and contaminated samples are studied. The atziantage of the proposed approach is
that it is not aimed at identification and quaxatfion of a specific contaminant. The procedure
is designed in such a way that it detects any tievia from the clean samples. The non-targeted
analysis has its own limit of detection (LoD). metstudy we have presented an approach for
LoD assessment. This issue is of great importancepfactical applications. The proposed
approach can be applied for other types of feedi@md products.

Keywords

melamine, cyanuric acid, non-protein nitrogen comitetion, one-class classifier, SIMCA, limit
of detection

1 Introduction

Soybean meal is one of the most important agricallnaw materials and one of the main
ingredients in both feed and food because it isrgoortant source of oil and especially due to its
complete protein profile. This protein content dies the price of the soybean meal in the
market: the higher the content, the higher theep(i¢ang, Han, Wang, Li, Fernandez Pierna,
Dardenne, & Baeten, 2016). This opens the door uttipte cases of fraud and adulteration of

soybean meal with illegal substances. The most lpopand studied case is probably the
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example of melamine (1,3,5-triazine-2,4,6-triamjreejnolecule with a high content of Nitrogen
and therefore ideal to boost artificially the pioteontent of soybean meal (Dorne, Doerge,
Vandenbroeck, Fink-Gremmels, Mennes, Knutsen, \c@@aCastle, Edler, & Benford, 2013;
Hilts,& Pelletier, 2008). Since 2007, multiple cas# adulterated soybean meal with melamine
have been reported (Andersen, Turnipseed, Karbiwi@Glark, Madson, Gieseker, Miller,
Rummel, & Reimschuessel, 2008; Adams, 2008) andethrepean Commission was obliged to
take measures to ban the import from China of fawdl feed containing soya and soya products,
after high levels of melamine were found in Chingsgbean meal. To ensure food and feed
safety, many countries set the maximum permittedcenotration for melamine in food and
animal feed products at 2.5 mg/kg (except for paedenfant formula where the limit is fixed
to 1 mg/Kg) (Commission Decision, 2008).

Due to the emergency, a large number of targetatysis methods based on different
platforms for detecting melamine in soybean meal ather food/feed matrices were quickly
developed. These included chromatography-basedoaetbuch as high performance liquid
chromatography (HPLC) (Venkatasami, & Sowa, 201@as-chromatography mass-
spectrometry (GC-MS) (Pan, Wu, Yang, Wang, Sheizh&, 2013) and LC-MS-MS (Filigenzi,
Puschner, Aston, & Poppenga, 2008) or enzyme linkedunosorbent assays (ELISA) (Lei,
Shen, Song, Yang, Chevallier, Haughey, Wang, Sug]li&tt, 2010) among others. However,
most of those methods are usually time-consumixggrsive, damaging to the sample and need
chemical reagent. Therefore, there is a real needalst, non-destructive and automatically
controlled screening methods that will guaranteslitjuand security. In this context, vibrational
spectroscopic methods, such as Near Infrared (NpRrtroscopy, can play an important role
due to their capacity to be a rapid, non-destrecwmd non-polluting method that requires
minimal or no sample preparation (Downey, 1996;nBtg & Villarroya, 2002; Dardenne, &
Baeten, 2002; Baeten, Fernandez Pierna, Lecler,a®\blVincke, Minet, Vermeulen, &
Dardenne, 2016; Sun, 2018) Many studies have iigatet the feasibility of using NIR to
detect melamine (Ferreira, Galdo, Pallonea, & Poppil4; Mauer, Chernyshova, Hiatt,
Deering, & Davis, 2009; Balabin, & Smirnov, 201ladyhey, Graham, Cancouét, & Elliott,
2013; Jawaid, Talpur, Sherazi, Nizamani, & Khaskh2013; Abbas, Lecler, Dardenne, &
Baeten, 2013; Chen, Yang, & Han, 2013; Yang, Watam, Li, & Liu, 2014; Fernandez Pierna,
Abbas, Lecler, Hogrel, Dardenne, & Baeten, 2015n&edez Pierna, Vincke, Baeten, Grelet,
Dehareng, & Dardenne, 2016; Li, Kang, Shi, & LiG1B).

Adulterations with new, unknown illegal ingrediemtsntinue to occur from time to time.

It is, then, nearly impossible to make an exhaestawalysis of all potential adulterants in
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soybean meal using targeted detection methods thétlrever-changing pattern of adulteration.
For this reason, methods able to work in an untacjevay are needed. In recent years,
untargeted detection methods based on NIR speopgdave shown great application potential
for detecting contaminants in agro-food productsnithrgeted analysis is an effective tool for
combating food fraud (Lopez, Trullols, Callao, & iRanchez, 2014; Baeten, Vermeulen,
Fernandez Pierna, & Dardenne, 2014). Using thiscamh, the product is analyzed as a whole
object. We do not quantify specific adulterantsaiproduct and do not verify whether specific
product characteristics match claims. A similar rapph is now popular in pharmaceutical
chemistry, where counterfeit drug detection isot@sed on the analysis of the whole remedy
profile (e.g. NIR, or Raman spectra), but not oa #ssessment of an active pharmaceutical
ingredient (API) concentration or on the presenta gpecific excipient (Rodionova, Titova,
Balyklova, & Pomerantsev, 2019).

Various analytical methods, such as non-targetetbpie and trace element analysis,
molecular spectroscopy like mid infrared, nearardd and Raman spectroscopy, non-targeted
mass-spectrometry, and many others, are used 6ot flmud detection. The necessity to use
these methods is primarily caused by the varietyootaminants and by the evident inability to
foresee the type of an adulterant in a future neutesting. Collection of data (spectra or other
fingerprints) yielded in the course of non-targetmthlysis is usually rather complex and
therefore it demands special mathematical/stadistjorocessing for extraction of useful
information. A special class of pattern recognitinathods, called one-class classifiers (OCC) or
class modeling is used (Rodionova, & Pomerantsg®Qpfor these purposes. The key feature in
implementation of such methods is a set of theatbjehich effectively represents a class of the
authentic, non-adulterated objects. This clasaliea the target class.

The goal of the study is the presentation of anregugh for food fraud detection that
employs rapid NIR measurements and OCC modelinghen case when adulterants are
numerous. The approach is illustrated by the cheatgenanalysis of a large collection of NIR
spectra of soybean meals. The clean and contardisataples are studied. The data driven soft
independent modeling by class analogy (DD-SIMCAJ}hud is used for class modeling.

An additional objective is to develop a novel agmto for the assessment of the Limit of
Detection (LoD) in the non-targeted method. Thiarelteristic is of great importance for any
analytical technique since it provides the limitapplicability of the method in practice. To our
knowledge, this is the first attempt to evaluat®Llfor a qualitative technique.
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2 Materialsand methods

21 DD-SIMCA
Data driven SIMCA (DD-SIMCA) (Pomerantsev, & Rodawa, 2014) is a modification of
the well-known SIMCA approach (Wold, 1976). In théchnique, the SIMCA model is based
on the principal component analysis (PCA) decontmrsi(Pearson, 1901; Bro, & Smilde,
2014) of training matrix
X=TP' +E, (1)

where, X is the (xJ) matrix of predictors/fingerprints fdr samples described klyvariables.
T={tk} is the (xA) score matrix, which rows are the coordinates of the getpns of data
points on the principal component spade.is the (xA) loading matrix, which orthonormal
columns define the orientation of the principal gaments (PCsE is the (xJ) residualmatrix,
and A is thenumber of principal componentBCs.The results of decomposition are used for
calculation of two relevant statistics. They are tbrthogonal distance (OD) and the score
distance (SD). OD is the squared Euclidian distdretereen samplieand the scores subspace. It

is calculated as the sum
q=2§ i=L... @)

of the squared residuals presented in m&rdefined in Eq.(1). SD is the squared Mahalanobis
distance calculated for each samipby the formula

g
i —Z)\—, =1,...,I. 3)
a=1/‘g

|
wheret;, is an element of matriX defined in Eq.(1), and\, :Zté is the eigenvalue. In the
i=1

result, each sample can be plotted in the so-cBlisthnce ploin the coordinateg/qo vs. hho.
It has been shown (Pomerantsev, 2008) that bothrtiss are well approximated by the
scaled chi-squared distribution, and the full dis&a(FD) can be calculated as
f=Nh%+qu%D)(2(Nf) (4)
wherehy andqp are the scaling factorbl, andN, are the numbers of degrees of freedom (DoF),
and Ni=Nn+Ng. The parameters are considered unknown, and &reaésd using the training

dataset. For this reason the approach is calleddiaten.
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DD-SIMCA establishes the decision rule that detesaiwhether a new sample belongs to

the target class. This is determined by employicgteoff value
f < f crit:X_Z(l_a’Nf)' (5)

which delineates an acceptance area in the Distplute Herey ™ is the quantile of the chi-

whee f

crit?

squared distribution. Samples for which FD satssfiey.(5) are attributed to the target class
(Rodionova, & Pomerantsev, 2020).

2.2 Figuresof Merit

Performance of an OCC model is first of all chasaeed by the ability to correctly
attribute target class samples. The DD-SIMCA methasl a possibility to set a priori a desired
risk of the wrong rejection of the target samplsesmg Eq.(5). Parameteris the type | error, that
is a share of misclassified target samples. Theptemmentary characteristic is modsnsitivity
(SEN), the fraction of the correctly classified sa@s (true positive) from all the samples for the
target class,

SEN= Numberof True Positive
Numberof Targetsamples’

(6)

Sensitivity is calculated for the target samplepasately for the training and test sets. The
consistency between the training and test valuesEM helps to evaluate the complexity of the
model, i.e. select the number of PCs. It is impdrta note thati-value is selected before the
model development and sensitivity is calculatecrathat. In case the model complexity is
selected using the results of classification oftdrget samples only, such an approach is called
rigorous (Rodionova, Oliveri, & Pomerantsev, 2016). In gisence of alien (non-target) classes
this is the only way for validation of the resuitsclassification. In the absence of alien classes
it is impossible to estimate the type Il erfarwhich is defined as the error to attribute aerali
object to the target class (false positive). Theglimentary characteristic specificity, SPS
which is preferably to calculate for each aliensslaeparately. SPS is the fraction of samples
from an alien class, which is correctly classifi@sl the non-member of the target class (true
negative).

Numberof True Negative

SPS= , ,
Numberof Alien samples

(7)

If the model complexity and the cut-off level argtablished using both characteristics,
SENS and SPS, such an approach is caltedpliant(Rodionova, et al, 2016). Further for the

development of a final model we will use the coraptiapproach.
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2.3 Dataset description
DatasetSoyacomprises 1200 NIR spectra of clean soybean neal0 wavelengths

(1100 - 2498 nm). The samples present the navarability in the chemical composition and
particle size. These variations are reflected m MR spectra of clean soybeans, which also
demonstrate a large variability. This is due to fioet that the dataset used in this study comes
from a large soybean meal dataset comprising spentasured with different Foss instruments
and coming from all around the world, from differgmoviders and varieties. In the result, the
training set can be viewed as a collection of sveubsets, as well as individual extreme
samples. The Soya dataset is divided randomly etréining set of 800 samples and the test set
of 400 samples. In case the number of samples ise rttean 1000, such an approach is
appropriate. Thus the entire matrix consists of 0120ws (samples) and 700 columns

(wavelengths).

2.4 Contaminated samples
118 adulterated samples are prepared using vacancentration of melamine (Mel),
cyanuric acid (CA), and their mixtures (Mix). Topget with 10 non-contaminated samples they

are used ivValidationandRoutinedatasets.

Table 1Validation andRoutinedatasets

Validation set (V) Routine set (R)
c L % of contaminant Number of % of contaminant Number of
ontamination

added samples added samples
No adulterant - 6 0 - 4
Melamine (Mel) 0.53-6.00 29 0.53-6.03 11
Cyanuric acid (CA) 0.50-6.04 31 1.48-5.55 9
Mel+CA (Mix) 0.50-6.05 34 0.54-2.62 6

The Validation set consists of 100 NIR spectra that include @rclsamples and 94
contaminated samples (columns 1 and 2 in Tabl@His set is used in the compliant approach
for tuning the SIMCA model.

The Routineset consist of thirty NIR spectra of clean andtaomnated samples (columns
3 and 4 in Table 1). This set simulates routinértigsand its results do not have an influence on
the SIMCA model complexity, and on the selectiothaf cut-off level.

Details on the procedure of the synthetic sampbesparation and chemical analysis are
presented in (Abbas, et al, 2013).



175
176
177
178

179
180
181
182
183

184

185
186
187
188
189
190
191
192
193
194

2.5 Spectraacquisition

Spectroscopic analyses of the adulterated sammes performed in duplicate using an
XDS spectrometer (Foss). Spectra were collectaeddst 400 and 2498 nm with an interval of 2
nm and by co-adding 32 scans. Spectra were callestdog 1/R.

2.6 Software

All calculations are performed using ChemometricddAn for the Microsoft Excel
(Pomerantsev, 2014) and DD-SIMCA - A MATLAB GUI todqZontov, Rodionova,
Kucheryavskiy, & Pomerantsev, 2017).

3 Resultsand discussion

3.1 Mode complexity

In case only clean soybean samples are analyzedSHACA model with 4 PCs is an
optimal classification. For the selected valuehs type | erronn=0.01, sensitivity equals 97 %
for the training set, and 98 % for the test sey.(Hi the red dashed line). At the same time,
classification of the adulterated samples from \th&dation set yields rather low specificity,
which equals 85 %. Fourteen contaminated sampksveongly attributed to the target class.
This demonstrates that the rigorous approach to ntimglel optimization provides a low
specificity. This can be explained by the fact ttie# model accounts for the main common
properties of a large heterogeneous training set.

S =

98% -

96% -

94% A

92% A

90% A

88% A

86% A

PC

e e e e e - - - - - e e[S - - -

84% — —
1 4 7 10 13
Fig. 1. Figures of merit (FoM) for the SIMCA model number of PC: 1 - training SEN, 2 - test SEN, 3-
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To reach the highest possible model specificityimezease the model complexity till 10
PCs (Fig. 1, the black dashed line). For this maady two adulterated samples (V9 and V10)
are wrongly attributed to the target class. Thisesponds to specificity about 98 %. Six clean
samples from the validation set are classified erigp

The selected model is applied to tReutine setto verify how the constructed model
classifies samples in routine testing. Again twangkes with a low concentration of
contaminants, R17 and R19, are wrongly attributedhe target class. Fig. 2a represents a
general overview of the classification results tioe Validation and Routinesets. Samples are
located in accordance with their SD and OD vall&ss((2), (3)). The critical FD if;=13.28in
accordance with Eq.(5). The greatest FD value 3b&§.achieved for a sample from the
Validation set; the sample is contaminated with 1.08% of mala and 3.42 % of cyanuric acid.
Its spectrum is depicted in Fig. 3 (curve 4). TResain Fig. 2a are logarithmically transformed
to present all the adulterated samples. The gerezatl reflects the dependence between
contamination and FD —the higher the contaminatiba,greater FD is, and, respectively, the
farther is the location in the distance plot. Olis®, the greatest interest is for the samples
located near the acceptance border. These araiiges with a low level of contamination that

are shown in the inset of Fig. 2a.
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Fig. 2 . The SIMCA results of with PCs=14%0.01, presented in Distance plots.
(a) Validationset (the open yellow squareRputineset (the open violet circles); the closed violatle
stand for misclassified samples; {glidation set: Melamine (closed red squares), CA (the ofen b

diamonds), mixtures (the closed bi-colored ciratd)sed blue diamonds stand for misclassified sampl

The correspondent part of the Distance plot is showFig. 2b. It presents théalidation
set. The non-contaminated samples (the open diash@mdi the contaminated samples wrongly
attributed to the target set (two closed blue diadso V9 and V10) are located inside the
acceptance area bounded by the threshold (the gaehline). All other samples are located
beyond the threshold. As expected, the sampleslastlconcentration of adulterants are harder
to reveal. In Fig. 2b the samples marked as thsedidlue diamonds are contaminated by CA
only, the red closed squares stand for the sangdefterated with melamine only, and the
closed bi-colored circles represent the samplek ath adulterants mixed. As can be seen the
‘pure’ melamine contamination can be easily disanated from the clean samples. This cannot
be said about the low CA concentrations (0.5 % GWy, about the low mixture contaminants
(0.37 % Mel, 0.13 %CA).

The reason why two contaminated samples (V10 anavit® 0.53 % of CA) are located
inside the acceptance area can be explained asvilln classifying samples we, in some sense,
assess the main similarity between the spectratactexistics. In our case, the difference
between the clean soybean samples — the blue spectr and the green spectrum, 2, in Fig. 3 —

is higher than that for the contaminated sample (@ spectrum 3).

27 AU

nm
'2 T T T T T T 1
1100 1300 1500 1700 1900 2100 2300 2500

Fig. 3. SNV corrected NIR spectra (Absorbance (IL&g) versusWavelength (nm)). Spectra 1 (blue)

and 2 (green) stand for clean samples, spected} @nd 4 (pink) stand for contaminates samples
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More systematic analysis of limits of detectiompiesented in the next section.

3.2 Limit of detection

The presented results demonstrate a relation battireeadulterant concentrations and the
FD value, though this dependence is not so straighdrd. We model this relationship using the
popular response surface technique (Bezerra, Sar@iveira, Villar, & Escaleira, 2008)
utilizing the quadratic response function

F(z) =z,+bz' +zAZ' (8)

where vector contains the adulterants concentratiaasfMel], z=[CA]. Variable z,, vectorb,
and matrix A comprise six unknown parameters, which are es#ithab obtain the best

agreement between the known FD valdgand the response functida,
|F(z)- | - min (9)

Function F(z) can be used to predict the FD value for the gieemcentrations of
contaminants.

Considering the whole range 8§ and FDs, we come to the conclusion that the quiad
function, given in Eq. (8), is inappropriate sindee modeled response is highly nonlinear,
exponential, or Gaussian. However, within the rawgeare mostly interested in, namely, at a

small level of contaminants ([Mel]<1.5, [CA]<1.3he quadratic model works rather well.

200 1 F

150 A

100 A

50 A

FD
O T T T 1
0 50 100 150 200

Fig. 4. Response functidhmodeling the FD values. The yellow squares ar¢hfeYalidation set, the

violet circles stand for thRoutineset.
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Fig. 4 shows the results of the response modelling yellow squares represent the
Validation set that is used for the model training; the \ticiecles stand for thRoutineset that
is utilized for the response model validation; gneen line is the trend betweEnmandf. In the
plot we can see the large deviations from the tr&wettainly, they are explained by the high
variations observed in the clean spectra of soyliearhave been discussed above.

The obtained functiofr(z) can be used to calculate the limits of detec{iosD), which
are the Mel and CA concentrations that cannot bealed by the method presented. The LoD
border is obtained from the following equation

F(Mel, CA) =fqit (10)
wherefg is defined in Eq. (5). The curve that delineates ltoD area is shown in Fig. 5. The

Mel and CA concentrations located below the boodemot be detected.

0.6 1
CA

0.5 -
0.4
0.3 -
0.2 -
0.1 -

Mel

O T T T T 1
0.00 0.02 0.04 0.06 0.08 0.10

Fig. 5. The LoD border

From this plot, we can conclude that adulteratiith Mel and CA are not equivalent. The cut-
off concentration of CA is about 0.5 %, while foreMit is much lower, about 0.07%. This
means that the proposed method, combination of $§figctroscopy and SIMCA, has higher
specificity related to melamine than to cyanuriddaC€ertainly, the LoD border given in Fig. 5
should not be considered exactly due to the meediatariability in the spectra of clean soybean
samples. Unfortunately we do not have samples wetly low concentrations of contaminants

for testing the proposed LoD.
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3.3 Commentson the Soya dataset

In trying to develop a universal classification mbdie compiled a Soya dataset with very
different soybean samples. From the statisticahtpaii view the Soya dataset is not an entire set,
but a collection of several, at least two, diffédrenbsets, and maybe several outliers. Applying
the distance plot and the recently proposed selenttlier detection procedure (Rodionova, &
Pomerantsev, 2020), it is possible to extract thiee group consisting of 1076 samples. The
remaining 124 samples are considereduattiers. In Fig. 3a sample #1 comes from the main
group and sample #2 belongs to the outliers. Atdlmme time, it should be underlined that
model based on the core samples wrongly clasgififsof the clean samples in the Validation
set as the extraneous ones, but the gain in thelspdcificity is rather small. We always have
a trade-off between higher sensitivity and highc#psty. The appropriate decision is to collect
a representative set of samples, which are sirtoldhe outlier subset and develop two models

for revealing the contaminated samples.

4 Conclusions

A quick and efficient routine procedure for revagli adulterated soybean meal is
presented. It is based on NIR spectra acquisithehciiemometric data processing using the DD-
SIMCA method. The procedure is based on the catleadf a large dataset of clean soybean
meal spectra and on a small set of synthesizedlsamfhe procedure provides a possibility to
reveal melamine, cyanuric acid and mixed contanighaimultaneously.

The main advantage of the proposed approach igttisahot aimed at identification and
guantification of a specific contaminant, as isallsudone for revealing melamine in various
products. The procedure is designed in such a watyit detects any deviations from the clean
samples. This allows us to foresee that the praeedil be valid in cases where some new and
unexpected contaminant is used. Of course, thigraszided a signal from this contaminant
presents in the acquired spectra. The same appoaache applied for other types of feed and
food products.

A non-targeted analysis has its own limit of datectin the study we have presented the

approach for LoD assessment. This issue is of grgairtance for practical applications.
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Highlights
* Non-targeted analysis for revealing multiple adulterants is proposed
* NIR spectroscopy and data driven SIMCA used for detection fraud of soybean meal
 Contaminants of Melamine and Cyanuric acid are anayzed
* Risk-based modeling is applied

» The assessment of the limit of detection for multiple adulterantsis presented
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