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Abstract

The most common frauds, carried out in differennisoof the fish and fish
product supply chain, concern the substitutionadfigble species with cheaper
ones, and the selling of frozen-thawed productses fish. The aim of this work
was to investigate the possibility of using infhspectroscopy as a rapid and
easy tool for the identification of valuable spadjee. red mullet and plaice)
substitution with cheaper ones (i.e. Atlantic miudled flounder). Moreover, the
discrimination power of the spectroscopic techngueidentifying fresh and
frozen-thawed fillets of Atlantic mullet was studi€l'he use of suitable
chemometric strategies (Linear Discriminant AnaysiDA; Soft Independent
Modeling of Class Analogy, SIMCA) allowed to cleadistinguish Atlantic
mullet fillets from those of the more valuable radllet. In particular, LDA gave
a 100% correct classification, and with SIMCA asstvity higher than 70% and
a specificity of 100% were calculated. Good reswkse obtained also for plaice
and flounder fillet discrimination, as well as tbe recognition of Atlantic mullet
fresh fillets from the frozen-thawed ones, everith SIMCA some false

positives were generated.

Keywords: Authentication, fish, IR spectroscopy, LDA, SIMCA

Abbreviations; AM, Atlantic mullet; AM-FT, frozen-thawed Atlantimullet

fillets; ATR, attenuated total reflectance; d1sffiderivative; FL, flounder; FT,

Fourier transform; IR, infrared; LDA, Linear Disprinant Analysis; MIR, mid
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33 infrared; MSC, multiplicative scatter correctioniR\ near infrared; PCA,
34  Principal Component Analysis; PL, plaice; RM, redliet; SIMCA, Soft

35 Independent Modeling of Class Analogy; SNV, staddsrmal variate.
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1. Introduction

In the last decades, consumers’ request for fishfish products has greatly
increased, mainly due to the nutritional propertiethese products. As a
consequence, commercial exchanges and import/eapiivities have raised
throughout the world, originating increased sagitésks and commercial frauds,
closely connected with the perishable nature aasgtonomic value of fish and
seafood. The most common frauds, carried out ferdift points of the supply
chain, concern the substitution of valuable speeiés cheaper ones, and the
selling of frozen-thawed products as fresh fishdldcet al., 2005). A portion of
the mislabeling occurs unintentionally, becausle $igecies identities may be
easily mistaken or due to different vernacular nraosed for the same fish
species in different regions. However, for cergecies and products, fish
substitution may be intentional, because of thigieing values. Appearance,
taste and texture of many fish species are sintitarefore it is frequently
difficult to identify a species, especially if pamed in fillet form for consumption
(Buck, 2010). From 2010 to 2012, in the USA thelysia of more than 1,200
samples collected from 674 retail outlets in 2iest#0 determine if they were
honestly labeled revealed that one-third of théasehsamples were mislabeled,
according to U.S. Food and Drug Administration gliites (Oceana, 2013).
Cawthorn, Steinman and Witthuhn (2012) reported] tihraa total of 257 fish
samples collected over a two-year period (2008-201fbur provinces of South
Africa, 9% samples from wholesalers and 31% frotailers were identified as

different species to the ones indicated at thetpisale.
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Freezing is a common practice used to prolongdishage over long periods. It is
effective in protecting fish against microbial deteation, but physico-chemical
and sensory properties of the product are modifibds, the consumer perception
of thawed fish is inferior to that of the fresh ev@l and this is reflected in the
price it realizes. As a consequence, a numberoagfr fish are thawed in fish
shops, stored on ice, and sold as unfrozen fisgmowitbeing labeled as such
(Uddin et al., 2005).

Several analytical methods can help in the ideaifon of species substitution
and frozen products sold as fresh: electrophoratitbody, DNA, and enzymatic
techniques (Arvanitoyannis, Tsitsika, & Panagiot@kiO5). However, these
techniques are time, cost, and reagent demanduohgegpuire highly skilled
operators. Therefore, interest in spectroscopigriiggies is continuously growing,
due to high specificity, convenience, quick resgomsd being non-destructive,
non-invasive, and cost effective. In the seafoadcsespectroscopic techniques
have been used to assess composition and quatitthay have shown great
potential for the detection of pathogens, foreigntamination, protein structure
changes, lipid oxidation, and for spoilage monitgr{Cheng et al., 2013). As
regards food authenticity, to the best of our krealgle, no papers report the use of
infrared (IR) spectroscopy for fresh fish speciethantication. Only Dalle Zotte
et al. (2013) applied near infrared spectroscopiéogenetic strain authentication
of raw and cooked freeze-dried rainbow trout fdlek preliminary work of
O’Brien, Hulse, Pfeifer and Siesler (2013) aimingliatinguishing superior from

lower quality fish species by using a microNIR dpameter has been published
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as technical note. However, the number of testetgpbss is really too little
(maximum 7 for fish species) to draw reliable cosans. Also the applicability
of IR spectroscopy to the discrimination betwe@skrand frozen-thawed fish
samples is little studied (Ottavian, Fasolato, Ba&cBarolo, 2013; Uddin et al.,
2005; Uddin & Okazaki, 2004). For the authenticatod other food products,
good potential of IR spectroscopy was already destnated (Alamprese, Casale,
Sinelli, Lanteri, & Casiraghi, 2013; Kurz, Leiterriger, Carle, & Schieber, 2010;
Lerma-Garcia, Ramis-Ramos, Herrero-Martinez, & SAtfonso, 2010; Sinelli

et al., 2010; Reid, O’'Donnell, & Downey, 2006).

Thus, the aim of this work was to investigate tbegibility of using infrared (IR)
spectroscopy as a rapid and easy tool for theifd=tion of valuable fish species
(i.e. red mullet and plaice) substitution with cheaones (i.e. Atlantic mullet and
flounder). Moreover, the discrimination power oé tspectroscopic techniques in

fresh and frozen-thawed fillets of Atlantic mulleas studied.

2. Materials and methods

2.1 Materials

Industrially prepared fish fillets analyzed by Ipestroscopy for species
authentication and discrimination between freshfaowkn-thawed samples are
reported in Table 1. Samples were obtained byriffeproducers. Fresh fillets
were stored in ice inside a cold room (4°C) utd ainalyses, for a maximum of
two days. The frozen fillets were stored at -18fCaitwo months and before

analyses they were thawed at 4°C for 48 hours.
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2.2 IR spectroscopy

The near infrared (NIR) spectra were recorded (@2 resolution; 64 scans both
for background and samples) on the flesh sideefithole fillet previously
conditioned at room temperature, by using a Fouragrsform (FT)-NIR
spectrometer (MPA, Bruker Optics, Ettlingen, Gergdiited both with an
integrating sphere (spectral range: 12500-3750)@nd an optical fiber (spectral
range: 11000-4400 ch).

Before mid infrared (MIR) analysis, two fish filkeat a time were minced without
skin, using a heavy duty blender (Waring Laborat@irrington, CT) for 20 s at
the highest speed. Spectra were then acquired {(200@m"; 4 cni* resolution;
16 scans both for background and samples) at recmpérature, by means of an
FT-IR spectrometer (VERTEX 70, Bruker Optics, Eigen, Germany) equipped
with an attenuated total reflectance (ATR) cell.

All spectra were collected in duplicate, by thetwafe OPUS v. 6.5 (Bruker

Optics, Ettlingen, Germany).

2.3 Data analysis

Replicates of spectral data were averaged, stazéedrfly different pretreatments
(MSC, multiplicative scatter correction, or SNVastlard normal variate, alone or
coupled with first or second derivatives) (Barriesanoa, & Lister, 1989;
Martens, Jensen, & Geladi, 1983; Savitzky & Gol864), and processed with

Principal Component Analysis (PCA; Cowe & McNicb885). FT-NIR spectra
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acquired by the integrating sphere and the opfilcat were also smoothed
(moving average with segment size of fifteen anenty-one, respectively) before
pretreatments. First and second derivatives wdcelleéed by Savitzky-Golay
algorithm, with second-order smoothing polynomtail®ugh thirty-one points.
After selection of thirty features by the algorittl8BLECT (Forina, Lanteri,
Casale, & Cerrato Oliveros, 2007; Kowalski & Bendgd76) implemented in the
V-Parvus package (Forina et al., 2008), two difiedassification techniques
were applied: Linear Discriminant Analysis (LDA; B&art et al., 1997) and Soft
Independent Modeling of Class Analogy (SIMCA; W@éld&jostrom, 1977). LDA
is a probabilistic classification technique whidassifies each sample in the
category with the highest value @posteriori probability. The terms in the
delimiter equation are the squared Mahalanobiswcgts from the category
centroids. With SIMCA, classification is obtained the basis of the distance of
the object to be classified from the class modssh object is assigned to the
class for which the Simca distance was minimum. iaghematical model of the
category is based on the principal componentseot#tegory. The limit of the
class model in the inner space is defined by thebar of significant components
obtained by double-cross validation.

Classification models were validated using thréedint external test sets,
randomly created, each containing about 30% o$pleetra used for the analysis.
Objects were divided between training and predicsiet, by using a random

number generation routine implemented in the V-Bapackage.
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Data elaboration was performed by using the so&wdre Unscrambler X (v.

10.2, Camo Software AS, Oslo, Norway) and the WBsupackage.

3. Resultsand discussion

3.1 Spectra interpretation

In order to eliminate the noisiest and the leafsirmative regions, spectral ranges
were reduced as follows: 10900-3750tfor FT-NIR spectra acquired by means
of the integrating sphere; 3700-2640 and 2250-100bfor FT-IR spectra. No
reduction was necessary for NIR data collectechiyoptical fiber. Some
examples of the averaged reduced spectra are shdvig. 1. FT-NIR spectra
were dominated by the absorption bands of watddqE2*; 6900 cnt, first
overtone of OH; 10200 cM second overtone of OH) and C-H aliphatic group
(5560 cm' and 8300 cnl, first and second overtone of stretching respelytjvIn
the FT-IR spectra, besides C-H group (absorbirtgéregions 1000-1500 ¢
and 2800-3000 ct), also amines play an important role (1550 andi&4?,
amine |; 3300 cm, amine I1) (Workman & Weyer, 2008; Williams & Nasy
2002).

The averaged spectra were smoothed and eventtedigasdized by different pre-
treatments (MSC or SNV alone or coupled with fossecond derivative), before
the chemometric analyses (see 8 2.3). For theddkevity, only the best results

obtained for each thesis will be shown.

3.2 Species identification
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A preliminary FT-NIR and FT-IR data examination weesformed by PCA. In

the case of mullets, a good sample distinctiorherbasis of species was
observed (Fig. 2) for all spectroscopy techniquseduthe best results were
obtained with the optical fiber data. The explainadance was 98% considering
the first two PCs of FT-NIR data acquired by theesp (Fig. 2a), 79% in the case
of PC 1 and 3 of FT-NIR data obtained by the opficar (Fig. 2b), and 70% for
the first and the third PC of FT-IR data (Fig. 30)the plaice-flounder (PL-FL)
comparison, instead, score plots were a bit monéusing. The best separation of
the two species was obtained with FT-IR data, pratéd by MSC, on the plane
of first two PCs (Fig. 2f).

The species authentication study was at first deitit a classification-
discriminant approach, applying the LDA to the I&al This method is able to
determine to which pre-defined class a sample lgsloBince for LDA the

number of samples must be higher than the numbearatbles, the analysis was
performed using the 30 variables with the largéstsification weight, selected by
means of the algorithm SELECT (Kowalski & Bend&7&; Forina, Lanteri,
Casale, & Cerreto Oliveros, 2007) implemented en\thParvus package. The
LDA results were validated using three differenteemal test sets, each composed
of 30% of the spectra used for the analysis, ramgseiected.

The discrimination between red mullet (RM) and Atie mullet (AM) gave a
100% correct classification percentage in predigtiocespective the
spectroscopic technique considered. Optimal reswdte obtained also for PL

and FL, with percentages of correct classificatioprediction higher than 92%,

10
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88%, and 100% with integrating sphere, opticalrfidred FT-IR data,
respectively. Selected features were mainly astatia the O-H bond of water,
to the C-H methyl of fatty acid aliphatic chainglan N-H from amines and
amides (Workman & Weyer, 2008), thus reflectingdiféerent composition of
the two species.

The species authentication problem was then fageddans of a class-modeling
strategy. This approach is more appropriate thassdication-discriminant
techniques in addressing most questions of autiign{Di Egidio, Oliveri,
Woodcock, & Downey, 2011). Spectral data were tmed for SIMCA, a class-
modeling method aiming at establishing if a sam@levhich claims to belong to
a certain species, does actually belong to thatiepeFor comparison’s sake, also
in this case, only the thirty wavenumbers with ighest classification weights
were used. Models were obtained with 7 PCs andwiesg validated as for the
LDA models, using the same external test sets.

As shown in Table 2, the best model for mullet sgggeentification was obtained
using the selected features of the smoothed FTdgHRtra collected with the
fiber-optic: in prediction, a sensitivity higherattn 70% and a specificity of 100%
were calculated (p<0.05). Sensitivity refers to pleecentage of objects in the
external prediction set known to belong to the niedielass which are correctly
accepted by the model developed using the objedteei calibration set.
Specificity is the percentage of objects in theeexdl prediction set which do not
belong to the modeled class and which are correeficted by the model

developed using objects in the calibration setEfidio et al., 2011). As shown

11
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by the Cooman’s plot reported in Fig. 3, the maafeghe AM class (the vertical
rectangle on the left) did not accept any obje¢hefRM class, as well as the
model of the RM class (the horizontal rectanglét@nbottom) did not accept any
sample of the AM class, in accordance with the ayeicalculated 100%
specificity value of the two classes. Only few s&sa{those in the big upper
square) were not accepted by any of the two clastels, resulting in a
satisfactory average sensitivity value.

Less good results were obtained applying SIMCAlaicp and flounder
discrimination (Table 3). However, due to the hsgiverity of this class-modeling
methods, results are acceptable. FT-IR spectrosslopyed the best
discrimination power, with a prediction ability igr than 83% and a specificity
of 100%. The low sensitivity calculated for theexial test set no. 1 and 3 means
that about half of the validation samples of edak<(i.e. 8-10 samples) was
rejected by the corresponding model. Thus, the hgeteerated some false
negatives. In our opinion, this is a less dangeest® in an authentication issue
than false positive creation. False negatives coutdct be further analyzed by
means of more sensitive techniques, while falsé@ipesvould be considered as

authentic samples, without any other examination.

3.3 Fresh and frozen-thawed fillet discrimination
Fresh and frozen-thawed fillet discrimination wagiged considering only
Atlantic mullets. As for species authenticatiorsaain this case the data sets were

firstly examined by performing PCA (data not show®ample distribution on the

12
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first two PCs plane appeared quite confused, wotklear separation between the
two kinds of samples, notwithstanding an explainadance range of 75-99%.
The best separation of fresh fillets from frozeaviled samples was observed
using FT-NIR smoothed data collected by the opffiter.

The classification-discriminant approach (LDA) gasimal results, with a
prediction ability of 100% for frozen-thawed (AM-Fiillets and higher than
97.2% for the fresh ones (AM). In this case, theylselected variables mainly
referred to the O-H bond of water in FT-NIR datad also to amines and
carboxylic acids in FT-IR data (Workman & Weyer030).

In the class modeling (SIMCA) of fresh and frozalets, carried out with the
same conditions used for species authenticatienhéist results were achieved
with the selected variables of the MSC pre-tre&€dR spectra: specificity and
sensitivity values in prediction were higher th&%®and 60%, respectively
(Table 4). As already observed for PL-FL comparjsiso in this case some false
negatives were generated. In fact, in the Coomglotsreported in Fig. 4, referred
to the External Test Set 2, some samples (thoeeibig upper square) were not
accepted by any of the models, according to theithéty values obtained. As it
can be seen, samples are distributed along theofxies two class models,
instead of being localized far from the origin bétaxes as happened for red
mulletvs. Atlantic mullet fillets. A few fresh samples (tleom the small square
on the bottom) were accepted not only by the motiélM, but also by the model

of AM-FT.

13
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Conclusion

The potential for IR spectroscopy to rapidly andilgadentify commercial frauds
in fish marketing was demonstrated. In particulae, use of suitable chemometric
strategies allowed to clearly distinguish Atlantiallet fillets from those of the
more valuable red mullet. Good results were obthaiso for plaice and flounder
fillets discrimination, as well as for the recogmit of Atlantic mullet fresh fillets
from the frozen-thawed ones.

FT-IR spectroscopy showed a better classificatlity both for species and
fresh/thawed fillet identification, but it needsample preparation although
simple. On the other hand, NIR spectroscopy, impleted in portable
instruments, could be a valid pre-screening teakmiq order to verify the
authenticity of fish fillets.

Consumer protection against adulterations and trigumd claims would be thus
improved by the possibility of examining a high rien of samples in a short
time. Moreover, commercial customers could usenBuments in order to test
their suppliers. In case of a suspected fraud, reopaisticated analyses could be
carried out in order to legally assess the fraututtaims. The actual models
could be improved, considering the different sosr@iesample variability and the

interests of the food chain actors involved in figlthentication.
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Figure captions

Fig. 1. Examples of reduced IR spectra obtained from tfferdnt fish samples:
RM, red mullet; AM, Atlantic mullet; PL, plaice; Flflounder; AM-FT, frozen-
thawed Atlantic mullet. a) FT-NIR integrating spégb) FT-NIR optical fiber; c)

FT-IR.

Fig. 2. Score plots of IR data. Red mullet (R\) Atlantic mullet (AM): a)
smoothed FT-NIR data acquired by integrating spHer&NV pre-treated FT-
NIR data acquired by optical-fiber; c) FT-IR dgteg-treated by SNV and first
derivative. Plaice (PLys. flounder (FL): d) FT-NIR data acquired by integngt
sphere, pre-treated by SNV; e) FT-NIR data acquiedptical-fiber, pre-treated

by SNV and first derivative; f) MSC pre-treated IR data.

Fig. 3. Red mullet (RM)s. Atlantic mullet (AM): Cooman’s plot obtained from
the 30 selected features of the smoothed FT-NIRtspeollected with the fiber-
optic (external test set no. 3), RM samples of the calibration set; o, RM
samples of the external prediction s&t; AM samples of the calibration set; A,

AM samples of the external prediction set.

Fig. 4. Atlantic mullet fresh fillets (AM)vs. Atlantic mullet frozen-thawed fillets

(AM-FT): Cooman'’s plot obtained from the 30 selecteatures of the MSC pre-

treated FT-IR spectra (external test set no. ®).AM-FT samples of the
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396 calibration setp, AM-FT samples of the external prediction sat; AM samples

397 of the calibration setA, AM samples of the external prediction set.
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Table 1.

Samples of fresh and frozen-thawed fillets analyzetR spectroscopy.

Code Species Trivial name Status No. of fillets
RM Mullus surmuletus Red mullet Fresh 132
AM Pseudupeneus prayensis  Atlantic mullet  Fresh 165
PL Pleuronectes platessa Plaice Fresh 124
FL Platichthysflesusflesus ~ Flounder Fresh 134

AM-FT Pseudupeneus prayensis  Atlantic mullet  Frozen-thawed 180
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Table 2.

Results in prediction of SIMCA applied to IR spattdata for mullet species

identification (red mullevs. Atlantic mullet).

Data External Classification Prediction Sensitivity Specificity
Test Set ability (%)  ability (%) (%) (%)
FT-NIR 1 99.50 96.88 70.83 100
Integrating 2 99.50 97.87 69.15 100
sphere -
smoothed 3 99.49 97.00 72.00 100
100 100 70.11 100
FT-NIR
optical fiber 100 98.86 72.73 100
- smoothed 3 100 08.84 80.23 100
1 100 91.67 56.25 100
FT-IR - 2 100 91.58 51.58 100
SNV+d1 ' '
3 100 94.95 55.56 100

SNV, standard normal variate; d1, first derivative.
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Table3.

Results in prediction of SIMCA applied to IR spetiulata for plaice and flounder

discrimination.

Data External Classification Prediction Sensitivity Specificity
Test Set ability (%)  ability (%) (%) (%)
FT-NIR_ 1 77.97 73.08 70.51 73.08
Integrating 2 84.95 81.16 66.67 84.05
sphere -
SNV 3 80.81 78.31 84.34 73.49
79.46 78.07 75.34 75.34
FT-NIR
optical fiber 84.97 75.29 72.94 64.71
— SNV+d1 3 79.33 67.09 74.68 68.35
1 98.96 93.94 51.52 100
FT-IR - 2 100 89.47 73.68 100
MSC ' '
3 98.91 83.78 45,95 100

SNV, standard normal variate; d1, first derivativ¢SC, multiplicative scatter
correction
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Table4.

Results in prediction of SIMCA applied to IR speattdata for fresh and frozen-

thawed Atlantic mullet fillet discrimination.

Data External Classification Prediction Sensitivity Specificity
Test Set ability (%)  ability (%) (%) (%)
FT-NIR 1 93.33 88.12 73.27 77.23
Integrating 2 93.88 89.58 70.83 75.00
sphere -
MSC 3 94.96 88.35 68.93 77.67
88.19 86.11 85.19 57.41
FT-NIR
optical fiber 92.59 82.35 88.24 60.78
— smoothed 3 87.34 87.04 88.89 60.19
98.28 97.78 64.44 95.56
FT-IR - 98.20 98.04 70.59 100
MSC ' ' '
98.20 88.24 60.78 100

MSC, multiplicative scatter correction
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Figure 2.
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Figure 3.
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HIGHLIGHTS
* Application of NIR and MIR spectroscopy to fish fillet authentication
» Useof two different classification approaches: LDA and SIMCA
» Discrimination of valuable fish species from the cheaper ones gave good results
* Recognition of fresh fillets from the frozen-thawed ones was possible

* NIR and MIR spectroscopy isavalid pre-screening tool in fish authentication



