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Abstract

The traceability of the samples is a recommendedquiure to ensure the authenticity of virgin olaie (VOO). The
automatic classification is gaining more interesbag growers and researchers in the field of aiiéivation, to manage
the VOO quality control. The first objective of shivork is to characterize, in terms of fatty acds sterols, virgin olive
oil from the Meknes Tafilalt area in Morocco sirtbere is a paucity of research on such a land ptoaki Mediterranean
food presenting nutritive and therapeutic valudwe $econd objective is to detect minimal gas chtognaphic differences
between samples coming from the same cultivar (lan Picholine) and the same geographical arear{deKafilalt).
The third objective is to approach the effectivenaisd efficiency of the coupling between the gasmatography on the
one hand and on the other chemometric treatmentusing the Principal Components Analysis (PCA)mkKans and
Hierarchical Ascendant Clustering (HAC) methodse thresent work is devoted to the characterisatiod the
authentification based on the composition of theddoan Picholine VOO variety in terms of fatty ac&hd sterols. Fatty
acids are determined by gas chromatography (G€) héiving transformed them to their correspondietytit esters. The
fact of not observing enough aberrant points cordithat the samples have similar varietal and regiorigins. The PCA
has allowed us to reduce a large number of vasafll& variables) to 7 new ones, respecting the mination of the
information loss. The results of the application kbMeans and HAC on the VOO samples have allowegatiag
correlations between them. The results also shdtedthere is little variability in the content faftty acids and sterols in
the VOO produced in the Moroccan Meknes Tafiladtaar

Keywords: Virgin olive oil; Automatic classification; Pringal Components Analysis, K-Means, Agglomerative
Hierarchical Clustering.

1- Introduction

The virgin olive is a natural biochemical complgstem presenting a combination of different compisi¢hat
is not easy to be identified only after the diffeze of the varietal or the geographic origin. Noawys an
important role in determining the virgin olive §¥OQ) quality is rising thanks to the automaticsdiication
since it can easily and rapidly identify, charaizerand discriminate similar virgin olive oils. Fouermore, such
a fast classification is also essential to managateial alteration and falsification in VOO [1-3Jhe quality of
VOO is defined as the set of chemical, physical sedsory parameters, to classify olive oils intiedent
categories according to the effective standardshef International Olive Oil Council [4]. This quiliis
influenced by a combination of factors such asetgrimethod of harvesting, extraction process amge [5-
6]. Various works in the world have been investethe VOO rewarding through analytical methods d¢edipo
chemometrics [7-16]. Moreover, there is a needfdst and simple routine analytical methods to airttne
quality of the Moroccan Picholine VOO cultivar. PCK-Means and HAC methods are coupled to gas
chromatography (GC) to obtain a fast, robust aisd kExpensive means for this quality control. Irt,fgas
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chromatography as a still not routine analysis naple should be developed in order that laboragcgigsure
easily access to such a high cost analysis technigesented as a reference method. Results ofsasabyf
VOOs gas chromatographic characteristics are saveal data base and one do not need repeat the same
analyses for checking each VOO sample whose datel@se to some of gas chromatographic charadtsrist
VOOs in the data base. Coupling a software toal safficient data base of gas chromatographic chexiatics
leads to results better than those before coupBogthe price/quality ratio would be reduced sitiee results
errors would be at about 2 to 3%. In addition, dhalysis time is very small compared to the analysihout
such a coupling. Thus, such a coupling would beoéitpble investment for routine and industrial dadtories.
The present work aims to characterize, in termf&tty acids and sterols, virgin olive oil from tihdeknes
Tafilalt area in Morocco and to detect minimal gasomatographic differences between samples cofmomg
the same variety (Moroccan Picholine) and the sgeagraphical area (Meknes Tafilalt). Other objext¥ this
work is to approach the coupling between the gasncatography chemometrics. So, we carried outwioigk
on VOO extracted from a Moroccan Picholine oliveiety. Moreover, we investigated of fatty acids aterols
contents of Moroccan Picholine VOO in order to depg(GC) method since it remains a relatively exgpem
analytical means. Chemometrics coupled to GC tegeienis a way contributing to the easy establishroént
different foods mapping. In fact, thanks to theoauatic classification anterior studies have discrated milk,
wine and VOO [17-20], according to the geographigin. Such fast discrimination, only according ttee
geographic origin of VOO is very interesting espégifor samples coming from the same olive tregetg as
the case of the Moroccan VOO since 96% of the aivgvars are from the same Moroccan Picholindiza.

2. Materials and methods

2.1. Sample collection

46 samples of the Moroccan Picholine VOO have badlected in the Meknes Moroccan area, between
October 2009 and March 2010. VOO has been extrdostardives mechanical press method, and then statred
14 °C. We used the International Olive Oil Coufizll] and the European Union [22] definitions of tngality

of VOO based on the parameters of the qualityahaimainly the degree of acidity (expressed asepéasge of
oleic acid), peroxide value, specific extinctionlugs in the UV absorbance at 232 mm and 270 mm and
organoleptic rating. We were especially interestedfatty acids and sterols, two non-volatile cheahic
constituents classes that we have determined byaf8&t having transformed them to their correspogdin
metlylic esters that are volatiles constituents.

2.2. Gas chromatography

Among all the 46 VOO samples only 20 presented aitguaccording the International Olive Oil Council
(I00C) standards [21]. So, we prepared methyl segiEfatty acids from these 20 samples of VOO, gisire
derivation method. The methyl esters were thenyaedl by gas chromatograph equipped with a FID. Hewe
the chromatograms coming from the 20 VOOs are silasi that it is very difficult to differentiate bseen
them and so that we proceeded to their automadissification by algorithms. The chromatograms hent
converted into digital data that were processetistitally. We established a database containireg2h VOO
samples that respond to the IOOC standards

2.3. Analysis of chromatographic data

We analyzed the data to evaluate their dispersiohdetect the most aberrant results (Scatterpla8) The
principal components analysis (PCA) is a multivarianalysis technique that reduces a large nunflzerginal

correlated variables to a limited number of newanrelated variables with a minimal loss of inforioat Three
steps of PCA were performed, identifying the mdmreant results, calculating a correlation matesieen the
original variables and determining factors as nawables.

The main statistical indicators in the extractidrntlee main factors of inertia, called principal gqoonents in
PCA, are:

« the eigenvaluel, : represents the inertia of the main axis of rank i

« the total inertia is equal to the sum of the eigdues| = zin:lAi

* The contribution of each to the total inertia maxis is given by the percentage of ine@&V = ?* 100
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The choice of the number of principal componemt$e used to represent data in the new basis e eigctors
or inertia principal axes, can be done in ways:
Three rules apply:

" Rule Kaiser that retains only factors with eigefuea greater than 1
" The number of axes in accordance with the minimefund information (80%) is chosen
" The "Scree-test" or test of the Coude: It retain/ dhe values that are to the left of the

inflection point of the graph eigen values . Graphlly, we join the points on a straight line and tomponents
number to retain corresponds to points outsidelitigs
The linear correlation coefficient R is relatedhe average by the following relationship:

R On o 2 (X=X*(y V)

070, [ x0T -9

If R = 0, the variables are not correlated and #m&ymuch better correlated if R is far from 0 ¢eldo -1 or 1).

2.4. Classification methods

The main purpose of the clustering methods is sa@gago each observation a "tag" class. Howevethéncase
of supervised classification, the available obsiowa would be already a class label, and the tibgds to
assign a new observation to a class.

2.4.1. K-meanf4]

The K-Means algorithm, that has been proposed by-®lzeen in 1967, is used the present work to ¢laesi
group objects based on attributes. The user setsumber of classes to a or k, in principle.

- K classes are constructed with the first k pointgt are the gravity centers of the classes.
- Among the nk remaining points, we take the filgtt is assigned to the class whose center oftgrasvthe
closest and then we determine the new gravity ceftde class that receives the point.

- The previous step is repeated until exhausticallgioints (n-(ku) = 0).

- To obtain the desired partition in a single pass.

2.4.2. Hierarchical ascending classificatif2b]

The algorithm of hierarchical ascendant cluste(iHi§C) has been implemented in four stages. The iBran
initialization step which consists of the constioigtof the table of distances regardless of thenfda used to
construct the algorithm for HAC is independenttad tnetric. Thus, between each pair of points (afyy, we
have a value of (x, y). The initial partition i;:ér M. The second step is the grouping that coscéra route

table of distances to determine the tor&Efe’ y )of the most nearby.
* * < -
d(x',y") < min{d(x, y)}

It combines the two elements in the same cés_sx Dy but the other classes remain unchanged. We get a
new partition coarser than the previous one. Attt step we draw the table of distances. ClassilAbe
seen as a single point, and then we calculateistendes to the A point in order to have a setinalidy greater
than one, and so that all other items, that arémat can be singletons. In order ensuring a galitgr we note
B such as:

d(A,B);BO=A

So, we have a new table of distances with one notv@ne column less than the previous one so tlat th
difference is only by the row and column correspogdo point A.

The fourth and final step is the stop conditiont thas achieved when we reached the desired martievel.
The partition is generally coarse and has onlyaags together for all the points. Otherwise, veéethe stage
"Combination" from the table of distances that@akeulated according the previous grouping.

3. Results and discussion

3.1. Gas chromatography

The chromatograms of the 20 VOOs are similar irpehaut not identical, and the discrimination betw#em
is very difficult. Figure 1 shows a typical exammg&these chromatograms. The retention times offalty
acids from these VOOs are illustrated in table 1.
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Figure 1: GC chromatogram of VOO from Meknes Moroccan area

Table 1: Main fatty acids in VOO from Meknes Moroccan Rego

Common name Palmiti | Stearic | Oleic | Vaccenic | Linoleic | Linoleni. | Arachidi. | Gondoic

Shorthand 16:0 18:0 18:1w9 18:1w7 18:2w6 18:3w3 20:0 20:1w9

Retention time (min) | 6.463 9.820 10.533 10.603 11.663 13.657 16.046 157.0

3.2. Principal Components Analysis
The aim of PCA is to reorganise the initial datal{le 2) with a large number of variables to a smathber of
variables obtained by combining the original valéabwith a relatively high correlation coefficieftable 3).
The correlation matrix is shown in the table 3 whhe cumulative sum of the variance is presemteld table
4.
Table 2: VOO date base:
MGi and Khj (in lines: samples codes and in colunfiatty acids (Ci) ans sterols (from Chol to Daveno

C160 161 €170 ci71 C180 C181 C182 183 €200 ca01 Chol Brass | Camp | Stigm CBAS | Dstegm | Daveno
MG04 15 2 0 0.1000 1.5000 62.6000 17.5000 0.3000 0.4000 0.3000 0.2000 0.2000 3.3000 3.3000 94.7000 0.4000 0.6000
MGO7 10 0.8000 0 0.1000 2.8000 74.6000 10.7000 0.8000 0.4000 0.4000 0.1000 0 3.3000 0.7000 94.8000 0.4000 0.5000
MG13 | §.4000 0.8000 0.1000 0.1000 1.9000 80.2000 7.2000 0.8000 0.3000 0.4000 0.1000 0 34000 06000 946000 0.3000 0.4000
MG23 | 8.9000 0.7000 0 0.1000 2.2000 76.9000 9.4000 0.8000 0.4000 0.3000 0.3000 0 3.5000 0.5000 94.8000 0.2000 0.2000
MG24 | 87000 0.7000 0 0.1000 2.3000 80.1000 6.1000 0.9000 0.3000 0.4000 0.2000 0 32000 1.3000 94.1000 0.4000 0.3000
MG25 | 8.2000 0.7000 0.1000 0.1000 1.8000 80.7000 7 0.8000 0.3000 0.5000 0.2000 0 3.4000 1.4000 93.5000 0.3000 0.3000
MG34 | 15.30... 1.8000 0 0.1000 2.9000 63.2000 15.2000 0.8000 0.3000 0.1000 0.2000 0 3.9000 1.4000 93.5000 0.2000 0.3000
MG37 | 11.30.. 0.7000 0 0.1000 2.3000 70.3000 12.3000 1 04000 0.1000 0.4000 0 35000 1 93.9000 0.5000 0.4000
MG38 11 0.7000 0.1000 0.1000 2.3000 71.2000 12.1000 1 0.4000 0.1000 0.6000 0 3.4000 1.1000 93.9000 0.5000 0.4000
MG38 | 9.8000 0.8000 0 0.1000 2.5000 75 9.4000 1 0.3000 0.3000 0.1000 0 29000 2.8000 93 0.2000 0.3000

Khos | 9.0800 0.5800 0.0400 0.0600 2.6900 77.8200 8.3200 0.7900 0.3200 0.3000 0.1300 0.2100 2.7600 2.0200 90.0800 0.0900 0.2100
Khi4 | 8.6500 0.5400 0.0400 0.0700 2.2000 81.0200 6.1400 0.7600 0.2900 0.2900 0.2300 0.1700 3.0700 2.0800 92.0100 0.0900 0.1600
Khal | 8.6500 0.5400 0.0400 0.0700 2.2000 81.0200 6£.1400 0.7600 0.2900 0.1600 0.2200 0.1500 1.7200 0.3400 87.9800 0.0500 0.1900
Kh23 | 97600 06900 00400 0.0700 21500 76.2600 94900 09300 03000 0.3100 0.2900 0.2900 3.0100 19100 91.5000 0.1300 0.1900
Kh24 | 8.5900 0.6100 0.0300 0.0600 2.5200 77.6100 9.2200 0.7400 0.2800 0.3400 0.0600 0.1000 3.2900 26600 92.5400 0.0500 0.2000
Kh2s | 9.3100 0.5900 0.0400 0.0600 2.2500 78.4300 8.1400 0.7600 0.3000 0.3000 0.1500 0.2300 3.3000 1.2400 92.0400 0.0400 0.3200
Kh27 | 9.6100 0.5800 0.0300 0.0600 2.5300 77.2800 8.5800 0./500 0.3000 0.2700 0.0500 0.1300 3.5700 2.4000 88 0.0400 0.0700
Kh3d | 9.0500 0.6200 0.0300 0.0600 2.4100 76.5700 9.7800 0.8400 0.3700 0.3200 0.1100 0.1100 3.3600 1 929300 0.0900 0.2000
Khi3 | 88400 06200 00400 0.0600 27100 756000 107600 07600 02800 0.3400 0.1600 0.1400 3.3800 1.2300 936300 0.0500 0.1000
Kha6 | 9.0700 0.6300 0.0300 0.0600 2.5700 76 10.2600 0.7600 0.2800 0.3300 0.7000 0.0800 3.7600 3.8900 90.7700 0.0300 0.2100

The PCA does not give interesting results on talalege enough data: The number of statistical wshitsuld be
greater than 15 and the number of variables to thi$ study we have 20 samples and 17 variables.

104



J. Mater. Environ. Sci. 5 (1) (2014) 101-110 Elbir et al.
ISSN : 2028-2508

CODEN: JMESCN

Table 3: Correlation matrix (for the notations see the tdble the glossary)

C160

160
1.0000

161

0.9127

170

-0.3855

an

0.4066

C180

-0.0277

181

-0.9613

182

0.8974

Clas

-0.3501

C200

0.4265

C201

-0.5329

Chol

0.1149

Brass

-0.0373

Camp

0.3203

Stigm

0.2047

CBAS

0.2723

Dstegm

0.3882

Daveno

0.5406

C161

09127
1
-0.3308
0.4762
-0.2072
-0.8508
0.8048
-0.5509
0.3059
-0.2169
-0.0488
-0.0685
0.2993
0.2342
0.3880
0.3484
0.5845

C170

-0.3855
-0.3308

1.0000

-0.0805
-0.3345

0.3983

-0.3566

0.1431

-0.2190

0.1834
0.1507
0.0077

-0.0583
-0.2064
-0.0825

0.0031

-0.0704

an

0.4066
0.4762
-0.0805
1
-0.3121
-0.3870
0.3055
0.1376
0.5898
-0.0615
0.1071
-0.7089
0.1956
-0.2769
0.6928
0.8582
0.7028

180 c181 182 183 €200
-0.0277 09613 0.8974 -0.3501 0.4265
-0.2072 -0.8508 0.8048 -0.5509 0.3059
-0.3345 0.3983 -0.3566 0.1431 -0.2190
-0.3121 -0.3870 0.3055 0.1376 0.5898
1.0000 -0.0472 0.0211 0.3929 -0.2079
-0.0472 1-09766 0.2882 -0.5042
0.0211 -0.9766 1.0000 -0.3602 0.5264
0.3929 0.2882 -0.3602 1.0000 -0.0558
-0.2079 -0.5042 0.5264 -0.0558 1.0000
-0.2353 0.5215 -0.4294 -0.2195 -0.2891
-0.0526 -0.2009 02198 02213 0.2618
-0.1415 0.1013 -0.0479 -0.4028 -0.2938
0.1518 -0.4135 0.4499 -0.0156 0.1738
-0.0150 -0.2366 0.2738 -0.3656 -0.2347
-0.2096 -0.3634 0.3896 0.0158 0.5041
-0.3188 -0.4141 03669 01617 0.7365
-0.3945 -0.5331 0.5216 -0.2373 0.6580

C201

-0.5329
-0.2169

0.1834

-0.0615
-0.2353

0.5215

-0.4294
-0.2195
-0.2891

1

-0.3748

0.0164
0.0702
0.1245
0.1977

-0.1293
-0.0271

Chol

0.1149
-0.0488
0.1507
0.1071
-0.0526
-0.2009
0.2198
0.2213
0.2618
-0.3748
1
-0.1502
0.2149
0.1861
0.0363
0.2419
0.0955

Brass

-0.0373
-0.0685

0.0077

-0.7089
-0.1415

0.1013

-0.0479
-0.4028
-0.2938

0.0164

-0.1502

1.0000

-0.3640

0.2949

-0.5195
-0.5697
-0.2988

Camp
0.3203
0.2993

-0.0583
0.1956
01518

-0.4135
0.4499

-0.0156
01738
0.0702
02149

-0.3640
1.0000
0.2130
0.4844
02129
0.1419

Stigm
0.2047
0.2342

-0.2064
-0.2769
-0.0150
-0.2366

0.2738

-0.3656
-0.2347

0.1245
0.1861
0.2949
0.2130

1

-0.2270
-0.2613
-0.0529

CBAS
02723
0.3880

-0.0825
0.6928
-0.2096
-0.3634
0.3896
0.0158
0.5041
0.1977
0.0363
-0.5195
0.4844
-0.2270
1.0000
0.6704
0.6234

Dstegm
0.3882
0.3484
0.0031
0.8582
-0.3188
-0.4141
0.3669
01617
0.7365
-0.1293
02419
-0.5697
0.2129
-0.2613
0.6704
1.0000
0.7913

Daveno

0.5406
0.5845
-0.0704
0.7028
-0.3945
-0.5331
0.5216
-0.2373
0.6580
-0.0271
0.0955
-0.2988
0.1419
-0.0529
0.6234
0.7913

1.0000

After the correlation matrix, we observe that salegariables are correlated (> 0.5). So,

this adlaaconclude

that the factorization is possible.

Table 4: Cumulative Sum of the variance

[5 [ [ 7 18 T[T 9 [ 10 [ 11 [ 12 ]
7565 83.39 87.d7 91.61 93]84 79%99. 97.39 [ 98.33| 99.09

[t T2 |3 1[4
[ 36.69 | 54.94| 67.04]

13 |
99.53

14 |
99.9p

15 |
99.98

16 |
99.99

17]
100

[ csv

The table 4 shows the extraction of the first figencipal components that allow taking into account
approximately 83.39% of the total inertia.

. Using Kaiser Rulghat retain only factors with eigenvalues gredtant1, we can extract five principal
components (Figure 2).
" Using the Scree-Test criterion from the eigen waloesults (Figure 2), the following component

numbers 6,7,8,9,10,11,12,13,14,15,16 and 17 caofsdered on the same straight line. Retained ooegs
are the components 1, 2, 3, 4 and 5. They corresmo83.39% of the initial values of variance (figsi 3). The
examination of the graph shows a limitation to éx¢raction of the first five principal componentat allow
taking into account approximately 83.39% of thaltotertia.

The extraction of the principal components from ¢naphs of the eigen values (Scree test criteman)jot
provide the best result, in space. Such situationbe avoided by examining the correlation matrixtee one
hand and the other hand by the principal comporgragsh (Figure 4).

Graphice of eigen values
I I I I T I I I

Eigen values

o 1 |
[ 2 10
Component number

Figure2: Graph of Eigen values
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Variance Explained (%)

Principal Component

Figure 3: Total variance according to the retained princquahponents

Component 2

Component 1

Figure 4: 2 dimensions principal components: PC1 and PC2.

The eligible elements for the 7 retained princigahponents are given in the table 5.
Table 5: Elements of retained principal components

Component 1 2 3 4 5 6 7
Elements C160,C161,C181,C182,C183 C176&tigm | C180| CHOL| C171,C200,Brass,ChagAMP
C201 Dstegm,Daveno,
3.3. Classification via query (Database)

The execution of the query from database name (ddble 6) gives the results shown in Table 7.

Table 6: Application Selection

Querying a| SELECT ALL Echantillons,C161,C200,Cholesterol FRCM" WHERE C161 BETWEEN 0.3 AND 3.5 AND C170 <=80 AND C171 <= 0.6

database | AND C180 BETWEEN 0.5 AND 5 AND C181 BETWEEN 55 ANE3 AND C182 BETWEEN 3.5 AND 21 AND C183 <= 1AND C200 <=
“olive ail” | 0.8 AND Cholesterol <= 0.5

Table 7: Query Results

Samples MG | MG MG MG MG MG | MG3 | MG MG Kh Kh 14 Kh Kh Kh Kh Kh Kh3 | Kh43
04 07 13 23 24 25 4 37 59 05 21 23 24 25 27 8

Cl61 2 0.8 0.8 0.7 0.7 0.7 1.8 0.7 0.8 088 054 540/ 069 | 0.61| 0.59| 0.58 0.64 0.62

C200 0.4 0.4 0.3 04 0.3 0.3 0.3 04 0.3 0.32  0.29 0.29 0.3 0.28| 0.3 0.3 0.31] 0.28

Cholesterol 0 0.1 0.1 0.3 0.2 0.3 0.2 0.4 0.1 0.130.23 022 | 0.29| 0.06] 0.15 0.0% 0.1p 0.6

The database allows us to conclude that the twplesniKH46 and MG38 are not in concordance of the
standards of the olive oil quality [4, 21].
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3.4. Data dispersion Diagram
The data dispersion diagram is presented in thedi§ allows us to deduce the most outliers.

07 6

0.6

0.5

04

Cholesterol ratio

0.3

02

0.1

2 4 6 8 10 12 14 16 18 20
Olives oil simples

Figure 5: Samples dispersion diagram according to the clestgstatio
This diagram, in figure 5, confirms to us to comduthat the two samples KH46 and MG38 are not in
concordance of the standards of the olive oil guali

3.5. Classification by K-Means
The table 8 illustrates the classification resafter using a K-means method.

Table 8: Classification by the K-means method (K=2, K=5, R=dind K=14), K is number of classes.

2 - 5 - 10 - 14 -
M= Class M= Class M= Class M® Class
MGOL |2 MGOL |4 MGOd |2 MGO4 |4
MGOT |1 MGOT |5 MGO7 |3 MGOT |1
MG13 |1 MGE13 1 MG12 |8 MG13 (10
MG22 1 MG23 |5 MG23 |3 MG23 |6
MG24 1 MG24 1 MG24 |6 MG24 |9
MG25 |1 MG25 |1 MG25 |6 MG25 |9
MG34 |2 MG34 |4 MG34 |1 MG34 |5
MG3T |2 MG3T |3 MG3T |8 MG3T |7
MG3E |2 MG3E |3 MG3E |7 MG3E8 |7
MGSS 1 MGES |5 MGES |5 PGS |11
Khi5 |1 Khi5 |2 Khi5 |5 Khis |2
Khid |[1 kKhid [1 Khld |6 Khld (13
Kh2l |[1 Kh2l |2 Kh21 |10 Kh2l (14
Eh23 |1 Kh23 |5 Kh22 |5 Kh23 |11
Kh2d [1 Kh2d |5 Kh2d |4 Kh24 |2
Kh2s |[1 kKh2s |1 Kh25 |4 Kh25 |2
Kh27 |[1 Kh2y |2 Kh27 |9 Kh27 |3
Kh3g |[1 Kh3g8 |5 Kh3g |3 Kh3g |5
Khd3 1 Khd43 |5 Kh43 |[3 Kh43 |[5
Khdg |1 Khids (5 Khis |5 Khis [12
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After the increasing number of the classes andguiie Euclidean gap, we observe that elementsasteb
change from one class to another according toltdsest distance. The problem is the virtue of theiee of the
number of classes in principle. To remedy this [l we applied the HAC method.

3.6. Classification by HAC
HAC method overcomes the problem of initializatimfnthe classes number. The classification resudhisvn
in the figure 6.

Classification ascendante hierarchigue
18 |-

16

14

12

Height

|
—L i

1 [ ] ﬁ ’_L’_‘

MG37T MG38 MGOT MG2Z3 Kh3ad Kh43 MGSS Kh23 Kh4E Kh24 Kh25 KhOS Kh27 MG13 WG24 MG25 Khi14 Kh21 MGO4 MG34
Olives oil simipes

Figure 6: Classification dendrogram the by the HAC method

This dendogram allows us to deduce that the twopksMG04 and MG34 have similar properties and are
somewhat different from other samples such as M@3¥%43 and MG13. This method aims to remedy the
problem of initialization of the classes number.

Several factors affects the quality of the VOO ik&known as a food which is very exposed to thgratgation,
especially because of its oxidation and increadieg fatty acid contents in the vegetal oil. Amotig
parameters determining the VOO quality there isvéugety of olive, maintenance of soil, climatajgation,
processing plant, olives harvesting method and tt@iservation before crushing them, mode of etitta@nd
storage of the oil. In the present work, the quaiitthe VOO is defined according to the IOOC stdd and
then determined after the procedures of such asgartince the initial chromatogram (figure 1) of #amples
cannot easily allow discriminating VOOs coming frahe same Moroccan Picholine tree cultivar, it ésyv
important that we used a fast robust means likecthssification by algorithms. In the present wattke
classification tools allowed us to conclude that@dt all the 20 samples of the database are aocprailOOC
standards in terms of the olive oil quality, exé@ptto the Kh46 and MG38 samples. The PCA has,, also
allowed us to reduce a large number of variabl@s/étiables) to 7 new ones respecting the mininunatf the
information loss (figures 2-4). The diagram in thigure 5 concerning the samples scatterplots based
cholesterol confirm the results we obtained ushe tbol database. From this diagram, we concludettie
Kh46 and MG38 samples have cholesterol ratio thareater than 0.5. Effectively, these two samgtesot
respond to the criteria of the VOO quality accogdin I00C standards. Actually, scatterplots of datys a
very important role for the identification of theost aberrant observations and it is an essengal ist the
principal components analysis (PCA) and other amslyThe fact that we did not detect any aberrant
observation confirms that the varietal origin is game for all the samples. Moreover, the geogcapingin is
similar for all VOOs since collecting of olives veein a same geographic area, in Morocco.

After the K-Means application (table 8), if we matke number of class increasing successively welsse
using the Euclidean distance, the elements cladsmsge from one class to another according to libsest
distance. However, the problem is the virtue in ¢heice of the class number. To remedy this problm
applied the CAH method. The results of K-Means igpgibn and HAC (figure 6) show that the MG04 saenpl
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has proprieties that is similar to those of the MGIB fact, the HAC dendrogram in the figure 6 atous to
deduce that the two samples MG04 and MG34 havdasimioperties and that are slightly different cemgul
to other samples such as MG13, MG37, and Kh43.dtian, several previous studies have shown that
chemometrics can be coupled to various analytivahical methods to ensure authentification of fddasthe
VOOs especially when they present very similar msoopic and microscopic characteristics. In fdog t
Raman spectroscopy was performed, using linearigiis@ating analysis (LDA), to identify adulteratian
VOOs by soybean oil [8]. To discriminate French VOthat are registered as designations of originGBp
and thanks to chemometrics, Ollivier D. and al.ehav 2006 [12], also, used sensory and chromatbgrap
characteristics like fatty acid and triacylglycemmpositions. In fact, a linear discriminating lgses on
samples that are described by 37 parameters atlvevs the differentiation of these RDOS VOOs. In 201
using to the hierarchical ascendant clustering (HARalysis, derivative FTIR spectroscopy have atidvde
Luca M. and al. [14] the classification of Morocc®®Os. However, the results shown in the five fagyr
figure 2 to figure 6, would be original and intdneg for studying the Moroccan Picholine olive oudir.
Actually, the present work allows a tool of cougligas chromatography and chemometric methods (REA,
Means and HAC) for an automatic classificationhaf Moroccan virgin olive based on its fatty acidd aterols
contents. In fact, these constituents are very itapb since the fatty acids are known for theiritional and
therapeutic values and the sterols present a dhodefowering effect [26-28]. Such a tool is udeto
overcome the problematique of finding fast and sblmaethod in all the fields of quality control like customs
service that checks food quality and in routinedfamalysis laboratory. The coupling between methaslst is
presented in the present work, contributes to theeldpment of the gas chromatography, as initeMyensive
analysis technique, in order that routine laboiagtohave easier access to it. Actually, such cogpdinsures
gain in terms of time and analysis cost. In addijtiwe are interested in extension of the presemk Wy using
other techniques of automatic classification, sash methods of neural network, SVM, decision traed a
Bayesian network method to calculate the prob#sliof the elements influence on the quality of VOO

Glossary
Table 9: Notations of the fatty acids and the sterols in\{kO.
Characteristics Notations Common name
Cl6:1 Cl6l Palmitic acid
C17:0 C170 Margaric acid
Cl7:1 C171 Heptadecenoic acid
Fatty Acids C18:0 C180 | Stearic acid
Cl8:1 C181 Oleic acid
Cl8 :2 C182 Linoleic acid
C18:3 C183 linolenic acid
C20:0 C200 Arachidic acid
Cholesterol Chol Cholesterol
Campesterol Camp Campesterol
Brassicasterol Brass Brassicasterol
Sterols Delta7avenosterol DAVEN| A7 Avenosterol
Cholesterol + Betasitosteral CBAS Cholesterol + Betasitosterol +
+ ASAvenostero | #A24 A5Avenosterol + N24
stigmasterol stigmasterol
Conclusion

In the present work, the integral results of PCAMKans and HAC show that there are concordances and
complementarities in the way of minimizing the gawomatographic information loss. Now days, it is
important to discriminate between virgin olive dilaving a same varietal origin because such digtaition is

not easy as an analysis means eventhough thegadographic origin is different. In the present wtrk VOOs
have the same varietal origin that is called theddoan Picholine and the area in were we colleotegs is
almost similar since it is the Moroccan Meknes [gitfarea. Thanks to an automatic classificatioseldeon gas
chromatographic characteristics in terms of fatiglg and sterols, the present work has allowediterdificate
very similar Moroccan Picholine virgin olives. Thmupling between physical or chemical method and
chemometrics optimizes the analysis cost in terhiBr®, human resources, equipment and chemicgkerea.
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Chemometrics opens new horizons to green chemasitysustainable development as a means of devglopin
analytical methods, in various fields applying tluality control of products like in the fraud pretien.
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