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Chemometric analysis of chromatograms plays a fundamental role in characterization of foods or in
detection of adulteration. Data for multivariate analysis of chromatographic profiles are usually obtained
by visual matching (VM) of peaks, the identities of which, as for peptide profiles from cheese extracts,
are often unknown. To avoid the main disadvantages of VM, which is subjective and time-consuming,
a novel approach was developed. Fuzzy logic was employed to handle in a systematic way uncertainty
in the position of peptide peaks, and chromatograms were processed by a rule-based membership
function. Processed data consisted of classes of retention time wherein peak heights were accumulated
by using the distance from the center of the class as a weight. The novel approach (fuzzy approach,
FA) was compared with VM by using a real data set and by performing multivariate descriptive
statistical techniques (principal component analysis, multidimensional scaling, and nonhierarchical
cluster analysis). FA provided a fast, reliable, and objective alternative to VM and could be successfully
applied for chemometric analysis of chromatographic profiles whenever knowledge of the identity of
peaks is lacking or unnecessary.
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INTRODUCTION chemically relevant information out of measured data, how to

Separation techniques [high-performance liquid chromatog- _represer_lt a_nd dlspI?y this mformat!on, and how to get_such
raphy (HPLC), sodium dodecyl sulfat@olyacrylamide gel information into data” §). Chemo_metnc treatmen_t of_analytlcal
electrophoresis (SDS-PAGE), urea-PAGE, etc.) and chemo-da'_[a plays a fqndamental rolg in the pharacterlzatlpn of fopds
metric analysis of digitalized profiles (chromatograms, electro- orin the de_tectlon_ of adul;eratlon. For instance, the information
phoretograms) are particularly suitable for the characterization cONt@ined in peptide profiles of cheese extracts can be used to
of foods from a molecular point of view without the necessity Understand the biochemical pathways involved in proteolysis
of identifying all compounds detecteti)( This is often the case ~ ©F simply to discriminate between cheesgs of different vquetles
for the characterization of cheese and, in particular, of pro- ©F between cheeses of the same variety made by different
teolysis, one of the most important and complex events occurring reéatments.
during ripening. Due to its complexity, proteolysis in cheese is  Prior to chemometric analysis, chromatographic data (raw
described by analyzing cheese extracts with separation tech-signal) are usually transformed and reduced to extract informa-
niques (2), some of which have been improved or developed tion. Signal treatment is designed to transform raw data in such
for routine analysis3). Using these techniques, many authors a way that the results are more suitable for a specific application
have supplied information on patterns of proteolysis in a large than the original signal. The purpose of data reduction, in turn,
number of cheese varietied)( Peptide profile by HPLC and s the replacement of a large number of measurements by a few
SDS-PAGE are promising methods for the determination of the characteristic data in which all relevant information has been
geographic origin, as for Emmental cheese (5), but their main preserved (7).

disadvantage is that they are time-consuming. If the identities of peaks in chromatograms are known, data

Chromatography of cheese extracts, by separating breakdowrprocessing of chromatograms is simplified by considering the
products from caseins by their molecular mass, charge, size,peak itself as a variable, which can be used directly for
hydrophobicity, etc., gives proteolytic profiles that contain chemometric analysis. For instance, gas chromatography—
information on the proteolytic process occurring in the cheese olfactometry data were used directly to perform principal
during ripening. Chemometrics may be defined as “how to get component analysis (PCA) in chemometric analysis of Ragusano
cheese flavorg). When the identities of peaks are unknown,
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processing of chromatographic data is extensive and covers Logistic Function. Variables were transformed in classes (c) by a
different fields of research. In the field of cheese proteolysis, logistic weighting function defined by the formula

chemometric analysis of proteolytic profiles obtained by elec-

trophoresis and chromatography has been revieWWgdACc- c = - 1
cording to Pripp et al. (9), proteolytic profiles, in the form of e th x 1 = gAlln—rid(ws2) @
reverse phase (RP)-HPLC chromatograms of cheese extracts, g N

can be transformed into a multivariate data set by using peakyynerec is the value for variable (class, or interval of time defined
height or peak area as variables and each chromatogrampyer the elution time axis); phis peak height for peak in the
(sample) as an object. The same authors discussed mainly visuathromatogramn is the number of peaks in the chromatogranis a
matching (VM) to obtain variables, but underscored the necessity shape parameter of the function; &nd rf are retention time for class
for a more objective and efficient method of obtaining data. In ¢ and for peak, respectively; andy. is class width. The second term
VM, peaks are labeled manually and are visually matched of eq 1 is the weight with which ph is attributed to clasand is
among different proteolytic profiles by judging peaks as expressed as percentage. To assist the choice, divo _fur_ther
equivalent on the basis of their retention times. Peak or band Parameters were defined: flat range (FR) and membership in the flat
identification by VM is still the most common approach used range (MFR). MFR was the minimum weight (in percent) for ph when

peak position was within a specific distanté&om the class center (d

to obtain variables from chromatograms or electrophoretograms’_. e — rt). FR was defined as the range around the class center

of cheese extracti()—l_S)_. I_n addition, other app_roache_s have iven by rt + d (expressed as percentwf). Thus,a is a function of
been used, such as dividing chromatograms in sections andyre and FR:

integrating each section (14).

Recently, a new procedure was presented by Piraino et al. Q= In( 100 1) o 2 @
(15) for processing and data reduction of electrophoretic profiles. MFR w (B B )
Complex SDS-PAGE patterns of whole-cell proteins of lactic 100

acid bacteria were transformed using a logistic weighting ) ) _ _
function into classes based on molecular weight wherein band Calculations were carried out using a datasheet (Microsoft Excel

intensities were accumulated. The procedure performed betterformat) with embedded macros. The file can be downloaded at http://
than commercial software in clustering the patterns www.unibas.it/utenti/parente/fuzzy.html. The final multivariate data set

The goal of this work was to propose a novel data processing ?Sb;zgfeds)b )r/nl;fr'&g the logistic function consisted af @lasses)< 24
approach for chemometric analysis of chromatographic profiles, * gettings and Data SubsetsThe following parameters were set:
to avoid the main disadvantages of visual matching in obtaining retention time of the first (i and of the last (g class (the range of
variables. The approach was based on fuzzy logic and waselution time in the chromatogram to be processed); the number of
developed to be objective, fast, and able to preserve all relevantintervals (I) over the profile, which given the number of classésc
information in a small set of variables. The FA was tested and = | + 1; MFR; FR. Class width (¥ resulted from the formula
compared with VM by using a data set as case study and by
performing multivariate descriptive statistical techniques [PCA; W= , —ry 3)
multidimensional scaling (MDS), nonhierarchical cluster analy- ¢ I
sis (CA)] of proteolytic profiles.

Considering that the peptide profiles were obtained by a chromato-
graphic run of 73 min and that the injection peak appeared after 2 min,
MATERIALS AND METHODS the first and last classes,;rand rf, were set at 3 and 73 min,

Data Set.The data set consisted of 24 RP-HPLC profiles from the respectively. To set the maximum number of intervals, the variance
ethanol-soluble fraction of Tilsit cheese, which were previously obtained associated with peak position was assessed by computing statistics for
by other authors (16) and used in this work as case study with shifts in retention time. The shift corresponded to the difference between
permission from the authors. Objects in the data set were cheeses madthe maximum and minimum retention times of visually matched peaks
with defined-strain surface starter mixes (labeled C or D) and reference that were present in all chromatograms of the data set and were judged
cheeses made with a traditional elgoung smear (R) at 1, 2, 4, and  to be equivalent by the operator who performed visual matching. The
8 weeks of ripening from both cheese core and surface. number of intervals over the profile was set at 35, 70, or 100, so

Data Preprocessing and Data ReductionFor each sample, the  obtaining three subsets of data with numbers of classe86 (LOW),
chromatographic profile consisted of pairs of elution times and trace ¢ = 71 (MED), andc = 101 (HI) with class widthswc) of 2, 1, and
(absorbance at 214 nm detected at intervals of 1.5 s) values. Each profile0.7 min, respectively. MFR was 95% in all cases; FR was 50% of
was obtained over 70 min, and a matrix o2.8 x 10° data was class width for subsets LOW and MED or 75% of class width for subset
collected. Each profile was reduced first by integration and noise HlI.
calculation. This step was performed by using the software (Varian  Statistical Analysis.All chromatograms were scaled in percent (by
Star Workstation 5) interfaced with the HPLC system (Varian Associ- dividing peak height by the sum of heights for each profile) before
ates Inc., Walnut Creek, CA), in which all parameters (e.g., blank data processing. The information from chromatographic data, which
baseline subtraction, signal/noise ratio, peak width, tangent height %, were processed by either VM or FA, was extracted by three tech-
etc.) were customized to transform signal into chromatograms composedniques: PCA of the covariance matrix; MDS (the Kruskal loss function
of peaks height and retention times, so obtaining proteolytic profiles. was used for scaling) of the similarity matrix of Pearson product-
Data reduction was of1 order of magnitude. Data from each sample moment correlation coefficients; CA witk-means clustering using

(chromatogram), which consisted wf x 2 matrices withm retention Pearson correlations (clusters were represented as convex hulls of the
time andm peak heights, were downloaded from the HPLC system samples that were members of a cluster on the MDS plots). Calculations
(software) to be processed further. and graphics were carried out by using Systat 10 for Windows (SPSS,

Data Processing by Visual Matching.Peaks were identified by Chicago, IL).
their retention time, labeled by peak number, and visually recognized
in all chromatograms of the data set. A total of 125 peaks were visually ReSULTS
matched by a single operator, and they were used as variables for o . o o .
multivariate statistical analysis. Peak height was zeroed for unmatched ~Logistic Function. The logistic weighting function transforms
peaks. The final multivariate data set consisted of a 125 (peals) chromatograms consisting of two vectors of data (retention time
(samples) matrix. and peak height) with varying lengths (i.e., different numbers
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Figure 1. Weighting term of the logistic function. Class 2 weight distribution % §
(in percent) as a function of the distance (d) from class center, with MFR i 6r 1 &
= 90% (membership in the flat range) and FR = 50 (---) or FR = 75 § 8t . §
(—). FR (flat range) is expressed as percent of w; (class width). 10 [ S T S S S
0 10 20 30 40 50 60 70 80
of peaks in different profiles) in a single vector of fixed length Retention fime (min)
(the number of classes, is constant for all profiles). Peak (b) 8 T T T T T
heights are accumulated in classes using a logistic weighting § 6k 1w
function, which provides the fuzzy membership of each peak = &5
for each class. Whendt= rtj, the retention time of the peak 2 4L 18
matches the retention time of the class, the weight is 1 (eq 1), S =z
and peak height is completely assigned to clasé/hen rt = 821 ‘ 198
rtc + (W/2), the retention time of pegkmatches the class limit, O 0 i ’ I||]| ||, L
and the weight is 0.5 (eq 1), so peak height is equally divided ~ M ™
between the two neighboring classes. For other cases, the weight S oL - %
depends on tha parameter and the distance of the peak from % °
the class center. The shape of the logistic weighting function 2 ar 7 §
used in the fuzzy approach is showrHigure 1. The parameter =< ol 1@
a regulates the fuzzy feature of the output. With increasing o 2
values ofa, the function becomes steeper and a more defined 8 L L L L L L L
membership is obtained; that is, the weight with which a given 0 10 20 30 40 50 60 70 80
peak is attributed to the nearest class increases. The parameter, Retention time (min)
a, can be calculated as a function of FR, MFR, and class width (c)
(wg), and these parameters can in turn be adjusted to keep into 3
account uncertainty in peak position. = g
The effect of data processing and reduction using the fuzzy S 2
approach on the matrix of data for a chromatogram (as 2 -
downloaded from the HPLC system, withretention times and & Q
) . > . . ] =3
m peak heights) is shown ifigure 2 for a peptide profile o
randomly taken as an example. Variables (peaks, shown in the N
preprocessed data chart) were weighted and accumulated in 36, ® °
71, and 101 classes as shownFigure 2 for subsets LOW, = .g
MED, and HlI, respectively. In subset HI, class width was narrow 2 S
(0.7 min), number of classes was high, most peaks contributed = 10 48
individually to the height of the corresponding class, and only 3 §
a small number of peaks were either partitioned in two classes & 15 S T T T T SR
or summed in a single class. As a result, preprocessed data and 0 10 20 30 40 50 60 70 80
subset HI Figure 2a) were rather similar. Using a lower number Retention time (min)

of classes (subsets MED and LOW), class width was larger (1 gigre 2. Comparison of a proteolytic profile as downloaded from HPLC
and 2 min, respectively) and more often groups of peaks were g qtom yith the corresponding processed profile obtained by fuzzy
wel_ghted and summed into the same class. In the Iast_ case, fe"‘épproach for subsets HI (a), MED (b), and LOW (c). Variables were peak
variables (classes) had a zero value, and class heights Werggignt ang retention time in the preprocessed chromatogram or class

proportionally higher than peak heights. In each case, becausggjght and class center in the processed profile; numbers of classes were
chromatograms were scaled in percent before data processindsg 71 and 101 for subsets LOW. MED. and HI respectively.

the sums of heights in all processed peptide profiles were equal.

Settings and Data SubsetsThe variance associated with
peak position was computed using retention time of visually 1.22 min, respectively. When the normal probability plots of
matched peaks that were present in all chromatograms of thethe retention times of matched peaks were analyzed, one or more
data set and were judged to be equivalent by the operator whooutliers were identified (the 6.67 min shift, for example, was
performed visual matching. A total of 32 peaks of 124 met these an outlier). This can be explained by the subjectivity of the VM.
conditions. Shifts in retention time (the difference between the In fact, because the instrumental error should result in a normal
maximum retention time and minimum retention time for each distribution of peak positions, the presence of outliers may be
peak) and associated statistics are showrTaile 1. The a consequence of incorrect identification of peaks (or problems
maximum and average shifts in retention time were 6.67 and associated with the HPLC analysis). To exclude outliers and to
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Table 1. Basic Statistics on Retention Time of Peaks Present in Al PC2 as for VM Figure 3a). For the MED data subsefigure
Chromatograms of the Data Set and Judged Equivalent by Visual 3c; 71 classes) the score plot obtained was very similar to the
Matching (Matched Peaks) score plot obtained with subset HFigure 3b), and a slight
increase of variance explained (76.3 versus 71.3%) was obtained.
no. of chromatograms 24 The score plot obtained from the subset LOW is shown in
no. of matched peaks 32 .
max shifta 6.67 Figure 3d. Core and surface samples were clearly separated
min shift2 0.22 on PC1, as ifFigure 3a—c, whereas positions of samples from
av zhifta i (1)35 the surface were comparable to those of VM, except for the
median sni X H H
max <hift at 99% of confidence? L8 posmon. of group R (ch.eeses made wnh referenc.e smee}r)..
av shift at 99% of confidence? 0.28 PCA is especially suitable for analysis of peptide profile if
loadings are taken into account to provide information on the
a Shifts were calculated as the difference between the maximum retention time peaks responsible for the grouping. PCA transforms variables
and minimum retention time for each peak and are expressed in minutes. into principal components by computing linear combinations

of the original variables. The importance of each original

obtain an objective estimate of the range of the position of each 4 iapie is expressed by the loadings. Loadings are shown as

Pe"?"" the difference between upper and Iowgr 99% Confldencevectors inFigure 3 and were analyzed to understand differences
limits was calculated for each peak. The maximum and averageatyeen score plots. Peaks with high loadings eluted at 4.2,
values of these differences should provide a better approximation5_7’ and 31.9 min, which explained most of the variance in VM,
for the variability in peak position. On the basis of these results, ;o1 4150 present iRigure 3b (H, classes at 4.4, 5.8, and 31.7
the maximum number of classes was set. For subset Hl, whichmin’ respectively) andigure 3c (MED, classes at 4, 6, and 32
had the highest number of classes (10@gwas 0.7 min, and iy regpectively), although classes at 31 and 5 min also had
FR was 75% ofwe. With these settings, all peaks in the range high loadings in MED. IrFigure 3d (LOW), the main variables

gf O.h53|mip grofund Fhe glass center V\(err]e téeaFehd as t'eq.uivalent(hat explained the variance in the data set were classes at 5, 31,
y the logistic function (i.e., were weighted with a minimum 54 55'min_ In general, variables obtained by the fuzzy approach

weight of 95% in the flat range), so the same peak present N were classes including peaks that had high loadings in the VM
different chromatograms was always attributed with equal approach. This is emphasizedHiure 4, in which the position

weight to the same class independently of its shift in retention on the retention time axis of the variables which had high

time. In this way, the fuzzy approach grouped peaks into Classesloadings (higher than 0.5 in absolute value) is compared.
by applying a rule comparable to the VM. Peaks outside the

flat range were weighted with different values according to the
shape of the function.

Statistical Analysis. PCA. Results from PCA (first two
components only) of chromatographic data from Tilsit cheese
processed either by visual matching or by fuzzy approach are
shown inFigure 3. The number of components was chosen on
the basis of a predefined amount of variance to be explained
(70%) and of the scree plots from each subset. For the purpos . . .
of this study the VM plot Figure 3a) was considered to be the the fuzzy ?‘ppanCh may reveal the_se d_|fference_s including small
reference plot. Core and surface samples can be distinguishecﬁOr border_lng) peaks in a cIas; _W'th h_'gh loadings. _
clearly. No separation occurred between samples from the core  MDS. Figure 5 shows the bidimensional plots obtained by
over the first two components. Within samples from the surface, MDS of Pearson matrices that were computed on data processed
cheeses made with reference smear (R) formed a single and?y VM and by FA. Bidimensional plots obtained by using the
separate group without differences between ripening times. P.egrson matr|ces were more similar _to the PQA score plots than
Cheeses made with defined-strain surface starter (mix C or D) bidimensional plots obtained by using Euclidean distance or
were separated over PC2 by ripening time and to a lesser extenfovariance matrices (plots not shown). When the bidimensional
by starter mix used in cheesemaking. The loading vectors Plots of Figure 5 and the score plots oFigure 3 were
showed that three main peaks (peptides or group of peptidescompgred, it was eviden.t that the two multiv_ariatg statistical
eluted at 4.2, 5.7, and 31.9 min, respectively) explained most techniques provided equivalent results. Relationships between
of the variance. Peaks in the range from 31.9 to 39.6 and Peptide profiles in the MDS space were identical to those in
hydrophilic peptides eluting at 4.3 and 5.3 min were correlated the PCA space, but the two spaces were oriented differently.
and were mainly associated with the first component. The The proportion of variance explained by MDS was higher (98.4,
second component was associated mainly with peaks eluting a®7-1, 97.6, and 97.4%, respectively, for VM, HI, MED, and
4.2 and 5.7 min and with groups of peaks in the ranges of54.7 LOW subsets of data) than that explained by PCA.

56.2 and 44.5—49.9. CA. Nonhierarchical cluster analysis was performed on each

Peptide profiles were transformed into classes by the fuzzy data set to assess the effect of the fuzzy approach on clustering
approach, and classes were used as variables for chemometridata and to evaluate if the VM and the FA approaches provide
analysis. Results for subset HI (101 classes) are shagure a similar grouping. The number of clusters used Kemeans
3b. Scores were comparable with those obtained using VM was obtained by two different criteria: (1) a hierarchical cluster
(Figure 3a), but some differences were evident. Core samples analysis was carried out and the number of well-separated
had a wider spread in subset HAigure 3b) compared to VM. clusters that were evident in the dendrogram was used in
In addition, samples from cheese surface at 1 or 2 weeks of K-means; 2)K-means was performed with different numbers
ripening and samples of 4 or 8 weeks made with reference smearof clusters (2, 3, 4, 5, 6), and a scree plot of a number of groups
(R) were separated, whereas they were tightly grouped when(x-axis) and within-group sum of squaresaxis) was produced,

VM was used. Surface samples of cheeses made with definedso the number of groups used in the final analysis was that
strain surface starters (mix C or D) were separated mainly over corresponding to the elbow of the graph. Samples within data

When a high number of classes was used, most peaks
contributed individually to the height of the corresponding class.
For a lower number of classes, heights of several peaks may be
summed in the same class. This feature of fuzzy variables
affected the differences observed in scores. Moredvigyre
4 highlights the presence of variables (classes at 28 or 42 min)
that were not present in VM. This suggested that VM might

ide differences due to small peaks (with low loadings), whereas
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Figure 3. PC1-PC2 score and loading plot vectors of variables obtained by PCA of peptide profiles processed by visual matching (VM, a) and by fuzzy
approach (HI, b; MED, c; and LOW, d). Variables with loadings outside the range + 0.5 are shown and labeled by the average retention time of peaks
() or by retention time of class center (b—d). Score symbols refer to reference smear R (M) and to defined-strain smear mix D (A) or mix C (®); open
and solid symbols are for core and surface samples, respectively. Score numbers refer to ripening time (weeks).

e Fo—+o—+ot+oteo{ (o |otetotototo ot

% FrtactA it HichActAcHd b bicthd bacbAd b Hd kA
s
ad

o H - e - - - - -

X XX X XX X XX X X X X X X XX

0 5 25 30 35 40 45 50 55

Retention time (min)

Figure 4. Retention time plot of variables with loadings outside the range + 0.5 that explained the variance in PCA of peptide profiles processed by
visual matching (x) or by fuzzy approach for subsets HI (l), MED (a), and LOW (@). Bars for variables obtained by fuzzy approach represent class

width for each subset of data.

sets were spilt into five groups (clusters-3). Groups were Grouping was similar between data processed by visual match-
represented as convex hulls in the MDS graphgigure 5. ing and data processed by fuzzy approach both at high and
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Figure 5. MDS configuration of the matrix of Pearson product-moment correlation between peptide profiles processed by visual matching (VM, a) or by
fuzzy approach (HI, b; MED, c; and LOW, d). Symbols refer to reference smear R (M) and to defined-strain smear mix D (a) or mix C (®); open and
solid symbols are for core and surface samples, respectively. Convex hulls around samples show the five groups obtained by K-means clustering.

medium numbers of classes (subsets HI and MED). Using a partial truth—truth values with concepts described in natural
lower number of classes (subset LOW), some shifts occurred.languages. Using a fuzzy approach it is possible to quantify
linguistic inputs and to give quickly a working approximation
DISCUSSION of complex and often unknown system inpuutput rules. We
Why the Fuzzy Set Theory Should Be UsedFuzzy set useql a fuzzy approach to transform proteolytic profiles in a
theory was proposed by Zadet( 18) to provide a mathemati- continuous .(fuzzy) subs.et.of data, SO that the new su_bset of
cal tool for dealing with linguistic variables (i.e., concepts data was suitable for statistical analy5|s. Thg t_ransformatlon was
described in natural languages). More than a single theory, the™ade by a rule-based membership functiéigre 1) that
author proposed the “fuzzification” process as a methodology eStablished degrees of truthfulness in grouping peaks into
to generalize any specific theory from a crisp (discrete) to a classes. Fpr more general information on fuzzy sets and systems
continuous (fuzzy) form, so handling the concept of partial S€€ Dubois and Prade (19) and Kosko (20).
truth—truth values between “completely true” and “completely ~ Fuzzy Approach. Retention time of peaks is the chemical
false”. In this way, propositions can be represented with degreesinformation of RP-HPLC profiles of cheese extracts, which can
of truthfulness and falsehood, and formalized tools for dealing express the hydrophobicity and/or molecular weight of the
with the imprecision intrinsic to chemical analysis or data peptides associated with each peak (depending also on the
interpretation can be provided. Visual matching, the common column properties and gradient characteristics). With the fuzzy
approach used to obtain variables from proteolytic profile, is a approach a predefined number of intervals in the retention time
procedure in which the researcher decides, on the basis ofaxis are fixed, and each interval maintains its chemical informa-
retention time, if peaks present in different chromatograms are tion. As shown inFigure 2, a processed profile appears to be
equivalent or not. In practice, visual matching is performed by very similar to the corresponding raw chromatogram at the high
answering the questions “is the peak with retention time A in number of classes, so that the chemical information is not
chromatogram X equivalent to the peak with retention time B removed by the “fuzzification” process, but it is combined or
in chromatogram Y?” and “are differences in retention time due summarized. However, peaks that are not well separated in the
to the instrumental error only?” This is a discrete situation of chromatogram become a single variable in the fuzzy profile,
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and this might represent a disadvantage of the fuzzy approachwith PCA, MDS represented almost in an equivalent way data
in some cases. Resultsigures 3and4 show that almostthe  processed by FA and data processed by \Rg(re 5), thus
same information was extracted from the data set using VM or confirming that the new approach could be used as an alternative
FA: cheese samples were classified in a similar way (internal to VM in obtaining variables. Results from cluster analysis
layer versus external layer, by ripening time, etc.), and the showed that the fuzzy approach has no effect on clustering data
variables that explained the variance of the data set were(if a high number of classes are used), so that the groupings
equivalent in the two approaches. were similar between the VM and FA approaches. Clusters were
Three main features distinguished the new approach (FA) represented as convex hulls on the MDS pkig(re 5) only
from the standard method (VM). FA was much faster compared to summarize visually results frol-means, but the grouping
to VM (a set of chromatograms can be processed in a few obtained byK-means was not necessarily evident from the MDS
minutes compared with several hours for VM). FA was more graph (overlapping of the convex hulls of the clusters) because
objective than VM (data processing by FA is automated and the two procedures evaluate distance relationships in different
achieved by a data sheet, whereas the results of VM may beways. In any case, the association of MDS with cluster analysis
affected by the ability of an operator to match peaks, as indicated could be an alternative in representing and grouping cheese

by the statistics for peaks position shownTiable 1). FA was samples based on their proteolytic profiles, especially when data
a flexible tool (the number of classes can be chosen dependingare processed using the fuzzy approach.

on the purpose of the analysis) with the potential to be used in

data reduction contexts (e.g., to make inferential analysis easier
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