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10.2.4 Analysis 

As a cunscqucnce of the henC?fits mentioned, and because of the amount uf 
labour and land needed to prodw:c a given of oil. olive oil com­
mands a much higher price than do most other edible oils. This in turn 
means that then: is a great temptation to adulternte the nil with a cheaper nil. 
such <I!) olive pomace oil, com nil. sunllmver oil, or lard nr castot oil 
(Firestone and Reina, 1987; Firestone, Carson and Reina; I 988; Firestone er 
al., I 985; Zamora, Navarro and Hidiilgo, 1994). Rapeseed oil, which can 
have ;1 similar quantity or oleic acid (Shahidi, 1990), and high olcic 
flower oil, arc al:1i11 popular choices as adulterunts. In addition. it is claimed 
that many oils purported tn be extra virgin had been processed in order to 
reduce the acidity level and so gain this cla;;sillcation. Firestont: d al. (1985) 
repom·d on a lJS survey in which 4 out of 5 virgin olive oils were correctly 
labelled) compart1d wilh only 3 out or 20 olive oils. In I tJ88 they followed up 
the 19g5 report (Firesionc, Carson and Reina, 1988). noting some improve, 
men!. This time, allhough only 17 out of JI virgin olive oils were com:t:lly 
labe.lk'd, so werl' I 5 out or olive nils; over 40''/o were incorrectly labelled. A 
Brilish Brnadcasting Corporation (BBC) radio investigation into olive oils in 
May 1994 suggested ilar figures for the British market. 

Tht• necessity to be <l bk to detect adullcralions in oils in was 
highlighted in May 1981) when 20000 people became ill and 350 died In 

Spain after con:;uming nils containing 'refined' aniline denatured 
oil (Aldridge, 1992). 

One problem faced today is that, as detection mdhods hecmne more 
sophisticated so too do the methods of the adulterators. Some method:i, 
which rely nn !.he detect inn of compounds which do not r in the 
genuine product, are useless if the adullcrator knows the technique and 
therefore removes the offending compound (Aparicio, Alonso and Morales, 
1996). 

Grob et al. ( J 994a) lhat ra virgin uils can h.:= distinguished by the 
prescnt.:c of u substantial quantity or volatile (i.e. they have m>t 
been If none of these volaliles is present, the oil has been 
t . 'Pure' oils, bei a blend, arc mun:' difficult to distinguish. Grob ct 
al. (I IJ94b) \Vere able to detect adulteration of olive oils down to l 0%. (even 
lower f'nr mm:I oils) by trning LC' GC-PID (liquid chromatography gas 
chromatography flami: ionization detection) by diri:ct analysis of 
minor components. They do note, ho\VeV('r, that strnng raffinalion 
adulteration difficult to llclcct. 

Historically, and indeed to thr prcsc11t day, panels of trained assessors 
have heen used to tiate olive oils (Aparicio I 
Aparicio, Gutierrez and Morales, 1992; Lyon and Watson, 1994; Morales 
et al., 1995). methods applied lo the results of such pa 
do indeed good results, but it is slow and restricted to the 
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dwrackrisiic~ .. Problems arising from dilll~JT!ll panels des1.:rihii1g !111.' same 
s1..:nsPry altrihuk with diff~rl)nt terms (which is quite understand11hl~ when 
pands are from different cultures and use different lu 11guages) may he over~ 
nn1w by nH:ans or sensory wheels, a technique which t:xplorcs the n:latinll 
ships het\vecn sensory auributcs (Aparicio and oraks, I ; Boskou, 
19%). Also, in the present scientific climate. where I.hi~ c1ilpri1s' methLJds 
:ire becoming ever more sophisticated, it i:; not 'hie 111 use taste pani:ls to 
Jetl"d reliably the adulteration or miscla~;sltkation (1! 1.1rigin Such method 
can nut, to Peri and Rastelli (I 994L IK'. u:-1ed a:-> a lcg,11 luol for 
l'Viiluuting quality or origin, although it still is (EC, l i)9 I). 

Oooda1 .. :re, Kell and Bianchi (1993) were I in dt.'l.cding ulttra 
tion of extra virgin olive oil by using A and PyMS. tensions to this 
work are described below in the section on pyrolysis mass spectrnrnetry. 

The Institute of rood Rest.:arch OFR. 1994) Fourier transform infra· 
rnl (FTJ R) spectroscopy and NMR (not stated. hu1 presumably 1 \ ') for till~ 
idnitiflcatiun of oils. Both methods successfully differentiated (\live oils of 
'differing botanical origin' and c<w1J also discriminate c,1dra virgin and other 
gradrs of olive oil. Fatty acid composition was found tu he the main fadnr 
for discriminating the origin, and 'other trace analytes' were used to distin­
guish the grade or nil. Other workers haw alsn Stlcccssl'ully applied FTIR to 
the analysis of olive oils and other e<liblc oils (Ismail et al., 199:~; Lni, 
Kemsley and Wil::;on, 1994, I <)95: van de Vunrt, 1994: van de Ynnrt, lsmail 
and Sedman, 1995; van de Voort et al. 1 l994a, b). 

Despitl' the IFR results, Zamora, Navarro and Hidalgo (I 1N4) were also 
able to distinguish between different grades or oil by means of 1 ic NMR 
ahrne, which relies largely on the fatty acid composition. F\1rina and Tl:>t:or~ 
nia (l 982) agree that fatty aci<l content is important in the geographical 
dussifkation of olive oils. 

Vlahnv ( l 996), at the lstitul.o Sp~rirnentalc rcr la Elaintccn has used 
11c NMR lo determine the quantities of diacylglyeerols ( nc;s), hnlh I I 
urnl L DG, in olive varieties Grossa di no, Nebb10, Curntina, Lee" 
1..';inn, Dritta and Caroleo. It \I/RS f()und that the lakr·ripening ol va lt'S, 

( 'oratina and Nebbio, had significantly lower DCi totals 1han had t 

v:.meues. ratio of I and I. DG alsu varied significantly 
variet concludes that the results rnay l preliminary new 
paraml'tcrs for ruture analysis. No monoacylglyccride signals W1..'.rc: found 
in the sarnples Other preliminary \VOrk hy Valhov and Angdo 
( 19%) has suggested that the p(1sition of fatty acids within the I 

nrnv be irnporw.nt for discrimination (I·orim1 and Tiscnrnia, l t.J!{.2; 
and Gas1ciger, 1993). 

Very recently, high-field 1 H NMR has been used with suc<:ess hy one 
gwup for regional and variety discrimination of virgin nlive oil ( er 
al., 1996) and oil quality (Sacchi, 1996). They suggest that pwton NMR at 
very high field (they were using 600 lVfHz) can be a more powerful technique 
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lhan 13 C Nfv1R rnr quality cuntrnl ul VJrg1n olive oils. rheir resnlts for 
region and variety arc promising but sugge!'{t that further work is yl'I 
required. Their variety results \Vere obtained with oils frnm inbria only, 
rather than oils from varinus regions. 

Gigliotti, Daghelta and Sidoti ( 1994) used high-pressure liquid chro­
matography (IIPLC) for geographical charnclerization of olive nils. Using 
rntios or 000, SOO, LLL and C>OL (0 -= oleic, S =- stearic and L linole1c 
acid) and ECN (equivalent rmbon nurnlH'.r) they were able to distinguish 
Moroccnn, Tunisian, Greek, Spa11ish and Sicilian oils. Their results 
also show that ma bought oils do not fit into any of their categories, 
suggesting the possibility of adt1lteration, Perrin ( 1992) notes thal 
Tunhiian olive nil has a much lower monounsaturatc/po!yunsaturate 
ratio than do oils of other countries (less than J:l compared \\lith 1-10:1 
generally). 

Bnschclle et al. (I 1J94) applied chemometric methods to chcmophysieal 
data to identify the cullivar of olives from the Gulf of Trieste area. They 
were successful in distinguishing the local variety Bianchera from those 
newly introduced into the regl.nn, 

'T'simidou and Karaknstus (1993) u~ed data on the percentage nf fivc faUy 
acids (palmilic1 palrnitolcic, stcaric, olcic and linoleic - data on minor acids 
were not available) to cla~siCy Ureek olive uils by region. Their results show 
that year of harve~t is more influential in PCA than is variety nr region 
origin. fn contrast to thi: results shown later in this chapter (Section I 0.4 ), 
they found mnrn difficulty in distinguishing variety than region. 

Zupan and Uasteiger ( 1993) nsed Kohonen ANNs lo discriminate Italian 
olive oils by region, suggesting that this is much better than PCA for 
mapping onto a two-dimensional plane. The network inpuls were the fa.tty 
acid content of 572 olive oils from nint: different Hreas nf ltaly (north 
south Apulia. Calabria, Sicily, inner Sardinia, coastal Sardinia, east and west 
Uguria and Urnbria). The analysis used I he percen of fatty acids 
(palmitic, palmitolcic, sltaric, oleic, linoleic, arachidic, linolenic and eicose­
noic) in t.hc oil, dctem1incd previously by uniilated methods (presumably 
G< '). Although not able to identify any of the rtginm; \Vith LO!YX1 accuracy, 
the Kohonen nets were able to predicl correctly up to 302 oils from a test !>ct 
of (although 51 of these 302 wt:>re only correctly assigned by using a K 
nearest-neighbour decision for empty space hits). Farina and Tiscornia 
(19~)2), using the same data set, \Vere able to pre.diet oils with 94.5% accuracy 
by using a K nearest-neighbour decision projected onto the hyperspace nf 
the training set variables. The te:c;t and training sets were randomly selected 
and were repeated ten times. 

Garcia and Lopez (1993) and Aparicio, Alonso and Morales (1994b) Wt~re 
able to distinguish between Italian, Spanish and Portuguese olive oils by 
using. an SEXIA (Aparicin and Alonso, 1994). !he Italian 
regions, Garda and Lbpez were able to distinguish 99(y;, of their St1rdinian 
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samples, 91.3'~!(, of the northern Italian samples, but only 77.41/;i of the 
southern Italian samples. They note that there is evhfontly greater disparily 
between oils from the south. These fig1ires would appear to be in line with 
our results shown later in this chapter (Section 10.4.12), where Toscana 
region oils \Vere much easier to predict than southern oils. 

Ciuinda, Lanz()n and Albi ( 1996) were able to distinguish five varieties or 
Spanish olive oils by examining the hydrocarbon fraction (excluding squa­
lenc) nf 50 oils from six provinces of Spain. They did not use chemo­
metric techniques. but a simple decision lrce (e.g. ((Percentage First Fraction 
C25 > 28 rhcn variety = Empeltre else . .. ) . 

Sato (l 994) showed llrnl near infra-red spectroscopy can be used with PCA 
to discriminate many vegetH bk oils from each other, including olive oil. 
Schwaiger and Vojir ( 1994) had similar success with GC analysis and PCA, 
the first two principal components separating olive oil well from the other oils. 

Although the Raman effect \Vas discovered in 1928 by Sir Chandra­
sekhara Venkata Raman, it has not until recently been applied to Cood 
adulteration problems (Baeten et al., 1996; Li-Chan, 1994; Ozaki et al., 
1992; Sadeghi-Jorabchi et al., 1990, 1991). Baeten et al. (1996) used FT­
Raman \Vhicb, lhey claim, produces 11uorescence-free spectra, using a 
1.064 ~Lm laser. They were able to detect adulteration \Vith soybean, corn 
and olive pomace with 1 oor01 accuracy dmvn lo I '.)A) adulterant. In fact 780 nm 
excitation in a confocal instrument (Williams, 1994; Williams et al,, 1994) 
produces excellent dispersive Raman spectra from olive oils in a wholly non­
invasive fashion (N. Kaderbhai and the authors, unpublished observations). 
Ba et en el al. (1996) comment that at present Hquid and gas chromatography 
is the most accurate technique to determine adulteration, and it is this 
method that is the European Union adulteration standard (EC, 1991), but 
that FT-Raman has the potential for detecting adulteran1s beyond the limils 
of liquid and gas chromatography. 

Not surprisingly, climate has been shown to affect the chemical composi­
tion of olive oil (Aparicio, Ferreiro and Alonso, 1994). Varialions in chemi­
cal composition bclween regions are presumably largely explained by this 
factor (although there are probably other factors). 

Simpkjns and Harrison (1995n) summarize many of lhe methods used for 
detection of authenticity in olive oils and many other food products. They 
note that most new applications they revievved relied on advanced statistical 
procedures for data analysis. 

Li-Chan ( 1994) reviews current developments in the detection of adultera­
tion of olive oil, pointing out that multivariate spectroscopic methods of 
analysis derive their power from the simultaneous use of multiple variables in 
the spectrum. The el'fect of interference in some variables can then be reduced 
by the calibration method used (PCR, PLS, etc.). This type of approach has 
previously been used for crude petrochemical oil, as described by K valheim 
et al. (1985) and Brekke et al. (1990), with very promising results. 
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Aparicio, Alonsll nnd Morales ( J 9116) suggest ! hat the future lies in 
spcdrnscopic (prt)hahly, they say., FT~Raman) and d1romatngraphic tcTh·· 
niques, cnupbl wi1l1 nrnthcrnatical algorilhms. 

10.3. l Nudear 11w.1:11elic re.,·om111t'(' 

According to Yoifor and Schaeffer ( l %:7), NMR spectro~a>npy is probably I he 
rno~H pc)\verful luol available to the chemis! for the pwhing ul the structure of 
molecules. I1 can rapidly produce data \Vhich ~uu1:1Ural formulas anJ 
even some three-dimensional s nf the structure of mnkcules can be 
deduced. Its use is in the detection of m1dcar~spin renrientation in an applied 
magnetic field (Catnpholl and Dwck, 1984). Indeed I Iarris ( l1J86) claims that 
ii is arguably the single most important tool for obtaining detailed infnrm:t·" 
lion nn chemicul sy'!kms al the mnkcular level.. fl is certainly recognized as a 
valuahle technique for ;rna!ysing fond products (Belton, J t)l})). 

Nuclei of certam isotopes (e.g. 1H, 1 C, 1'1 F) in1ri11sic 
rnornentu!Tl or spin (!hey are said lu be spin-::ictive- have I.he ability tu 
!'esonate). A nucleus which is spinning also possesses an assnt:ialed magnefic 
moment p,. When placed in a strong 1n:111,nelic field, lhcr;c nuclei can absorb 
electromagnetic radiation in !he radio frequency range. /\n NMR spectro­
meter picks up and displays the precise frequency at which resonanCt' lakes 
place (Williams, J 1)Xfi), 

Carbon forn1s Lhe backbone of all organic molecule:;, and Carhnn~l :\ 
(

1 
\·) is th(' only magnetic carb1Jn botope (Wehrli, Marchand Hnd Wehrli, 

1988). From the point uf view of the organic chemist, it is fortunate that such 
an isotope exists, forming some I. l 1~1~1 hy weight of naturally occurring 
carbon (Stryer, l 98 l ), 

ln the field of olive oils, NM R has been applied bd'orc (Anon .. J L)94: 
Bianchi et al., l99l I Gussoni er a.I., I u·R. l!J94; 

varrn and Hidalgo, I rating the tial of this technique 
fnr analysing nlivl~ nib. Brekke et al, ( l 1)1JO) and vHlhcim et al. ( 1985) also 
show that a combination of NMR and PC can used to distinguish 
hct\vccn different North Sea crude oils. 

J'l1eury. The magnitude of the spin (angular momentum) of the nucleus is 
lr!J(l + 1)] , where I is the nuclear spin quamum number and fl is the 
reduced Planck\; constant h/br. 1 may have only integral nr half~in I 
values (0, 1, I. l~), .. ", 6, in units r1I ) (Friebolin, I ), the value 
dependent upon the isnlope. For 11C and 1 H, I ~. Whim I 0. the nucleus 
haH no angular mnmcntum. Transitions between ~rndcar :-;pin energy lcvds 
giYe rise to the resonance phenomenon nl' NMR. 

Supplied by the British Library 26 Feb 2020, 10:48 (GMT) 



<'111 11'vlOMFl'RI<' MFTllOllS 7 

In a nuckus conlaining an even number nr h11lh protons and neutron::;, 
I - 0. This includes the cmirnwn ahm1s 12 t' ilnd 1"0. This kads to consider~ 
able ~;implillcation or the spectra nf organic molecules. The mason for this is 
that nuckons with nppnsitc sriu can pair (though 11cutrons can pair only with 
neutrons, and protons with prolnns), j11sl as ckct rons pair. If 1hc numbers nr 
neutrons and/nr prutom; is odd. !hen the spin is n1n1,zero, though lhi: aclual 
valUt:' depends upon orhital-type intcrnucleon interactions (Akitt, l9H3). 

rk'rause it is difficult to knnw 10 ~,ufllcient ~H:curacy the value nf tl11~ 

magnetic lfold applied (Harris. 1986), a standard <'f known rt.~sonarn:e fre­
quency is usually used. T'hc rrio:c.;t com'criient standard for 1 and rrnton 
l'-Hvrn. i-; tetn1mclhylsilanc (Tf\·1S) hccallsi:. it contains fnm cq11ivalcnl carbon 
a1on1s, and the fl'Stlllanl ~.I rung signal ml.·an:; that only a small amount ( l'>;j 
5':/;,) need added: ir givt:s ri~.;c to slrn ls. is chcn1K·ally inL~rt and is. 
soluble in most 11rganiL· 1nakrluls ( ). The peak is taken as 0 
in !ht: 1~ scale nnd increases in a duwotldtl lliret:tion. 

The rt~snn;mcc ln:quem:y 1•n nr an isolated nucleus 

yHo 
( 10. I l 

1.vhere Ro IS thl' strength nr the :·.t1.:·;1dy magllt'tic fidd and y is a nins!anl {I 

ic ratinJ ( rytt, I I) 

Dependmg un the d1c111iL·al cnvirorn1wnl (b()nd etc) th1c' 
resonance frt:qm::ncy of any one 11 t' atl)ll1 will he rted hy a few pans per 
million (ppm) from !hat nf fhL: st;i rd. This ls the chemical shif!, The 
formula calrulalrng the chemical shin 1\ then, is 

\'ref 

v,;:1111 11 1c ( H l) 
1·1d(Mllz) 

(adapted frrim Brevard and CJraii , l 981; Ft icbolin, l 99J). 

( 10.2) 

The nucleus of an atom is surrrnmded h)1 dee! rons The~ elecl ron cltlud 
shields the nucleus tu some extent frnm the: applied magnetic fidd. 'The 
anwunt of shielding 1:.kpends on the nature t'1f the electrons around the 
nucleus and is gjven by !he rormula 

(!0.3) 

where 0 is the shidding constant, lldr is lhe magnetic field at the nucleus and 
Bn is the appfo."d magnetic fo'.ld, thus nltl'.ring the chemicc1I shirt. Then, the 
chemical shift of u given atom varies :1s a Cundion or its chemical envirnn­
menL thus allowing the description of the chernical enviromnent from the 
chemical shift, 

For most studies> the same deuternted solvents are employed in both De 
and prnlon NMR, A major advant<igc ()j' 

1~C spectroscopy over proton 
NMR is the larger chemical shirt rnngo that l'or most. organic :rnbstnnces is 
·"'200ppm in L'Omparison with !Oppm l'or prnt011 NMR. 
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The chemical ~hirt nf carbon depends on the hybridirntion of carhno ::rnd 
its s!rnctural environment, and from high t.o low lleld is sp\ sp and sp!. This 
trend jc, observed in I typical olive oil 11 C' 5pt·ctrnm. l he chemical shift or 
methyl and methylene sp 1 carbm1 is in 1he range HJ 'JO pprn; the range of' 
olefinic spJ carbons is I 130 ppm; the carbonyl carbons appear in the 
range 170-175 ppm. The glycerol carbon shifts are fo11nd in lhe 60 70 pprn 
region (Ylahov, 1996). Tlll' high·resolutinn uc NMH spectra of olive oil, 
usually dissolved in COCl 3, arc 1\::adily c1btaincd running 250--300 scans. 
Spectra consist of 40-45 signals. Most or the signals are assigned according 
to lhc chemical shifl of standard compounds nnJ literniure data. A lypical 
speL;trnm for olive Di! is shown in Fig. I 0.1. The principal assignn1ents are 
given in Fig. I 0.2. 

10.3.2 Pyro(i•sis 1w1ss spectronu·try 

Pywlysis mass spectrometry (PyMS) is a technique thnt (via Curie-point 
pyrolysis) thermally degrades a s:1111ple of inten~i;t at a known temperature in 
an inert atmosphere or a vacuum. It causes molecules to cleave at their 
weakest poi11ts tn produce smaller, volatile rragments. called pyrolysa1e 
(Irwin. 1982) Thc: mass spectrometer can then be u:Hxl to separate the 

Corbonyl, Carbons 
Olofinic GHrbons 

Glycerld1c Carbons 

·l 

(<'l) 

CH~ Envelope 

I q 

/ 

(d) 
:m II\ 

Figure !fl.I 1'(' NM!{ ~peclrum tif e:>;na virgin o!ivt: nil uhl<iined Imm the Dritta cullivar: (a) 
carbonyl region; lb) oldhiic region; (c) glyceridic region; (d) CH_, t•rtvdope and methyl region 
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Fil!ure 10.Z 1:1<' Ntv1R :>pectrun1111a1;1r.:tl oil: the expamkd olcfinic r1·gi1111, 1.n linokn1c add: 
L -- 1i11ol11 ll' acid; 0 uldc acid. 

cnmponC'nts or the pyrolysale on the basi.·~ nf I heir mastHo·diarge ratio (m/:) 
lo produce a pyrolysis mass spectrum (Mt.'uzelaar, Havcrka111 p and 1-1 ih·­
man, 1982), which can then he used as a 'chcrnical profile' or f'ingerprinl of 
the sample rnaterbl analysed. 'The spectrum obtained may then be used as an 
input to some ~malysis tool such as Neurat Nets, PCA, PCR, PLS or nl 

statistical or computational techniques ( ichi~. Spiegellrnltt;r and Taylor. 
1994; Weiss and Kulikowski, J 99 I}. alluwi lhe sam.ple to be categorized. 
Much work has been done in this field alrcad~1, including Lhc use of bacterial 
strains with hnlh standard had-prnpagatirn1 Al'.fNs (Goodacre, Neal and 
Krll, 1994) and Kohonen t\NNs (Goodacre er al., 1996), 1~1)mplex binary 
and terliary mixtures ((Juudacre, Neal and 19941. casarnino acids and 
glycogen (( rornlacre, 1993; Neal, 1994), m1crohial ferrnentations (Goodacre, 
11J94b; Goodacre and Kell, I 9l)(1; (foodacrt:- er al .. 1995) and the adulterntinn 
of foodstuffs such as olive oils (Gnodacrc, Kdl and Bianchi, 1992, 1993) and 
orange juice (Griodacre, Hmnmond and Kdl, 1997). h has also been suc­
<:essfully applkd to other discrimination prohle-ms, by Aylott l'I al. ( l 994) 
with PC'.,,\ and CVA for classification of soine nf 500 brands of Senich 
whisky, and by Kajioka and Tang (1984) to distinguil'!h ht~lwcen species 
of f he family Legione!!aceae, The latter led lo the idcnUr1caOon of a new 
strain of the bacterium. 
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In ( 'urh~-point pyrolysis the material i.s placed on ;111 iron nickel alloy f'nil 
which is heated t.o the Curie point of the !'oil (this is 530 C for 50:SO Fe Ni 
roils). For a given type of foil, the Cmic-pmnt tempernt un: is constant, 
therefore this type of pyrolysis is very repmducibk. The foil holding the 
s::uuph: is rapidly healed m its Curie point hy passing a radio-frequency 
currenl ror J s (in the case of Hori1.on 200-X inslrrnrn:nl used at Aber­
ystwyth) through a coil surrounding the foil. The foll l~1ke~> around 0.5 s lo 

reach this pninl; al this temperature the material on the foil is thermally 
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HU Tw,1 typical pyrolysis mass ~'.ped.rometry ~p(;etni of t'Xlnt virgin nliw oils frnm 
Sicily and I .azio. 
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dei!radcd int11 its pyrnlysate. The pyrolys:lle is thon separated inlo its com­
ponents by Ilic mas~; speclromdcr part of the cq11ipment. producing :1 
pyrolysis n1as-.; ~pectrnm ( 10.3). GlHHlaere ( l994a) and Goodacre and 
Kell ( l 996) give a very thorough analysis of the PyMS ledrniquc and 
equipment, along \Vilh a brief history. More detail is given in lhe bonks hy 
Irwin ( 19:{2) and fvfeuzelaar, Haverkamp and Hih•m;rn ( 1982). 
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Figun• ltl.4 A typical predidion curve for adulteratiun 11f c:>.trn \'trg1n olive nil. Adulter.1tion 
seri~·, ll>ing from II IOO':/;, ;1dultcrnn1 w1:1t; p1<cpared u~mg husk oil, with :;:i every "'>;. [:1 
total of 2 l S<lmples (iri triplicah•Jj, 1.5 fd of :mmpk w;is unaly~ed h,v pyrnlysi:> nrni;s spectromd1 y 
and liH~ spectra L:nllL'cled owr tlw 111/z range 5 l -200. D:tta were 11nrmalizell us ;1 p{~rcentagl' or 
total in11 cuunt ln 1n1wve the nwst dircl:t inl111ence ~)r ,;;1111ple s)ti,' 1wr .\'I'. Nnrmuhzed sp.:dra 
wen: \Pl tnl al'•:111d111g to the k·vd of adulln:ition, with triplieak' !<'igcther. l l:ilr nf 
iht':>t' sarnpks (~very other nnc) were used 1n 1.n1iu :i ne11r;d net. !he: h:ilf being ll'if·d ;1;. 

u tL:st set. The nctwu1 k archiktlure is co111posnl or all input layer of 150 n<Hks, one l1o<k for 
each mwis within the spectrum of each ull. a hidden layer of R nndcs :ind a single Plllput nude. 
Hi:;1d1•11•m was nrnintained :H l 10"1~. for each input A sigmoid (lt•i~i·;til,:) trnnsfn function was 

the data rdat1011ship 1~ suspected l<l be- nn11-li1war. The learning al1:r>rltb111 
wa& -.tandard had: propagation (lhal upd111cs weigJ11:' as each pattern is pre<.<mted) with u 
learning rate of 0.2 and n mnmenlum of O.H. Pattctnt> were presrnt1·d randn111ly with noisl' llf 
OJl'I added. i\11 d:ita going into and out of the net wi:·rc r.cak·d autnmatkally (Lach column 

inJivid\lall\') hy the ,;,iflw.irc. 
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Figurl' 10.5 Neurnl ne1 prcdicthin or virgin 1\live 11il adullc1a!ed :11 the I'~,{. lcvd by high olcic 
r,unlll>Wcr oil. (a) Pr;;-diction w11h variahk selctl10n. h(l samples, :10 rrdulwrnwd hy I voL!vol 
high olck sunllowcr oil and ~O 1111adult1m1ted, wen~ nm 1hr1mgh lhc pyrolysii; m<rns spcc!r'Omutt;r 
and the Bjxdrn t:<illcctctl. Da!a werL' rwrmalized \,1 th·~ total ion count uf the samples and 
pri1wipal compom•nl~ analysis (PCA) perfonneJ. The t1r1>l factor from Ilic PC/\ anaJyg1s v"'" 
!hen U~(·d IP sded lh•: variables (5:'}) which wcr1: fed i11t11 an artifkinl neural net U~lllg a slochaslie 
hack·propagalion algonlhm; 1 adultcr~1ted and 15 uo<trlt1ltera1cd samples, em:odcd, resp<\> 
lively. a~ l und 0, were used to train th(~ net (58 nodcs on the input layer, 4 nodes 1n tlw bidden 

and a ~.ingk 1•utput node), and JO samples were used (1• tesl the mot.Id. The ref.Ult~ for the 
unseen test set art• shmvn, and w1.·rt' obtained :tfttr 2'J ono epodh with an c-rror on 1he1rain1ng '..;'-:! 
nf 0.01. The horizontal Iha: at 0.5 is au aiJ lo intcrpn:wlitlll. All sarnph:••: wilh l! vahH;, close lo I 
(i.e. I hose abuve 1he line) arc the pn:dktc:J udult<:raicd ~umpk" (actual aJuherntt.:d sampl6 
lllkd circk!i); all those with a value dose 10 0 (i.t'. tho~·· bdtlW the liuc) arc~ the pr<:dit:11.·d 
1.madillter:1rt~d (~h.:tual unadulterated :<;m1ple~, bein1:! upc11 circksl: 11 n1Jl of 15 (7 ::\ 11/;,·1 
11naduherated samples <Ind 13 nut of I 5 (87';.il) adultcral<.'d beinH pri.:dicted 

One of lhe advantages of is that it is ively cheap com-
pHrcd with other melboJs of analysis. Many sample.scan be run through lhe 
Pyl\,1S mad1ine in a short time {typically than 2 min each) at a cosl of 
than fl sterling per sample, 

The atornic masses up to 50 are discarded since they include very common 
compounds such as methane (CH4, 16 anrn), ammonia (NI l:i~ 17 amu), water 
(Hl)) 18 amu), methanol (C'H~Otl, amu) and sulphide 
(H;iS, 34amu), which arc: likely to be present in large quantities in any 
pyrolysale. Fragm1.mls \Vith an m/;:; ratio of over 200 are rarely analytically 
important for bacterial discrimination so these are alsn discarded (Good-

Supplied by the British Library 26 Feb 2020, 10:48 (GMT) 



«'HHMOMl'.Tlll<' METl!Ol1S J31 

l.2 

0 0 

0.8 0 

) 

0.6 0 

0.4 0 

0.2 
0 

0 
0 

.lJ.2 J 

5 10 15 20 30 
Sample number 

Fii.:un• lll.5(b} PT1·dit:1iun with nn v.irwblt' '.ck<'lion. The ralionale was ~is 1\1r part 
(a), 1•:H't'JH th::ll 1lw artilidal numd network was nm on all I ~O variahlr!i, tlmi is. no variahlc 
sdcdion was used. Optimization in 1his case rcs11!1ed in huving 8 noJcs in the hidden l;1ycr: the 
nut puts were obtained after J 0 HOO cpuchs with 1m error un the calibration ~et of 0.0 I. 6 11111 nf 15 
140 ;1i,) unadul1er,1tcd c,:imples u 111.l l 2 oul pf 15 (80°1:,) adulterated s;unp!~:s wi:re fH<'dk·tctl 
C'O!l•'«llv It muy br ~·:l'll that wry puor ~cparntinn was ;ich1t'Vcd tht' IWo d;ila b;h1::; do ntll 

line 11p 011 the p1eJ1ct1ve value. of 0 M l but fnrm a loo!ie cloud in the middle arcu around 0.5, 
indicating that the m11 was unable lu :;epiuat~' the two groups clearly. 

acre, l l!94a). lt is assumed that fragment<; arc alsn unimportant for 
other organic compounds, although nn reft;rence has hct·n round to support 
or contradict this belit:L 

The exploitation of Py MS for assc_'ssing the adulteration or nlive oil (Good~ 
acre, Kdl and Bianchi, J C)lJ2, l 993) has been conti1111ed by nchi, Gians:::tnte 
and I (1996) and by Salter et ol. n 997) \VllO have shown that the 
principle is g1:nerally and qwmtitatively applicable to a wide range of pntcn~ 
tial adulterants, im:luding nlive oil, hazelnuL oil, husk oil, corn oil, pc~wm oil, 
maize 011, soya uil, sunflower oil, high oleic acid oil and 
stom>, along with rnpeseedhioya ancJ palrn/peanut/sunflowcr oil mixes (Fig. 
I 0.4 ). Predictions may be improved upon in some cases by I.he use of variable 
:~ekctinn. and in many cases adulterant-> may be tlctected when present at 
than (vol.ivol. Figs I 0.4-10.6). Bi:.1nchi er al. (I 994h) suggest that ultera­
tion hy lnwer grades of olive oil may he detected by the presence or kmg 
chain esters, 
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Fi~ure W.6 Adul!t:ration M:ric;J rww 0·:;1,...JOO'/•;, w1.•1~· prepared using husk oiL with samples 
1·wry 'i':·. !a tt·•tnl 1 ii' 21 'ample~: (in ti iphcatc)]; 1 11l of sampk w;is by pyroly-,i•; mass 
!,rl:'~·trnmer.n in 1 riplic~Ht over th.: 1n"~ nrnge 51 200. Data wcr.: norrnilh;n;d as a 
total iuu \:Pl.l!lt tP rcmo\'t" tlw mn~! dirC'<:t inl1tw11ct.• ut' sample "'U' ti"r 11» 

were sorted according w level of at.lulll·rntion, with 1 dplicrH•:s bd11g kepi 1 ogethct. !lair of these 
samples (every other one) were 11.4cd to I rain a neural 111;t, the other half being used aa a !c':>I sot. 
l'lw network :irchitl:'cturt is ciimpn~ed of an inp111 layer corn;spomling to !ht: number of 
vadabk,~ u<:.:·d, nnc nridt> for rad1 mass used within I he spedrtllll 1if rad1 oil The riptimum 
numher or nnde0 v•hhin the hidtfon layi:r V<trii:d. \'.llll~t ;l outpul w.1-, mi:-d thal rq111:;;s.·1H<"d 
the l:'~tlrnation or llH: mJuHcral10n ib l1 llllltltric Vi1lm:. HeadHJ\)ll'I was maint:nni:'d a! 
I IO'X (for '-'ach input) for all networks. A .sigrrn»1d (logistic) uansfcr runction was uscJ (uok8s 

stated othorwlscl as the data rnlationship was suspected to be 110n-linear. Thu supervised 
h;arni11g algorithm was standard bark propagation (!lrnl updnleN weights as each pattern is 
prl·scnted) with ;1 learning rntc ol 0.2 and a mo11wnlun1 rate of 0.X. Patterns \Wte pie-;t>nted 
r:mdornly with nqis:e of 0.05 added. All data going into <Hid out of !he net wen: s.caled 
:iutornatic:!lly k+td1 n1lurnn individually) by lhc ~othvare. (A) nu varrnb!e 
sckction. All I 'ill mus::;i~s :ire used. with 8 node:; in lhe hidden lay~~r. Tlw network was nm 
nwr 3622 epoch~ t1l a training terror of 0,025 and a le$l 1;<;11 RMSl~.I· of 1.25. Afirr 1hi<> pnint 
overtrnining rn~i.:mrNL (B) Mu111al information w;1~ used as a mctlJtid nf variable :;d1:dion. All 
l .'10 varinbkf; WtH't' :1:,~e.ssed w;i11l' 111111ual inforrnation (IJ11ttiti, 11.N4). The three variabks that 
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I 0.4 Mumrarfat<' nu-Omds 

For the purposes of this chapter, it is convenient tu 1:nnsidt·r 1 ltc cnmpkte sd 

of mea~mn:d quantities (e.g. the different ml.' ratios 1if Py MS ion counts) fnr 
a given sampk as being a single 11-dime11siumd p11.;;mon vector, 
.i: 1 (\1 X:i'' .X11) with -'t being the Im~asun:d vnlw: or q11;1ntily ;, Asel nf 

m such w:ctors is rcprceiented as a matrix, , wii h rows, x,'. lhe value stored 
al row f, \,.'OiU!Jlll j of lS de!Hllt'.d Xii· 

A scon:s matrix is nne in \vhich the culumns contain thr valt11:s ol' irnns~ 

fom1ed variables. An exarnplc of a snires matrix is that rnnl:ii1ii11!l principal 
1.:omponent values. A tir nm 1 rix is nnc hy which a l~t 

matrix may he multiplied In nhtain a snHcs nrntri:-:. 

10.4. 1 Pri111ipal1'0/11/Hments 01111/1·sis 

PC'A \vas 

w.:adc:rnh..: Lest results. The 
) as an aid tn !ht· intcrpretati1m or 

hehinJ Pt is 1h:at a ~.;ct t1f test n:sults 
often shows cnnclutions hctwccn lh1: different lypes or lest, Tlwsc results are 
presumably re!lccting some 'mental factor'. llotclling dcri PCA as ;1 

method for extracting a set of 1mcuJTl~ln1cd variables a:, linear combinations 
of the original variahles. The 'mental factors' arc cnnlatnt;:d in tht: nt:\v data 
set. Hotelli namt·d l new variahles the 'l:nmpnnents' and eJ lhaL, 

if the components wen: arranged in decreasing order of varia thc'n the 
first fc\v, the 'principal cnrnpnncnts', should he lhnsc which clrnnictcrized 
the 'menial factors'. Later componl~nts wnuld reflcc! less important elTects, 
with some possibly rel1ccting measurement errors. Tests \Vere suggested 
which \vould allow laLer crimrHHlcnts to be discanfod a:ci nnise, so leaving a 
lower-dimensional data set, with the most easily interpreted effects appear­
ing first. Figure 10.7 demonstrates how this can be useful. Ewn a three­
climensional cloud of' points can be difficult tn interpret if it is viewed from a 
poor vantage point. By rotating lhe clnud in a rrnrnner which is in some wny 

were dearly ! he most imporl;1n1 were fod into ;rn artificial ncurnl m~twork (ANN) hilvi11g 4 nodes 
in I.he hidden I aver After some 3td 4fn epnchs a I raining Cl rur of0.01'!2 and a t_1;~t R rv1SEP or I. I 
was recorded. ( l') The w valtw ( ll'xL Seetinn I 0.4.11) Wt;.~ used 11.~ a ml'thud of v11ri:i bk s~·kction. 
All masses w<:·rc ranked according to tlw w value and (he Ill:~! .'\O :;L'ki.:lcd a~ :111 input lrn an ANN 
!hat had g node' in the hithkn l:iyc1. /\rt~~1 sonw 9'Vi7 epnchs :1 llnining error of O,OS and kst 
Rl'vlSEP or 0.9<J wa~ achieved. (DJ Principal 1'0111)11\!Jen!.s ilil;lly~is W;ls Us1•d ;ls tht~ method for 
variable selection. All ma~~cs wctl' rnnkt:d nu.:ording 111 the scun: uf the firs1 pdncipal eOrHJK'· 
nent. the bcs1 50 v~{ria blcs being selcttcd ;is the input fnr an ANN. Thi: /\ N N comi·;h;J or an 
input layer of 50 nodes, a hiddn1layer1•fX n•1tles and a si11gk1 nutput node. iii thi'l Gase a hnear 
transfer fundion W<Jt> found to be llp!mrnl, p.:rl1aps 1dkcting lhi: li1war natun·. nf thr variahlr 
:;election. After ~·ome 2B a trnining l'rf(lf •.>I 0, I aml a !i:sl RMSEI' uf 1.14 for !lw 

illustr;tt;;d prcdietkrn was achkvi::d. 
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uptimal, 01w can obtain a mud1 clearer view of any strul'!ure within Ilic data. 
PCA helps to ad1ieve thh aim. 

I lolelling's derivation or PC;\ WilS made by assuming that Lile original 
11 variables in X were nonnally distributed. The overall distribution of lhe n­
dimrnsiorrnl vcclnr set or ~,amplcs in X is therefore a rnultivariate norrnal 
dbuibmion and 1.vill appear ellipsoid;1I ir ploned as a scalter plot in n­
diim:nsional ·.pace. The method used Wat>\ to derive: ;1 formula rnr !Ill' opti­
rnally Citting ellipsoid. using least squares methods for the optimiznlinn. 

An alternutiw derivation may be used which giw.s the sa1m~ rc~~ulls as 
Hntelling 's hut which dues not require tlie assumption of norrnalit:v of the 
variables in j a::; rnllows. 

Suppose one has a cluster nr II dirnensiomll point:\, X;. 'The requirl~ment is 
to rind a set or axes for the cluster such that when lhc x; are transformed 
lim;tulv to the new axes the lransforrncd variahlcs are uncorrelated, that is ~ . ' . 

nne needs to find 11 orthogonal unit vectors, such thal lhe and are 
11ncnrrelatcd I'm i f j. As~rnming that rhc variables in have been n.>nl to 
have mro mean, and scakd to unit varinnce, one has S = X as the 
correlation mntrix of X. 

One must therefore find an orthonormal mat 
I has non-zero values nn t diagonal nnlv. that ,_ . 

-·1 
1 

- _ ____j ____ ' ----1----•-· 

11f how principal compontHb 
inl~1rm;1tion 
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( 'l I liMOl\ln JH IC 1\11\ 1 l IOUS 

ll I {) 0 () () 

() ii/ () 0 (} 

d J ii ,l!, (ti I I ' · • 1 (/ 11 ) I (10.4) 

() () () () 1111 

Pl pl rxp pT - diag(111. ' ' ' 1111}' ( 10.5) 

Sis :1 111111L'.lrk matrix [~;incc cmrdali1in (X1,X1) - correlation (Xi 1 1)l of 
real values. Therefore, from the theory of cigcnannlysis, ii l'olknvs thnl P is 
tile 11wt1ix \Vhos1: t.:olumrn; :m: the 1)rilwgo11al cigenvtx!1in~ nf S ~ind that 
u 11 ... , a11 arc tlil~ concspl)11Ji11g cigl~nv;ducs. For J more detailed discussion 
n!' lhi::'t.lry s1:l'., ror example, rvrnrris ( l 'Jl\2). 

Thi: problem ul ll1HJinr1. the t'Omponents of X is U11:refure that of deriving 
the ei \)r S, the cnrrelatiun matrix nf 

. consilkr a component. T1 
hy r1 Xp 1 , p, is :rn 
lue Then 

nrs m 

The yamplc 1ml11t''; u!' T, 11 ~ire 1h~rived 

. Let .\ be I he corresponding 

- p;.)'p, 

{ \ 
/11 · 11P1 

r - .\pr' P1 

.\ 

un.kr ul variance, one 
OJ dn of eigenvaltk'. 

(10.6} 

(Ill 

However. P is orthonnrmaL so iis columns {and rows) must be linearly 
indcpcmlcnl. and the dnl product nf any l\VO columns (rows) must be 0 ii" 
they are not the same'. or l ir they an~. Thal is, 

(I 0.8) 
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II (1 II 

"' var(7'1) '.:,' ,. 
'- /k o," 

1--

r; 

51'11 ( l0.9) 

11 

- var( 1) 
i-1 

Sn, the propnrtion of 1he varianci~ in X explained by component i is thcrcl'nrc 

,\I 1 var{.\'r)J 
1
• ur \/n for X1 scaled to variance I. 

By using llw ahove, one may then extract prindpal components (hy 
cakulating eigenvector . .:;) in dec1·easing order of variance (by nhscrving the 
corresponding values) and know Lhc proportion ur the va in X 
explained by any component (by uhserving the lue size). 

Ex tracti11g 11ri11cipal com1>o11c111s. The mn t hcmatical liternture details a m1m~ 
her of meth11d•.; for dclcrmining the eigensy:-.tcm of' a mat In the case 
principal component extraction, Ilic matrix is square and symmetric. as 

/I II 

( HLI O} 

\Vhich makt·s a number or methods available. 

111cohi'.1· 111d!tod. Jacohi's method allows ail n eigenvectors and eigen­
values to he extracted at the same time. JI works by applying a sequence of 
transformation!' to reduce XT to diagonal form. The product o!' th(' 
lransl'omrntii.m matrices is a matrix h.:1vi11g the as columns, 
and the diagnnal of the n:<luct:d matrix are lues. Th1.· 
off-diagonal elements or the matrix are zeroed by applying a plane rotation 
rnatri:•: lO each nff-diagunal position U. j). A full description or this method 
may he found in Gourlay and Wa!~-mn ( l <>71). 

Unfortunately. Jacobi\ rneth1x1 is computationally intensive, requiring or 
t IH~ urder of <wJ arithmetic opera tinns to en lcula te I he eigensyst em. 

The pntl"t'f' method. The piiwcr method may he used to dct..:~rmlne 
largest eigenvalue and its corrcsronding eigenvector. The met l1rnJ uses the 
itcrntive schrme Zk = Azk-1, k = I, 2, \ ... where A is the /1 >< 11 matrix and zo 
is initialized lo a firs! estimate of the eigenvector. Then Zt: tends to the 
eigenvector and (Zk))( 1)1 to the eigenvalue ask-, [where (z)i indi­
catl~S element i of the vector, z]. Ead1 iteration uses order n2 opc:.r:itions, with 
the rate being proporlion3J (o !he ratin nr the first two 
values, ratins tu unity giving slmv convergence The method fails for 
);:1rgl.:st eigenvalues of equal modulus, with the eigenvl~Ct.or oscillaling in sign. 
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( !IE'l!UMJ! l!Zli t>il f!IO!)t; 

~~11h~;uq11cnl cigL'.11val11ts can he ro1111d hv transl'onning the matrix, A. :md1 
I Ital the remaininµ, ctgcmystern is tt•t:iim:d, but lhc ir1llurnce nf z: is tt'111ovcd. 

l'lii~ .. process is k n1iw11 as defhu inn illld may hl' adm·vc·d m a n1m1 r 
w:1 /\ in. Sl'C I'. nltl!'lilV and \V:1t;;11n ( l97J) for lunln:r 

Si1111i/1a11eo11s i11·rntio11. Simullilllt'.Otts iteration (Clinl and Jennings,, 
1970) allows the ~:i1intH<1lHXHIS cxtrncllon of the k .largest eigenvalues and 
their un·respondi c·ig1~nvectorc;. Tht• llll'l hod worh hy reducing the proh· 
k·111 In !hat or rukulatin1~ t.he . matrix of /., · 
Tl11:. t~tgensystcm i· .. u to mi an cstirnatt: or thl' on; 111" !he 
largn rnal rix. The is iterated until the required iH'1·uracy is nh1ai1H.'tL 

If k ·· 11, then a gre:rl saving in timu nwy he obtained. 

the non-linear ir1·1·an1'1' pal'fial ln1.,·1 .\l/1ttlres mer/uid. Tile previou'; 111c1fi, 

ud 1cquir•:d t.hc c11\·;11i1111ce matrix.. 1 
1\1 il<tl•:d prior tt1 ... ~x1r;1ct111n 

ol ! lit< ci nc\11~lincar itnatiw pani:d uares ( IP:\ I .S) 
alµ,11r1thrn !Vlold, l1N1(,, 1975) sidesll'ps this uircmen! nn!ing that 
L:o111pu11tnl weight may be deriwd lrnm X and thu corresrnnding co111pn· 

IWll(~i by linear lTgrc::si1)Jl. The comru1ncnl~' are, by dd"miticm. obtaim~d l'rorn 
and Lhc \Vei.Erhts Wd.ur. Thus. nn i1crativc rrotTs•; 1_·:1n he JerinL'.d: 

ninke an inili~d eslinul.e for tl1c score:, \'t'Clor. fr1. 

repeat I. he fnllnw1ng: 

_I · 'J · I T 
f'11 ·-- (I t1- I f11 I ) 1,1 

nnrmulilc tu haVt' unit kni;th: 
the matnx 10 form a !lt"\\' scores vcctur, r c:-

ll!I\ ii p 11 urn vc:Tg1.·!;. 

This lll'ocess genen1lc~; the first principal component loadings and score~: I'm 
Their effect may tl1t'll removvd l'rilln X by prui1·c1i t back inl1) 1.he 

cnmdinak svstem 1i:;cd f11r X and -.;uhtr:icting: 

Tli1: ik1111ion i;an he repeated 1m In 1)h11:1in the scc(1nd and st1b~;eqt1c'.!lt 

cn111prnw11ls. This algorilbm is or urdn n2 for each compollc~nt t'xlrackd, 
ckpeml nn the con rate. 

!IJ.4. ,1 Prnlif'fiff modd\ 

Tht: methods disrusstd thus !hr allnw the explorntiun of a multidirncnsinn:d 
data t\d, i!ntl may ;1Jlo\V duslers tn he st.•parated, bul (hey do not resull iu 

prcdH'ltVt' 
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In lrnlld Cl ;.y:;telll v;1p:1hlc p11·dil.:l.i11g vli;11;11·.1.1_'.ri It\':·, or llllel\'•;\ !rum 

1m·:1s111n I v1duc\, w1." 1wed IP knrn n rnodd whivli n·.bte·; the llH'ilS!lt\:111cnt:. 

In the· pl 1,,ff1•cl ••irn!l'n·:.L !w, 1111.•dl:'I 1.1n I 1 Iii :ippl' 1i I 1lu 

llll';1sm1·1nc111:: In pn~di1.·1(lw1:ffet·L In m;1tlwm;1lint1 ln1n:· .. llH: uhjcdivc is lo 
lmd tlw n111lt1dim1·n:;inn:il 111 Kli11n, 1" sud1 tll;11 ·-cc ( L x 1" :1 111:·w 

11111lt1v:tn:1t1;; n~:iding ;111d 1· 1s 1.hv ul'lcct Iii h(• p1ed11.:ted hi1 1.hv I, w1· 
11:1-:::umc·1k1t l i•., :i li1w:1 rundinn. fur sirnplicav. Artift1·1ul ne11rnl ne1 

1,v11rb (/\ 1·~ :J nun·line;u !lk'lhrnL will d l I.lier. 
rn tlw li11e:11 ca~;c, lhc11. we l1~1ve F lwl111! a :'imple 1.vcighlnl sum •Jf Uw 

\';tl "; ,.. i h1 Y1 '= ,,. In vectin 1101.11 irnL 11i· 
he cxpn.·:;sed .l' .r · h I /10 • /in being a com;lant ullset. Finally. if we ;11.111,11H.::111 

x with il!l c'lH Xn I. h ma ;111,1:11k'!ll \\dh h1) t11 X · b 
If \Vt' \\ i,.ili !ti prediU cl l!llf1lht:'I 11! valui·~, l'. \\'C Illa> ! hi·; a;, 
1gk rn:ttrix 1rnd1iplirntieiti. J' f>. wlwre till· VCt'l11rs h:tVl' 11<1w been 

l rr1w:..: 

1:or mmld rornrnti1H1. tlH~n. tlH: prnblern is lhal of clu1tJSi11t. the VtTlor,, JI 
111 n linL' lhi.' \;1lu1·:. 11(1. 11 t!te lul Uif discu·;~~io11:; kt 
:ind y, In· ;1 ~,cl nf rnc:isured t.:alihrnliun value, (111 th.:: vanahk:·, 1.· :rnd v. 
11 um b<·r (If 1 rw! hnds llir chi 1w;i n L'. ;1 n t'.'il i m:1 h· for Ii, h from :111d v wi II now 

L •' ( 

ht' COil 

1illipk linear regrn . ..,io11 (MLR) prnvid1·s !he· mos\ 'i.1hvi111,1~: c·nm~;e uf' 
a.:u·~lll rill U'.«lllllating h. l (of lllll1!!1liZl! <;'HUI\ Ill \lw rnodd. A l!Ull 

~:hip. y. e is assumed, will\ 1' co111;1inmp :ill u1irnodellcd vari:1.!1011 in 
I',. v:duc, d h. e \'.ill rnadc up 11f IV.'11 h' il1f s\'skmnl1c 

t'rrnr dll(' l<1 puur clirnce ol /J, and I random error u!' rn~a 1:1m.::mn1I 111 

:: 1d .I'. I or LrC tlH' randu111 I1n-;1:-,11rTmeni errnn; :m.· as:·;un11:d tn have 1cn1 
1rn:at1 ii . t.lh' trU'' v:d11e) ;1111 eqiwl \':tri:rncc. l_ a·;:.;urnptHHL, H Jc. 

11bviu11;.; that !ht' lx::"I 111ndd Wt' t::111cho1"1.·.;e1:' 1lu1l wilicl1 red11v1·•: ll1t: length 
';(' e mini111urn. l 11 ·nee !I i~ <.in1 tu n1iJJ1rni1c I uari::1l 1 I 
qr e. or (y, Ii) 1 (y,. · h). I Ins nwtliod is k1wwn :i ka:-;t squnn·~: 

in ;111 I 1 .. ; udiar 111 1he •:i1 d :d c;1:il.' :.ts 1111d1 'liiit· 
Pi' hc;·,l ftt'. I k:1:·d :·.yua11·:. estmi:llur lnr /; i:; gi\en h .,-- 1 r 1,r, 
(!'11r :1 derivnl1rn1 ·~l'(' \Vni1navotl ;rnd Vv'11nn:woll. llH\I ). 

I nti,· tkn 11!1·,; fu11mil;1 i the- m 11r , cov 11 mni 

111al rix 11f . Ir tl11s i11VCl~it' doe,c: lllll c:d~;I' lht'li h Cil!ll)OI lh: 1:alcul:dnl hy 
tn•:an ni LH. ll"tlari! (ti' T co1T1 id hJthcl !< 

:1 :;uh~;1·t nf 1111: v;niahk:, 1, 11 , 1·onlains ~;ud1 l'elntin11•:hi1H, 
v;rnnot :ippl' li1 1m1dicT. it i:.; nm: 111 lrnvc• exact linear dept'!J<lcm·1.', 
c.i11Ci' ! !111';1:1lUCnl!'lll ~·tn1r:, \\ill !.O ·cl I J111,1. , iH::[lf 

lineuriiy will tend tn ma llie invi·rsl~ n1inu:·ri1·:1lly umduhk and :rnhjccl In 
l:i1 ' I'! l lfl\lt I !lt1· lnlf t'lh'C! !HTUI notlwr fnrr11ttbfi( I 111,· 
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IC 1111: lliOL>:: '·l I 

Ml I{ cq11;1l11m 1·;111 ••h1;ii111:d l I I !I 11' !Ill'\ \ " I I ii ' I l I I 1:; 

!' l\'•.'I I 11 ',:.!lid 1,!J;- dl':1L'11!1· r1v:dt1.t'\, d , .\,I :1 .; ti Ii 1\v 

T 

· l / 
d1<1,t: \ 

\ 

(.\l. 

\ I' / -

- ,. I \ I 

h == t' d 1 :t ~'. (_ \,. ) p I y 

10 11 

! lt'l l : 

II 1 1111.11 ir< (:ih1"i:;1) 1·1.)lli111 ;u \;l!'li1hih. 1lw11 \ ill lw (d11:;1: lo) rn !1•1" 

·;01111' I. ;'!\!Ill!' ill) t'l!'l'!IV;d!!1' 111!\\ff\ t'C>lll inill,P J;1 !111< 111 It :1;1, 

i I 1 h I c h ' :·: 111 < ii I ; d I r 1. 1 I i ti 11 ;, i n c ,\l i hr; rn n n d .J ; 1 • I n 1 11 1 ;i pp l w: 11 u11 1 • 

1·olli111::111ly ul llw v;11ic1hl1~~:1-; l.n he i·xpec!L'd. :.Jrli il;inn1•1111· 1'! 11.1.·;c;. :ti 

.·dn1il:n lh«pH·11t·i1·•; ;111d :unplitudt·•; are likely lo hi: ~'i1nil:1r. 

Ml.I{ rn:iy he 111udil1L'd 111 rL·ducT !111: prnhk1rn. nl1.·cdlini·uri1:·i ll11<nl!'.li !lw 
11~;c nl'va1i:1hk :i1.dn:lio11l<idlwr1l1an c:dcui<1tillg llw rnrn r\·l.11im•,y

1 
!1) 1 , 

we rd:iti· 1· 1n 1
• a rn;llri,\ (.'tJntainirn~ a s11bset nl' !hc t)IJL·i11:il 1,·:11itihl1·:,. 

'- j ! L· ; 

l'li1.· ·:.1i11·;;:f 1:-; dt11~,vn lo i·l!ii'tllla\e collinearity ;rnd IP imp111\·c 1!1t' 1r11Hhd 

n:t11Pvi111•. irrt·kv:1111 1,:n1:1bks ta d1·:cU'>';10n ul' 1)vc1 l1tt1 1 111 J(lfl 

10,-1. 71 11111·1• 1·1.11r1!Hllll !UC! ;JJ\-:: l'ur ·.ii li·.,:1i11 1: 1·111 Wdtil 

·;1:l1•1'i1Ull I I. l kw.11•.l i'lin1i11Ltli•ll1 ~Br) .111d \I 111d1.1rd1• l1t1«H! 

;i :1 lllW. ti r1:J 

Jt 11 pH l\'(' (l h.' l 1 )(p: I h I I I, 

V;u ia '\ \\ h1c·h ;tf« <'<Jl!irn·;tr \\·itl 
!1HI« !n 1lw qii;tlilv ucn , I rl ;1 

cnnni (1: l11 !.· ··;111. h hl1 1"1 

:1d1 lllli ii :1 '-,lupp!ill:c' L !llL'I H 1 fl1i.· IHl)lfl.l\'l' 

JJ11.·1it ; lfnrdc·d :1ddi11011 ol the nc.'ll ! Ii H dd 
v;1ltw 

N11d11r,l/'tl 1·li1111w11i1•11. I kre. all the vari;thks Me 11•-:1..·d {1l lcn111 1111 i111ti;il 
nwdcl. \1;1n;1hlt'~: ;in· 1.lie11 for ddelion, nnc1.· :t12:1i11 h)· 11:1i1t,t· ;1 ::t:iti·:· 

linil 11.·s1. ;rnd ilirc-:,ltold lu d1·ic1minc when tn stop. 1111lw1·m1L' 11! HJi', ;·;:wily 
colli11c:1r v;1d:1lil1:!; 111w\l he 1.'.li111111:1t,~d befort> the imli:il nwdcl 1:, lnrrn1:d. 

,\'f1'1n1·i.1·1 1 mullip/1 1 /i111 1n1· /'1'.u,r1•s.1io11. TJ1is i ~1 flltHlilii:d l'nrni .1r fr111.v:11d 
s1~ln·1in11. I Ii(· 111rHkl ,,f;nfs nut 1111_.·Judmg P!llV 1 11t~ Vintid :rnd 1 1u1v 

Viirl(! :1.\\1 :rn ;_H Sl:l;'.1,l' 111; ·~lvl• !•':-.( h ;ii ' 
11pplit·1!. 11 :1 ii:d I l1c:c1Hnc:-; i11qnlll:ud :., ,! ·,1 Ii n 

;,JJll',Cqll\'ill :iddiltt!ll":. II :dlnw ii rt.'.lW.lV:d 1'!1iJ11 di,· l\1nd"l 
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;\similar 11wtll11c_L 'best nrall :wb~;,·1.s'. n·gres:;irn1rimsidcT~1nock·ls formed 
I rum :ill pus:;ibk su pf l v;i n en ch ~11h.1l'.I l 

li')!lt'~'lion i\ lnrnicd and k>;(i~d for its qu;ilitv. The hL'.SI or these is sekrted 
as the linal regr,~:;sion i·iCl. /\lth1>1tgh this rne1lmd i" :rnarant..:nl tci du :!1 

il'> Wf'll a::> I lie nn:thnd•), I hr· problem 1Jf 1·ornhin:1t1H ial · 
re:irs ils ht~ad: for n v11riahles in the nurnbe1 ul' pm;sihk .c;ulisl:ls 1s 
lui 1rn 10 \'~dttcs Pl' n, file of i uired L',rn Ln: kH.l large 
to h<: pn1cli•«d. Near-inrrn-1·ed :>pcctn1"L'(ipic methods, l'ur example, typically 
liavt' hundn:d~; ol va1 tabks. rn:iy 111 ·t ';ihk ~.uhsel 
nf tht' nri1~innl variahks 11!1 \Vhich (n rnn 'besl uf ill! suhsets' rc•.g,rt:ssiorL b111 
(Jl\c is illill ler1 with the~ p1·ohk·111 of lllg this : .. 1 

RidgL~ regn"';sinn (RI-!) ( Iner! and Kennard. l(l7th1. b) is an auernpt In sulvc 
1!1e prnhk'.llls ~·i1 cnll111ca1 i1y rn J I\ !he 1 twln, 

Ralh1:1 than lwvin!:! b = ( ·i ) 
1 a~. l'or LR RR forn1s lhv t'u11lily nl' 

rcgn=ssnr~-; b .:c.. \ 
1 t- k) 'i y, whcTe \J .,, A · I. In cn•c1wec1.or ;ind ci~l'll 

ue l'tlrnL I is sf111ed :J'i 6' Pd (I l- k)) ,_1y. when: the \.and 
P an: cige11vali1cs a11d eigenvectors of X By v'n 11g k we l':u1 pi cvc:rn 
divisi11n by small v::duc'S and sn rim 1h1· rn!l(h'.I more slahle 11rba­
tiom: nl' tlw callhrntiun suL Tlie llt'W regn·ssor. /;' \Viii he h1;1:>;ud, lending lo 
centre nn :1 \'c1.hw reHH!\ l'n•l\l t • npt1ui.:d b, but will l11JVC :i smal nlt?<rn 
:,quan: ern 11. Fnr a l-dmsen value Ii, we c11n make h' lie d1-1St' Ui tlw I rtll'. 

h nnd liavt• bet1L·r s1:1lidi1y. 
RR in tr• ULTS the cor1n:pl 11f the ·ridgl' I This is a grapl1 slwwing 

the wc.c1ght111gs, b; ;1:-, k va1ws frurn 0 lo I. The r1dgt !race lughl t 

tho~.e varia wl1i1·h ~He: uw,;tabk. a: .. llH'.Sl' will ~;ltuw I va ov1:,r 

lhe range ol' lht~ lrn1-c. Tlie.•;e v:triuhlt's are tl1c:n candid111es ll>r deh·1.in11 the 
1 idgc I nice: can 111,'. u~,,·d hi ick the: ( howc nt' /.., A Vil I tic· can cliu:.,en \1;l1t'1 

!he individual 1rac1:·~: haw ·nauenrd' ouL 

J /) ,, , Ion 

Principal 1_urnp1111e11I in (l'C t ornhine:. PC/\ and I R tu 

:motltL~r method l'ur removing the cllects or collinL~~m ( IVIa l ). PCJ\ 
tcs cnmporn.:111 which \Ht' ti11l11 I and II! sing order 111' 

('.igenvahie (vatianci·). lfrnct\ to rumuw variables with sm;dl cigenvnlucs. 
nne nn.:ds merely to :i th )Id value nd d1scanl ;J!I vumpun•~nt~"· 

1w !hi!' thrcslwld This cCH1Tspomb lo sckcling Ille !irs1n1.·nmpo1h~nts. /\ 
simple~ I .R model is tlwn lu1 nn llw n:rnaiuing '":ompll11en1 . 

H rr111ddli , then. we~ have h 1 1T,1,1'. \Vl1ere T =--

heing lht.~ matrix nl rdu1m·d c:ornpo11e111 weigli1i1 For prediction, we 
must ln.1 tlu' new tL1ta 11'>1 1..; 11 used Lu rn;1 
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Cl!LMOl\·1El'RIC METHOD'> 343 

the prediction. Sn, J1 (XP)/;. ffv,re combine P and j, to give a new iJ, hrcrz, 
we may predict valrn_'.7i by using the standard prediction 51 -: XhiTR, will1 
i1prn =Ph. 

IT 110 components are excluded, then we Jrnve 

j'(XP)] I ( 'y 

lpT y 

(10.14) 

l 
J' 

Hence. PCR and LR provide exactly the ~;arne c~;timutor \vhen 0() 

principal components are eKcluded. 
PCR resembles RR 'Nhen considered from an eigenvalue perspective. 

Where RR uses Lile gambit of o!Tse11ing eigenvalues to prevent them being 
small, PCH rnerely deletes them. RR gives a biased estimation I hrnugh 
application nl' the offset, whereas the PCR estimator is unbiased. A got1d 
coven1gc of PCA and PCR applications is given by Jolliffe ( 19B6). 

Although PCR allows us to delete noise effects, 1..vc arc still left \:V[th the 
possibility of irrelevant systematic effects being n~tained. Jolliffe ( l 982) and 
Davies ( 1995) both note the subs1an!ial inertia amongst users of PCR lo lhc 
application of selection criteria lo lhe gcncratc<l principal compnncnt~;. 

10.4.6 T.atent variahles 

Latent variables are a useful concept when dealing with high dimensional 
sets cnntaining collinearity. Consider, for PC'./\, we have 'f , where Pis 
the eigenvector matrix and is the component scores matrix. We have 
already seen that only a few of the components may be s1gnificant so define 
P' to contain only I.he rirsl few eigenvectors. Given T and , we can estimate 
X by X .. PTT. Viewing the model in this l'orrn, we have a small nurnhcr of 
variables (the components) 'vhich arc responsible for the X observations. 
These underlying variables are termed 'latent variables', 

The latenl variablLCs may he considered as causal effects for our observa­
tions We wish to n10del the data Y from our observations. Hence il makes 
sense Lo form the model for Yon the causes rather than the effects. Given the 
data in X \Ve can es ti mate I he ca u.c;es and from these form the model. 

Figure I 0.8 shows the relationship between traditional methods s1wh as 
MLR and latent~vnriabJe."bnsed methods. Using the traditional approach, 
the effects of any Ii are spread throughout the variables in We have 
10 sclcel one of these to represent each 11 • The value or .\'1 selected is unlikely 
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I 11' 11 l ·~ A, I I ,.J ( 11 ·\ > l 1\ I ~·: 

\ 

I, 

I: 

I, ; I / 

y 

l1'ii!.tm· HU! i ·,n1·::il rr·i:i1 i1 n11,lilr:: 10 1Hn1 klli/\J' I ) t rad 11111111tl mill 1 q dr• lu1n1r 1<'g11·:;:;it1n; 
n~) j.~u~rd \ ,1nal ft:~\1·,~f 

to n•presenl 1he v:1ria1n111~·. nl Ii alone;, sr• the M·hxri1>n pn.H.ess 1s likely 
1u inuod1 11 n 1. 1'cl 1,1, ·Ii · 1m.q rnblf t I Hy 
L·lmii:,in ;1 s1 ll' value. \'1 , lo rcpre~;ent t,. we :tr(· making the 
111odr:l sus1..·(:plibk 111 tH>isc. /\n 1'JTC11 in rnt:aMiring tlw singk \ 1 will ~.trnngly 
;1rfcc1 the !icuo11, -,i11u uri 1 !nr I 1·011!dbuliun 
pf t,. 

•, tt1 mod<'I 

1·rw1 in t, since 

. In t In:. tl!;l~. Wt· ;i w usrng all I 

;J x 1 w!l! nnl 

: .. t.·cuml sl:l y h,v H 1Jf 1 

:1hle:·., :;o r nl i rd lakni v;i 1.·an rr:moved. 
La11m1 vnriabk mn11lnd:1: have :111111!1cr ndvan1:q!1~ lilUllber uf 

vun;1 111 i:-. Ii l nr :·.im . I.Vt' Vt tn invci I ( .L wh1d1, as 

1111tcd. lll•.·:rns thn1 th1.· cnl11m11:; n!' fflllSI linearly indqwnd1·11L f 
t·unlai11:; mon.'. cnl1in111:·i than r11ws, 1hi0 1s 111!\ pi I . l . fur ;,inipk 

LI\ Wt' mu.•,! ,. rn111c -,;mt n rw Ilic m• I to ~.t hk:. 
For tro~c11pic applic:Hions. wl11·re lniwlrcds ol' variahlcr-. can lw prc .. ient . 

. In t • \VC :Jlt.: r {il ta h'.\\"t".l 

sam tel cfo.L«1rd ;1 11un1 1.11' vari hit:~. h1sillL'. urination 
in thu prnce•;s. I hL' w:1: ut lulL:11t v:inahlet' :ivuids till-;. II m samples 111' 11 

1,;11iab an: l:tk1:11, \.I/Ith n. 111d\ 111 l~Hc·11l . ri:1h wdl haw nnn 'b?f!1 

\'; 11n;1111.·e /\II, d tlw V<ll i;1bil11 :-'iii thL· d:11:1 n ! h,• rct:iim:d 
fill' i11ve•.:l t)!HI lun. 
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m.4.? Vt1lidorio11 

\Vhcn 1'<lr111i11g u 11wckl (rn1n culihrcitinn d:11:1. \Vl: c11cuu11kr a probll:rn. We 
c1re calibrn!ing l again~;i y

1
. :Sinct \VC' have no ex1r~1 i11formation. the only 

!ll('!hud is In l'urni n model which i:·xplnin:, !lw Ye 1·e:1di in le1rm. nl' 1!1e Y, 

readings. Tl is pn'.;sible to Conn ~1 mndel wh[ch c;11cceed•; in relating X. hl y
1

, 

hlll ha::, poor pn:diuive pmvn. 

As an 1'.x:1mpk t:onsi(kr thr~ rolluwing extreme modcl: 

if x - .\ 1•1, f'nr sonw i; 
nthenvi::,e 

(JO.I 

This model will prcJict y, pt•rl'1:c1ly Crom , 1·or uny culihration :·;cl, but is 

unlikely lo ·wpply curred ;111~1,vcrn in ll1c lulure. This silu:itiun, c;1llcd !)Ver~ 

fitting, can occur e:i~;iJy. \:Vithoul reference lo :rn external sef of lest 
data. Wt\ IJavc llU \VDY o!' l\11mving wlwtlJc:t We arc: !using prcdit'ltVt: pOINLT. 

Tl1c moikl L'an he itnpruvcd !(1 Ilic poin! whun\ nillicT tlnrn nltldc:llinµ real 
elTccts. i1 is modtlling noise. 1\1 this poinl lhe data li:wc been lWerl1Ued 

Conver:.;L·ly, if' 11./1.· arc· tuo rnuliou~ a11d stop iinprnving the rnudel lon soun, 
we will undcrlll tile c;il1hrnlion datr1 hy not Inking rt·lcvant dfccl:' infu 
con'>tdernt1un. In this ea:,e, 1Nhen 1vc come to w;ing the nwuel for predicli•)Jl. 
the unl.·onsidercd effect:; rnay clwnge flfld pusli the ll!c1Jd away l'rurn cmrccl 
an'lwcr~;. 

So, how cnn \Vt~ kll the dillercm.:e hc'tWlcen un tmderfittecL g1HJd, or 11vt:T-

ritted rnodtl whe11 \.Ve linve no external poiuts'1 Thi~; pruhkrn is the 
ba:·:is of' mndel validation. 

ln urder In :1.%ess the ulilily tif ;1 mode;•), \Ve need lo obtain a value ·which 
gives a measure of its abilitv w predict futme vah1es. A commonly usc:d 
measure is Lhe mean ~;quarl' c.:rror nr prediction (MSEP) and its root 
(RMSEP) (Allen. 1971). This is simpl)1 the mean squared difference beiwel'.n 
the predicted values or Y and the tru~ vnlue,s n!' Y f'or a given model. 
Obviously, hdlt'r lll(H]eh; will yield hellc·r rv1S valUL'S, so lhc Him (\I' 

model l'orn1al ion is tn minimize the FP. 
\Vhen k1rming 11 model, we 1.vish tn minimize !he in11uence of randnn1 

variations in the data and rnaxirnizr 1be inlluence or the underlying 1c:ausal 
effects. His therefore important to use many (X. Y) pairs for training. as the 
standard error of a sarnple set is inversely prnporfional to 1l1e 11umb,_cr of 
samples. Convcrsdy, for estirnalinn of the MSEP we need rnany (X, Y') test 
p8irs, for exactly the same rerisons. \iVhen t'orrnrng a model, we usually have 
a limited number oC (X, Y) pairs lo use. There i~; therefore n tradt>off 
bet\vecn using S«lmples for model fonnation Hnd M' estimation. A nun1~ 
ber of methods have been suggested fnr addressing this prohlern and th1..:sc 
will nnw he d i~;cusscd. 

Se(fpredi('[ion. It may he krnpting to use sdf'"prediction to estimate the 
rvJSEP f'or u mudl~l. Jn sell'"rH'cdiction lhl' wliuk culihratinn set is USt.~d [u 
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form the mudd The l\t1SEP is then L':;tirnated wi1h lhc· same calihr:ilinn set 
I his llldliud ma [.'(l1ld U'\C nr ;1v:1ilnblc obsv1va1ions U:~c ;is manv 

h' .J 

as pu:;sihlc are used I'm both mod!?lling ;ind valida1inn. H(\wever, this is nut a 
sensihk 111dhnd to t1sL; in general. ( '\)nsider n111· 1rivinl mo<ki ahove. It 
predicts every value in t ht~ calihrailon set perlect ly and thcrcfon:: has an 
ei.:.ti111:111,·d MSEP or zeru l"nr self predklion vrdidal.inn. The lrnl~ SFP will 

mul'.11 ter and the model i~' in lac·t useless in all hut con!rl\\':d drcurn· 
Sl<l Ill.'c~; 

Scll·prediclion docs, hmvevcr, lwvc lhe advantage I hat its !Vf SEP t'Sl imall' 
gives n lower bound on the lrne MSEP nf the rnndcL It is nftcn 1n:;tructive, 
when 11sing l::itent v;iriahle models, Jo view a graph of the MS l'or self 
prediction versus the 11umher lnkn! variable:~. The· me' MS graph will 
u:rnall)· knd to show a locnl minimum as we ir1nVl'· from trndc1!ltt!11g to 
<lVf':rri11inu;. In Lhc cast~ or sell'-prcdictinn, the EP graph nllen shows 
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Figur<' I0.9 Prediction ul' lhe n:ginn 11J' ndgiu ur L'1\lla virgin olive (lih by means of ar1iflcial 
111;ural !li:"lwmk:; (t\NNsJ (rti J\N.\b ttalllL'd on rnndnmlv :1plil dat:1 (lh1: ouipm w:i:, Likrn afte1 
'7 onn q1ud1~. •silh L'lflir 1d O,Oll'I): all in ll Co1m, (ii) 
nutput fo1 1•;11·h triplicc:H• !'oiff1 (b) lrnined llli 'J"h! Jll'.'<1fl> ul dw Dupkx 
partlt!cmm,'. mdhod (1!1<1 1i1Hpu1 was takl:ll after :-moo q11.1chs. with ii 1r:ur1mg cmn of OJIJ96); 
Ii) all sarnpks i11 triplic:1t1· 1'1trm; (ii) :ivcragrd output for ·~:it:h triplicah~ form. In <'ach trninint1 
111ctlwd a 1!trc1:-[ayned A NI'·~ ( 150 i11pt1l 11<11h:s, 6 hidde11 11odes :n1d ll single i:111tp11l 11nd~) w:i'' 
11:dn,,d1,nth U11h1ensil oil fr.,m L:vk•.crnktln.and I ,,:m1pl•:,fromSidh,euded I) 
:rnd -i11 lt'\l h I 'l1i.>'1td0) 11d I I ll 

C(lllC'ipnllUli tn ,I IH.·iW<1Tk ,,Sfllil.ilt~ nr 0.5. 

similar reductions in MSEP until the '1rnc' MSEP local niinirnmn, lending 
then to trail uff sl11wly lo zero ;1'1 the number 1ir l v:iri:ibles ses. /\ 

c·ha11ge uf sl11pc t'il!l ofll'n se,:~n iu I pn~d1c1inn SFP 
this bei11g wwful in eslirnating the nrnnbc:r o( lar.ent variables to 11se. 

So, it' there is 1w ttlkrnativc to self~rm~d!ction, it nrny lw used with grent 
c:ire to ma · an ·1 lhe nurnhi,~r nf r::.. but its 11~:t.· is i11 

general 'da 

i'raining und test s11ts. If nwrc data can lie obtained 1:;1sily, then the validity 
ul' a mrnk! cDn be tc~•kd h:1 tl'iii :1 new .':1·1. 1d' uhs1.'rV:.ilitl11S to esti111ak !he 
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I' 

d1r1\'ll . The •.'.Iii ti11n ;;1·1 re. 11s1:d 111t·1··I lilt 1'1q11n11 the llHllkL 

\Vllh tlJ(• llt'W dnt;\ bet \1''1:d r1)1' V;didt1llOl1. 
Unrortt111:11ely 1liis 111ctlwd dtTwnds on the ;1vnilahili1y l)f the~w i·x1r:1 

•>bserval )lJS. The airn ol' rnuH !\':triu I t·:ilib1;1! Ii 111 is nl'li:n !11 :lll• •W pred 
! I \ahh 1)! r 1rlrn:l1 ;1r1 d Ii ll t•;<; ~.j\(' In fflfllSllri.'. II ht~; i:; ! 

1'HS(·, 111111.· nr cxpcn\i.~ can ·lwk Ilic at·quL.1!1011 k1 ainounh 11! 11·:·1! 

dala. In !:11.·1 ii is oi'le111l1t' cnse rlt;ll a single 1't'I nl'nbst'.rValions is pl't~:~ci11eu 

wi1h whi1~l1 In calihrn1t· ;rnd v:did;nc the n1ndvl Thi:; l'•llnJdicne" rn:il.11.:11 

!. 

Thl' sl111 t.;trc apprn;1di m thi:; ;,!fualion h l(I p:1rtition ihe set rva· 

lio11 1: llJ(U IW\l f;ets <tlld lo USt' \lfll~ rnr ca!ibr:1liPll ;tnd th(' olber for v:dida· 
li1)l), Eu1.'.li ;;c( must hi: chosen [(l t'Olllnin a rcpre:·:entative ~·;prcad or v:d111·~.; nf 

\' :i liw mndel \Viii fnn lt,~d 1>i' v;ilid:d I fff1m '1 '.;II 

I 11 I . leuJinµ It! t'l f\lllcl_lll'.: I ion:-, ! •I' t''l1 lit l!h ur 
v;tlidi . ;.;!11'.C (1977) s11ggc\1!·: :1 nu111her id ninlltnd:·; hy which ;1 su1(;1hk 
p:irti1io11 \)r lltt~· dnta may bE :ic:hkved. l·ig,111c· 10.9 -dinw': the cffi·d 111' 
Ii l p;ntit' rc.1:1mes. 

l radt·-· n c dn ;JI i1l!l rmd I kt ion •.J/e~. nwrH 

:ihnve i:, ·ially imp1inam rn !lit:·; s1tt1aliu11. 1\ mmkl l un nnlv hall 
1lw ohscrvn1inns is q11i1c likclv 1n cont:iin an 11urepresentn1ivi" .<:t'I 01'1:alihrn-
1 ion ·ts. I ncre:isin~! I he numlwt nf oh:;c•1 tion:·; !iir L':I aiiuu \vdl 
l'L'dt!CC f ' dta!lCCS llC« )II. car if(lfl ~ti. ll~' lite 

q11:1!it) nl tiw P 1.·su111atc 

Full ('r/l\X··l'U/idati1111 IJeal!y, wli:11 is needed h; a hyhrld nr :ffdf~prc·dit:tiun 
:1 1r~1ining ;rnd fl''i! set val tiillt. tn use all vati(mt:: in h1)fh 
111odel rnnuation and validuuon willwut 1.'.ncuun1 ng 1 he rmiblcms <>I' M::lf­
preclictirnL l'ull crnss·val1datio11 (< leiss1.:r, lY/\ Stone, li/7,i) ;ilkmp!s lo do 
p.1sL lhis. Tlw lt'rm 'rn1s~; valida1irn1' is orten ;1ppllcd to the partitioning form 
oft i and test set v:d 1.i1n1 and ll i,.; frnn1 tlii'; !. I loll crnss vulidatwn 
w:is dcVt:lc (from lien.'. mi we will uc,e l.t:rm \Tos~;-1;~didation' lo er 
(1,i full crliss v;didaliun). 

\Vhen tile observal)nns are partitioned into lwn e4ual sds we tan l'orrn 
modd frum either 1 a \·:did;il1: u:;1 !hi· An 1m idea 

ts to tni 111 IWtJ nwdc:ls one lrrnn ·1, case: usl.' I 
rcrnainil!g set for validatwm. thel! liav(' rwo rstimal nf amJ 
1wo nwdels In try. II' tilt' partiliun splits the data well !hen we would 

mndC'ls tu similar sig11ilh:a111:e on 1:;1d1 ble and 
:;im ii a r pro a lli I . :\ 1 nodel r h l!S(' 

tlJi:_: full tl:1la ~;cl should a ha\'t' a sirrnlar :1tr11rturc and ~:illlilar (or hdlcr) 

MSEP. 
\Vt cu1 therefore w.e !he follmving w estimate llw 

1 lw full ta "' 
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I. p:1ni111rn l]H' 1di~crvalton:; i1it1 l\\n ·;eh. ,\'1 ;ind. • 

1 forlll ;\ 111od1.·I lrul11 S1, u:.;e .\';'. !u e~;ll!Jl;l(c itt, !'vlSLl1 (MSLl'I ); 
l rnrrn ;1 llHHkl l'rurn 'ln\C S1 lo i'.•:tinwte its MSr·P (M;;FP.1); 
cf. rurrn ;1 1)1(11'.kl trnnt the full St'1 ul uh:·:nv:ttinn-; and :1v1·1:wc l\·l'.~LPI and 

iv!SLP2 111 v·;ltlllll!t> i1s SLl) 

'pattlll! :;tillri::1rw.i hu • !) (JI.'. ~\ 1hkrn I !I 
mndt'l h:h1·d 1>11 nd an '.)U' i h;1>.ed nn :di 
nh~:erva1n111 . ..,, lmt 110 wlinn. 

( 'n11>:ickrat1011 1)1' U1e uhm•c• ~;fcp~. lcwb Ii> a nwtlwd lnl' rvd\lcing I he 
pmtitirnl·>?t'.l1•ctirn1 prnhlern. \Ve H1:1.:d tu inrrna0c tlw prnpm1iu111)J'observ:1-
(inns u·;ed i111hc i11div1duul rnrnleh. J11s\l'11d 1Jf pani1iu11ine i11lt) two the 
"L'I. can >>plit 111!1) 11 sets ,·,r m: 111:1klv ual si.1t:. h>i 1·m:ll 
mPlkl !'on frnrn ll 1 liuri:. iull 1 ')« Tlw . l·l' f()1 lh 
rntirk·l 1·;.,ti tnl ,\, lilt' tc1n II n 1".:ti1 

v;ilu1..~s <Ht' tlwn ;1 to giV(' :111 c;.1im;1lc ol ·:!» !'t 
,1\ ill., wv have tlw 1'1ill ( ti1.rn ~.t·t hl'iog li~->l'd In cTc:ik \'alid;H~ 1!11.:· 
motkl. hut l11 lhis c<i~>e the la c:tlihrnl11J11 parlltion si1.c 1t~d111:e~; 1lie chanct' 
ol' ,-;electing ;1 'had' :·:pre::id or nh:·;t'.l'V:l I l\lllS, I ;·or II = 2, I his jll OCl~d Ill\.' cqua les 
In that d1:li!ilcd ;1hnvc. The limiti1q 1 i·;i:,c occurs wli1.:11 (';icl1 ,\'i 1:ontains :1 

1irn1, I Ins 1::.; e<llkd 'l(~;1v1· 1111t··rlui' val' tiim. Tlw; Iii t should 
I P im:ite :Vi i::arh 'dll11111 di II 

cct11l'!he Ht t)ln!: .. 

uff betwc1..·11 rnndelling t ., :1ml '··~,1111wk quality. 
v~1lidal 1s good rnetb fpr 1.·s1inwting the 1ipll1md number nl 

componcnh i11 b1tv111 variabk 1nt:il1ods liccause 1n tlu:~'c c:1se~: we L'Xpccl llw 
model to rnnvc from underfittcd lo nplimal to overfitted thnrngh addition of 
component . i\ graph of MSEP Vt'rs1h m1mhcr of COll1fH111l'llts will 1 herefore 
·,how a rnin!111rnn a! the' pnint n· rhc nH i'.:. optimally fit ( tild 1978). 

'IU,'r!.L' 111. i•, ;1 (1llH.:cp1 appl 111 

ac~1libratit111111ndd. lt i"a value lw!Wt.TII l/11 nd I. n number of 
observal.1011:, Tilt' l1cV\'ra or an ubied indicates ils miportance lo the 
slructurc ur till' l)lndcl. Observntiun~; having liigh levernµc :Ill' i1nporla11l lo 
the rnodd in lh:it lht'.y contribute greatly tu it.-: structure. 

Com;idcr the~ (:asl' when a model i~; Iii closely tn its cnlibr::i· 

t 1nn set 1\ (i l will 
1r1 Ill k\'cra as 1: 

tilt'll, w!11 
hi,!!h 

an 
1mn1.hr1 u!' 11l1;,cr\'<llions 

This cons1d1.~r;llinn gives rise k1 tlw idv:t ol 11srng kvn l\1 e:;Umate 
validity of n mrnkL Indeed it lias heen sl.lo\Vll (Martt.·1~s mid f~;e:;, 1989) that 
the residtrnls (and h1:-m:e MSEP) rur LTPs:"-validalion,/;·rn-· 1• c·an he cslimatcd 
!'nim lhc· lever;1g1: of uhservations in :Ill IR rnndel hy mvans nl'ihe rdalions 
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Lll'IJl ;\f\J,1\LYSI.':: l>J 1111,S ANIJ l•ATS 

l,f(_'\': I_ lO 16 

I 
fi, = t,! ('1'1 

II 
( l ()' J 7) 

where h, is 1 lw di' ( it>; }. ual Thi,; 
works JS ·tcd m I ion is ;rn •'Ill ;:rnd t.IH· mn<lel is 

!'1)n:ed to Ill ii llll~n its kv1,,'ntgc h, will be ch;sc to 11nity and the 
estimated 1.T!lSii·validatin11 residual liinw. The MSFI' estimate, 

I "' /,} ( ( ) . 
JI i I . , 

will tlwn:fore also be l:irgc" Notice abo that a high kvernge value for an 
vati1m in 11 notH!\'crliltt·d model is an indicator that Hwt 1 iinn 

111:1 a ll ·:u1 ow and is 1.1;·1nth:, nl 1m·c,;.litrntin11. 
hir cro~;s v:didalim1 !f1t· t1 will b,~ di fo1 ;•;wh 1nndel. B11i, :u; nilled, 

!'or similar models, thes(• 11 should be slinilnr. He1H'C !he residunh;, j; ~hould 
:iho he ~imil:-11 !'nr e<1d1 submode] used. We nrnv tlwrvfme ';imply use i11t· 

uals kq· full calih1t1tion model and a tln· 1nultiple c:dihral or 
t'!t WI!. 

The prnn . .:ss lor leverage cnrrection validation h llwnJore: 

I. 1nodel on rull L·a!ihratirn1 set and rel:iin 1 he Y residuals: 
fnr oh-;trv;1.ti(in Cr1ml t 

J. from n:siduuls and 

Ftlr calibrntion methods qther than LR, the c1o!is-validatiun rdation 
I equation (I 0. 16)] does nol hold, hut Martenr; and Na:'s (I 9S9) have 

' (' . ad1tic;ted lcvern l.inll MSEP, ('Stmwtnf'-, Im PCR I'' 

PLSR. 

I . ,,' (6,;) j (I 0.18) 

where ,'4 is t num factors. r,, I A (or LS) scon:::·; vector for 
!actor a and /1 ls; F:.11 t!, l r nf' \ll' fn:edom. 
Martens and recrnrnm:nd lhat a guc1d V:lluc l'nr 1·:11 is n - A, thi~> 

value reducing lhe undmcslimation or fv1SEP lhat i;,; inherent in leverage 
c(1rrectinn. 

10.4.8 J>arriol least sq11are.1· regression 

Consider 1lw l'-HPALS algprithrn for PC/\ discussed earlier (Si:ction 10.4.1). 
I! was staled thal. the mc!lnid 11sc·' 1.lw ! I hiad are 

lor scnrcs, and \' , an r ,. 
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( 111 .\.I 0 !\ ! I· I l '. l ( . II II' I I It I I > :1 .15) 

data matri.\, 1si1ll pk;. I) nm! f(I '• I) bc·111g the· ct11l'<.~>:po!ll.lm11, ln11d111 and 
scnrr.:s Vt:t_'lnrs t'nr J.hv lin;I cu111pP11n1l. \V1· l1:iv1.' hy dc·liriiliuri Tln:1 
may he writle11 111 two W;t)' f P pi'>'\' ri·)(' J() 1q1.11";:,iun u111:1lirn1:,: 

Xim 
U!I [! lll ! 

nunnal j,, i 111:: :,11 1 !1:1 t 

. L 11%61 ";11( 

u1 1, !uc:; !1)! p t. 

µ1 t;~. fl 
f I 

of t!!l!I 

li :l l th i :: '\ 

ua!tons (!(U 1~}) ;i (10 1 t)J rq11c~;1:1H ;1 

is lmearl\' · ll lwi \'/1) ·r lw 
11rli :-,V·,11·1n:. { 

( ! t 
(pip) 

Ii l 

11lm1 

n tu 
Wold 119 rn•.·t lwd, ig,y l't de:.i:.1 11 

( 10.:11) 

1
• and 1 

l '( . 
~)I Ii I. pli l'yj 11,\~ 

IP1\ 

·nf In Ilk 

\',J t ld 

S ltli.'llHHJ \V;['. <;1H)ll 

( •,, l I) ) . 

11':\ I >.·; 

k n:ssw11. The h. I:-. r.d a 1wHkl i m I'lie 
;ire it intu blocks. c:1d1 ol id1 '~' t:olt>.JI In !cd 1u ;1 

Each variable. >!Ii latcnl nd oh•;nved. 1~; 1 ted as 11 

h1>X (or ci ). Arruws :1re pL!n·d lwl\V\Tll tlw .. 1lit'.s1: wdk1itinp caw.al 
rch.Hionship~;. nee a1 f11w~, w·Hl lie hvl\'.'cu1 ;i la11·nt \',;1 hk :ind i1 hi< 1ii' 

oh',erved vari:-ihks. II then l v;11iahle i cn11~;1d,·1\·d l1J c·au~:ul In !he: 
laknt vanable then the ;1111nv points 1ow:mh lht'. b;!1:1ll v:m<1hk. II Ilic 
vHriatinns of' the lalcnf variable are ·;vi:·n lo 1._·;;plam tire 1ihMTv1.;d vari;11io11 

then !he mn.i\V point~; in tlw oppnsill' dlrcd1rn1. l11k11clatiunships he!w·eeu 
laten( variables may also be indivnted hy an\l\VS. W(ild\: mc!li1)d nllnws llw 
arrow diagrnrn tn he den>111pn01·d inln n svt of l\')..'.lt'.'>sinm: which, wlicn 
iterated, \viii provide the la1cnt vari:1hk londing:.:.. /\ uumlH~r nl methods 
are defined f'or rorming tlie n.'grcssio11 al 11!is kvd. k1111ed 1r1111ks A, Band 
C. \Vuld (I Wm) lern1s mode· /\ a~: hci!lg ;i l'L'f;1es 11i011 \Vhc'1l' the 'uutgoing' 
variables are explained by the lnlc:n! v~1ri:1hk, 111odt; B being a rcgrc:)sion 
where tht irwuniing variubles explai11 tile· luti."111 v:nl;1hlc« <1~k ( · i the'. ca~~e 
where bot Ii A anJ Ban: 11~:cd rn :1 rnodcl. 

An example ::-;hnuld clarify m.i!lcrs. Jlig111e lll.10 :,l!o\VS H path 1111ldel Cnr 
PC . The latx·nt \.'ariable (f1r:.l prim.·ipal 1·n111p1nHml J i~. t.:1H1s1·d by !he 
varialinm: and ii i'; this which is ~is~.;11mc:d ln 1.·;111•1c l' v:ina1irn1s. I 
th1:.· arrow~ pnint i11lo 1hc btt·111 v:lf'iHhlc :rnd !lw } :1r1nw:> point nutward. 
The latent variahlv i~; l nrl' wvi1:1 htvd 1;u1n n! llit• '\',. Id fl nml tf he !he 

}' weighl vectors :md lw x :ind r d;i\;1 1t1:llrin·.o;, and t tlte t 

va Vfcl.c>1. Then we !1;1vc. 

It l. 11 o. I\ 
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Figtlfl' HUO l';Jth !llmld di:tL;fJin r11r pni1rlp.il C(!)ilpn11u!l·, f<>['.J1:•;-;)11j], L hH•.ni \;ifl,lhic 

x .:11d r ;11 ~· t•b·1•"!','1«l l,,l}f;;l1k\ nw difL'\ l!i_Jll uf the ;11 rn\','\ 1ntli.·:t11. ili1· I 11'!:dl1ll1'i!Hp; 
1~11 [w;1;111n', \·:111;ilik•; .r :m· 1:ausnl i.1 lh1'. lrtll:!I! v:11 ,lJ\d \an,ilinn.• 111 tlw htkllt \an:1hlc 

\'ii I 1.1 Iii Ill } 

110 

;rnd, LR. 

ft) ! t l ( I 0. 

t 10. 

)_ hv i1111i:llizmg p to u 1w•n-:1LT11 v:tlue and i1t•r:11.i nwr 

t ::. 11nn11nl 

and cqu11Lions ( IU.14) and (10. until 1'1)J1 11! ohtuin a 
R m,nfol. ln l'atf, 11is1101 used in llic lonp. :-;n i c·a !al 

cl If er 1~ has ci f lJ q 1 t'lnP\'c«l frnlll t lie Jn, wi: c:rn 1;~'L' ( k11 I he 
it•.·rnlivl'. part l,; 1.·qoivalenl In Ille N I'.:--; PCJ\ aluorillrni. wi1!1 the lmnl q 
rqm:~;sim1 funrnng the PCR I disc11s~iun ol' 1hc case wliert~ Hwrc ;ire 
iillcrncU v:u1;1bk;-, \Vllh :n;snc1;1ted hlrn.·b i:-.. 

,.,1em \ 1q:~:o1 ;111 it 111111 I rii: inf 

11idh1 il1 1H11.v 1.·ommnnly c:1lkd 
The mi:lfoid we shnll In :\s Is rn1e l.>f incnrpur:lli1 the f d:11a 

into lhe l:11t:m varnibh~ n11xlelling :.;!ep hy brinping an 1.'.\.llll iJcdion 1r110 

Supplied by the British Library 26 Feb 2020, 10:48 (GMT) 



(' ll I \ H l \ t I: J I\ 11 ' \ 11 I 11 t l I l S 

\ 10, 

r ! In. 10) 

111 pill ii 1 1 .i \i u:d rnarn1t:r ! l11cal '\I (lf -; nilkd n:d 1.1\'.;1 ~b ti ,\ 
IU\'.::-J }' \~nwhk~. 1-·;1,_:J1 1.m11 11n111d II !n;11 lfl !11 i!ic 

1)nl1, allt·1:11 lll l1l l i>. lu p1dl ii 1 :11d Ill\· \, \d1i:1hl1. , 

1.v1: end 11' l'dll \ I ( 1 llll!H llll'lll :; I ji,· p1i!I Pl ( }' \'IHld 

1.' tu bl i Ilg COI!\'f'J l II L tlt'l ll \ ", d !(l\t' 11 

I t' k \ :t Ill.'<.' I I l hn t l 1 r ~l ,JI ln.1diitl'.C· ( 11• :t1!ll 1/) a!,. n·qtn 
Int l1 t1u11 111 

i\ ·-:1111plil1L·J P rn11d1:l c\i:,1 1'111 c:1~;~:>; wl1e11 mil>' ;1 ~nnµ,k ) 1.;11i:1hk i~. lo 

hi: 1no<klltd. P .S I is nnn-i1cr:11h·c• :ind ca11 thn or1· he IL'11'd lo 1:11r ;1 

1e·;11i1 qmckly in tllese casef, (d1;lads urc give11 iii l\'Li11vn:. :111d l\l:e:;, 11)}\i.l). 

l'l..S ha.« 1·rn11e lu the Cure a:; an i111pu1·1;1111 111rnlcll111g 1111•ll1n..I hl11';tt1se nf 
1l1r irnprnved latent \ 1 ari~1ble:, it ge1Kr:11e~:, Sin1.:r lh1.·se v~1ri:1l:ib; an, t'.\lt:ll'ttd 

Ill d1·cr(:;1sing rdt'Vanct tu Y. Ll11.: rrohkrn uf' vanahil' ~ii:kctiun 1~; hyp:t'i~icd It> 

:r si)'niricanl degn.:e. Each Pl f;1clnr i:; e.xlraclt'd ;11lll 1ts clfrct ~;ill11r:ic1cd 

lrnrn the rem;1ining X (and }') varia11nn hefrlrc rl1c nn;t b nhtai111~d. llw JILS 
f;1c11n;., uhl:1i11cd In this manner an' alwar> gcnnaiL·d 111 ,1cn1·:1.·:i11g rnd1:11 ul' 
in1pnrta1icc to llw 1lVl'rall mndc! and llw prnh!1.•111 or •;el(•diPn 1:; red11n·d tu 

tli:11n!1hc rn1rnhcr (P USG. Thi:~ pn l11111dkd ly hy ~;t;rndanl 

valid~llit1J1 111dh0Js. De Jpnp (Jilli l liw; 1w11 1l1a1 1111 :ll1y 111H11 Pr 

t:1.1enf v:irl:1 P will lit at lc~a~,I :t'' well ;1 PC R . 
. arnbrd lS1.:npic mcthncb h~!Vf:' tern I [1.l 111:i-n rr11nt l 11:;1: 11f 

Pl :., le 11 gaining tbd\d m l:i ml< f;i ( Bli:111darc , I , I ., l !: ·il;n1d 
.ind Trwrn:i:>. I In rhi.., 1J' ;II :i 

L 1 r1\1' n uni nJ' a re c1 ;1>, v;u i.~i 
;u1d t lrnd1 dqJrc·,· 'd' 1 dl1n1·:n II y 
'\\Jthin 

1hro nw;ic;urcd w;1 V<..' 

n1dli11d·> :ue ! 

Willlld l;;tve 

~I l;i1 ).'.\' IH!lll l)!I 11,; 

llh' l'nll111cd1 llY pr1lhk1n. , nd rim; 
111lt.'!l:t. \l,'; \I Id I ('!Id 

I l w :1 

inpul ;111d 

ic:\I np11ts 

'Ii/ I 

, rnatricc~; uf the s!at1s!iral m1 nre a1111l1i1•1111~. tn thv 11ai11ill)'. 

outp1Jt~, nr a neurnl networl< w;cd In cn·:111.· ilw 111rnlel, :11Hl 1hc 

and nul p11ts 10 pr1,·dict vnl11es. ! l1tnJ 1, nnd I illcri in 
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( l ()1/4) t:ikc a Junk ~ti ucurnl nelworkt; l'rnm ;1 statistical point 11f vil'w. 
Jml •. -cd. (I ) :;u th:1t ndw1 <:: ;i1t· no nwrt' ili<rn nnn­
line<1r n·gression ~rnd discrilllinant mrnkh that ca11 he i111plementcd hy 
rr1ean·; ~,t,rnd:ird :;tatl:>ti1·;1l sol!warc: Ripln (JtJ<i 1l) :i th rhi'; 
slalt:mcnt. 

lliL' hun n h1 mn i-; a cnmpkx rn lL lt t't1111ai11s around IO'° 
ncmuns ( tlrnt is, the basic processrng, ur nerve, cell). 
twn t (Beak ;ind J:1ckso11. !CJL)())· 

it1IC'rrn·urun n~IJ:;, \VJlll i11pul and out pill lm:ally (1iver a di:~ta1H·e tip to 
l!Hlpm):, 

1l!11pul cells, connc('ling I\\ dillcn~nl 

1mw1·1ing frn1n lb (e 

rL'gitHls nf the- hrnin, Lo rnusclc-,, or 

l)w eyl') into I.he hr:iin. 

If rnougl1 nctiw inputs arc reL:eived In an individual rwtiron at any nne tirnc. 
1ha1 JH:~m1111 b adivatcd (it ·11 ), othc it rtrn:1in~ inactive Thi•; is 
an:dogous to 1he McC111loch Pills llHKld Pr till~ ncurnn, pn1poscd a~, lung 

:1 I . Tl r !HI nf neur:i! activity is rilwd in dewil hv Alek 
sander (I 1.){{9), 

I hus tlw hL1i11 is ma paralkL any one job being sh;Jred 
bdvvc~cn many neunios. The cnn0cquc1Ke or this P> lh.11 anv 1lth: si1 
netH•.)n i.~ nnl 1erally VL'I)' impurUmt; if one neurPn wen· ID m:llfunclinn 
f1Jr s1mk n·asnn, it would he rd.1ti · unl y hi nthl:I neurons 
::-ig11ilicaotlv. This kind or rnocessing, :;.pread 
is krlu\Vn ;1:, ·d ribu11·d pn , ;:i.111 is 

lukrnnl ur errors (lo have 'fault lnkrance'). 

over many prnc·e~;~;ing units, 
c1111sidcrt:d w hiirly 

l IJ,_· u:1di1ional cn111putcr ha:' on .. · (or 111aybi: 1wo or a I11(tffl ices~ 

sors. Tht~ cnnsequence~i nf thi:·; are dear: in addilion lu the inll..:riur processing 
poWt'f, if the only "lwuld 11rnlf'urKtinn t the whole 
w1111ld he unviilhle. ;\;-; tltt: term 'neural network' implies, tins field nf 
cnmpmill!c'. was nrigirnllly ain I n1od..:lllng w.,l work~ ttf real neuruns 
in tilt.: bra.in (l-krt1., l<1ugh ;111d Palmer, J<Nl). 

r<!l m:twnrks. which n:1turnlly lc1H! themselves to parallel processing 
(all h1·1ugh 1 lk')' :11e tly nm. necc.o.;sity a':ailahle uipmcnl, 
on ~ingk pron•t;:·;or nimputersl. clt'.arly nven:mnc lhi~-; problem or pc1~,sible 
fr1ilure hy :li)mVJng to ;_'O!ll Ut: in th<: E'Vclll or ii failure of OllC of 
the ronsliluenl neurons. 

Tr:,Ji1itinally. nem:il net are: s1o·cn as a nch ar!il'lcial intt'lli~ 
gencc (Al), although ~:ome ;\I m:adcmics Jisagree over thi:.;, H surdy t:nuld 

thal i! 1~, Ol.K tln.c must tmq111.::st1011ably I are:1s in computing 
scit·11u:, In rncnn 1ither areas of Al, karniug take:' place in ;1 lu!ly umJerstood 
1.md predii:Labh.· W<1y1 cxpiil'illy rqirescn kno\Vll'dge (I uger ;md 
Stuhblefi1:ld,. I 9S9), \VIH~re:is rnr neural m:two1 thu way 111 wh net 
learns is nol km1wn, lhJr is it pn:diciable or repeat.able. bec;wse of fhe 
randnm natun: !lw network initializal ht:k1w) 
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Neural nclw< scan learn to ize patterns willlin sci;;; ol' data (which 
may be an cn11_·11(k·d image, a spectrum or any encntkd ~;ct of tcd data L 
Fault tolerance lidps in pill tern rerngnilion, allowing lhe net t.u cope with 
dirfi_·rcnces ht'l Wt•c:n inpul crnmples it receives, placing greatcs1 inipt)rlanL't~ 

only cH1 the p;lrth of input data which are irnpnnant for dislmguishi 
the data it is lc:1rni11g. 

Su what is nwant by 'learning"? A g1ltHI deflnitio11 is given by Judd (1990, 
p. 1), who states that 'Learning is the capadt.y nl'a systcn1 to ah:;.orh infornrn·-
t1on !'mm its rnvirnnmen1 without requiring some external intelli agent to 
pwµrarn it'. By 'prugram' it e<ln be u nod 1.hal J11dd 1, rnrerri lo mon_• 
direct method<; nf i11forr11at iun input, s11ch as that used in an system, 
Judd gous on 10 say that, unfortunately, all learning nlgoril hms so rar 
reported are u1iacceptably slow for la networks, Given t of the 
human brain ii is no t \\'(mder ! l a It) simulatt' I ht~' snrL uf 
complexity have not succeeded! NoneOH~less, ll1e principle ul' neurons as 
elements of pr'ocessing is nol lost on reduction ton smaller sized netwurk, 
such a~> those modelled hy lhe various packages available lJll desktop colll 

puh·rc., A 1 ut(irial review or neural networks. with pa1 ticular It) 

multivariate Py S applications, 1s given by Goodacre, Neal and Kell ( 1996). 
Vv11th standard hack propagation, the most comrnon type or ueural nel~ 

work, there arr a number nr input nodes (t~qual In the number of inputs), 
each connected lo node nf a hidden layer, whk'.h are in turn each 
t:unnccted to lliL: output nmk.(s) (F Ill. I l ). nndc in the mpul hlyl'.r 
brings into the network the value or Ollt' im:lependr11! variable. The hidden 
layer nodes (calbl 'hidden' because they are hidden frnm the outside world) 
do lllnst of the work (Smith. 1993). Each output node a singk 
dqJt·rnJcnt variable out of the network. 

In neural nt·I jargon, the neuron is knmvn as a 'pcrccptron' (l~osenblatt. 
l 95H). The learning rule fur these 'multilayer perceptrons' is called the back" 
propagation rule, This is usually ascribed w Wc·rhPs in his t nf' 1974 
(Werhos, J 9t.>J ), hut was pupularized by t{ urnelhan ;md l'vicClclland (l 986) 
as rcn:ntly a~; l 9li6, since when there has been a in intere:'>t rn neural 
nef W(>rks. 

The net1.vork is initializt>d with rnmlonJ weights on the connections 
the pc!'Cl;ptrom, and lhe inpul is applied lo the input nudes. By 

using a training ;;t'.{ nf data and compari t output from the net with the 
desired (known) output it is possible w rnkulate new values for the \Veights 
to increase the accuracy by decreasing I.he error he! wren known und actual 
value..;, Each nr I hcsc iter;.itions is known as an 'epoch'. An error l'urn:.tion i~; 

ddl to the d the network's output and the 
desi1ed output. The aim thcn:fore is lo reduce t valuC' of this fundion as 
for as possible, 'l'he hack~prnpagHtion rule does this by calculating the value 
of' the error function for one particular input and propagating !he t:rror back 
from ont tn the previous one_ each connection bas il.s 
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Bias (+I) 

Hid den layer 

Input layer 

Weighted 
connections Bias(+ 1) 

Output 

Fi1~un• l0.1 l Strucltm: of a 8tandanl back-prn1iagation 8 1 I neural network. 

udjus!ccL The mathematics involvt:d in this procedure are oft.en badly 
sented, but some nr the most unclerstandahk explanations are by Beale and 
Jackson ( l 990) and Bishop (J 995). 

One probk:m l'rt~quently encountered with neural networks is thal of 
overt raining. This occurs when the net trains so closely to the training set 
thal any nther data will 1mt be recognized. In tlfr·> case, when the net is 

tested, it will be found that examples which were in the training set will 
highly accurate results, and other L:xamples may be \Vildly in:u:curate. 

Take, for example, the training and test data shown in Fig. IO. l 2. Over-
t raining results in the fit shown 1.vith a dash1~d line. where in the 
test set are poorly fitted to the line, The ideal line is sho\v11 by a solid line. 

According to I kcht-Niolscn (l 989, p. 116), the exact origin of 1 his prnhlcm 
has :rt ill not been fully eluddaled, hut it seems to related to t manner in 
\vhich 1hc afllictcd net\vorkg fom1 their mapping approximations. \Vhen 
testing, it is normal to use the training set as welJ as a lest set which has not 
been set:n by the netvv•ork during training this helps fo show up any over-
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x 

Figure lO. I2 Graph shuwing hm1.: a m•m111 k rnay bl' owrtrnrned \1) th.:~ data m lhe tr<iining ;;cl 

f) trnining sl'.l; kst sd: ·· desired tram;---"- - pw·nraincd. 

training as well as showing how well the net\vi.irk has learnt what it SCL'll 

and how µood at 11:ralization (dealing with prcvwusly unseen data) it i.s. 
It is d(·ar, then, that neural net.works, hei11g good at dealing with largt~ 

numbers of inputs, lend themselves lo the analysic; of spec! rn sud1 as those 
oht:t!ned by l.hc Py MS technique 11.nd NMR. Py MS, for example\ produces a 
spec! nim nf l 50 elc:rncnts, tht:·n..:furc the net wnrk used will have l 50 input 
nodei,. (roodacrc, Kell and Bianchi (1992, l99i) have used neural networks 
ror the detection nf udultcration in olive oil from PyMS data. Franrdin, 
Gnmide nnd Lan~~as ( 1993) uompan' three dlffr~rent types of neural network 
for the classification or vegctahle oils, including olive oil. nrter chm· 
mal phy analysis. 

10.4. IO C'hm10111ctrh·s 

Tht: use nf and rcla1cd methods in a wick rnng.e of 
of a ne\v discipline, that of chemumet . This is l.o the 

study of lie multivariate methods in sciences, and thl' litcnu ure has 
grown rapidly over recent years (e.g. Brerelon, 1992; Brown er al., !IJ96; 
Rarnos et al., J 9g(i), With the increasing use of PLS has corne the realization 
that ii is not \veil u1Hlcrstoud in terms of lts :<>tatistical properties. The 
method \V:ts to avoid ions about structure \vithin 
the data except tlwse that are built into the path model. Nl) :issurnptinn of 
normality is placed on lhe variahles, for instarn:e. 

Frank and Friedman (199:~) and Helland (1988) have s(udied the more 
conm1only used chcniometric methn1h (namely .S PC ) 
from ,{ statistical point. Their studies highlight the similarity 

Supplied by the British Library 26 Feb 2020, 10:48 (GMT) 



hct\vecn I mellwds and that of' ridge n:gressitin. This IL•nds tn confirm 
the proposition thal there is a uintinuurn of rc:grt•ssion niLnhods r:xlen<ling 
from Ml .R tn PCR., with PLS lying within lhis conti111111m. Slone and 
Rrooks (1990) derived the continuum regression (CR) algolithm, fin which 
there arc· IV/O controlled parameters: the m1mhn of lactor~ (termed W,1) aod a 
position indicator, u. When 1x = 0, \, l, CR is equivalent tu MLR, PLS and 
f'C'R, rcspectivt~ly. The op1irnal vah;·cs for 11 and are estimated using cross~ 
validation. Jvfalpass et 11!. ( l 994) hnve invesligated llH~ cont mu urn 1 

methndnlogy and have simplified the selection of optimal <1· valuc0 ( 1993). 
Se~1sholl1. and Kowalski ( 1993) have highlighted llw importance of choosing 
parsimonious models. That is to say that. if two 1nudds are formed then the 
one which requires fewer parameters for ils description i:> rnore likely to 
provide g1 iod fu I u re preJ ict ions. 

On lhe algorithmic frnnt, a number ut' new PLS melhods have been 
propost~d 1 for example those of Lindgren, Gela<ll and Wold ( 199J) and th.~ 
Jong (I 991h). Extensions have been propostd to imprnve the situation \vhen 
rrnn-linear data an~ enco1.rntered. 'The methods discussed ::;n far as~Hllllt.; that 
lhc observed and latent variabh~s are linearly relakd. Wht•n non~linc~arity is 
encountered, lhe method:' tend to foil to make a g1)nd mndL'I. This phenom~ 
enon shows up in the requirement of large nrnnbn:; of factors in modd 
formation, and in curvature in plots or the residuals after modelling. 
·raavitsainen and Korlwnen ( 1992) have shown how PLS can be extended 
lo incorporate certain types or non-linearity at latent variable 
and Oman, Na:s and Zube (1993) have used a PCR-based mdhod 
augmented with products nf the components for similar purposes. 

J().4.11 Varial>/e selertion 

Variable selection is a lt'~.:hniquc whereby those variables which are con" 
sidered tn be most important in I he creation of a model are used, whereas 
others ar·c discarded. There are many arguments for selecting varinblrs and a 
number (1fways ofselecling them, some of which nre ckscrihed in this 
To dak, comparatively re\v researchers have used variable selcclion nwl hods, 
most concentrnling on improving prediction hy using all tile variables. 

l·Vhy sele1·1 variahles? The rationale behind using latent variable methods 
ii' the excluBion or effects that contribute nnly noise. Latent variable methods 
assume 1hat there are underlying effects vvhich are expre;-;sed tc1 varying 
degrees in the measured variables. IC however) some of llw measured vari­
ables dn not reflect any relevant underlying effect then there is no reason in 

include them in the modelling Indeed, since latent variable 
rarely assign zero relevance lo any given variable, one may ex.pet:! such 
irrelevant variables to introdw:c noise despite the application nf such 
methods. 
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The principle or parsimony (de Noord, I t)~.i4; Flury a11d R iedwyl. I l,l8H; 
Seasholtz and Kowalski, l99J) stales that ii' a ~,impk mcHkl (that is, one with 
rdalively few pararneters or variables) fits the data llh~!l it should pn>· 
lerrtd to a model that invoh•i.::s redundant parameters. A pan~imom1rns 
model is like.ly to be beller at prediction or new data and ltl be nmrc robust 
agaim.1 the effects of noise (de oord. IY94). Despik thts. the u;.;e nr variable 
stlec\lon is still rare in chro111::i.tography and spi:drnscupy (Hn:rdon and 
Elhergnli, l 994). Note that the lt:rms 'variable s(·kc.lion· and 'vmiahk reduc~ 
tion' an.· ust:d by different researl'hers to mean ~;·ssentially samt: 1hi 

Clrntfii:ltl (1995) \Varns of the dangers or sekcting vanahle;; in such a way 
as lo enable ~,prnc sort of model to bl' made !'mm pun: noi~:e. This is a risk 
with some methods such as genetic algorilhms (Bangnlnre el a/_, 19%; 
lhoadhmsl et al., 191}7; Horchner and Kalivas, llJl)~; fo11nn·-Rimhaud et 
al., !<NS; Kubinyi. 1994a. b, 199<1); if tht:se metlwds an' tisctL thorough 
validation of the results is necessary to avoid this prnblen1. 

Some vuriuhle selectiun rec/111iques jl1r class{llc11tio11. 1 t can easily be shown 
that certain variables in a data set not only contribute little tu the rnudel hut 
actually detract from the optimum mocld. Let us lake a sitnpk, imaginary, 
c:asc lo demonstrate this. If we have a set or data describing two different 
varieties of olive oil, Leccino and Fruntoio, and only three vari;1hles, we cnn 
look at the data and see which of the variable~; Is most valwihle for dis 0 

criminaling helwcen lhe two w1rielie.s (Table HU). 
Tf we take the standard deviation (StDev) of tlte l .ccdno and Frnntoio oih 

l'or variables 1, 2, and 3 and then calculate the average nf these, W•..' h'1ve a 
value \vhkh represents the 'inner variance' or 'reproducibility'. The higher 

Tabll' 10.3 FimJmg thr most val1rnbk var!abks for disniminatiun 
hcl\\lt:L'.11 two nlivi:: oil varieties, Leccinn (Le) and Frant1.1io (Fr). 
StDcv =standard 1fovi;~iinn; ir 1~ defined in text i11 equ:1(i1111 (IO .. \ l) 
dlli.l rnuientes thc:· eharaucristkity of a variahk 

- ~V.1:t!H±hk~-

1 
·=~~=~~~=·e=.=.~-~~=<-.:---•·-

Le l 3.4 5.4 ti,4 
Li: 12 ::'..X ·l 
Le -~ 3 5 :'\J) S.ll 

I r l 3.0 3.1) '\,l 
Fr J 3.2 7.5 I. 'i 
Fr j 3.1 5 .. ~ 4.9 

S1D1:v Le 0, 152 2.90.'i 0 llR·t 
Si Dev Fr n. I l 80:1 O.l:!,71 

Avcrngc St Dev 0, 126 2.354 o.•mi 
StUev All 0.186 ::!. 1112 1.027 

w 0,678 lJ188 O.'JfH 
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this \'alue, the higher the inner variance and the lower the reproducibility 
(Eshuis. Kistcnrnker and Meuzclaur, 1977). By taking the standard deviatinn 
over all the samples, we calculale a value whid1 represents the 'outer var-· 
iance1 ur 'specilkity'. The higher thi~ value the greater the n1ner variance and 
the greater the speuilicity. The ratio between inner variance and outt:r 
variamx~ represents llu; 'charncleristicity'. [The terminology 'clwracterisl.i~ 
city', 'reproducibility' and 'specificity' has been adopted from Eslrnis, 
maker and l\1euzelaar ( 1977),j So, by dividing our value for the average ~)r 
the standard deviations by the slttndard deviation of the whole we gel a value 
w \:vhidi is an indication of the clrnracteristicily nt'the variahle (fnr varietit!s, 
var. I, ... var. 11): 

\\' 
average jSl Dev (var. l .L St Dev (var. 2 , , ... St Dev (var. n)] 

--- --,~·~----

St Dev {all samples) 
(10.-~I) . ' 

Nl)W, if 11· has a value greater ttwn I then the inner variance is greater lhan 
the oult:r variance; thcn_~rure this variable is a hindrance I•> correct discrimi­
CTation and so it should <lefinitdy be discarded. 

The PCA SC()res plots of the data shown in 'Table 10 .. '.\ demonstrate the 
eff('.cl or selecting varia hles. Taking all three variables fFig. IO. l 3(a)j it is 
appareni tlrnl discrirninalion is possible. but not easy. Eliminating lhe Wllrst 
variable (with w > I) makes discrimination easier [Fig. IO. l 3(b)]. If the hcsl 
variable is ri:moved, discrimination is impossible [Fig. IO. l _1(i:)] 

When looking at data sets \Vith many varieLiesi \Vhere one variety may 
contain more sampks thau another, it could be desirable to weighl 11• in 
favour of varieties with a grea1er representation. In this case, we c;:m use: 

'Q~ 
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M 

'C 
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i;; 
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~ .5 
l!I 
lJ 
i;; 

-~ 
"" > 
r.J ... s 
tJ 

if 
·15 
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05 

• fr1 

Factor 1, varlanc& e11pl11l11lll'd 61.8% 

Figure l!U 3(a) 
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F!Ktor 1, variance explalni&d 77.7% 

L5 

Fr1 

ol> Fr:? + Le.1 

I 
-0 5 . 

0.5 ts 5 -1 

I 
t.5 

Lt~2 
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(c) 

Figure 10.13 Pdnl'ipa! components analysi:; scorr~ plog: (a) using all three example vnriahb 
(first twn principal component~; discriminatin11~ of the varktics, partkularly sampk Le2, would 
h1! very dirtfo11l1); ('h) using llH~ best two valiabk~. um•NightcJ 11• scledcd !equation (HU l) in 
kxt)(dlsnilllinatinn uflh<: varit-ties is IHJW pnssihk u:;ing only the first principal .:0111pn11e111}; i'c) 
di~canJing th<~ best variable, unwi.:ightcd w sdeded (linear di~.:rimination of the vnrietit'~. wtiuld 
no! ;1prr:ir w be possible from tbh chart) Ddiiil~ 1.1f th" variuhlc' an: given in Tabk HU. 
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IJt:v(vm l) · N(\~1r.l)j I [;;1~:·v~·a1 _N(1fH1_:1:)\ i ,, I [S1llGV('«1~1)_ var 

tul:d) · I ltv{ali sampli;.,) 

(lfU!) 

Where N (vnr. 11) is tlw n11mher of samples 1'11r variety 11 and 1V \lot;ll) i~ 

tolal numhcr ur ~arnplcs. 
1\nu1hcr methoJ or vari;1blc ion fflr lhl' in classil!c;ltinn prnhlcms 

involves USl' or the I 'islwr rntin, whereby :I Va!tll' i-; calcubtt:~d for 
variahk acrording lo lhe following forn1ulat'. 

Calculation nl' the hetwecn~gruup variatinn. 1·1.: 

17'1 

Calculation or lhe within-gnn1p varialion, flw: 

' 
(,\'1i .\'t) . 

I ! .' I 

Calct1la1 inn of lrw Fisher rnelTicknl, F: 

(
. I ) " l )' 

1 

F .. - - Vi, ( - 1:1,, 
!! I II-·!' 

; ~ ' ' . :. 

where g b the number uf gruups: 
!1 1 is the numhtr ul' 1~lcn1L'llls in group i: 
y 1 is the 1m:an value (1f group i: 
5' is the total mean; 
Yo is the val11l' nl' ohjcct j in group i. 

(I 0 ... \:1) 

( l 0. 

(10.\5) 

The three selection melhnds are hl·nceforlh referred lo as weighted w, 
unweighted 11<, and Fishc~r. 

It may ol'ten bl.'. found llHJ.l factors other thau that searcht·d fur olive 
oil variety) may he having some inll11ence on the data (fur tinw ol 
harvesting or region or origin), Although variahles cnnlaiuing data so 
affected may haw <l vnhil' ror w of less than I. they may :{I ill bt~ having a 

t in!lucnn~ nn the model by causing oils ol'. say. a similar lutrvesling 
date. \()cluster together. or al least tn he pulled away from thl~ir hoped~for 
varietal dustering, in a PCA seorl'S plot. Tn order 10 diminate l his effect and 
lo inl'fl':ISt~ the parsimony of the nrndel, \Ve would wish to diSL'afd many 
variables 1;vith a valut': of II' less than l. We cannot easily know which 
varinhles are I most in this \vay, and the optimal model com ity 
is not 11xed for a given probk·m; it is d11ta set dependent (de Noord, 1994). 
One solutinn is tu start from minimum number of variables (two or three), 
"elected \Vith a low threshold value nf wei~ht.ed or unweighted w, and work 
upwarth: tcnvards w I lo see at wlrnt point the h1.:sl model is reacht'.d, 

It could be expected, when trying to iden1iry varieties, that the optimum 
model will bt~ achieved m or near '1 value for 11· which selects variable!-i that 
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contribult' lo lhe discrimmation nf vandies hut doc:; not :.dc:t'I any tlu1 also 
co11tdbt1IL' a large arno1m! tn the discrimi1rntlon of nlher laclors (such its 

lL'giPn t.•r harvt·~,ting 1fol~). In practice it is lnund thai ideal thresh1ild 
rnngcs from that whicl1 :>t:lects nnly lht" best rhrec or four v;1riLJbles right up 
tll 1r = I, depending nn the data and the dc!·;ired factor (\Vhl'thl'I' v;triety, 
n:gion, t'\c.). 1 Jodouhtc·dly, this is at lca:.,1 in pan arising from the pnncipk ol 
parsimony. 

10.4.12 l·.:xp/oitofion o/111ultirnria1e spe1·tro,1·1·opics i111/ie identijl(·u1iut1 o/ 
rhc geogra17him! origin ol nliw1 oils 

For the next olive oil harvest (I 996/<.l7 season) the Italian 11il producers will 
prnvitk !ht: consumer;. th D< >C (Dc11omi1w.:u·o11e di Or(gine Control/du) or 
CBO (Certified Brand~; of Origin) virgin olive oils. [TIH.: ~;o-called DOC 
(<'ontrolled Denominntion of' Origin) dassilkation of extra virgin t.)livc~ oil 
is being introduced in Italy acl:nrding to law 169/1 ] Similar provisiuns 
can be l'uund i11 ELI rcgulalimis 2081/1992 and 2082/191)2, governing lhl" 
r>OP [ l>l'nomino;:ione di Or(1t,ffli! Prore;{f!,l;f!o (Protected Denomination of 
{ >rigin J] fnr agricultur;d food produL~ls. Tlwse highly priced oils will b .. ' 
ohtairn:d rrorn cither a single (nr a high percentage content from a singk) 
variety ur from several grnwing in a lied region. rly, f!) 

enforce llw legal situalinn suitable methods l'or dcterrnining the geugrnphical 
origins <'fan exlra virgin olive oil will be essential. 

The methods used to attain l cmrLTt idcnllficatiun ol ulivc oils will a 
have to lake into account the potential large variability arising from variety. 
location and environmental differences in the compo:.;itional characteristics 
pf 'pure' virgin olive oils; thus the availability of rcliublc methods for 
authentit:ation of the geographical origin uf tht: oils will be crnciaL As 
discussed ab<JW, one possihk metlwd is Curie point PyivfS ( inn 
I 0. 3 .2') combined with a powt:rfu l rnultiva riate or chemornet ric analysis 
tcdmiquc such as Ai·.J (Sectinll lU.4.9) (Fig, J0.14). 

The USl' or variable selection has lx:en sho\Vll [O improve the pr1;d1clin11 of 
the variety and region or origin of olive olL" considerably, using both 11 C 
NMR (Shaw 1'f al., 19%, 1997) and PyMS da1a. The results that art' 
shown here were produced with use of PLS and PCR software written in­
h1rn~1e by Jones, in cnnjunction with Mkrn:soft Excel ~ macrm; wriltl'n 
hy Slunv. 

The NMR data used consisted of rive varieties; four Italian: Corafina (14), 
Dritta (12), l-77 (16) und Moraiolo (16) one l (X). sampll's 

\Vere run in duplicate l.n 1:.nsure reproducibility. In such circumstances it is 
important to ensure that the duplicates are kept tngether, not split between 
(est and training setz;. Dritta oiL however, was all from one sample and 
sn was urrnvoidtihly srlit hetwecn the test and training sets. The regions used 
were frnm the same bei a rnixture nf varid from Abrnno ( 12), 
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l•'l~ure l0.14 Prcdirtion of the rq•i11n of origin for •.~:-;tra virgin olive 1Hl> by rneuns 11f art1!1cial 
11\'Ural networks IANNs), Raw data were st~paratcu into trnini11g and 1c;;1 sets by meum or the 
Duple>. p:1rtitioning rm:llwd A tl1rrc-laycred ANN 1150 input rl•Jl.k;.; (±Hl'X. headroom), fl 
hiddt:n nodt's and ii singk • •Utput nodi:] w.:i~ trained with I H 1 llbjcrh (_N Ahniz:w, cmkd U. 
:ind 144 Sardinia, ended l) and intcnngatcd p\:riodkully using 93 separate objects 121 Abruzzo 
( l) and n Sardinia L6.)] pn:viously unseen b)1 the training net. The nutput after I lo 000 epoch,: 
1~ shown above, with a Ut1ining em.ir of U,009 rnf•l mio<rn squ:I!.:. 1111;.· lines r,;:prc'l<.'n! ndwork 
t:!slimute:i of 0.2:'i and 0.7S. Squ;rn·.s nelow lhc 0.2S line arc deemed as beinp, Ahrut.zn, tind 

lriangh:-: nbnvi~ the 0.7.'i li1w as S11rdinin. In this slricl ks! all 93 am rnrreotly identil1ed. 

Puglia (14), Toscana (12), Israel (8) and the 12 lllt!asurements of the Dritla 
sample, which vvas alsn from Abruzzo. 

Figure l 0. l 5(a) shows how only the best six or seven varlahles allow a 
I 00% prediction of variety J-77. whereas ii' all variables are used only around 
H'i(~!,1 can be achieved, Figure 10. I S(bJ that similar success can he 
achieved with n.~gions, again wiih less than half the variables; reginn Toscana 
has proved lo he easier to predict 1h11n other regions, \Vhicb is fortuitous as it 
is these oils that arc the most highly by connoisseurs. For these l\VO 

examples, one Y variable \Vas used. a 1 being used to represent the variety 
bdng predicted, and a 0 all other ies. 

The remaining exarnples are predictions of five varieties simullancously, 
rather than just one. The output matrix, Y, was thcref6rc encoded by using 
live variables of ls and 0->, using a I tu represent each variety m the 
appropriate column. 

MLR performs significantly \Vorse than PLS or PCR on the data ; as 
has been pointeu out by Martens and Nies (1989), the MLR predictor has 
seriously defidcnl performance where there is collinearity in the data. 

Supplied by lhe British Library 26 Feb 2020, 10:48 (GMT) 



1(Kl 

9~1 

tl 
90 ~ 

0 
IJ 

€15 

80 

75 

(a) 

100 

95 
.., 
0 

f! 90 ... 
0 
0 

85 

80 

75 

70 

(b) 

CII El\10 M FTR l C M f•.'I' II OU S 

/,'\ 

I \ '. , - . I. \ : ·. 
/ .\-::\\. . ..... '··. F~ 

t f' 1' • ' \ / ~ j 

: I., . ' '\ .,... .' ." /·\· " . . . . . ",\ 
;I: : ~:'~r~ · 

.;' .: '(\,J \/ 

. . 
/: 

,._, "*'. 

13 i5 l7 Hi 21 23 25 27 29 :q :13 35 37 39 41 

Nurnher of vanabk!S used 

,z-~ .. .:'\. 
' . 
: \ " '. ' 

\ . 
I 

I/ 

.. ' 
I 

3 5 1 9 1l 13 1 ~ H 19 21 23 25 27 29 31 33 35 37 39 41 

Number ofvariabl~s used 

fi~uri; Hl.15 PLS I (partial least squaa·s) prediction or: (a) olive oll varidy I-77 from 1"C 
Nl\.Hl d;ila containing live varit:tics (ali oils were c:om:ctly predict~·d with Fisher an<l wdgl1ted w 
sdei:wm using the hrst si:.; or seven v;triahk>); (b) 11li\r oil reghm of Tn5cana ( !11scanyl 
frorn 1'C NMR 1.hi1u <'.<•ntainmg fnur 1 (at hc·it, all hut one are correctly predirtnll. 
Sekction proccdun:~: Fir.her; weightt:d \\'; · · · · 7 1.rnweighted 1v. Sdectinn 

procedures arc dcscrib1:d in l<'X l. Section l 11.4. l l, c4uatio11& (l (U I H HUS), 

Variable selcctirn1, however, grl'~1tly improves the pre<liciiun nbtained by 
LR, as can be seen in Fig. J0.16. \Vithout. variable selection, these results 

would he worse than a random gticss! 
Thr same data, using PLS rnt.her than M LR, gives a better prediction 

(Fig. I 0.17), using weighted and unweigh1ed iv selection methods. Although 
!he best prediction using weighted w (91.m";,, all but three) is achieved with 
all hut one of Lile variables. tlw inclusion or tha1 one variable ly 
reducing the prcdic1ion, Lo 7'~''.·~· (all but eight). 

Since we know In what mosf or the carbon signals correspond, it is 
possible to draw some condnsions on the chemical significance of the 
order of variable selection. 
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Fij:!ure J0.16 :'vlulr1pk i!nea1 predtctiou 11f oli\·c oil variety fr,.111 NMK Jal:i 
t·o11rnining l!Vl' v11rietics (at bt.'Sli ult hilt fo11r pn•dictio11s arc t()m;<:t with sl'!eclt1HJ hy 
\lll\\'1.'lghted 11•). Sdcdiun rn ":edun·~; - = f<tshcr; - . . = \Wightl'd !I'; - - - - unwdphkd 

11'. Sl'iecti1it1 pr1ll'cdu11•s tn<: des..:·ribcd !fl tc:-.l, Section l0.4.11. i;quatit1ns (\IJ.J l) (1UJ5). 
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Jii~Ull' 10.17 PLS 2 (pa11ial ll«Bt ~qmH cs) pn:dkiinn of nlive nil varit•ty from uc Nl\·1 R data 
cnntaining fiVt: '.'ill ietes fill best, 3(1 hut three prcdi<.:(ions Wi.·re COHCC'l With ll~C of Weighkd an.J 
111rn•eighted 11•). S1..~kction prot'edures: - c-= Fisher: • - weighted 11·; • ·, = un\ve.ightcd 111 

Select inn prnc.:dur1:s ar<" 1kscnbcd in text. Section JOA. I I, equal hms { l<U I) (I 
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For n:gi1)n discri1ni11ation the: most itll!HJrtant \'ariahks are found m tlw 
aliphatic region of' the spectrum, from hol.h olei.c aml saturated chains [Fig. 
I 0. l B(a )}. The fatly acids corrcspon<li11g to I he nw~,1 significant I() variables 
arc identiried. All the rncnls are eithc·r for the 1: or the :~ 1 II position\ 
ur the glycerol back bune. Since there are t \VU rt p~)sitions for each I) posititrn 
it seems likely that it is the strength or the signal (strong signals probably 
contain noise) which c:tuses those variables rorrcspnn<ling to the 
position lo he sekctcd ahnve those corresponding to !he p pc)si! ion. 

For variety discrimination, the carbonyl region is much more· prominent, 
hut again oleic aL\id prednminntes [Fig. I 0.1 H(b)]. 'lhe most significant find·­
ing hcrL' isl hat posit inn of' nkic acid (ex or I}) is not indicated by any of the 10 
most -;ignificam signals in lhl' aliphatic 1t·gion. but is i.ndicated cs_2 and 
('S 4 in !he carhonyl region, as is the posit inn ofli11ole1c with S. There-
fore, it would appear lhat v;Hiety discriminalinn is aided by the knowledge 
of the positiun of n1onotmsat11rated faUy acids on llie glyceml backhm1e, 
\1/herea~, this is nut so important. !'or regi1-lfl discrimination. It follmvs. then. 
that <Jiil' of the main distinguishing features of' olive oil varieties 1s 1hc 
position of the rnonounsaturnled !'ally acids on the glycerol backbone, 
whcrl'a~; for regions the main factor is the reJatiVL' proportions of fatty 
acids in the oil. It is unfortunalt' that the assiirnrncnl nf' is unknowll, 
as thi-.: is important fnr both variety and region discrirninalion. 

gl :..j ~~ ~I :!!, ".'~. !'I '=1 ~l t, rt, (t, l'.1! fJt ~I Pll '·· N, Pll :~1 M, R, R~ ili, u a u n 11 ~t H ~ 3 3 n n ~ n n u n n n t1 ~ ~ n n 
cart~~\ rHunil 

111) 

Figun• HUH Relalivrc' signifka11l'<' nf C':trhon signals (CS) f11r (a) n:ginn Jiseiimina1in11; 
(o) \Midy discrimin;!lion Assignmr·uh :ircc rrrl\ t')d't:pl wha•: indic1ted. 0 r•kic S :'Hiil! 

L !i1i<1kic. 
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10.5 Conelmling remarks and future prns1h'ds 

For reasons nf space \V(' have been unable !O cover all of rnajor chro­
matographic and speclrnscopk metlwds which might be applit.'d to olive 11ils 
and uther lipids or other d1cmomelrii: mtc~llrnds \Vhich might used to I.Urn 
the c0111plex, multivarialc data so obtained into information. In particular) 
we recognize lhe immense potential of vibrational spcdroscnpics (Kemsley~ 
Applclon and Wilson. 191>4; Winson et al., J 997a, b) such as Fourier trans­
form infra-red. near inf'rn-rcd and Ra1na11 (Sertion lU.2 Although the 
che111ornc11 ic methods. -.vc have described 1_·an make c.xctdlt:nt predictivt: 
modcl:1 ll1L~ non-linear ones m particular do not easily lcn<l lhcrnselvc:.. to 
explailling how they dn it. This is knmvn as the assignment problem. By 
contrast, rule-based methods such as classification and regression tree~; 

(Breiman et al., 1984) and fuzzy mult1v11ri<1te rule induction (Alsberg et al .. 
1997) 1:;111 provide models winch arc much easier to interpret according to 
the II' ... Tl [EN rules which they can produn::. The product inn of simpler 
rules aud models is contingent on the extn11 .. '.tic1n of appropriate reatures in :1 

pre-processing step; tu I his 1..·nd we have found a peak parameter represent!! 
ti on to be or value (Alsherg, \.Vinson aw I K elL. 1997), and less familiar . ·-
statistical and multivariate methods that may prove lo be of particular use 
in thL' exlrnction of l\.'.lcvant information from such spectra include 
\vavelet analysis and regrcs;.;ion, Fuurier Fouril'.r d1..·co1wolution 
and R spline splitting 1AJsherg, Woodvv'a and Kell, l 9'J7). Finally, genetic 
progrn111111iI1g methods ( Ko1.u, 1992, l 994a, h), although cnmpulationally 
intensive, huvt) lhe potential (o search the high-dimensional space with high 
efficiency (Edmonds, Burkhardt and Adjei, 1995) to find the models which 
best relate the spectroscopic data availahk lo fhe biological or chemical 
properties of interest (Gilbert et al., 1997 ). 
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