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Objecte dela Tes Doctoral




La present Tes Doctoral pretén fer una contribucié a coneixement dels
parametres de qualitat en metodes analitics que utilitzen les tecniques de calibracio
multivariant, abordant concretament l'estudi dels limits de deteccié i €
desenvolupament d’estimadors matematics que permetin calcular-los. Amb aguesta

fi, hom ha plantejat una série d'objectius individuals entre €ls que poden citar-se:

- Unarevisio critica de les metodol ogies desenvolupades fins ala data per a calcul

dels limits de deteccié en la calibracié multivariant.

- El desenvolupament d'un procediment Util per a l'estimacio dels limits de
deteccio en tecniques d'andlisi que permeten la reduccié a una dimenso de la
matriu  de 'dades, originariament multidimensonal, com ara I'acoblament

cromatografia de gasos - espectrometria de masses (CG-EM).

- El desenvolupament matematic d'un nou estimador (til per a models de
calibraci6 directes que utilitzen la regressO per minims quadrats classics
(Classical Least Squares, CLS).

- El desenvolupament d'un estimador de calcul dels limits de deteccio per amodels
de cdibracio inversos, es quas utilitzen diferents métodes de regressio, com arala
regressio per minims quadrats inversos (Inverse Least Squares, ILS), laregresso
per components principals (Principal Components Regression, PCR) o laregressio
per minims quadrats parcials (Partial Least Squares, PLS).

- La generacio dds agorismes corresponents en suport informatic per facilitar la

implantacio en els laboratoris dandlisi dels estimadors desenvol upats.
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Capitol 1 Introduccié general

En aguest primer capitol, una vegada descrits els objectius de la Tes Doctoral,
hom introdueix e conjunt del treball de recerca redlitzat. En primer lloc,
semmarquen ds limits de deteccio dins € procés de vaidacio de les metodologies
analitiques, justificant-se d'aguesta manera els objectius plantejats. A continuacio,
la breu perspectiva historica de I'evolucié ddls limits de deteccio, que desemboca
en d concepte actual d'aquest terme, proporciona la base per entendre € treball
que hem desenvolupat dins € camp de la calibracié multivariant. Finament, la
darrera seccid ens detdla com sha portat a terme aquest treball descrivint
I'estructura del conjunt de la Tes.

11. Validacié de métodes i limits de deteccio

Els resultats de les andisis quimiques han adquirit una importancia rellevant que
va d'acord amb les demandes de la societat actua. Per exemple, hom esta
interessat en conéixer S un determinat aiment esta 0 no adulterat, S la presencia
d'un contaminant al’aire pot afectar lanostra slut o s @ contingut en colesterol a
la nostra sang pot considerar-se perillés. Preguntes com: és present aguesta
substancia en una determinada mostra?, o esta la seva concentracio per sota dels
nivells permesos per la legidacio? shan de respondre constantment. Didriament i
anivell mundia es produeix una gran quantitat de resultats andlitics, dels quals
poden dependre des de grans transaccions comercids fins a la salut de moltes
persones, passant per la possible contaminacié del medi ambient. Alguns estudis
economics revelen que la generacié dinformacio anditica comporta fins a un 5%
del producte mundia brut.

Es per aguests motius que es necessiten procediments anditics que responguin
amb rigor a totes les expectatives d'.una societat moderna. Abans, perd, que un nou




Capital 1 Introduccié genera

procediment d'analisi pugui ésser utilitzat rutinariament, hom ha d'estudiar i
optimit/ar, S sescau, les seves etgpes individuals, i verificar-ne € funcionament
en la seva totalitat. Aix0 és € que sentén per validacid, definida per la
EURACHEM/WELAC [1] com |'establiment, mitjancant estudis sistematics en €
laboratori, de que els parametres de qualitat d'un métode compleixen els
requeriments especificats per a una aplicacié analitica determinada. Els
parametres de quadlitat a verificar inclouen: exactitud (tragabilitat), incertesa,
selectivitat i especificitat, sengbilitat, interval d'aplicacio, lineditat, robustesa,

[imit de detecci6 i limit de quantificacid.

Aixi doncs, mesurar la capacitat d'un métode anditic per detectar la presencia o
I'absencia d’analits en mostres i quantificar, amb fiabilitat, la minima concentracid
d'aquests andlits és un dels requisits del procés de validacio.

1.2. Perspectiva historica. Definicions relacionades amb ds limits de
deteccié en lacalibrado univariant

Molt abans que la normativa internacional, amb I’objectiu de donar confianca as
clients dds laboratoris anditics, recomanés l'avaluacié dds parérhetr& de qualitat
de les metodologies anal itiqueﬁ, el problema de la deteccié ja havia estat fruit de
controversia. Existeixen centenars d'estudis publicats sobre limits de deteccid en
el camp univariant, aixi com nombroses revisions cientifiques [2-4], pero € tema
no estd, ni molt menys, tancat. Com a anecdota, solament comentar que en la llista
que la ICS (International Chemometrics Society) té a Internet, shi adrecen
habitualment preguntes referents ds limits de deteccio, tant en cdibracio

univariant com multivariant.
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Un dels primers en abordar € problema del limit de deteccié en I'analis quimica
va ser Kaiser [5]. En ds seus primers treballs suggeria que un senyal major que la
desviacio estandard del soroll de fons multiplicada per un factor triat
convencionalment, es podia considerar caracteristic d'una quantitat detectable de
Panalit en estudi. En principi, €l va anomenar limit de deteccié a aquest senyal
critic, proposant un valor de tres pel factor, que correspon a un nivell de confianca,
(1 - @, del 99.86% per a una distribucio norma d'una cua i amb desviacio
estandardCTconeguda. El valor d'a és la probabilitat de cometre un error de la
especie o fals positiu, Le. € risc d'obtenir un senya degut a soroll de fons per
damunt del senya critic i atribuir-lo erroniament a la preséncia d’analit.
Posteriorment, € mateix Kaiser [6] vaintroduir € concepte d'error de 2a especie i
va definir € limit de garantia per la puresa com € nivel la distribucié de qua
conté una fraccio (1 - P) de valors per sobre dd limit de deteccié definit
anteriorment. La probabilitat de cometre un error de 2a especie o fals negatiu
(vai or de (3) és d risc d'obtenir un senyal degut a l'analit que estigui per sota del
nivell critic i sgui atribuit erroniament a la preséncia de soroll de fons. Kaiser va
ser d pioner en la introduccié del concepte de test dhipotes en l'andisi
espectroquimica, mentre Altshuler [7] ho feia en & camp de les mesures
radioactives.

Per la seva banda, Currie [8] proporciona una aproximacié a la deteccié i a la
quantificacié en quimica anadlitica i radioquimica que ha servit de base a molts
estudis pogteriors. En e seu treball proposa la introduccié de tres nivells
especifics:. un limit de decisié corresponent a un nivell critic Lc, € vaor de
resposta instrumental neta (equivaent ala resposta de la mostra menys la resposta
del blanc) per damunt del qual un senya observat és indicatiu de la presencia
d'analit (aguest valor LC és equivalent al limit de deteccio definit per Kaiser); un
limit de deteccio, Lp, € limit a partir del qual hom pot confiar que un procediment

andlitic és capag de detectar |a preséncia d'analit, equivalent a limit de garantia
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per la puresa definit per Kaiser; i un limit de determinacio, Lq, € nivell en @ qua
la precisié de la mesura és € satisfactori per dur a terme una determinacio
quantitativa. En definitiva, € valor LC sutilitza per a comprovar un resultat
experimental, mentre que Lp i Ly es refereixen a les capacitats del procés de
mesuraen s mateix i, per tant, Sdn valors establerts "apriori”, abans de reditzar la

mesura experimental. Matematicament, aguests tres limits sexpressen com:

LC=kLTO (1.1)
Lp=LC+kCTD=k, 00 + kg Op 1.2
LQ = kq Og (1.3

on €ls factors 4 i kB' s0n s valors de les abscisses de la distribucié norma amb
nivells de significacio (1 - @ i (1 - P), respectivament. o, i op SOn les desviacions
estandard de les distribucions del senya net quan el seu valor vertader ésigua a
zero i al limit de deteccio, LD, respectivament. CTQ és la desviacio estandard del
senyd net a nivell dd limit de determinacio, habitualment un 10% de valor de
Lo.

Hubaux i Vos [9] foren pioners en I'avaluaci6 dels limits de deteccié apartir de les
rectes de regressid d'una metodologia analitica. Seguint la terminologia introduida
per Currie, defineixen un limit de decisio en respostes, yc, com & minim senya
que es pot digingir de senya dd blanc, i un limit de deteccié en concentracions,
XD, com d nivell per sota dd qual, "a priori”, qualsevol mostra podria ser presa
erroniament com un blanc. Els valors yc i xp no els obtenen, doncs, a partir de
repeticions experimentals Sn6 que es deriven a partir dels intervals de confianca

de larecta de calibratge. Aquesta nova aproximacio queda reflectida enlaFig. 1.1.
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Concentracio, [X]

Fig. 1.1. Representacio graficade larectaderegressid i els seus intervals de confianga, aixi com dels
valors del limit de decisid, yc, i limit de detecci6, xp, segons Hubaux i Vos.

En aquest cas, I'estimacio dd senyd dd blanc, yo, no sobté a partir de repeticions
experimentals, snd que correspon a l'ordenada en l'origen de la recta de
calibratge. El limit de decisio, yc, correspon a la interseccié de l'interval superior
de confianca amb I'eix d'ordenades, congtruit amb un nivell de significacié (1 - a),
i és equivaent a terme L. definit per Currie. Per la seva banda, € limit de
deteccid, xp, sobté a partir de la projeccio de yc sobre l'interval inferior de
confianga, construit ara amb un nivell de significacio (1 - P) i és equivalent al limit

de garantiaper lapuresa de Kaiser i a terme Lp de Currie.
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Els mateixos autors van estudiar la influencia d'una serie de parametres
experimentals. nombre d'estandards de cdibracio, interval de concentracions,
distribucio dels estandards dins I'interval de treball, nombre de repeticions de la
mostra problemai precisio de larecta de cdibratge, sobre els valors dels limits de
deteccid, proposant a la vegada una série de regles practiques per a la disminucio
dels esmentats limits. Posteriorment, les expressions trobades per Hubaux i Vos
van s generditzades per Oppenheimer et al. [10] per aplicar-les a dades que
presenten heteroscedasticitat.

Ingle [11], en un article publicat a Journal of Chemical Education, va ser €
primer en plantgjar que els errors de 2a especie (errors P o falsos negatius) eren
conceptualment massa complicats d'entendre pels quimics i, per aquest motiu, eren
sovint ignorats. Resulta, § més no, curiés que aguestes consideracions segueixin
vigents en I'actudlitat i que en molts treballs cientifics on es fareferéncia ds limits
de deteccio no es faci cap tipus de mencio ds errors de 2a especie, errors que, per
altra banda, son inherents a procés de deteccié en analis quimica, tant 9 es
consideren com s no.

Pd que respecta a la posicido de la TUPAC (International Union of Pure and
Applied Chemistry), en un primer moment no tractava € problema dels falsos
negatius i Smplement recomanava, basant-se en @ trebal de Kaiser, I's d'un
factor de 3 per multiplicar a terme de la desviacio estandard de les mesures del
blanc [12]. En una primera definicio, certament ambigua, la IUPAC sosté que €
limit de deteccié per un procediment analitic determinat, expressat com una
concentracio, xp (0 quantitat de substancia, gp), es deriva de la minima resposta,
¥p, que pot detectar-se amb una certesa raonable. Aquesta respostayp sexpressa
mateméticament com:

Vp =Yg +ksy (1.9
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on yg i sz sOn e vaor mitjai la desviacié estandard de les mesures del blanc,

respectivament, i k= 3. El limit de deteccid, xp, és funcid de yy i, per tant:

xp = Yo ~¥s _ ksp

3 ; (15)

on b\ és la sensihilitat de metode. Com la lectura mitjana del blanc, y, , pot ser

que no sigui sempre zero, sha d'aplicar una correccio del blanc a senya. L'Us
d'unvaor k= 3 correspon aunrisc de fals positiu, a, de 1 - 0.9986 = 0.0014, o dd

0.14% per un test d'una cua, amb poblacié normal i o coneguda.

Winefordner. i Long [13] fan una discussio critica de la definicié de limit de
deteccié plantejada per la TUPAC i, encara que segueixen recomanant |'equacio
(1.5) amb k= 3 per avaluar € limit de deteccio, reconeixen que seguint aguesta
aproximacio existeix una probabilitat del 50% de cometre falsos negetius. Aquesta
és la probabilitat que la mesura instrumental d'una mostra amb concentracio
equivalent axp caigui per sota dd valor de yp. També fan esment de I'existéencia
d'un limit superior, que evita precisarhent aguesta elevada probabilitat. Aquest
valor coincideix amb e limit de garantia per la puresa de Kaiser i € limit de
deteccié de Currie. Els mateixos autors, prehent com a base la definicié de la
IUPAC i aplicant la teoria de propagecié derrors, deriven una expressio dd limit
de detecci6 queincorpora els errors associats alarectade caibratge:

2 1/2
4g+%+@mg%]
Xp = 5 : (1.6)
1

onboi b\ son’ordenada enl'origeni € pendent de larectade calibratge, i sso i s51
son les desviacions estandard associades a aguests valors, respectivament.

13
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En un document posterior [14], la TUPAC ja reconeix |'existencia dels errors de la
| 2a especie i recomana el calcul dels limits de deteccié amb riscsai P del 5%. A
més ameés, donaun pas important en reconéixer lainfluéncia dels graus de Ilibertat
a I'hora d'estimar la variancia del blanc, suggerint I'Us de I'estadigtic ¢ d’Student
per compensar aquest fet.

Liteanu i Rica [15] introdueixen un dtre concepte important, com és la
caracteristica de deteccio d'un sstema analitic, definida com la relacio existent
entre la probabilitat d'una deteccio correcta, (1 - p), la probabilitat d'una deteccio
fasa, a i la concentracié de Pandit en estudi. Aquest concepte és andeg a la
caracteristica d'operacio d'un sistema de deteccio, definida en lateoria estadistica
de la detecciO de senyals, i s un parametre fonamental per establir la qualitat d'un
dstema andlitic en I'ambit de la detecci6. Es, dhora, diferent per a cada sstema,
en funcié de cadamodel de calibracid, i variable, jaque € seu valor es veu afectat
pels parametres de cdibracio i pel nombre de mesures fetes sobre la mostra
problema. El seu estudi pot permetre decidir entre diferents métodes d'andis o
ajudar en lamodificacio de certs dissenys experimentas del procediment danalis
que es duu aterme per tal d'assolir una caracteristica de deteccio especifica.

Clayton et al. [16] donen un pas més endavant en l'avaluacié dels limits de
deteccié apartir dels models de calibraci6, afirmant que quan els parametres de la
recta de cdibraige no son coneguts i shan destimar a partir de dades
experimentals (fet que succeeix en la majoria dels casos), llavors la probabilitat
d'error p segueix una distribucié ‘t-descentrada. Aquest fet constitueix, per s sol,
una de les contribucions egtadigticament més rigoroses en d camp des limits de
deteccio en cdibracio univariant. Clayton et al. defineixen una resposta llindar,
yo, equivaent al limit de decisio definit per Hubaux i Vos, i un limit de deteccio,
Xp, EXpressat com:

14
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_ A,y var(y,)
D b1

(1.7)

on var(y,) es la variancia de la resposta instrumental a concentracié zero, b\ és €
pendent de la recta de calibratge i A(o,3) és @ parametre de descentrat de la
distribuci6 t descentrada, que té en compte les probabilitats a i p d'error. Els
mateixos autors recuperen també el concepte de caracteristica de deteccié d'un
sstema andlitic, originariament ideat per Liteanu i Rica [15]. Les aportacions de
Clayton et al, Liteanu i Ricaen e camp de la deteccid han estat implementades en
un interessant programa informétic de calcul de limits de deteccid i representacio

de corbes caracteristiques, desenvolupat per Sarabiai Ortiz [17].

Enladefinicié de limit de detecci6 feta.en I'estudi de I'afer del Love Candl [18], aixi
com en un article posterior de Lambert et al. [19], les dues probabilitats d'error
queden perfectament definides. Ja més recentment, € darrer document de laIUPAC
[20] reconeix I'existencia d'ambdds tipus d'error i recomana I'Us dels termes valor
critic (0 nivel critic) i valor minim detectable (o limit de detecci®) per establir s
criteris de deciSO i deteccio, respectivament. Aquestes noves recomanacions estan
consensuades amb lalnternational Organizationfor Sandardization (1SO) i basades
en € trebal origind de Currie. SOn, per tant, una solidareferéncia al’hora d’encarar,
en un futur, & problema de la deteccio en I'analis quimica. Aquests conceptes, no
pas nous, pero si normalitzats, es descriuen amb meés profunditat al'apartat 1.3.

Es pot comprovar, doncs, que I'evolucio historica del concepte de limit de deteccio
en la calibracio univariant ha vingut marcada per una certa confusio i diferencia de
criteris. No ha exidit, ni sembla que exigeixi, un acord pel que es refereix ala
terminologia a fer servir. Aixi, apareixen constantment en la literatura termes com
"limit de decisg@", "limit de determinacid”, "limit de quantificacié” o0 "capacitat
de deteccid”, tots ells relacionats amb Ia minima quantitat d’analit detectable i que

15




Capitol 1 Introduccié genera

no fan més que augmentar la confusio entre la comunitat cientifica. Cal afegir
també que diversos autors han posat de manifest la diferencia existent entre e que
son els "limits de deteccio instrumentals’ (obtinguts a partir d'una caibracié feta
amb estandards purs) i ds "limits de deteccio de metode" (obtinguts a partir de
mostres reals fortificades amb Panalit en estudi). Els primers només son
representatius de |'etapa de mesura instrumental, mentre que els darrers estan
referits a procediment analitic en la seva totalitat, englobant les diferents etapes
individuals, des de la presa de mostra fins la mesura instrumenta i I'obtenci6 del
resultat final.

En segon lloc, i molt més importants, son les diferéncies metodol 0giques a I'hora
del calcul dels limits de deteccio. Les principals mancances en la seva estimacio es

poden dividir en tres grans grups:

1) CONCEPTUALS: exigeix en molts casos una dificultat per comprendre
el dgnificat estadistic dels estimadors desenvolupats. Aquesta dificultat fa
que, en molts casos, no es contempli la presencia dels errors de 2a especie,
produint-se, per tant, una confusio entre e que és l'etapa de decisio
(relacionada amb € nivell critic i la resposta instrumental mesurada) i la
propia capacitat de deteccié (definida a priori, abans dobtenir la resposta
instrumental). ‘

2) METODOLOGIQUES: entre eles es troben la utilitzacio de models de
calibracié no validats, la no contemplacié de totes les fonts d'error del
métode d'andlis i que es propaguen a resultat fina, € desconeixement en
molts casos dd tipus de didribucidé que segueixen les mesures
experimentals, lamanca d'informacio sobre lanaturalesa del blanc andlitic o
la ignorancia de la preséncia d'heteroscedasticitat a les dades. Una

excel -lent critica sobre tots aquests aspectes ha estat fetaper Currie [2].
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3) COMPUTACIONALS: dificultat de calcul dels limits de deteccio degut a
lamanca de programes de comput adients.

Tot i que diverses organitzacions internacionals relacionades amb la Quimica
Anditica, com la IUPAC, PISO o I’ACS (American Chemical Society) han
advertit sobre aquesta confusié i han emprés mesures per tal d'unificar criteris, €
cert és que encara segueixen apareixent molts articles cientifics on € tractament
del calcul dels limits de deteccio és incorrecte 0 no esta especificat. Sembla, pero,
gue les noves recomanacions de la [UPAC poden s una base ferma per a un

tractament futur molt més rigorés de problema

Tota-aquesta problematica que sha esmentat es trasllada evidentment a |'avaluacio
dels limits de detecci6 en la calibracié multivariant, amb la dificultat afegida que
suposa haver de tractar amb moltamés quantitat d'informacio. Es per aguest motiu
que shan fixaa com a objectius de la present Tes Doctoral € propi
desenvolupament dels estimadors des limits de deteccié (incloent programes
informatics pel seu cacul) i que aguests estiguin basats en fonaments tedrics ben
establerts, intentant superar les mancances conceptuals i metodologiques citades

anteriorment.

1.3. Concepte actual de limits de deteccid i quantificacié

LaIUPAC, en les seves darreres recomanacions i per tal d'unificar criteris pel que
fa a nomenclatura i terminologia, defineix € limit de deteccié com una mesura de
la capacitat de deteccid inherent que té un procés de mesura quimic, amb & nom
de Valor (vértader) Minim Detectable [20]. Aixo vol dir que € limit de deteccio,
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com altres parametres de qudlitat, no es pot especificar S no existeix un procés de
mesura completament definit, que inclogui aspectes tan diversos com ds tipus i
nivells dinterferencies presents o e model de calibracio emprat. Els limits de
- detecci6 instrumentals, per exemple, sin perfectament valids dins un determinat
ambit. S € que sesta buscant, perd, sOn les caracteristiques de deteccio |
quantificacié d'un procés de mesura més Complex, el qua involucra per exemple
una etgpa de presa de mostra, una separacid anditica, una purificacidé i una
diminacié d'interferencies i dels efectes de matriu, llavors és obligatori que tots
aquedts factors es condderin a I'hora de derivar €s valors des limits de deteccio
i/o quantificacié. D'dltra manera, sestara cometent un error per defecte i no
sassolira la qualitat requerida pel procés de mesura quant a les capacitats de

deteccid i quantificacio.

El tractament del problema de la deteccio en les mesures and itiques es fonamenta
en la teoria estadistica dels tests d'hipotesi i de la deteccié de senyds i tilitza €
criteri de Neyman-Pearson [15 com a criteri de deciS6. Els aspectes que es
descriuran tot seguit han estat revisats recentment per la IUPAC [20]. Les claus

per entendre & concepte de limit de deteccié en QuimicaAnalitica sontres:

1) L'existéncia de dues hipotesis, les quals hom vol digtingir: una hipotesi
nul-la (Hy), i.e. I'absénciade Panalit en lamostra, i una hipotesi alternativa

(Hy), i.e. Pandlit éstrobapresent alamostra.

2) La necesstat d'un procés quimic de mesura, com ara un meétode
cromatografic amb detecci6 espectrofotométrica', amb un limit de deteccid
adequat.

' Noteu que es prefereix parlar d'un métode analitic més que d'una técnica o un instrument. La
diferéncia entre limit de deteccid instrumental i limit de deteccié del métode ha estat discutida
anteriorment.
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3) L'existencia d'un nivel critic o llindar per a la variable que es mesura
(senyal o concentracio), per a poder prendre la decisié de si I’analit és
detectable o no.

Desafortunadament, no existeix un procés de mesura exacte i sempre es produiran
erors de la especie (falsos positius o errors &), i.e. l'analit és detectat
erroniament, i errors de 2a especie (falsos negatius o errors P), i.e. I'analit no és
detectat quan realment esta present. S no existeix un balang adequat entre aquests
dos tipus d'errors, sha de buscar un altre procés de mesura amb un limit de
detecci6 menor (un exemple podria ser canviar € detector UV-Visible per un de

fluorescencia).

Tanmateix, € significat préctic dels limits de detecci6 sentén millor s es
relaciona amb un problema concret. Imaginem que és vital detectar la presencia
d'un contaminant en aigua a un nivell molt baix, suposem Lz, ja que per damunt
d'agquest valor la seva toxicitat pot ser perillosa per a les persones. Es evident,
doncs, que hom ha de seleccionar un procediment analitic amb un limit de
deteccio, Lp, per sotade LR. Aquests limits normatius solen escollir-se equilibrant
els riscs de cometre falsos positius (crear una falsa darma de contaminacio) i
falsos negatius (aparicid de trastorns digestius en una part de la poblacié degut a
un increment no detectat del contaminant). Aixo sil-lustra a la Fig. 1.2, on es
mostra € nivell critic de concentracio del contaminant (Lc), € limit de deteccio
(Lp) del métode i € nivell maxim permeés per la normativa (L), juntament amb les

probabilitats ai P associades.

En la part superior de la figura, es mostra una relacio preassumida entre la
concentracio de contaminant i € cost socid que la seva presencia implicaria.
Evidentment, hom desitjaria establir un nivell normatiu, Ly = O, corresponent a un

cost socia nul, la qua cosa és impossible d'assolir analiticament. La part inferior
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de la figura representa @ procés dandis quimica en § mateix i en termes de
concentracié’, obtinguda a partir del_ snyd mesurat a través dd mode de
calibracio. El limit de deteccio (Lp) requerit pe métode ha d'estar obviament per
sotade Lr i ésfuncio dd nivel critic (Lc) establert i laprobabilitat P prefixada de
cometre un fals negatiu.

Cogt
socia
ACCEPTABL E .............................. '
0 T ppb contaminant
Lr

0 Le Lp ppb contaminant

Fig. 1.2. Representacio del nivell critic, L¢, limit de deteccio, Lp, i nivell normatiu, Ly, i llurs
relacions amb les probabilitats a i P d'error. La part superior de la grafica representa una relacio
teorica entre e nivell de contaminant i €l cost social que la seva preséncia generaria.

2 En la calibraci6 univariant és indistint representar les distribucions de probabilitat en I'ambit de les
concentracions o de les respostes instrumentals. En la cdibracié multivariant, en canvi, hom prefereix
representar les distribucions en I'ambit de les concentracions degut a la naturalesa multidimensional
de les respostes, la qua cosa dificultaria la seva visuditzacio.
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En termes materials, agquesta probabilitat p es traduiria en una alarma socia
deguda al'aparici6 de casos d'intoxicacio per ingestio de contaminant anivells per
damunt dd nivell critic (Lc), quan en reditat la presencia de I'esmentat
contaminant no havia estat detectada. A partir de laFig. 1.2 és pot deduir també
que € terme "limit de deteccid" no té cap sentit sense I'existencia d'una hipotes
dternativai que, en definitiva, els errors de 2a epecie, p, encara que no es tinguin
en compte, sempre estan presents.

1.3.1. Etapa de decisio

La decisié "detectat" o "no detectat” es produeix per comparacio de la quantitat
estimada, L (resposta 0 concentracio), amb € valor critic LC de la distribucio
respectiva, de manera que la probabilitat d'excedir € valor Le no sigui major que
a (per un test amb una cua) s Panalit és absent (Ho: L = O, hipotes nul-la). El
valor critic és, per tant, e valor minim d'un senya net (sense la contribucio del
blanc) o concentracio estimada que pot considerar-se significativament diferent del

blanc. Aquesta definicié pot expressar-se com:

Pr(£>LC|L:0)$a (1.8)

S L segueix una distribucié normal, amb variancia coneguda, |'equacié anterior
esredueix a:

LC - Z1-a o (19

onzi.4 és e vaor critic de ladistribucié normal i o, ésladesviacio estandard de la

quantitat estimada, (senya neta o concentracio) sota la hipotesi nul-la. Prenent un
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valor per defecte de a= 0.05, llavors L¢ = 1.645c,. Per altra banda, S o, no és
conegudai s’estima apartir de.s,, amb v graus de llibertat, llavors L es distribueix

segons unat d’Student | L Sexpressa com:

L¢ = trapSo (1.10)

1.3.2. Limit de detecci6

El vaor minim detectable del senya net (0 concentracid) és agquell vaor (Lp) pe
qual la probabilitat de cometre un fals negatiu és p, donat Lc (0 &). Es d senyal
net (o concentracié) pel qua la probabilitat de que e valor estimat, L, no

excedeixi L¢ ésp. Aquesta definicio és pdt expressar, doncs, com:
Pr(f <LojL=Lp)=p (112)

Per dades que segueixen una distribucié normal, amb variancia coneguda,
I’equacié anterior esdeve;

Lp -LC+2,.5CTD-21CTO+2,460 (1.12)

Per la situacio especid on la variancia és constant entreL = O i L = L (condicio
d'’homoscedagticitat), Ié part dreta de I’eq. (1.12) es transforma en (zi.+ z1.5)00;
9, amésames, ai P soniguas, sobté 2z, o4, que equival a2Lc. Si lavariancia
no és coneguda, i CToSestimaapartir de so, llavors (z1.4+ z1.3) Shade reemplagar
per A(a,B3), € parametre de descentrat de la ditribucio #-descentrada, amb v graus
de llibertat, i I'eq. (1.12) esdevé (en condicions d'homoscedadticitet):
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Lp= A@B) oy (113)

S’observa, doncs, que € limit de deteccidé no es calcula com un coeficient que
multiplica a la desviacié estandard del blanc. Fer-ho aixi ens portaria a resultats
completament erronis. L'expressio correcta del limit de deteccié sha de derivar a

partir de les equacions (1.8) i (1.11), i ha de tenir en compte les probabilitats
derror ai (3, els graus de llibertat i 1a distribucié del valor estimat L, e qual ala

vegada depen de factors com la propia concentracio de I’analit, els efectes de

matriu o les interferéncies presents alamostra.

1.3.3. Limit de quantificacio

El valor minim quantificable (Lg) és un parametre de qualitat que marca la
capacitat d'un procés quimic de mesuraper quantificar adequadament un analit. La
capacitat de quantificar sexpressa generalment en termes del valor de senya o
concentracié que produeix estimacions amb una desviacio estandard relativa
especificada, normament d'un 10%. Aquesta definicio és la mateixa que la
proporcionadaper Currie, eg. (1.3).

A priori, les egs. (1.12) i (1.13) pel calcul dd limit de deteccid i ’eq. (1.3) pd
calcul dd limit de quantificacid, expressades en unitats de concentracio, son
vaides per a qualsevoal tipus de metodologia andlitica, independentment que shagi
utilitzat la cdibracio univariant 0 multivariant en |'etapa de construccio del model.
Per tant, & problema, en principi, es veuria reduit a l'avaluacio dels diversos
termes de les egs. (1.12) i (1.13). Aquesta darrera afirmacio requereix alguna
matitzacié i, en aguest sentit, en els capitols posteriors es mostraran les
sngularitats dg cadascuna de les aproximacions presentades, aixi com les diferents

estratégies utilitzades pel calcul dels esmentats termes.
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1.4. Aspectes conceptuals relacionats amb € limit de deteccio

Aquest apartat pretén repassar alguns dels conceptes tedrics més importants
relacionats amb ds limits de deteccid i que serviran de base per a posteriors
discussions. L'apartat es divideix en dos blocs. en € primer hom anditza |'etapa
de decisio (verificacié de la hipotes nul-la); en € segon es fareferencia a l'etapa
de deteccid (hipotes adternativa i probabilitat d'error P). Donat € caracter
introductori del capitol, les consideracions que es presenten son generals per a
qualseval tipus de calibracié. Les gliestions rel acionades de manera especifica amb

la calibracié multivariant sabordaran en ds capitols subseglients.

1.4.1. Etapa de decisié

Com sha mostrat amb anterioritat, I'establiment del nivell critic, Le, es fa
mitjancant un test de significacio, amb un nivell de significacié a. Shan de tenir

presents, pero, una s&rie de condicionants que poden afectar aquest test, com son:

1.4.1.1. Lapossible existéncia d'errors sistematics en el model matematic emprat o
en les propies mesures. Es evident que e desenvolupament dels estimadors dels
[imits de deteccié només tenen sentit en € cas que s models as quals sapliquen
son un reflex fidel de les dades experimentals i no existeix € que hom anomena
falta d'ajust. El procés de validacio de model és, per tant, una etapa clau que
influira decisivament en les posteriors etapes de prediccié i deteccid. Per a models
multivariants existeixen diferents criteris de validacid, €s quals es comentaran en
el segon capitol. El lector pot intuir, pero, que s la finalitat darrera d'un model
matematic % la prediccié de mostres desconegudes, € criteri de validacié ha de

passar necessariament per 1’avaluacié de la seva habilitat de prediccio, obtinguda a
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partir de mostres independents no utilitzades en la construccié del model de
calibracio [21].

1.4.1.2. El tipus de distribucio de la hipotes nulla. Hi. Es ben conegut que s
coeficients de regressié obtinguts a partir d'un métode linea (com € de minims
quadrats 0 e PCR en cdibraci6 multivariant) es distribueixen seguint una
distribuci6 normal, sempre que ds errors de mesura també es distribueixin
normalment, Aix0 es dona amb molta fregliencia en processos que incorporen
diverses etapes, com son es processos quimics de mesura. Quan agquesta
assumpcio no es pot fer, e teorema de limit central estableix que ladistribucio per
un nombre infinit de mostres de cdibracié també és normal, sempre que la
distribucié dels errors de mesura tingui variancia finita La desviacio de la
normalitat pot ser negligible finsi tot s € nombre de mostres de calibracio és de
I'ordre de vint, depenent de la desviacio de la normdlitat de la distribucié redl.
Aquestes consideracions no son aplicables a alguns metodes de regressio, com €
PLS en cdibracié multivariant, per la qua cosa I'assumpcié d'una distribucid

norma pels coeficients de regressié no tindria e suport estadistic adequat [221.

S ds coeficients de regressé segueixen una distribucié normal, també ho fan les
concentracions predites pel model i es pot construir un interval de confianga a
partir del test estadistic adequat. Si la variancia de la concentracié predita és
coneguda o sobté a partir d'un nombre de repeticions molt elevat, llavors
I'estadistic z corresponent a una distribucié normal sutilitza per calcular es
intervals de confianca. El cas més habitual, perd, és que la variancia de la
concentracié predita sestimi a partir ddd model de calibracio. En aguest cas,
I'estadistic utilitzat és €l t d’Student, amb v graus de Ilibertat obtinguts a partir del
model. Quan ens trobem en condicions d'hipotesi nul-la, la variancia Sestima a
partir del senyd net (sense la contribucio del senya dd blanc) a concentracid zero

del'andit dinterés.
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1.4.1.3. Propagacio d'errors del model a la concentracio preditai € nivell critic.
Aquest factor esta directament relacionat amb es termes de desviacio estandard
del senyd net o concentracido sota la hipotes nul-la (op) | sota la hipotes
dternativa (op). En calibracio multivariant, no sha derivat encara una expressio
generd per avauar la incertesa en I'etapa de prediccio, encara que existeixen
diverses aproximacions.

1.4.1.4. Estimacio dels graus de llibertat pel test de significacio. Aquest factor esta
directament relacionat amb |'anterior. Hemvist, através de les egs. (1.10) i (1.13),
que quan €l valor de o, no es coneix i Shad'estimar apartir de s, € calcul deLc i
LD es fa assumint distribucions t d’Student. En aguest cas, es graus de Ilibertat
necessaris per a test de sgnificacio sobtenen bé a partir del nimero de
repeticions en l'estimacio de s, 0 bé a partir de I'expressié corresponent de la
variancia de la variable estimada (ﬁ en aguest cas). El problema sorgeix quan
aguesta variancia és d resultat de la suma de dos o més contribucions

independents de variancia, associades a components d'error individuals, segons:

var(y) = % var(x,) (114
=1

En aquest cas, pero, s les variancies individuals segueixen una distribucié khi
quadrat (x*), la suma també es distribueix segons una khi quadrat i es poden

obtenir uns graus de llibertat efectius,ve, apartir de laregla de Satterthwaite [23]:

2 2
_int jar(y)

Ve =104 Y (1.15)
(x,) )
2
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on v; sOn els graus de llibertat corresponents a cadascun dels termes individuals i
int[-] indica que € valor de ves Sha d'aproximar a nimero enter més proper. La
problematica esdevé després amb e cacul de cadascun d'aquests termes
individuals de variancia. Aquest aspecte, degut a la seva especificitat, Sera tractat

individualment en cadascun dels capitols presentats.

1.4.2. Etapa de deteccio
Els aspectes més importants atenir en compte en aquesta etapa son:

14.2.1. Exigencia de l'error de 2a especie, p. Com ja sha exposat amb
anterioritat, els falsos negatius tenen lloc sempre, es reconegui 0 no la seva
exigencia. La ignoréhcia d'aquests errors, com en e cas de confondre € nivell
critic amb € limit de detecci6 i establir que LC = Lp, donalloc a unainterpretacio

erronia de la capacitat de deteccio d'un métode analitic.

14.2.2. Relaci6 exigent entre els errors a, P i @ limit de deteccio. La oohnexié
entre les probabilitats de cometre un fals positiu (a) i un fals negatiu (P) i € limit
de deteccid en sistemes andlitics és € que anomenem corbes caracteristiques de
deteccio, les quals van ésser introduides per primera vegada per Liteanu i Rica
[15]. La Fig. 13 mostra una tipica corba caracteristica de deteccio, on es
representa la probabilitat d'una deteccio correcta, (1-B), enfront de la concentracio

d’analit, per una probabilitat de falsa deteccié a= 0.05.
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o 1 Z‘LC 3 S S b

[analit] (x107° M)

Fig. 1.3 Corba caracteristica de deteccid per una probabilitat a = 0.05. En la
figura es mostren també els valors del nivell critic, Le, i @ limit de deteccio, Lp,
corresponents a unes probabilitats de fals negatiu (B) de 05 i 0.05
respectivament. (Dades extretes de lapart experimental del capital 4).

L'estudi d'aguestes corbes i la seva dependéencia amb €ls parametres de cdibracié
pot ser de gran ajuda quan hom vol assolir per ad seu sisema analitic una
determinada capacitat de deteccio, ja que faciliten lamodificacié de certs dissenys
experimentals en les diferents etapes del procediment (com per exemple €
tractament previ de les mostres, € canvi dandistes o I'Us de diferents

instruments).

1.4.2.3. Ladistribucio de la hipotes alternativa, H;. Poténcia del test. La relacié
existent entrea, P i Lp es pot expandir, en el cas de treballar amb distribucions t
d’Student, 5 hi afegim ds graus de llibertat. S reprenem I'eg. (1.13), fixant uns
valors per aj P (per exemple de 0.05), les dues dimensions restants es poden

representar com una corba, A(a,[3) respecte v, o @ que és € mateix, € limit de
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deteccid, Lp (en unitats de o;) en funcié del nombre de graus de llibertat. En
aquest cas, € valor de A(a,P) es determinarequerint un 95% de probabilitat (1 - P)
que @ senya net (o la concentracid) dividit per la seva desviacio estandard
estimada sobrepassi e nivell critic per lat d’Student. Aquestarelacio sanomenat-
descentrada, amb parametre de descentrat A(a,p), ja que esta desplagat respecte el
zero en aguesta quantitat.

Un altre dels problemes existents d nivell de limit de deteccié és € fet que la
variancia de la distribucié de la concentraci6 predita sigui diferent de la variancia
de ladistribucio d nivell delahipotes nul-la(i.e.CTo #CTp).Currie [2] hatractat el
problema en la cdibracié univariant, mentre que Faber i Kowalski [24] I'han
abordat en € cas multivariant. Tanmateix, en molts casos és raonable assumir que
les distribucions son iguds a ambdds nivells de concentracid (condicid

d’homoscedasticitat),

FinAment, ca esmentar que tots els estimadors del limit de deteccié que es
presenten en la present Tes Doctoral son aplicables a metodes d'andlisi on
sutilitza un model de calibracio per relacionar la resposta instrumental obtinguda
amb la concentracio d’analit. Els limits de deteccid multivariants no es presenten,
doncs, com un mlltiple de la desviacié estandard del blanc o d'un estandard a molt
baixa concentracio. Aquesta darrera metodologia és perfectament aplicable en
molts casos pero, en d'atres, lano existencia de blancs analitics adequats fa dificil
la seva implantacié. D'altra banda, i en andisis de rutina, sembla poc redlista
pensar que un limit de deteccid basat en mesures del blanc es mantindria constant
durant molt temps, S pensem que depén de factors tan diversos com I'equip

instrumental, la naturalesa de les mostres o els propis analistes.
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15. Estructuradelates

Les diferents técniques d'andlis multivariant existents, junt amb els diversos
models matematics utilitzats en cada cas, hafet que shagin desenvolupat diferents
aproximacions a calcul dels limits de deteccié multivariants. Unarevisié critica de
tots aguests métodes és d que es presenta en @ segon capitol de la present Tes
Doctoral, fent especial emfas en I'aplicabilitat de cada estimador derivat a les
diverses técniques multivariants. També es discuteixen les seves limitacions, tant
metodol dgiques com practiques, a I'hora de la seva implantacié en un laboratori
d'assaig. '

Tenint en compte totes les consideracions tedriques discutides en I'apartat 14 i
seguint un ordre logic quant a complexitat de les metodologies estudiades, en €
tercer capitol es presenta I'aplicacié d'un métode per cacular |imits de deteccié en
andis multidimensiona, aplicat a unes dades obtingudes mitjangant 1’acoblament
cromatografia de gasos-espectrometria de masses (CG-EM). El métode es basa en
la representacié de les puntuacions (scores) del primer component principal
(obtinguts per descomposicié mitjancant analis de components principals de la
matriu de respostes original) enfront de les concentracions dels corresponents
patrons de calibracid. L'estimador ddl limit de deteccid és, doncs, estrictament
parlant, univariant. La innovacio que saporta és la utilitzacio de més dades inicids
i, apriori, de més informacié sobre € sitema, en ser la matriu de dades origina

de naturalesamultivariant.

Aquest métode és aplicable s es compleixen una s&rie de condicions, com la no
presencia de substancies interferents que puguin donar lloc a senyals solapats. Un
dtre requisit, molt lligat amb el primer, és que € primer component principa ha
d'explicar un percentatge molt devat de la informacié continguda en les dades

originals. En cas contrari és necessiten, s més no, dos components principals, és a
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dir, dues variables, per representar-les front ala concentracié i, per tant, jano son
aplicables els metodes univariants habituals per calcular elslimits de deteccio.

Amb I'objectiu de solucionar ds problemes abans esmentats, es va procedir a
desenvolupar un nou métode de calcul dels limits de deteccié aplicat a models de
calibracio directes, on les respostes es modelen en funcié de les concentracions
(veure apartat 2.1). En aquests tipus de models, I'etapa de calibracid pot dur-se a
terme a partir de mostres consistents en es constituents purs o mostres consistents
en mescles dels diferents andits. Els estimadors derivats per ambdds casos,
juntament amb un programa informatic de calcul i una aplicacié a dades reals,
configuren el quart capitol d'aquestates.

Els métodes de calibracid basats en s models directes tenen I'inconvenient que
hom ha de conéixer les concentracions de totes les substancies que produeixen
senyd o, s més no, sha de disposar dels espectres dels andits i es interferents
purs. Aquesta condicié no és la més habitua en ds laboratoris dandis, on la
majoria de mostres que hi arriben sdn matrius complexes, i en les quals moltes
vegades nomeés interessa determinar un analit en concret. Amb aquests tipus de
mostres I'aplicacio del model directe és invidble; sha de recorrer ds anomenats
models inversos (veure apartat 2.1), en es quas la concentracié de I'analit es
modela en funcid de la resposta obtinguda. Aquests models tenen I'avantatge que
nomeés és necessari conéixer la concentracio de I'andlit dinterés per trobar s
coeficients en I'etapa de cdibracio. Es plantgjava, per tant, com un treball
interessant € derivar un metode de calcul dels limits de deteccid d'aplicacio as
models de cdlibracid inversos i que pogués servir per un vental més ampli de
mostres, com ara matrius mediambientals (aiglies residuals), fluits animals (sang,
oring), diments (llet, farines) o productes industrias (gasolines, plastics). En
primer treball, I'estimador derivat es basa en I'estudi fet per Hubaux-Vos [9] en

calibracio univariant, i € limit de deteccié es cacula a partir. dels intervals de
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confianga del model multivariant. En una segona aproximacio, i seguint €
desenvolupament fet pels models directes, es presenta un estimador basat en la
teoria dels tests d'hipotesi i aplicat a la variancia de les concentracions predites.
Aquests continguts, juntament amb s corresponents programes de cacul des

limits de detecci6 per amodds inversos, son €s que conformen € capitol 5.

Finament, en I'apartat de conclusions es discuteixen els avantatges i les
limitacions dels estimadors presentats i es donen una s&rie de pautes de com sha

d'enfocar I'estudi de la seva millora en futurs treballs.
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Les teécniques de calibracié multivariant Shan vingut utilitzant de manera creixent
en es laboratoris analitics, des que van assentar-se les seves bases tedriques a la
década dels 80 [1,2], Els métodes andlitics que utilitzen aguestes tecniques també
estan, naturalment, dins I'ambit dels estandards internacionas sobre la qualitat en
els laboratoris danalisi i, per tant, en € procés de validacid, shan de determinar
els parametres de qualitat associats d métode. Aix0 és important no solament per
raons normatives, snd també per raons cientifiques ja que certs parametres, com
ara la sdlectivitat, la sengbilitat o els limits de deteccio i quantificacid, no tenen
una equivaléencia directa amb s mateixos parametres avaluats en metodes on
sutilitza la calibraci6 univariant.

Les diferents tecniques instrumental's analitiques, aixi com la diversitat de métodes
de regressi6 existents, han fet que I'estudi dels limits de detecci6 en calibraci6
multivariant pugui dividir-se en diversos blocs, cadascun d'ells ben diferenciat. En
aguest capitol es pretén fer unarevisié critica de tots €ls estimadors dels limits de
deteccié desenvolupats fins a I'actualitat, agrupant-los en aquests blocs, amb
I'objectiu de facilitar a lector € coneixement de les diferents problematiques
exigents i dels avantatges i inconvenients que aporta cadascun dels estimadors
presentats. La importancia d'exposar I'estat de la questio radica també en qué
permet tenir una visé global de problema, la qual cosa facilita la tasca de
plantgjar com sha d'abordar en un futur I'estudi dels limits de deteccio en la
calibracid6 multivariant i quins son els punts, des d'un punt de vista tedric o
experimental, on ca incidir.

El gruix d'aguesta revisio critica es troba al final del capitol, en I'article titulat
Multivariate Detection Limits Estimators. A Review, i que ha estat publicat a la
revista Chemometrics and Intelligent Laboratory Systems. En la present
introduccié shan incorporat els darrers avencos en @ camp, no presentats en
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l'aticle origind, a més duna revisé avancada des métodes de calibracio
multivariant.

2.1. Models de calibracié multivariant
2.1.1. Model directe

En aguest model, també anomenat classic o model additiu lineal, les respostes
mesurades en els J sensors (0 longituds d'ona a l'analis espectroscopica) son
combinacio lineal de les concentracions dels K analits presents alamostrai de les
seves reﬂoeétives absortivitats, d'acord amb lallei de Lambert-Beer:

X
k=1

on r; és laresposta de la mostra mesurada en e sensory, ¢, és la concentracio de
Panalit k en la mostra, s;.€s I’absortivitat molar (també anomenada sensibilitat
parcial) de Panalit k en € sensor ; i ¢; és |'error residua. El mateix model pot

expressar-se en formamatricial com:

r=Sc+e (2.2

1 K. 1 l
J J J
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on e vector r representa les respostes mesurades en J sensors, S,,.€s la matriu
d’absortivitats molars per Jsensors i K andits, ¢k, €s € vector de concentracions
dels K andits i exi és € vector ddls errors. En I'etapa de cdibracié, lamatriu S es
troba a partir dels espectres de solucions estandard dels congtituents purs o de
mescles. Per K andits 1 J sensors es necessitaran com a minim K equacions
linearment independents per obtenir lamatriu S. En |'etapa de calibracid, € model
additiu lineal pot escriure's com:

R=SC+E (2.3)

on Ry, és la matriu de respostes mesurades en I'etapa de calibracié, Cy,; €s la
matriu de concentracions conegudes de cadascun dels K analits en les / mostres
utilitzades en la calibracio i Ej,; és lamatriu d'errors residuals. La matriu S sobté

en |'etapa de calibracié com:

S=RC* (2.4)

on C* és la matriu pseudoinversa de C [3], la qual Sutilitza per invertir matrius

singulars (el determinant de les quals és zero) o0 matrius no quadrades. En € cas
que les columnes de C siguin linearment independents, llavors C* = CT(CC™)!,

és a dir, la solucié per minims quadrats ordinaria i, per tant, la matriu S pot

obtenir-se com:
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S=RCT(cch’! (2.5)

Cal dir que & meétode dels minims quadrats minimitza la matriu E dels residuas de
les respostes de cdibracio, sense tenir en compte en cap moment s errors en la
variable independent, Le. les concentracions en |'etapa de calibracio. Per la seva
banda, les columnes de la matriu S no BN més que I'estimacid dels espectres dels
analits purs a concentracio unitat.

Un cas particular d'aquest model és quan € conjunt de calibracié esta format per
mostres consistents en ds K congtituents purs. Llavors, e model de calibracié es

pot expressar com:

R=SC,+E (2.6)

Co

on Cy, és una matriu quadrada i diagonal, els dements de la qua son les
concentracions dels K andlits en les K mostres de calibracio. En aguest cas, la

matriu S sobté en|'etapa de cdibracié com:
_ -1
S=RG, @2.7)

La validacio dd model de cdibracié normament es duu a terme mitjangant un
conjunt de mostres independent, no utilitzat en I'etapa de calibracié i dd qual es

coneixen les concentracions dels analits en estudi. Les concentracions predites pel
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model es comparen amb les mesurades, obtenint-se finalment un valor de I’error
mitja de prediccio sobre futures mostres.

Un cop e model ha estat validat, les concentracions dels K andits presents en una
mostra desconeguda sobtenen, en |'etapa de prediccid, apartir de Peq.(2.2) com:

€ =S7F | (2.8)

un un
1 J
+
Cul = S r,
K K

o d que és & mateix, reprenent I’eq.(2.4):

¢, =(RCH'r,, (2.9)

on ry, 6s |'espectre de la mostra desconeguda. De la mateixa manera que abans, S
les columnes de S son linearment independents, S* =(S™S)™'S” (la soluci6 per

minims quadrats), i I'expressio de la concentracio predita esdeve:
¢, =(8'S)"'S™r,, (2.10)

En @ cas que la matriu de les absortivitats molars, S, hagi estat obtinguda en
l'etapa de calibracié a partir d'estandards consistents en es andlits purs, la

concentraci6 predita dels K analits en lamostra desconeguda es pot escriure com:

¢, = (RCG) ", =CR1,, VAT
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2.1.2. Mod€ invers

En aguest model, també anomenat indirecte o parcial, la concentracio
corresponent a un analit k present a la mostra és funcié linea de les respostes

mesuradesen J sensors, d'acordamb|'equacio:

J
Cp = Z F, bj,k + = (2.12)

S
j=l

on ¢ k és la concentracio de I’analit k en la mostra, » j és la resposta de la mostra
mesurada en e sensor j, &;, €s € coeficient que relaciona € sensorj amb la
concentracié de I'analit k i ek és e terme corresponent a I'error residual no

modelat. La representacio en forma matricial d'aquest mode és

G =r'b, te (213

b

on ¢, és la concentracié de I'analit k en la mostra, r* és @ vector de la resposta
instrumental de la mostra, mesurada en J sensors, b, és € vector dds coeficients

deregressio per al’analitKi e k ésl’error residual de la concentracio.

En I'etapa de cdibracio, € modd invers sescriu com:
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¢, =Rb. +e (2.14)
N J 1 1
— —
el = R by + e
| I o
J —

on ¢ és € vector de concentracions de 1’analit k en les I mostres de calibracié, R
és lamatriu de respostes instrumentals de les/ mostres de calibracio mesurades en
Jsensorsi e és e vector dels residuals de les concentracions que no Sajusten al
moded. Aquest model té I'important avantaige que I'andis és invariable respecte
del nombre total d'analits, K, presents alamostra i, per tant, només és necessaria
la informacié relativa a Panalit d'interes en |'etapa de calibracié per construir €
model.

El vector de coeficients de regressio, by, sobté en |'etapade calibracié com:
b, =R"¢, - (215

on R" és lamatriu pseudoinversa de R. La diferéncia entre ds diferents métodes
de regressié que estan basats en e model invers radica precisament en €l procés

d’obtencié de lamatriu R",

2.1.2.1. Regressi6 per minims quadrats inversos (Inverse Least Squares, ILS). En
aguest métode es minimitzen es errors a quadrat de les concentracions en I’etapa
de calibracié (els eements del vector e al quadrat) i lamatriu R és equivalent ala

solucié per minims quadrats classica:
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R*=R' sif=J (2.16a)
R*=R'R) 'R” siI>J (2.16b)
R"=RTRRT)™ sif<J (2.16¢)

El metode dels minims quadrats inversos (ILS) no dona bons resultats quan les
dades presenten colinearitat, és a dir, quan existeixen dependeéncies lineals entre
les files 0 columnes de la matriu R. En aquests casos, € rang d'aguesta matriu
(nombre de fonts de variacié intrinseques) no coincideix amb e nombre minim de
files (objectes o mostres) o columnes (variables 0 sensors). Les principals causes

de la presencia de colinearitat son tres:

1) un disseny experimenta pobre per ales concentracions dels analits en
conjunt de cdibracié

2) una elevada correlacié entre s espectres de diferents andlits

3) l'existencia de molts més sensors que mostres de calibracid

La colinearitat és dificil d'evitar S ds espectres dels congtituents presenten bandes
amples, com és € cas de les mesures en la zona ultraviolada-visible (UV-Vis) 0
infraroja propera (NIR). Quan existeix colinearitat en les dades espectras la
invers6 de la matriu R presenta dificultats, que es tradueixen en una elevada
varidncia per a aguns dements del vector de coeficients de regressid, by. En
conseguiencia, la solucié per minims quadrats inversos té un efecte negatiu en
I'estabilitat dels coeficients de b, i s fa inadequats per a establir un model i
predir la concentracid de mostres desconegudes. Aquesta és la rad de per que la
utilitat practica dd métode ILS és limitada en la caibraci6 multivariant.
Exigteixen, pero, atres métodes de regressié que solucionen € problema de la
colinearitat. SOn els anomenats métodes de regressio eshiaixats, com la regressio

per componer{ts principas (Principal Components Regression, PCR) o laregressio
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per minims quadrats parcials (Partial Least Squares, PLS). Sanomenen esbiaixats
perque donen lloc a coeficients de regressio la mitjana dels quals presenta una
desviacio respecte del valor redl. Aqueﬁa desviaci6 sanomenabiaix i €s € resultat
de descartar part de lainformacié continguda en les dades al'hora de calcular €s
coeficients de regress6. S d biaix és dgnificatiu i no es té en consderacio,
I'estimacié dels intervals de prediccid sera incorrecta [4]. Com a contrapartida,
ambdds metodes de regressio (PCR i PLS) donen lloc auna variancia de prediccio
molt menor, s es comparaamb el metode ILS [2].

2.1.2.2. Regressio per components principals (PCR). Aquest metode de regressio
tracta de resoldre € problema dinvertir la matriu R fent la invers6 en un espa
multidimensional reduit. En PCR, @ cdcul de la matriu pseudoinversa, R”, es
divideix en tres etapes. descomposicié-de lamatriu R, determinacié del nombre de
factors optim (pseﬁdorang 0 rang quimic) de la matriu i subseglient cacul de la
matriu pseudoinversa. En la primera etapa, €ls dos agorismes meés utilitzats per
descompondre la matriu R son € NIPALS [2] i @ de la descomposicio en valors
sngulars (Sngular Value Decomposition, SVD) [3]. Aquest darrer postula que
qualsevol matriu de nimeros reals, per exemple R, amb / files (i = 1,...,0)i J

columnes (j = 1,....,J) pot descompondre's en tres matrius. U, Si V, de la seglent

maneral
R=UZV' (2.17)
a)SilI<J
J { J J
R = U Z VT
I / /
J
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b)SilzJ

Les matrius U i V sOn ortonormals (és a dir, UTU =1, V'V = |, on | és lamatriu
identitat) i la matriu £ és una matriu diagonal on es dements oy (k= 1,...,K) On
esvaors sngularsi equivalen al’arrel quadrada dels valors propis de les matrius
R'R i RR". Elsvalors singulars estan ordenats de forma decreixent, de manera que
CTH > 63, > 64 > ogx > 0. Les columnes de U (uy, soVi nt anomenades scores) son
els vectors propis de RR" i, consegiientment, defineixen I'espai de files (objectes)
de R. Les columnes de V (v, sovint anomenades loadings) sbn €ls vectors propis
de R'R i, per tant, defineixen I'espai de columnes (variables) de R. Els vectors
propis sobtenen de manera que descriguin la variancia continguda en les dades de
manera decreixent. Aixi, € primer factor (wmonvih) va en ladireccié de la maxima
variacio de les dades, mentre e segon descriu la seglient major font de variacio
que és ortogona a la primera. Les propietats ortonormals de U i V sn molt
importants a I'hora de facilitar es caculs en dgebra lined. Aixi, per exemple, la

pseudoinversa de lamatriu R és smplement:
‘R*=vzUT (2.18)

S R es deriva de dades redls, d seu rang matematic és quasi sempre € menor
valor entre/i J, Tanmateix, € veritable rang, des dd punt de vista de components
quimicament significatius, normalment és menor que e rang matematic. Es comu

en aguests casos que alguns dels valors propis estimats mitjancant SVD siguin
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petits 0 bé representin només errors aeatoris, és a dir, soroll. Llavors lamatriu R
es pot reconstruir, dins uns limits d'error, utilitzant menys vectors propis. El fet de
descartar els components que modelen & soroll i reconstruir lamatriu R utilitzant
només els vectors propis quimicament significatius pot reduir realment € soroll

present en les dades originas. Lamatriu R reconstruida es calcula com:

R=UXIV' (2.19)
J A 4 J
R _ 7} Z vt
B A A
i I
i lasevapseudoinversa com:
R*=VI U’ (2.20)

on les barres indiquen que es tracta de matrius truncades a rang quimic optim, A,
del model. Es pot intuir, a partir d'aguesta darrera equacio, que s sescull un valor
de A ta que A = min(J,J),la solucidé per a la pseudoinversa és equivaent a
I'obtinguda amb & métode ILS, Egs. (2.16a) a(2.16c). El procés d'escallir € rang
quimic optim del model (nombre de factors significatius) no és trivial. En aquest
sentit, existeixen diversos criteris i procediments de validacié de models [5], s

quals es comenten més endavant.

2.1.2.3. Regresso per minims quadrats parciads (PLS). En d métode PCR,
I'obtencié de la matriu R* es basa Ginicament en la descomposicié de la matriu de
respostes origina, R, sense tenir en compte en cap moment larelacio existent entre

les respostes i les concentracions en I'etapa de calibrado. Podria donar-se € cas
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que I'analit d'interes produis un senya molt petit; s aixo fos aixi, la contribucio a
lavariacio total de les dades deguda al'analit estaria descrita en els darrers factors
(factors amb vaors singulars molt petits) i en consequéncia, la contribucié de
I'analit al vector de coeficients dd moddl seriamolt petita. L'algorisme utilitzat en
el métode PLS soluciona parciament aguest problema, ja que incorpora la
informacié continguda en e vector de concentracions de calibracié, ¢, a l'hora de
descomposar la matriu R i calcular la seva pseudoinversa, Aixi, € primer factor
caculat és ahora € que descriu la direccio de maxima variacio en les dades
espectrals i € que millor es corredlaciona amb € vector de concentracions de
l'analit dinterées. Degut a la complexitat de l'agorisme PLS, aguest no es
discuteix amb més profunditat. Existeixen, pero, excel-lents referéncies a respecte
[6,7], enles quals € lector pot trobar tota la informacio necessaria

Un cop calculada la matriu pseudoinversa i trobats els coeficients del model, a
partir de qualsevol dels métodes de regressio presentats, les concentracions dels
analits en mostres desconegudes es calculen en I'etapa de prediccié a partir de
I’eq. (2.14) com:

_rib, IR, (2.21)

cun,k

Pd que respecta a I'obtencié dd rang quimic optim del model, aguest es tria a
partir d'un estadistic de validaci6. Com els models de calibracié sutilitzen per a
predir. les concentracions de/ls I’analit/s en estudi en mostres futures, es calcula un
estadistic de I'error de prediccié. Aquest procediment pot realitzar-se, pero, de
dues maneres. S disposem de mostres addicionals que no han estat utilitzades en
d procés de construccié del modd i en coneixem la concentracié de I'andlit
dinteres, |'estadistic es pot calcular com |'arrel quadrada de I'error mitja de
prediccio a quadrat (Root-Mean-Square Error of Prediction, RMSEP):
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(2.22)

on I» és d nombre de mostres de prediccié addicionals que constitueixen €
conjunt de validacio, cj son les concentracions mesurades de 1’analit en aqliestes
mostresi ¢, son les concentracions de Panalit predites pe model. En la literatura,
aguest métode de vaidacio sanomena del conjunt de prova o de prediccio (Test-
Set Validation).

Si només disposem de les mostres de conjunt de calibracio, € procediment que es
duu a terme per trobar e rang quimic optim sanomena validacio creuada (Cross-
Validation). En aguest métode, part de les mostres es descarten i @ model es
congdrueix amb les mostres restants, predient-se findment les mostres que shan
deixat fora. El procés es repeteix fins que totes les mostres shan descartat, S més
no, unavegada. El metode més comu sanomena Leave-One-Out Cross-Validation
i consisteix en descartar només una mostra cada vegada, fins completar totes les
mostres de calibracio. En aguest cas, 'estadistic de prediccié es calcula com
I'arrel quadrada de I'error mitja de la validacio creuada a quadrat (Root-Mean-

Square Error of Cross-Validation):

(2.23)

on / és e nombre de mostres de calibraci6 i ¢,; és la concentracié de I’analit

predita quan € model es construeix sense la mostra /. La validacié creuada

sutilitza molt més sovint, ja que normalment és dificil tenir mostres de prediccio
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suficients per aconseguir que e RMSEP sSgui un bon estimador de I'habilitat de
prediccié del model.

2.2. Aproximacions basades en € senyal net de I'analit

Lorber [8] va ser @ primer en proposar una serie de parametres de quditat per
I’analisi multicomponent de mostres, utilitzant e model de calibracio directe.
Posteriorment, agquests conceptes han estat amplament revisats [9] | ampliats [10].
La base dd seu treball radica en trobar la contribucio neta de cada andit a la
respoda totd mesurada i, a partir d'aqui, derivar-ne es conseglients parametres.
Lorber defineix aguesta contribucié- neta, 0 senyal net de |'analit (Net Analyte
Sgnal, NAS), com la part dd seu espectre 'que és ortogond als espectres dels
altres analits presents en lamostra. La part d'un espectre que no és ortogona as
altres espectres vol dir que esta continguda en ells;, només la part ortogona és
Unica per al'analit que es vol determinar. Vectorialment, la part d'un vector u que
és ortogonal aunamatriu X es pot trobar com:

v=(I-XX")u (2.24)

essent v la part ortogona i | la matriu identitat. Es clar que s u fos una
combinacid lineal dels vectors de la matriu X, llavors la seva multiplicacio per la
matriu XX* donaria com a resultat e mateix vector u i la multiplicacié per la
matriu (I - XX*) produiria un vector de zeros. La matriu (I - XX*) Sanomena

~ matriu deprojeccio i suprimeix la part del vector u que no és ortogona alamatriu

X.
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Seguint aquesta expressio, Lorber va definir e senyal net d'un analit a partir d'un
model de calibracio construit amb els espectres dels constituents purs de lamescla
Aixi, la part del vector r;, corresponent a I'espectre de I'anélit k de la matriu de
cdibracid, ortogond ds espectres dds restants congtituents sexpressa en forma

matricial com:
r, =(I-R,R})r, (2.25)

on r, é e senya net de I'andlit k i Ry és la matriu de cdibraci6, R, sense la
presencia de I'espectre de l'analit k, r.. El concepte de senyal net es fa més
comprensible s sobserva laFig, 2.1. Aquesta figura mostra un pla generat per dos
andits, (ry, ry). El vector r, conté informacié sobre un tercer andit i cau fora

d'aquest pla.

(1’1 O eee? rk—lg rk"‘l 9 teey rK)

Fig. 21. Representacié geométrica del concepte de senya net d'un andit en un espa
bidimensional (Shamantingut lanotacio pel cas general d'un espai X-dimensional).
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La part de I'espectre dd tercer andit que esta continguda en els espectres dels
dtres dos condituents es pot trobar a partir de la seva projeccid ortogona en
I'espai definit per R, com R, R;r, . Per dtrabanda, |a part neta del seu espectre,
r,, es troba a partir de la projeccié de r, en l'espai ortogona a Ry, i.e.
(I-R,R}),tal commostra’eq. (2.25).

A partir d'aguest nou concepte, Lorber deriva una s&rie de parametres de qualitat
associats a Panalit k, com la sensibilitat, la selectivitat i € limit de deteccio, entre

d'altres. La senghilitat la calcula com:

(SEN), = 1;|/eqs | (2.26)

onc Q «6€slaconcentracio de I’analitk pur en I’estandard de caibracioi || « || indica
la norma euclidea d'un vector. Aquesta és exactament la definicio de sengbilitat
en calibracio univariant, la qual sexpressacom s=r /c, essent r* € senya net

mesurat (diferencia entre € senyd total | € senyd dd blanc) i ¢ la concentracié
d'analit.

Pel que respecta a la selectivitat de 1’analit k, Lorber la va definir com e quocient

entre lanormadel senyal net de I'analit £ i lanormadel seu espectre pur:

(SEL), = ry

/” r| (2.27)

S sobserva la Fig. 2.1, la sdectivitat correspon d snus de I'angle a. Els seus
valors es poden moure, per tant, entre O (selectivitat nul-la), per un andlit I'espectre

del qual és una combinacié linea de tots ds atres, i 1 (maxima selectivitat), quan
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es té un andlit I’espectre del qual és completament independent dels espectres dels
altres constituents.

Finalment, Lorber deriva una expressié pel limit de deteccié, en unitats de
concentracid, considerant que es errors experimental en lamesura de les respostes

de les mostres de calibraci6 i les mostres desconegudes eren comparables:

(LOD), = = 24— (2.29)

X,
3e

I

essent €, l'error de mesura en les respostes. L'expressié completa, sense
I’aproximacioé esmentada, es troba d@envolupadaal'Apéndix |. Pot comprovar-se,
enleq. (2.28), que s r, /3¢, >>1, (LOD), es converteix en la definicio més

habitual de limit de deteccié en calibracié univariant, com tres vegades I'error

dividit per la sensibilitat.

Posteriorment, la definicio de senya net es va ampliar a models de calibracio
construits amb mescles dels analits purs [11]. En aquest cas, € NAS d'un andit k

sexpressa com:
s, =(I-8,8})s, (2.29)
on K és la columna de la matriu S d’absortivitats molars (o senghilitats parcials)

corresponent a Panalit k, i.e. laresposta de 1’analit £ pur a concentracio unitat. Sy

éslamatriu S sense la columna s,.
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Els autors van derivar també, com en € cas anterior, €ls parametres de qualitat
associas a l'andit k. Dos déls, la senghilitat i sdectivitat, es caculen
respectivament com:

(SEN), = (2.30)

*
s

(SEL), = s; /| sJ : (2.31)

Es pot observar la similitud entre ambdds parametres. De fet, la sengbilitat
definida d'aguesta manera es refereix a la quantitat d'absorcié neta de I'andit k.
En tractar-se d'un terme "net", forcosament esta relacionat amb tots els atres
espectres dd conjunt de calibracio i, per tant, amb la sdectivitat.

Els autors no van derivar una expressio dd limit de deteccié per aquest tipus de
dades pero, operant de manera andoga a la desenvolupada per obtenir (2.28), es
pot trobar I’equacié desitjada (Apéndix II):

3 Tunl

ey

on (SEL), és la sdlectivitat de I'analit k en la mescla, definida anteriorment. Es pot

(LOD), =

(2.32)

s;|

deduir que a vaors de sdectivitat petits correspondran naturdment limits de
deteccié més eevats. Un fet a destacar, i d qual hom es referira més endavant, és
que € limit de deteccid depen també de la resposta de la mostra desconeguda, ry,.
Ddtrabanda, § | r,, /&, >> 3/(SEL),, € limit de detecci6 torna a la definicio
tipica de tres vegades I'error dividit per la sensbilitat, també definida amb

anterioritat,
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La definicié de senyal net d'un andit permet intuir ja una consequiéncia important
a I'hora de trebalar amb dades multivariants, i és que aguns parametres de
qualitatjano estan referits d métode analitic Sno aun analit en concret; finsi tot,
com ja sha comprovat, son especifics d'una mostra determinada, des del moment
que cada mostra té un nivell d’analit i d’interferents diferent. Aixo, com es veura
més endavant, tindra una importancia cabdal en l'establiment dels limits de
deteccid en metodologies analitiques que utilitzen les tecniques de calibracio

multivariant.

Aquest primer estimador té importancia des del punt de vista que esta basat en €
nou concepte dd senyd net. Aix0 implica que per a quasevol sSsema
multicomponent, Sempre que pugui trobar-se e senya net corresponent a un analit
en concret, podra calcular-se € seu limit de deteccid. D'altra banda, € seu cacul
no requereix molt treball experimentd: s'mplemént la congruccié dd modd, és a
dir, d cacul de lamatriu S, i l'avaluacié del terme d'error en la mesura de les
respostes, €. Aquest darrer terme pot calcular-se a partir de repeticions sobre la
mostra problema o bé estimar-se a partir dels resduas del model. Existeixen, pero,
una serie de limitacions que restringeixen, en certa mesura, la seva aplicabilitat i
que estan relacionades amb s criteris basics sobre @ concepte de deteccio
esmentats en & Capitol 1. En primer lloc, no es famencié a les probabilitats ai P
de cometre falsos positius i falsos negatius, respectivament. No es fa, en definitiva,
un tractament del problema basat en els tests d'hipotesi. Simplement saplica €
factor k = 3 derivat de les primeres recomanacions de la IUPAC [12], amb les
implicacions que ax0 suposa i que ja Shan discutit. Lligat amb axo, tampoc es fa
mencié sobre com afecten els graus de llibertat, utilitzats en I'estimacio del terme
&, a valor de ki alaprobabilitat d'error a A més amés, e fet que e terme e,
Sgui un escadar és en 9 matelx una gproximacio, ja que consdera que tots ds
sensors 0n iguas en termes deror. Findment, 1’estimador és aplicable
Unicament a rﬁodels de calibracio directes, amb les conegudes restriccions que
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aixo suposa: en |'etapa de cdlibracid ca conéixer les concentracions de tots els
condtituents de la mostra que produeixen senyd o, S més no, disposar dels
espectres de tots el's constituents purs.

Un pas endavant en aquest sentit € van donar Lorber et al., enintroduir €ls limits
de deteccio per a models de cdibracio inversos [13]. En @ cas d'un model invers,
expressat habitualment com ¢ =Rb + e, € senya net de laresposta corresponent a
I’analit &£ pur pot expressar-se, en formaescaar, com:

i —afjRe e

on ¢,, és la concentraci6 de Pandit k pur en la mostra de cdibracio i e
denominador és la norma euclidea del vector de coeficients de regressié per a
I'analit k, by = R'¢;. En calibracié univariant, com sha vist anteriorment, la
senghilitat es defineix com d senyd net mesurat dividit per la concentracio.
Aplicant aquesta definicié al’eq. (2.33), sobté € seglient valor per la senghilitat

multivariant:

(SEN), = 1/]]R+c,,|| (2.34)

La sdectivitat sha definit com & senyal net de I'analit k dividit pel seu espectre

pur i pot expressar-se, apartir de (2.33) com:
(SEL), =y /(|R"e. ]I (2.35)

essent ry, I'espectre de I'analit k pur. Finalment, Pestimador del limit de deteccid

sobté com:;
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3R e || v

(el

(LOD), =
(2.36)

Cal remarcar, pero, que I'equacié anterior és valida tnicament quan la calibracié
es faamb ds constituents purs i assumint que els errorsrelatius en lacalibracid i la
prediccié son iguals. L'expressio general es presenta a I'Apéndix IIL Si & terme
associat al'error en la calibracio, 3/(SEL), és suficientment petit, 1’eq. (2.36) es

transforma en;
(LOD), =3¢ [ R*¢,| (2.37)

on e terme ||R"c,|| és lainversade la sensibilitat per al’analit k.

Malgrat que aguesta nova metodologia és aplicable en presencia d’interferents a
les mostres problema, la seva aplicabilitat es veu restringida ja que hom ha de
disposar dels espectres dels andlits i dels interferents purs per trobar €s coeficients
dd model de calibraci6. A més a més, ’estimador segueix la derivacid
convenciona que es basa en considerar € limit de deteccié com la concentracié

equivalent atres vegades laprecisié en la concentracio.

Recentment, Lorber et al. [14] han caracteritzat € calcul dd senyd net de I'analit
per a modds tipicament inversos, on només és necessari conéixer, en |'etapa de
calibracio, la concentracid de l'analit en estudi. Una discussé més profunda
d'aguesta metodologia es presenta d Capitol 5. Posteriorment, Faber et al. [10]
han generdlitzat € calcul dd senya net i dels parametres de qualitat associats ala
caibracié de 2n ordre, tot comparant s resultats obtinguts amb la calibracié

multivariant (0 de 1r ordre).
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2.3. Aproximacions basades en € calcul de la variancia de la
concentraciopredita

Un pas qualitatiu important en I’establiment dels limits de deteccio en calibracio
multivariant € van donar Lorber i Kowalski [15], en derivar una expressio per ala
variancia i pels intervals de confianca de les concentracions individuas predites
pel model. Un aveng important e van donar també en derivar les esmentades
expressions tenint en compte totes les fonts d'error associades a modd: respostes
mesurades de les mostres de calibracio, concentracions dels analits del conjunt de
cdibracid i respostes mesurades de la mostra desconeguda. Un cop obtinguda
I'expressié de lavariancia de la concentracio predita, var(cu,), S €s coeficients de
regressio del ‘model segueixen una digtribucié normd, també ho fan les
concentracions predites. En aquest cas, es pot obtenir e seu interva de confianga
(amb dues cues) aparti.r del seglient estadistic t d’Student:

Cun ~ éun
‘= E/ar(c )‘g (239

Per tant, I'interval de confianca de la concentracio preditave donat per:

Cun = Cup £ 1, o var(e, ) (2.39)

La verificacio de § la concentracié predita d'analit esta per sota dd limit de
deteccio pot fer-se facilment comprovant s e valor zero esta inclos en l'interval
de confianca, que, en aguest cas especific, seria d'una cua. No es ddna tanta
importancia a un valor de limit de deteccio concret, Sn6 més aviat es verifica, per
cada mostra individual, s la concentracié predita pot estar 0 no per sota d'aquest

[imit.
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Un cop adoptada aquesta filosofia de treball, € problema recau en l'avaluacio
d'una expressié general per lavariancia de prediccié que tingui en compte totes les
fonts d'error associades al model. Lorber i Kowalski, en el mateix article, deriven
unaprimera expressio i demostren la seva utilitat validant-la amb dades simulades.
Tanmateix, € seu pobre suport matematic ha fet que no hagi estat gaire utilitzada.
Recentment, Faber i Kowalski [4] han desenvolupat expressions per a l'error de
prediccio en models inversos i per diferents métodes de regressio (ILS, PCR
PLS), aixi com és intervals de confianca de les concentracions predites. Ca dir
gue les expressions de la variancia de prediccié obtingudes a partir dels metodes
de regressié ILS i PCR s6n equivalents a les presentades per Boque i Rius en €
treball que estroba a final del capitol [16]. Faber i Kowalski fan I'avaluacié dels
limits de deteccid segons I'aproximacié abans descrita, és a dir, comprovant s €
valor zero cau dins l'interval de confianca de la concentracié predita. La
probabilitat que existeix d'afirmar erroniament que la concentracio esta per sobre
dd limit de deteccio és € que hom anomena error de la espécie, error a o fals
positiu. En aquesta aproximacio, pero, la probabilitat de cometre un error de 2a
especie o fals negatiu, i.e. afirmar erroniament que ’analit es troba per sota del

[imit de deteccio, no es contempla.

Bauer et al. [17], utilitzant la técnica de propagacié d'errors, derivaren a partir de
I'equaci6 de prediccio d'un model de calibracié classic (Eq. 2.8) una expressio de
I'error de prediccié valida per a aguests tipus de models, incloent un terme
corresponent alalinia de base [18]:

de = -S*(dR- dB)C'c+ dCC* + S*(dr,, - db) (2.40)

onB, b, dBi db sdnlamatriui & vector s components dels quals formen lalinia

de base dels espectres de les mostres  de caibracio, i la mostra desconeguda, aixi
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com €els seus respectius errors associats. Per la seva banda, dR, dC i dr,, son les
contribucions d'error de les respostes i les concentracions de les mostres de
calibracio, i de la resposta de la mostra desconeguda, respectivament. A partir
d'aquesta expressio deriven la variancia de la concentracio preditai una expressio
per d limit de deteccio:

ep k = z(a) var(cg, ) 2 (2.41)

on z(a) és un factor estadistic, determinat per I'error de la espécie i que té en
compte la probabilitat de falsos postius, i var(coy) és la variancia de la
concentracio predita sota la hipotes nul-la, expressada a partir de (2.40) com:

g(s,” ) [var(R,;)+ var(B,,)] + o

+1il IZCzn Ch )2 var(Cy;) + El (Slzj)z[var(";,o) + var(b, )]
j=

1=1n=l

var(cy ;. ) =:_Z

i M—

on ¢, BN les concentracions predites pel model sota la condicié dhipotes nul-la
('analit no és present); per tant, ¢, - O quan n = k. Per la seva banda, 7;, és €
senya corresponent a blanc de I'analit k en € sensor 7. Com es pot comprovar, €s
autors deriven aguesta expressid assumint que es errors experimentals en Ié
determinacio de R, B, C, ri b son heteroscedastics, és a dir, que lavarianciano és
constant entre mostresi sensors.

L'expressio (2.40) va vdidar-se a partir de dades experimentals obtingudes per
ICP-OES (Optical Emission Spectroscopy with Inductively Coupled Plasma
excitation) [19]. El resultat de la comparacié dels errors de prediccio teorics amb
els obtinguts a partir de repeticions experimentals va ser excel-lent. Per a calcular

ds limits de deteccio, ds autors apliquen un valor z(a) = 3 a l'equacié (241),
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seguint les recomanacions inicials de la IUPAC. Per tant, agquesta aproximacio
tampoc té en compte |a probabilitat de cometre falsos negatius, essent equivalent al
[imit de decisi6 definit per Currie. A més, exisex una inconsistencia en
l'expressio (2.42) que ha estat discutida recentment per Faber i Kowalski [20].
Encara que Bauer et al. [17] afirmen explicitament que l'equacié (2.42) sha
d'avaluar sota la hipotes nul-la, inclouen la concentracié de I’analit dinteres a
nivell del limit de deteccid (desconegut). Aixo vol dir que I'equacio, en € fons,
sesta avaluant sota la hipotes dternativa. A més a més, han de recoOrrer a un

procediment iteratiu per a calcular ladesviacié estandard de manera practica.

Faber i Kowaski [20] retornant as postulats de Currie, plantegen € limit de
deteccié com € nivell que permet, apriori, assegurar la deteccid d'un andit abans

de redlitzar lamesura experimental, segons ’eq. (1.2):

Lpx=keGop+ kg Oas =L+ kyGan

on CTO,* i o indiquen les desviacions estandard de les concentracions de Panalit k
sota la hipotes nul-la (1’analit no és present ala mostra) i ’alternativa (I'analit és
present a la mostra a nivell del limit de deteccio), respectivament. Els autors
deriven expressons consgtentsper CTO,¢,1 6a i desenvolupen unaexpressio semi-

quantitativa per a limit de deteccié:

l+\/(£2—r[l+(k§—k§}mk]

1—k§(§)k

Lo =Ley x (2.43)

amb
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_ a)k=:Z](CE‘,f)z{var(Ck‘,-)+i(sg-,j)2[vm_(RN)+var(B”)]} (2.44)

S hom assumeix que k(fco &> 1, I’eq. (2.43) esdeve:

1

Ly = Lc‘,,[1 +-} = (ko k5 Yoo (2.45)

g s

Aquesta darrera expressio indica que, si la contribucié de I'analit d'interes a cax
és negligible, pot obtenir-se una bona estimacié del limit de detecci6 mesurant

només blancs, és adir, mostres sense contingut d’analit.

2.4. Aproximacions basades en ds perfils cromatografics d'espécies que
coelueixen

Les tecniques cromatografiques, degut a les seves caracteristiques peculiars, tenen
certament un tractament diferent pel que fa al'avaluacio dels seus parametres de
qualitat en cdibracié multivariant. Un dels problemes que poden plantejar-se és la
identificacio i quantificacié d’analits, s pics cromatografics dels quals apareguin
solapats per condituents majoritaris presents en la mostra. Kvalheim i Liang
[21,22] van desenvolupar un métode, HELP (Heuristic Evolving Latent
Projections), per resoldre aquéta situacié en € cas de disposar dinstruments de
segon ordre, capacos de generar una matriu de dades, X, per cada mostra, com és
el cas de I'acoblament HPLC-DAD (Cromatografia Liquida d'Alta Resolucio amb
detector de Diodes en Fila). Les dades generades per aquest instrument, tal com

mostra la Fig. 2.2, es poden veure, de manera equivaent, com un conjunt de
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cromatogrames, cadascun d'ells enregistrat aunalongitud d'ona, 0 com un conjunt
d'espectres que canvien amb € temps.

Longitud d'ona{i)
—_—

Tempsde
retenci6 (t) | X

Matriu de dades

PN

=3

Vectors de temps deretencio _ Vectors delongituds d'ona
{x:;n=l,2,...,N} {xj;j= 1,2,...,.}}

Fig. 2.2. Matriu origina X, obtinguda a partir de I'enregistrament de les intensitats de
I'espectre complet durant I'elucié cromatografica. La matriu X pot dividir-se en vectors
de 2 maneres diferents: (1) vectors de temps de retencié, x,,", cadascun d’ells corresponent
al'espectre de I’analit que elueix a temps de retencié n, i (2) vectors de longituds d'ona,
x;, cadascun d'ells corresponent a un perfil cromatografic per cada longitud d’ona j.

El més important, pero, d'aguesta matriu de dades, X(NxJ), €s que pot escriure's
com €l producte de dues matrius. una matriu de concentracions C(Nx4)i una
matriu d'espectres ST(4xJ), de manera que X = CS" + E, on N és & nombre de
temps de retencid, J és & nombre de longituds d'ona espectrals i A és € rang

quimic de la matriu X, és a dir, el nombre despecies quimiques dd sSsema
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multicomponent. La matriu E(NxJyconté soroll instrumental i experimental. La
matriu C esta composada per A vectors columna que contenen els perfils de
cadascun dels congtituents purs. De manera similar, la matriu S" consisteix en A

vectors fila corresponents a's espectres de cadascun del's congtituents purs.

El problema que sha de resoldre, doncs, és € cacul dd rang quimic, A, de la
matriu de dades (0o d'una part d'aquesta matriu). Aix0 es duu a terme

descomposant la matriu X a partir de I'andis de components principals (PCA),
segons.

A
X=Yuze,v,+E (2.46)
a=1

onu, i v, 0n dsvectors de les puntuacions (scores) i dels coeficients (loadings),
respectivament, i €ls escalars e, S0n els valors propis. El segllent pas consisteix en
separar la informacio (variancia) deguda als constituents presents en petita
proporci6 de la informacid deguda as errors experimentals o instrumentals. En
termes matematics, aix0 correspon a la determinacio dd vaor propi limit, e,, que
separa les contribucions d'una espécie quimica i de soroll, respectivament. La
millor manera d'aconseguir aquest objectiu, en e cas de trebalar amb técniques
cromatografiques, €s disposar del que sanomenen regions de constituent zero
(RCZ), definides com les regions on no elueix cap especie quimica present a la
mostra. Aquestes zones, on lamatriu X té rang quimic zero, poden ser utilitzades
per a establir un criteri de separacio entre els factors deguts a soroll i ds factors
deguts ales especies minoritaries. El primer valor propi d'unaregié de constituent
zero, ¢;(RCZ), ésindicatiu del soroll real de les dades. A continuacio, aquest valor
propi es compara amb s diferents valors propis, €j, obtinguts a partir de ’analisi
factoria de lesregions locals dinterés (RL) de cromatograma, mitjangant un test-

F. D'aquesta manera, sobté una relacio ef(RL)/ e} (RCZ) gue es compara amb
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unvalor F tabulat al nivell de significacio, a, escollit. Els graus de llibertat ddl test
sobtenen multiplicant & nombre de temps de retencié pel nombre de longituds
d'ona escollides per laregio locd i laregio de condituent zero, respectivament. El
vaor critic de F dependra de la grandaria de la zona (o finestra) utilitzada per

cacular esvaors propis tant en laregio de constituent zero com en laregié loca

dinteres. Es recomana que ambdues grandaries siguin semblants i és per aquest
motiu que no poden ser massa grans, ja que d'altra manera sabragarien regions
locals massa grans, amb pérdua dinformacié valuosa degut a la preséncia de
diverses espécies coeluents. El procediment desenvolupat queda reflectit en laFig.
2.3.

Regi6 de
constituent
zero

Temps de retencié

Xrez XRrL

L ;

e1(RCZ) e{RL)

S

el (RL) _ o

¢2(RCZ) @

Fig. 2.3. Métode de Kvalheim per avauar la preséncia d'un congtituent minoritari en una
elucio cromatografica. '
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El limit de deteccié Sestableix, doncs, com el valor critic \/F, e, . Aixo vol dir
que @ rang quimic de laregio del cromatograma examinada és igual d nombre de
valors propis que sobrepassin aquest valor. En € cas d'un constituent minoritari de
lamostra, voldra dir que podra ser detectat sempre que € seu senyal analitic net,
definit per Lorber segons I’eq. (2.25) i calculat en la regid loca dinterés, sigui
major que aquest vaor critic. Estrictament parlant, aquest nivell critic no es pot
considerar un limit de deteccié propiament dit, Snd més aviat un limit de deciso a
partir del qual podrem establir s un analit & present a la mostra o0 no. La
probabilitat de cometre un error de 2a especie no es veu contemplada. Una dtra
limitacio d'aguesta metodologia és que, depenent de la grandaria de la regié de

congtituent zero, € valor ¢;(RCZ) i, per tant, @ limit de deteccio, poden variar.

Posteriorment, Liang et al. [23], reprenent I'estudi descrit previament, van tornar a
definir e concepte de limit de detecci6 multivariant i van proporcionar una
metodologia per ad seu cacul en cas de disposar de dades generades per
instruments de segon ordre, com ara I'acoblament HPLC-DAD. La base del seu
treball radica precisament en una de les limitacions de |'aproximaci¢ anterior, com
és e fet que € nivell de soroll pot variar depenent de lazonadel cromatograma en
que estem treballant. Per tant, agafar una zona o una atra, axi com la seva
grandaria, NxM (nombre de temps de retencio per nombre d'espectres), pot influir

en d criteri de deteccio final.

Els autors plantegen una aproximacié no parameétrica on fan Us de totes les
possibles combinacions dels M espectres agafats en els N temps de retencio de la
regio de congtituent zero inicia. El nombre total de combinacions ve donat per

I'expressio:
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cM N U S
YT MI(N - M)

(2.47)

Suposant una regié inicid de 10 temps de retencid les possibles combinacions,
prenent zones de 2, 3 i 4 espectres en cada cas, serien 45, 120 i 210,
respectivament. Per cadascuna d'aquestes combinacions sobté un vaor propi €.
S sordenen tots es valors propis en intervals de frequiéncia sobté una distribucio
en forma d'histograma, que pot ser gproximadament norma en funcié de nombre
d'espectres escollit. A partir d'aguesta distribucio, hom pot cadcular e limit de
deteccid en funcio de les probabilitats que es triin de cometre falsos positius |

falsosnegatius

Els autors demostren I'aplicabilitat d'aquesta metodologia en técniques com ds
acoblaments HPLC-DAD 0 GC-MS (Cromatografiade Gasos-Espectrometria de
Masses). En € cas de no disposar de dades de segon ordre, com €l cas de la
cromatografia de gasos amb un detector dionitzacio de flama classic, hom ha de
disposar d'una série de mostres amb els mateixos constituents, pero en diferents
concentracions, per ta de poder fer les combinacions i obtenir la distribucio dels
valors propis. En aguest cas, les mosires juguen € paper dels espectres quan es
disposa de dades de segon ordre.

Aquesta metodologia de calcul dels limits de deteccid té en compte tres factors
importants: (1) I'error aeatori en les mesures, (2) la naturalesa multivariant del
limit de detecci6 per a un analit en concret (degut ala influéncia dels senyas dels
atres andit que coelueixen amb €l) i (3) lainfluéncia del métode andlitic utilitzat
per resoldre les mescles que coglueixen. En base a aguestes consideracions, €s
autors suggereixen una modificacié de la definicié de limit de deteccié de la
IUPAC. Per Liang et al. [23], e limit de deteccio d'una espécie quimica, que

coexisteix amb altres espécies en una mostra, és el minim senyal net que es
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necessita per tal de diferenciar-lo amb confianca del senyal d'un blanc analitic.
Aquesta definicié és important des del punt de vista que és la primera en adaptar-
se alanaturalesamultivariant de les dades.

Pel que fa ales limitacions de la metodologia, caldria esmentar que és aplicable.
Unicament en tecniques que disposen de regions on la concentracio de 1’analit en
estudi és zero. L'exemple més clar son les tecniques cromatografiques. Aquestes
regions juguen e paper de blancs andlitics repetits successivament i sembla clar,
doncs, que la disposicio en es laboratoris d'andis d'aquest tipus de mostres
malauradament no sempre és possible.

2.5. Aproximacions basades en la reduccio de la matriu de dades
original a una dimensié

Dins @ grup dels métodes de regressié multivariants estan aquells en qué lamatriu
multidimensional de dades origind pot transformar-se i reduir-se a una dimensio.
A partir d'aquest moment, seran aplicables totes les aproximacions conegudes de
['andlisi univariant per calcular es limits de deteccid i dtres parametres de
qualitat. Delaney [24] va proposar aguesta filosofia de treball per a obtenir es
limits de deteccid d'una metodologia andlitica basada en I'acoblament GC-MS
SIM (Cromatografia de Gasos - Espectrometria de Masses amb Monitoritzacid
d'lons Selecci onats).

En aguest tipus de técnica, només es monitoritzen una serie de canas de massa per
unitat de temps i no tot ’espectre de masses sencer. Les masses es sdleccionen en
base a's ions més abundants dels analits en estudi i es monitoritzen en uns intervals
de temps coincidents amb ds temps on gpareixen s maxims dels pics que
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elueixen. En un tipic andis per GC-MS-SIM, les dades obtingudes amb I'i6
primari s’utilitzen per quantificar, apartir d'una corba de cdibratge que relaciona
la respogta ingrumenta (area de pic per 16 primari) amb la concentracié de
Pandit problema en I'estandard de cdibracio. Les dades obtingudes amb ds dtres
ions monitoritzats es fan servir per confirmar laidentificacio de 1’ analit problemai
per protegir d métode de quantificacions poc acurades, causades per la presencia
d’interferéncies quimiques (coducio).

Espossible, pero, utilitzar totes les dades obtingudes amb fins quantitatius. Si per a
cada estandard de calibracio es digposa de les arees de pic per ds diferents ions
monitoritzats, es pot condtituir una matriu de respostes multidimensiond.
Posteriorment, aquesta matriu pot ser sotmesa al'analis de components principals
(PCA) per ta d’extreure’n una Unica resposta composta que contingui la mateixa
informacio inicia. Delaney demostra en @ seu treball que € primer component
principa conté, en tots ds casos, més d'un 99% de la variancia total de les dades.
A partir d'aqui, obté corbes de calibratge representant els scores d'aquest primer
component principa vs. les concentracions d’analit en s estandards de cdibracio.
El procediment complet, més detallat, esta descrit alaintroduccié del Capitol 3. El
problema de I'establiment del limit de deteccio es redueix d'aguesta manera a
camp univariant. Delaney aplica la metodologia desenvolupada per Hubaux i Vos
[29] per d clcul daquest parametre, encara que no entra gaire a fons en ds
conceptes d'errors de lai 2a espécie. També diferencia entre limits de deteccio
instrumentals (obtinguts a partir dels estandards purs) i limits de deteccio del
métode (calculats a partir de I'andlis de mostres addicionades amb I'analit en
estudi). Tot i que faunareflexié breu sobre laimportancia dels blancsi s nivells
d’addicié de les mostres, Delaney en & seu trebal no plantgja un estudi a fons de
la influencia dels diversos parametres que poden afectar ds vaors dd limit de

deteccio.
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L'aproximacié incorpora a més una restricciéo important, i és que només €és
aplicable en @ cas de digposar de dades amb una gran especificitat. Aquesta
especificitat és perfectament assolible en una técnica com GC-MS-SIM, ja que es
pot escollir un i6 representatiu per a cada analit en estudi. En € cas, perd, de
tecniques amb presencia de pics solapats 0, en genera, de substancies interferents,
I'aplicabilitat de la metodologia descrita es veuria limitada, ja que amb tota
seguretat € primer component principal calculat no contindria un percentatge tan

elevat delavarianciatotal de les dades.

En un treball posterior, Singh [26] amplia € treball dut a terme per Delaney i
presenta una metodologia per a calcular limits de decisié i deteccidé en métodes que
utilitzen I'acoblament GC-MS. La base tedrica és la mateixa que la plantejada per
Delaney en & seu treball previ. S el primer component principal, obtingut de la
descomposicié de la matriu de dades original, explica un elevat percentatge de la
variancia, es pot utilitzar per expressar la resposta instrumental multidimensional
com una resposta composta unidimensional. Singh, pero, incorpora un molt més
profund estudi del concepte de deteccid, incloent-hi ds errors de lai 2a especie. A
més amés, utilitza dues aproximacions univariants: lade Currie [27] i la d’Hubaux

i Vos [25], per cacular €s limits de deteccid.

La novetat més important del treball de Singh radica en que, sobre la base de que
les respostes compostes obtingudes poden transformar-se de nou en les originds,
mitjancant la seva multiplicacié pels components principals corresponents, de la
mateixa manera es pot fer amb ds limits de deteccié caculats en I'espai de
respostes. Laresposta de tots ds estandards de calibracio per a un i6 monitoritzat j

pot expressar-se com:

A
r,=2t.p, (2.48)
a=\
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on A indica e nombre components principals necessaris per reproduir lamatriu de
dades origind, t. és € vector de les puntuacions (scores) dels estandards de
calibracio sobre & component principa a i p.. és e coeficient (loading) de la
variable resposta de 1’16 7 sobre € component principal a. Si € primer component
principal explica un elevat percentatge de la variancia total, r, pot expressar-se
molt aproximadament com r; = t; p;. S hom obté d’aquesta manera les diferents
respostes (ry, 1, ..., ¥y), llavors poden cdcular-se es diferents limits de deteccio en
I'espai de respostes origind, Lp(Lpi, Lp2, ..., Lps). Aquests limits estan definits,
com sha esmentat, en I'espai de respostes. Per obtenir els corresponents limits en

e domini de les concentracions, hom ha de recorrer a modd de caibracio.

Per tal de confirmar la preséncia d'un determinat andlit en la mostra, aquest vector
Lp ha de caure dins una regié didentificacio predefinida, I, J-dimensional.
Finalment, quan senregistra la resposta d'una mostra desconeguda, r(ri, 75, ..., ¥),
i aguesta resposta cau dins de la regié d’identificacié I, llavors, s es compleix la
condicié rj > Ly per tots els ions monitoritzats (j — 1, 2, ..., J), la resposta
enregistrada és significativament diferent del blanc amb probabilitats ai (3 d'error
prefixades. Aquesta metodologia va, doncs, més enlla de la proposada per
Delaney, la qual només establia un limit de deteccio fix pel métode, basat en unes
dades de calibracio concretes. En aguest cas, pero, sestableix tambe s laresposta
obtinguda per a una mostra desconeguda és indicativa de la presencia d’analit 0
no. Aquest concepte d'identificacié multivariant ja havia estat discutit pel propi
Currie [28].

Les limitacions de 1’aproximacié de Singh no deixen de ser les mateixes que hem
esmentat anteriorment; és gplicable a técniques on la reduccié de la matriu de
respostes origina supos que € primer component principa expliqui un

percentatge molt elevat de la variancia total. D'altra manera, es necessitaria més
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d’un component principal i s’hauria de recorrer a models de calibracio
multivariants, on no Serien aplicables les gproximacions univariants classiques de
cacul delslimits de deteccio.

2.6. Alfreﬁaproximacions

Va la pena mencionar en aquest apartat una aproximacié proposada per Garner i
Robertson [29] que no ha edtat tractada previament degut a fet que no va arribar a
desenvolupar-se. Els autors proposen latécnica de 1’andlisi discriminant [30] com
una aternativa valida a problema de la deteccid. Suggereixen que, en € cas de
disposar de molts blancs analitics, 1a distancia de Mahalanobis podria utilitzar-se
per determinar S una resposta desconeguda és significativament diferent del nivol
(cluster) multidimensional de respostes del blanc. La distancia de Mahaanobis
d'una resposta multivariant respecte e navol de respostes del blanc sexpressaria
com:

d;=(t, - %) (RIR) " (1 - F) (2.49)

on r; és la resposta de la mostra desconeguda, RB és la matriu de respostes del
blanci 1y és e vector de les mitjanes de les respostes del blanc per a cada sensor,
é adir, @ centroid ddl nivol de respostes del blanc. Podria establir-se, doncs un
l[imit de decisi6 basat en aquesta distancia, que permetria decidir S una resposta

mesurada és significativament diferent de laresposta del blanc.

Un cop sha decidit que la resposta és significativament diferent dd blanc, hauria

d'establir-se un limit d'identificacié per a Panalit en concret, basat en els intervals
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de prediccio del model de calibracio. Si laresposta desconeguda cau dins d'aguest
limit d'identificacié es pot concloure amb seguretat que I'analit es troba present a
lamostra. Findment, els autors suggereixen que € limit de deteccio hauria de ser
la concentraci6 vertadera que donés Iloc arespostes multivariants per damunt del
[imit de decisié i dinsdel limit d'identificacio.

La proposta és interessant, ja que plantgja, implicitament, el problema de les dues
hipotesis (nul-la i dternativa) en la deteccio. A més, basa d criteri de la
identificacio d'un andit en funcié deds intervals de confianca de prediccio de
model de calibracié multivariant. Una aproximacio que té aquestes caracteristiques

es presentaen e Capitol 5.

Després de tbt el treball de revisio cientifica sobre I'estat de la questio, es pot
concloure que, tot i que les aproximacions per a caloul dels limits de detecci6 en
la calibraci6 multivariant no sdn gaire nombroses, si On ben diverses i amb
aplicacio a técniques analitiques ben dispars. A mode de resum, pot dir-se que
agunes d'elles estan mancades d'un tractament estadistic de la deteccio més
profund, ja que les probabilitats de cometre errors de 2a especie no es contemplen.
En atres casos no es tenen en compte totes les fonts d'error associades a
procediment analitic i que poden afectar en gran mesura a valor numeéric dels
limits de deteccio. Finalment, l'usuari ha de ser molt conscient de quina
metodologia vol adoptar a I'hora de calcular aquest parametre de qualitat. La
seleccio ha de dur-se aterme en funcié de la técnica analitica que hom utilitzi i del
tipus de mostra que s’estigui anditzant, ja que tots dos son factors essencias en
I'establiment dels limits de deteccio.
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Multivariatedetection limitsestimators. A review

R.BOQUE*,F.X.RIUS
Departament de Quimica. UniversitatRovirai Virgili.
Pl Imperial Tarraco, 1, 43005 Tarragona. SPAIN

ABSTRACT

The theoretical development of the concept of detection limit in multicomponent
systems has only begun very recently and its practical applications are limited to a
few specific techni qué such as emisson spectrometry (ICP-OES) or high
performance liquid chromatography (HPLC-DAD). This paper criticaly reviews
the theoretical approaches advanced up to the present, describes the hypotheses
and theoretical backgrounds on which they are based and discusses the advantages
and limitations of the different techniques and derived estimators. The connection -
with the derivation of the detection limits based on the var(c.,ariance associated
to the predicted response of an individua observation in regression theory is
introduced and finally, some suggestions as to potential areas of interest for future

development are envisaged.
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1. Introduction

Mesasuring the capacity of an analytica method to detect the presence/absence of
analytes and quantifying, with a known probability of error, the minimum
concentration of these analytes is one of the chalenges for method validation.
Currie [1] and Hubaux and Vos [2] are relevant members of a group of pioneers
who established the basic concepts of detection limits in univariate calibration.
More than 500 studies published in this field have been subject to numerous
scientific revisons [3,4], but there is still space for improvement {5,6]. Garner has
discussed the state-of-the-art inthis field [7] and Clayton et al. [8] have published
a paper that, in our opinion, constitutes one of the most dtatistically rigorous
contri butioné to the field of detection limits univariate cdibration. Very recently a
computer program has been published which alows users to caculate the limits
and characteristic curves of detection in accordance with Clayton's approach [9].

The increasing application of multivariate calibration methods in the analysis of
multicomponent systems [4,10-12] has obliged the development of the concepts of
detection to be considered, aongsde other performance characterigtics, in
multivariate regresson.

The various techniques of multivariate data analyss in exisence and the
differences in the models used within each technique have caused different
approaches to be developed for multivariate detection limits. In one of the first,
Lorber defines and uses the important concept of net analytical sgnal [13] in the
definition of multivariate detection limit. Subsequently the definition is extended,
until a generd expression for prediction error is reached which dlows a new
concept to be established and a new detection limit estimator to be defined [14].
Bauer et al, [15] suggest deducing the estimator of this figure of merit by applying
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the technique of error propagation to the multivariate prediction mode. More
recently, and in the field of HPLC-DAD, Kvalheim et al. [16,17] applied a-
derivation of the Heuristic Evolving Latent Projections (HELP) method to
establish the detection limit of the species present in the sgnal domain by
comparing the total sgna from the regions of eluting species and the zero
component region (the part of the chromatogram with no chemica components
eluting) as a zone for deducing the analytical blank. Finaly, and in the field of
GC-MS-SIM, Delaney [18] and Singh [19] applied the PCA technique to the
responses obtained for the different values of m/z and a subsequent linear
regression of the first principa component. In the last case the problem was
reduced to aunivariate calibration and the detection limit is calculated by applying
the approaches of Currie [1] and Hubaux-Vos [2].

It should be pointed out that, like univariate calibration terms [6], conceptual
differences do exist in the bibliography which affect the terms limit of decision,
limit of detection and limit of determination. Often, the former is used to indicate
the lowest instrumental response that is needed to verify the presence of analyte.
Therefore, it is defined in the signal domain, unlike the limit of detection and limit
of determination which are defined in the concentration domain. The limit of
detection is used when only the Ath constituent is present in the sample while the
limit of determination is affected by the concentration not only of the kth
constituent but aso of the other sample congtituents as well [20]. However, due to
the diversity of factors affecting these two concepts in multivariate calibration, a
terminological agreement is far from being reached. Researchers are advised to
clearly specify in which domain they are defining their limits, as well as whether
the single kth andyte or the anadyte with the corresponding interferents has to be
considered.
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This paper reviews the theoretica approaches advanced up to the present,
describes the hypothesis on which they are based and discusses the advantages and
limitations of the different techniques and derived estimators. At the same time, it
introduces the links between the latter estimators and the derivation of the
determination limit concept based on the well known variance, var(c.,), associated
to the predicted response of a multivariate regresson modd. Finaly, there are

some suggestions as to possible areas of interest for future development.

2. Notation and Calibration M od€els

Boldface capitd letters are used for matrices, eg. R, with the superscript T for
transposed matrices, eg. R". The unity matrix' is designated by |I. Boldface small
characters for column vectors, e.g. ¢ and ¢;, with the superscript T for row vectors,
eg. r', and small itaics characters for scalars, eg. c;. Superscript + denotes the
pseudoinverse of amatrix, eg. R". The pseudoinverse is used to solve a system of
linear equations and differs from the inverse in that nonsquare and singular
meatrices may be solved. ||« || designates the Euclidian norm of a vector, defined as
the sguare root of the sum of the squared elements of the vector. The character 5
followed by aletter represents the corresponding error matrix, error vector or error
scaar. The subscript “un’ refers to any matrix, vector or scadar that will be
cdculated in the prediction step according to a previoudy established mode, eg.
cue The letters ‘var’ are used to dencote the variance of any term, eg. var(c). ais
used to desgnae the standard deviation of any quantity and s to desgnate the
esdimator of a

Two basic models of multivariate calibration are considered. In the classic (direct)

or linear additive model, al of the J responses which are obtained for the/
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samples are alinear function of the concentrations of the K analytes present in the
samples according to the equation:

X
M= 2 ¢ sx + b )
k

=1

where 7; is the measured response of the sample in the jth sensor, ¢, is the
concentration of the kth analyte in the sample, s;, is the partial sengtivity of the
kth andyte in the jth sensor and byj is the background contribution. If the variables
are scaled or if the term &; is included as a vector of ones in the sengtivity matrix,
the model can be expressed in matrix notation as. r' = ¢ S where r" is a (1xJ)
sized vector, ¢ a (1xK) sized vector and S a (KxJ)sized matrix. Even more

generaly, for a set of / samples: R=CS.

In the calibration stage the matrix of sengtivities S must be found from the model
R = CS, where R is the matrix of instrumenta responses corresponding to the
calibration standards and C is the matrix of known concentrations of al K
congtituents in the calibration set. The matrix of sengtivities is calculated from: S
=C'R.

In the prediction stage, the concentrations of the analytes in the unknown samples

are obtained from the expressions. ¢, =rLS* =rl (C*'R)*.

Another way to represent the linear additive model is r = Sc. Using this
formulation, the matrix of sengtivities, S, is found in the calibration step as S =
RC,', where R is the usud matrix of responses corresponding to the sat of

calibration standards and C, is a diagona matrix whose elements, ¢, are the

concentrations that correspond to the kth pure components of the calibration set.
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The unknown concentrations of the new samples are obtained as ¢y = S'ry, = Co

R Fun.

In the inverse calibration model, dl of the concentrations corresponding to the K
analytes present in the / samples are a linear function of the measured responses
which are obtained at the various J sensors, according to the equation: C = RS, or,
in terms of vectors, ¢ = Rs. In the calibration stage the S matrix or s vector must
again be found from the calibration set whichis now expressed as. S=R'C, or s =
R ¢, where R" is the calculated pseudoinverse of the matrix of experimental
responses obtained from the caibration standards and C is the concentration
matrix (or ¢ the concentration vector) of anadytes present in the cdibration set. In
the prediction Sage, the concentrations of the analytes in the unknown samples are

calculated from the expressons. %, = r'$ = rR*C.
It should be pointed out that, in this final case, to be able to predict the vaue of the
concentration of a kth analyte in an unknown sample, ¢, - reR "¢, only the

vector of concentrations for the kth andyte, ¢, is needed for dl the cdibration
samples as wdl as the eadly obtandble pseudoinverse of the matrix of

instrumental responses. This calibration model is aso called indirect or partial. If |

the R matrix is determined from K pure standards, then ¢, = rgR* ¢, , where

cox 1S the concentration of the kth andyte in the cdibration standard. In the
classicd cdibration_model, the experimental demands are much stricter since 8™ =
(C'R)" must be known, that is to say, the concentration of all the andytesin all the
calibration samples as well as the instrumental responses. Lorber and Kowalski
have elegantly shown the conceptual similarity of the prediction processes in both
models [14].
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3. Multivariate deter mination limit approaches
3.1. Netanalytical signal approach

The first sound formulation of limit of determination in multicomponent Systems
was put forward by Lorber [13] for the linear additive model r = Sc. The formal
solution of this model is ¢y = ST If the errors in both calibration and
guantitation steps into account are taken, this equation becomes

(€ + Beun) = (S + 8S)" (run + Bru) ®)

dcu IS é non-linear function of the errors in the sensitivity matrix and the measured
responses, and so it is not easily calculated. To solve the problem, Lorber defines
the concept of the net analytical signal of a component, as the part of its spectrum
which is orthogona to the spectra of the other components present in the
calibration standards. So his approach takes into account the net contribution of
each component to the instrumental response. Therefore, error is related not to the
global measured response but to each net contribution. By using fhis important
concept a whole series of performance characteridics, including the limit of
determination, can be calculated. |

This first multivariate definition does not formally break away from the
formulation established in univariate calibration in which the limit of detection is
defined as the concentration which corresponds to three times the signa to noise
ratio [5]. However, so as not to only take into account the error in the measured
response, but dso the errors in the calibration standard responses, the multivariate
determination limit, (LOD),, is defined as the analyte concentration which

corresponds to three times the total relative deviation, dcita/cx:




Capitol 2 Chemom. Intell. Lab. Syst. 32 (1996) 11-23

E S
Ly

(LOD), = ¢ /h— 1] @3

Here ¢? is the concentration of the pure calibration standard k, r, is the part of
the response vector r,, corresponding to the Ath congtituent in the calibration
matrix, which is free of covariation with the other components, i.e its net
analytical signal. r, is calculated according to r, = (I-R,R})r,, where R, is
the (Jx(K-1))matrix corresponding to the pure components of the calibration set
except the kth component. €, isthe error in the measured responses of the unknown

sample and may be computed, when the number of sensors Jis grester than the

number of analytes K, as:

2L (I-RRO)1, |
g, =| T M @

(J-K)

This formulation of LOD has two fundamental merits: it is the first one and,
therefore, opens the way for caculating this figure of merit in multivariate
calibration and it introduces the important theoretical concept of net analytical
signal. However, in terms of practical application, the proposed expression is of
limited use because de classcal (linear additive) model requires the knowledge of
the concentrations of dl analytes and interferences that are present in the
cdibration samples or the spectra of al pure components in the calibration set.
The authors have applied the derived equations of limit of determination and other
figures of merit to UV absorbance data. Other applications of the approach include

the characterization of a series of chemica piezoelectric sensor arrays [21].
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3.2. Extensiontoinversecalibration models

Lorber et al. [20] make ostensible progress in this area when they put forward an
expression for the limit of determination of the inverse calibration model in which
the unknown concentration of an analyte k in a sample is given by the expression
Cux =TmR*¢, o This model can be much more widely applied than the classical
model.

If the relative error in cdlibration is equa to the relative error in prediction, i.e.

o =0, /P

Eun |

, the new estimator of the limit of determination is given

by the expression:

3R e | [ ral
[rall/ ew =37

(LOD), = (5

Here ¢, is the vector of concentrations of the th anayte in the calibration set and
€un IS the error in the measured responses of the unknown sample, calculated asthe
residuas between the measured and fitted values. The selectivity term £, measures
the degree of overlap of the th constituent with the other constituents used in the
cdibration. For the pure 4th congtituent of the kth condtituent in the calibration st
and r®™ is the pure spectra the sdlectivity is computed as & = cox |

(IR e || e |}), where ¢y, isthe concentration of the kth constituent.

If there is no error in the cdibration step, Eq (5) has the same form as the classca

univariate determination limits:

(LOD), =3|R*¢,| &, (6)
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where |R"¢;| is the inverse of the instrumental sensitivity.

Now the net analytical signal is much easier to compute since it is expressed as a
function of the response of the unknown sample, of the inverse of the matrix of
responses corresponding to the calibration set and of the vector of concentrations
of the th analyte in the calibration standards:

rk(net) — I‘{I,RJ'% :"“R+ck || @

r™ _ o, /IR"e k“ ©)
This method, which is relatively smple to put into practice, ill follows the
conventional derivation which is based on congdering the limit starting from the
analyte concentration equal to three times the precision of the concentration. Now,
there has to be a priori assessment of the contribution of the background noise and
interfering substances. There is, however, an intrinsic problem in the method: the
presence in the unknown samples of any interference that has not been modelled in
the calibration stage. This interference causes a decrease in the selectivity values
and sendtivity of the analyte, with a consequent degrading of the limit of
determination. So in these cases, the calculation is feasible but its application to
real problemsis limited.

The authors have applied this definition to the analysis of geologica standard
reference materials by ICP-AES [20], showing its effectiveness in the presence of
various interfering substances.
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3.3. Confidence interval of the predicted concentration approach

A conceptually different strategy has been put forward by Lorber and Kowalski
[14]. The concept of net analytical signa is no longer necessary since they deduce
alimit of determination from the calculation of the error in the concentration for a
general multivariate calibration model.

Assuming the inverse cdlibration model, which for a scdar is given by
¢ =TuR*e, where there is a linear additivity in the responses, and taking into

account the experimental errors associated to the calibration and quantitation steps,

they obtain an expression of the sort:
Cun+ 0Cun = (T + 61'url)T R+ SR)+ (C+5C) (9)

in which cu, rw, R and e now represent the true (not the measured) values of the
unknown concentration and response, the calibration data responses and the
concentrations of the determined analyte in the calibration samples respectively.

ocu, OFu, DR and 8c are their corrapondi ng errors.

Even though the problem of caculating the térm (S + 8S)" formulated for the
development of the error in the concentration of the direct model is here removed,
the difficulty now is the calculation of the term (R + 3R)". Due to the impossibility
of deducing an exact anaytica solution, some approximations have to be made.
From a hypothetical relation between the variance of the predicted concentration
and the variances of the measured vaues, the error in the responses of the
calibration samples, 8R, does not appear explicitly but it does appear implicitly in

aK coefficient. The model for the variance of the predicted concentrationsis:
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J i
Var(cun) =Z b3 var(?’un,}') + K Z h!zu.n Var(ci) (10)
i=l

J=

in which the first term corresponds to the errors in the responses of the unknown
samples, the second to the errors in the concentrations of the calibration set and K
is a scaar which takes into account the erors in the response matrix in the
calibration step. Both &, and #; are calculated from the measured data, b = R* ¢ and
h- (R") ru, respectively. The K scalar is estimated by:

!
K =g / pvar(e) (11)

i=1
in which &* is calculated as

2 _cf(I—RRJ')c
I-r (12)

r being the number of principal components used in the regression model.

Assuming a t-distribution for the errors in the predicted concentrations, a

confidenceinterval, y, given by:

J f B
v? = X b var(r, ) £2, + x Z tim var(e) 17, (13)
j=1 i=1

can be cdculated. The total confidence interva is obtained by adding the partia
intervals of the various associated sources of error, with their own degrees of

freedom. To estimate the prediction error, the terms var(ry,), the error in the
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unknown response, and var(c;), the error in the concentration of the calibration
standards, cannot be computed and have to be supplied. If it is assumed that var(c;)
is congant for al cj and the residuas dry, = (I - R'R)r,, are used to estimate

var(ru,;), the confidence interval y is now:

J !
Vo= X bt st X Bt (14)

=t i=l

This expression allows confidence intervals to be calculated smply, since it does
not require accurate knowledge of the variances of the experimental data and it is
applicable to all regression techniques. The application of one or the other
regression technique will smply giverise to a difference in the estimators of b and
h.

Findly, the limit of determination of an analyte in a specific sample'is established
in terms of this confidence interva, and by checking if the uncertainty region for
the concentration includes the value of zero or not.

The model has a series of limitations, such as the fact that it assumes, with no
mathematical justification, that the two sources of error in the cdibration stage are
related. As far as the experimental limitations are concerned, there is the intrinsic
problem of collinearity, due to the spectra overlapping and a bad experimental
design of the calibration data, which gave rise to a high level of prediction error.
The same authors subsequently show that the incluson of more informative
variables (sensors) and samples in the cdibration stage aways decreases the
prediction eror [22], however, further research is needed to define the

experimental design used for selecting these variables and samples.
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Recently, a modification of the expresson derived by Lorber and Kowaski for
var(cy,) has been proposed [23], where the term (R + SR)" is replaced by R" +
8(R"). The authors define anew expression to model the prediction error. For one

component and using the present notation, the equation iswritten as

12
A A A
- — 1 2
G -&| = (1( '.(bjei,j) ] + X taEa * szmﬁczac + & 15
\NJ a=1

Jj=1 a=lc=a

where b; is the regression coefficient for the jth sensor, €jj is the spectra residud
for the ith sample and the jth sensor, t are the scores of the sample in a prediction
model, g; is the residual and a and z are the parameters of the prediction error
modd.

In the first step, the regression coefficients b; are calculated from the calibration

model and t, | ¢, -¢;, and e; from a prediction set. Then, the parameters a and z

are edimated by partial least squares taking into account not to overfit the modd.
The superscript A stands for the number of factors used to build the model.

Finaly, and for any unknown sample, the value of j ¢j -¢, can be obtained. The

major difference between this procedure and the one proposed by Lorber and
Kowdski is given by the moddlisation of the data to give the best estimate of
prediction error. This approach aso differs in the use of the scores t instead of the

values of h; and §° of the concentrations in the last two terms.

A logicad derivation of the Lorber and Kowalski's agpproach is to caculate the
confidence interval associated to the value of each predicted concentration in
models in which the multivariate linear regression technique can be applied. The
well known generd expresson for the variance corresponding to any unknown

point is used:
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var(c,, ) =re (R™R) 'y, 82 +5° /n (16)

in which r,, is the response vector obtained from measurement of the unknown
sample. This response can be expressed ether as the vector of the origina

variables (MLR), or asthe derived factors or principal components (PCR) [24]. &

is the estimator of o, the variance of the dependent variables in relation to the
model [25,26], and is calculated from the calibration step:

!
& = e, -8)H{I-P) 17)
inl

in which /is the number of calibration stahdards and P the number of parameters
in the model.

It can be seen quite clearly that in the estimation of the expression var(c,,) only the
error due to the model intervenes, the independent variables being regarded as
exempt from any experimental error. This latter fact can be an important source of
error when instrumental responses (eg. spectra) are considered independent
variables in inverse calibration models. The expression obtained is aso one
particular case of Lorber and Kowalski's [14] generd expresson, but which does
not take into account the errors in the spectral responses. In fact, being b = Rc,

the general expression defined by Lorber and Kowalski changesto:
Cun * 8€un = (Fun + 8rwn)" (b + D) (18)

where

8y = 0! b+ Ty 8b (19)
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These two terms take the form of a vector of coefficients multiplied by an error
term. It isthe same case as the variance of a sum, which is the same as the square
of the coefficients multiplied by their corresponding variance. So, it would be
congruent to say that:

var(c,,) = ibf var(r, ;) + irj.,f var(b,) (20)
i= i=l

This last expression is very smilar to the one obtained from the multivariate linear
regression approach, if the errors in the independent variables had been taken into
account in the latter.

Findly, from Eq. (16), and considering that (c,, —¢é,,)/ var(c,,)"* follows a t~

distribution, the expresson for the concentration and its confidence interval will
be given by:

G £t 10y -SY1/n + TLRTR) ', 1)

where n is the number of measured replicates of the unknown sample. If n is very
large, 1/nis close to zero, and the confidence intervas are defined for the true
mean value of ¢y, The number of degrees of freedom when the value of ¢ isto be
foundis aso givenby v =1 - P, | and P havi ng been previoudy defined. So, given
avector of responses r,,, an estimated concentration ¢, can be obtained as well as
its confidence interval, with a rdiability of 1-o. The confidence intervals -
caculated in the case of abivariate model can be seeninFig. 1.
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Fig. 1. Confidence interval for abivariate model derived from the variance associated to
each predicted concentration in linear regression analysis.

If the confidence interval of the predicted concentration does not include zero, it
can be concluded, with a a probability of committing atype | error (false positive),
that there is analyte present in the sample snce the concentration obtained is over
the limit of determination. On the other hand, there will be a B probability of
committing atype n error (false negative), i.e. stating that there is no anayte in the
sample when it is actually present. This second type of error is often ignored, when
in fact it is rather important. Hubaux and Vos [2] introduced this concept in their
~definition of detection limit based on the confidence intervals of a univariate
regression line. Pogteriorly, Clayton [8] has derived the inverse relationship
between the probability of committing a false negative error and the concentration
of analyte present in univariate caibration and has aso shown the relation that

exists among the a and B probabilities and n (the number of replicates obtained for
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the analysed sample). Therefore, in multivariate calibration it is aso necessary to
specify the probabilities of obtaining false positive or false negative decisons
when caculating detection or determination limits. Fig. 2 grephicdly shows both
types of error in the definition of a determination limit based on the confidence

intervals for agenera inverse caibration model.

For any instrumenta response of the unknown sample equa or higher than rp,
there is a probability a of having a type | error, i.e. fasey concluding that the
analyte is present in the sample. However, for agiven signd, r.,, the probability of
committing atype |l error or erroneously stating that there is no anayte present in

the sampleis p.

Fig. 2. Graphical plot of type | and type Il errors in the multivariate determination limit
estimation for a genera inverse cdibration model (¢ = Rb + €). In order to be visualised,
the dimensionality of the original multivariate signal response has been reduced to one.
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This approach, despite being smpler than the one proposed by Lorber and
Kowalski, is aso of limited application since it involves having to comply with the
well known redtrictions of the least squares technique: presence of collinearity in
the independent variables if MLR is used, a norma distribution of their values,
constant error distribution (homoscedasticity) and no error in the independent
variables.

3.4. Error propagation approach

The next approach is the one proposed by Bauer et al. [15]. They also take as a
base the linear additive model in the responses, r = Sc, and apply the theory of
error propagation to the vector of concentrations in the unknown samples,

obtaining an expression for the error of prediction for atotal calibration model:
5¢c=-S*(6R - 8B)C'c + 8CC’e + S'(Sr - S) (22)

where here b is the vector of pure background signals of the samples and B is the
matrix of pure background signas of the calibration standards. For a k component
and neglecting any correlations among the errors of the different sgnas and

caibration concentrations, this equation can be expressed in the following way:

3 f (83 Cre,)? [var(R,, )+ var(B, )] +

km—in™n

1 n=1

(23)
/ J
* Zi (Cpre,)? [var(Cy)] + Z‘; (S5)? [var(r) + var(3,)]
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where the indexes J, / and K stand for the number of sensors (wavelengths), the
number of calibration standards used and the number of components in the

samplesrespectively.

Using the classical univariate definition of limit of detection [1,27], a multivariate
limit of determination in concentrations is defined thus:

Cer = Zey o(ci ) (24

where z(, is a statistical factor determined by the error @, describing the possibility
of adopting false positive decisions, o(cie) IS the standard deviation of the
concentration corresponding to the zero net analytica sgnd and the index k
denotes each of the K analytes of interest. By substitution of 6(c0) by o(ck), for ¢,

= cxo, IN the previous equation, the limit of determination

Cet = z(u){

[ K

+ 2.2 (Che)? [var(C,)] + (25

i=l n=f

(SinCinca)” [Vax(R,, ) + var(B,,)] +

[

i
La~
1bg=

i=ln

i1
+ é (S5)? [Var(r; (¢, 0Cpus )) + var(d, )]}
isreached, with ¢, = constant for al n = kand ¢, = ¢, for n=k (n=1..K).The
term r{cx0,cn0) COrresponds to the determined blank signa of the A&th component
in the jth sensor. The equation is undoubtedly complex and requires $* and C* to
be known, that is to say, the concentrations of dl the analytes and interferents in
al the cdibration standards, something which is most unlikely in red Stuations.
What is more, it is also necessary to supply the errors in the measured signas and

in the responses and the concentrations of the calibration step so as to be able to
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caculate the limit of determination. This problem can be overcome relatively
easily by assuming a priori error models in the data. As far as the statistical term
Z9 1S concerned, it only contemplates the probability of false positive decisions,
ignoring the type n error. This formulation of limit of determination was applied
by its authors to ICP-OES data [15,28,29], and they drew the conclusion that LOD
do not depend only on the dement and the emisson lines used for ther
measurement, but that they are also a function of the sample and its individual
composition. So, in practice, the LOD has to be calculated separately for each
sample, whenever interferent substances appear. The same conclusions had already
been reached by Lorber [13], pointing out the importance of the net anaytical
ggnd in the definition of LOD. In any sample, the more interferents present, the
higher value of LOD due to a higher spectral overlap and a reduction of the net
analytical signal value.

3.5. Detection limitsfor coeluting species

A field of great interest at the moment is that of reliably determining the number of
chemical components which elute smultaneousy under the same multicomponent
chromatographic profile. This is one of the critical phases if a good resolution is to
be achieved using factor anayss methods. Recently, the HELP (Heurigtic
Evolving Latent Projections) method, based on the latent variable mode, has been
developed to detect and resolve minor components in the presence of other major
gpecies and noise level, in the field of HPLC-DAD [16,17]. Consequently, it is
logical that the limit of detection is one of the important performance
characteristics to be considered in this method.

Here, the procedure is divided into two parts, the first analyses the sgnd of a loca

region of interest and the second uses zero component regions (regions where no
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species elute) as a zone to estimate the noise level of the data. The first eigenvalue
in this region isindicative of the real noise level of the data. Nevertheless, because
this zone may be of a different size to the zone of the chromatographic peak of
interest, this first eigenvalue is compared to the different eigenvalues of the loca

regions being studied by means of an F-test. In this way the ratio e?/e; is

obtained, which is compared with a criticdl F-value at the desired level of
significance and with a number of degrees of freedom equivalent to the number of

retention tunes multiplied by the number of wavelengths used for the loca region

investigated and the zero component region respectively. The limit of decison is

defined, therefore, as the minimum net anaytical signal o it can be said

net analytical signal > /F; e, (26)

This means that for a studied region of the chromatogram, the number of species
present, i.e. the chemica rank, is the same as the number of eigenvalues over this
limit. For aminor component, the net analytical signa must be over this limit if it
is to be detected. Needless to say, the limit of decision depends on the number of
gpectra and wavelengths used in the calculation. The limitations of this
methodology arise when the number of spectra used from the zero-component
region increases and these spectra are correlated. The estimated limit is then too
high, since the decrease in the critica F-value cannot be compensated by an
increase in the first eigenvalue of the zero component region, e.

Subsequently, Kvalheim et al [30], using these studies as a base, extend the
definition of the IUPAC limit of detection [31] for multicomponent systems. "The
detection limitfor a chemical species coexisting with other species in a sample is
the smallest net signal that is necessary in order to reliably differentiate the signal
froman analytical blank".
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In accordance with this methodology, the limit of detection varies in function of
the size, in terms of retention times, of the zero component region which is taken.

In order to overcome this problem, they calculate a single limit by designing a non-

parametric test [30]. First, a zero component region is defined with N retention

times. From this region al possible combinations of M spectra are made (the value

of M being the same as the window size in the local region of interest), giving a
total number of Cy N!I [M!(N - M)!] spectra combinations. So the total

number of eigenvalues, caculated from the spectra combinations in al the
retention times, gives rise to a distribution in which a limit of detection at the
desired level of significance can be defined depending on the probability of
obtaining the false positive or false negative decisions the user wish to assume.
This method, compared to the F-test, gives very similar results, but has the

advantage of giving only one limit of detection.

This method has been applied, with good results, to techniques such as HPLC-
DAD and GC with FID detector. In the case of two-way chromatography (HPLC-
DAD) the LOD is obtained from the distribution of the first eigenvalues obtained
by al the possible spectra combinations in the zero component region. For single-
way chromatography (GC-FID) one must have a collection of samples with
different concentrations of the analytes of interest in order to be able to make the

combinations and obtain the distribution of the eigenvalues.

To sum up, it seems to be a powerful method to apply to the above mentioned
separation techniques, since the noise level can easily be estimated from the zero-
component region. It would be necessary, however, to study its applicability to
other non-chromatographic techniques in which the establishment of the analytical
blank is not LY clear snce the case may arise that samples with good zero-

component regions are not available. ¢
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If non-chromatographic techniques were to be used and especidly if analytical
blanks were available, i.e. samples which have the matrix but do not contain the
analyte of interest, at least two different classes could be established, class 0 made
up of andytica blanks and class 1 with a certain amount of analyte present.
Multivariate classfication and regresson techniques could be applied then in
order to establish limits of detection [7].

3.6. Transformation to univariate approach

Lastly, Delaney [18] has proposed another approach to multivariate detection
limits which has subsequently been extended by Singh [19]. The procedure is
conceptualy very smple but aso has a rather limited application range. So far it
has only been applied to gas chromatography with selected ion monitoring mass
spectrometry (GC-MS-SIM).

The response matrix resulting from the recording of the MS-SIM spectra obtained
for each of the pure cdibration standards which have a different concentration of
analyte are submitted to principal component anaysis. Due to the low number of
recorded spectral peaks and to the high corrdation among the various spectra, the
first principal component contains a high percentage of the total variance. In this
way there is a consderable reduction in the multivariate data represented by the
abundances for each monitored m/z value. All the calibration sample scores,
considered now as aresponse on the ordinate axis, are plotted as a function of the
concentration of each analyte in the calibration standard on the abscissa axis. As
the first component explains more than 99% of the total variance, the problem is

reduced to a univariate cdibration, in which, to determine the limit of detection,

100



Capital 2 Chemom. Intell. Lab. Syst. 32 (1996) 11-23

the classical univariate methods of Currie [1] and Hubaux-Vos [2] are used. Figure

3 shows a scheme of this approach.

The technique has been devised to work in rather restricted conditions. Firstly, the
recorded signals must be specific. Any detection technique hyphenated to a
powerful separation technique such as capillary chromatography or capillary
electrophoresis could be useful but it must be borne in mind that even o, this
approach is not valid to predict limits of detection in the presence of overlapped
peaks or, in general, of interfering substances which give rise to overlapping
sgnas. Secondly, there must be a considerable correlation among the data if the
first principal component is to explain nearly the whole variance. If this is not the
case aregression model with more than one response [25] would be found, and the
limits of detection could not be estimated by using classical univariate models.

ORIGINAL MATRIX (IxJ) PCA MATRIX (IxJ) PC1 CONCENTRATION
VECTOR VECTOR

Sensors (M/z) Components
2 2 First PC
(i R |=—3i U Ul = |¢

D 99% variance
explained

MASS SPECTRA DETECTIONLIMITS CALIBRATION CURVE

Abundance Fet
li ’ i |I| " | .
YT . Concentration

Fig. 3. Scheme of the procedure developed by Singh to calculate limits of detection
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4. Conclusions

More than twenty different definitions of limits of detection and limits of
determination have been reported in the bibliography for univariate modes [3].
This gives an idea of the complexity of the field. This difficulty is even increased
when deding with multivariate andysis due to the distinct approaches used to
build the regression models, the different nature of the analytical data, originated
from very different andytica techniques, and the lack of a sound satistica basis

for multivariate modelling techniques.

The different approaches developed for calculating multivariate detection limits
have been reviewed. A summary of these gpproaches, including assumptions, use
and limitationsis shown in Table 1. The estimation of these limits in flow systems
has specific characterigtics due to the am of determining the presence of minor
components in not well réolved profiles and the presence of regions where no
goecies elute. In a generd sense, the ultimate goa of multivariate determination
limits estimators is to reliably evauate the minimum concentration of a chemical
goecies which coexists with other species in a sample. This rdiability encompasses
the differentiation of the signd due to the species under study from the anaytica
blank considering type | and type n errors. Up to the present, however, only fase

positive errors have been taken into account.
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3.1. Introducci6

Redlitzada larevisi6 cientifica de les diferents gproximacions ds limits de detecc_ic')
en calibraci6 multivariant desenvolupades fins e moment, es va creure oportU
assgjar una de les metodologies més senzilles, perd aplicable posteriorment a
técniques analitiques disponibles en € nostre laboratori. Des d'aquesta perspectiva
hom es va plantgjar fer I'estudi dels limits de deteccié en métodes d'anadlisi que
utilitzen I'acoblament cromatografia de gasos-espectrometria de masses (CG-EM).
L'experiéncia proporcionada pel trebal practic anterior en aguesta tecnica i la
disponibilitat de la instrumentacié necessaria, en @ Servel de Recursos Cientifics
de laUniversitat Rovirai Virgili, vafacilitar en gran manera aquesta tasca. La Fig.

3.1 mostral'esquema d'aquest acoblament, amb les parts més importants:

BOMBA
MECANICA

BOMBA
D'ALT BUIT
ESPECTR(‘DMETRE DE MASSES Espectre de masses
FONT
INTERFASE | FONT. L lanaLirzabor [ pETECTOR JI“ |H ‘ |
i1\

CROMATOGRAF

DE GASOS .

CONTROLADOR (Chemstation)

Fig. 3.1. Esquemade sistema CG-EM utilitzat en I’experimentacié dels limits de deteccid
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La resposta instrumental obtinguda en |'acoblament CG-EM és |'area de pic
corresponent a !’analit en estudi, en unitats d'abundancia espectral i, per tant, el
model de calibracié sestableix representant aquesta area de pic (0 areardativa s
s'utilitza |5 tecnica del patré intern) vs. la concentracié de l'andlit en €
corresponent estandard de calibracié. Existeixen, perd, dues modalitats ben

diferenciades al'hora d'enregistrar € senya en I’espectrometre de Masses:

- Cromatograma (fjons totals (Total fon Chromatogram, TIC): € senyal

per unitat de temps en e cromatograma és deguda ala sumade les abundancies de
tots els ions (relacions massa-carrega, m/z) de |'espectre de masses que arriben al
detector.

- Monitoritzacié dions sdeccionats (Selectedlon Monitoring SM): €
senyal per unitat de temps és degut Unicament a la contribucié d’yn/s 10/ions
espectral/s triat/s per |'usuari.

Aquesta darrera técnica d'adquisicié de dades és la més utilitzada a efectes
quantitatius, ja que ofereix uns avantatges de sensibilitat importants. Aixo és degut
a fet que l'instrument inverteix molt més temps en la monitoritzacig delS ions
significatius presents en un pic cromatografic. A més a més, es poden adquirir
moltes més dades al llarg dd pic, la qual cosa condueix a unarelacié senyal/soroll

molt millor i, per tant, auns limits de deteccié sensiblement inferiors [1].

Exigteix, perd, una dtra adternativa a la sdeccié dions. Consisteix en enregistrar
d cromatograma dions total i després reditzar les integracions dels pics
cromatografics per g un/s jons individual/s. Aquest procediment, malgrat no tenir
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les prestacions del SIM, comentades en e paragraf anterior, és preferible a
cromatograma d'ions totds, ja que incrementa notablement la relacio senyal/soroll.

Lametodologia de calcul dels limits de deteccio en aguesta tecnica esta basada en
ds trebals previs reditzats per Delaney [2] i Singh [3]. Es necessari disposar
d'una matriu inicia de dades de naturalesa multivariant. Aix0 Saconsegueix
obtenint la resposta, en aquest cas |'area de pic, per a cada mostra de calibracio i
per a una serie de rdacions m/z determinades. Enregistrant € cromatograma d'ions
totals i integrant s pics per a diversos ions individuals, podem aconseguir aquest
objectiu.

Un cop obtinguda lamatriu inicid de respostes, aguesta es descomposa mitjancant
I'andlisi de components principas (Principal Component Analysis, PCA). Si €
proces de calibracio sha redlitzat correctament i no sha detectat la presencia de
substancies  interferents, bel primer component principa hauria d'explicar
aproximadament un 99% de la variancia total. Aixo éstipic en latécnica CG-EM,
degut a la gran correlacio existent entre els pics espectrals. Per tant, sense pérdua
sgnificativa dinformacio, aguest component principad pot utilitzar-se per
representar una resposta composta, que €s combinacié lineal de les respostes
originals. El requeriment de que € procediment de calibracié es dugui aterme de
manera correcta esta relacionat més amb |'etapa de preparacié dels estandards de
calibracié que no pas amb I'etapa de mesura instrumental, la qual és d'una gran
precisié en latecnica CG-EM.

S esvolen avaluar els limits de detecci6 en termes de concentraci6, € primer gran
repte de la metodologia és I'establiment del model de calibracio que relacioni la
resposta composta, representada pel primer component principa, amb la
concentracié de I'andlit en estudi. Aix0 implica una serie d'aspectes que tenen a
veure amb la’ regressié lined com, per exemple, la importancia de seguir un
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disseny experimental adequat s volem obtenir una recta de calibratge que pugui
utilitzar-se de forma eficient, tant per predir concentracions de mostres

desconegudes com pel calcul posterior dels limits de deteccio.

La segona etapa clau del procés és el propi estimador del limit de deteccio. En els
treballs de Delaney i Singh, les aproximacions utilitzades van ser les de Currie |
Hubaux-Vos, descrites en e capitol 1. L'aproximacio incorporada en € nostre
treball va ser la desenvolupada per Clayton et al. (també descrita en ¢ primer
capitol). La novetat més important que gporta la metodologia de Clayton et al. és
que, quan es desconeixen €s parametres del model de calibracio i shan d'estimar
(la qual cosa succeeix en la majoria dels casos), la probabilitat d'error de 2°
espécie no es pot avauar considerant una distribuci6 ¢ d’Student normal, Snd que
sha de fer a partir d'una distribucié ¢ destentada. L'aproximaci6 assumeix també
que les respostes instrumentals segueixen distribucions gaussianes en tot I'interval
de concentracions. En cor;%q[]éncia, tot i que les respostes originas obtingudes en
I'acoblament CG-EM no seguissin una distribucié gaussiana, recurrint a teorema
del limit centrd pot justificar-se I'assumpcid de normalitat dels components

principals, ja que aquests son funcid lined de les respostes originals.

L'experimentacié reditzada va esar encaminada basicament a demostrar la
millora que suposa en es valors des limits de deteccié € fet d'utilitzar més
informacid inicid. Amb aguest motiu, es van comparar ds limits de deteccio
cdculats (1) a partir del primer component principa de la descomposicio de la
matriu de respostes origind (aproximacio multivariant) i (2) apartir de laresposta

de I'i6 espectral més abundant (gproximacio univariant).

Un segon objectiu plantgjat va ser I'estudi de com afecta un increment del soroll
de fons de les dades ds vaors dels |imits de detecci6. Es ben conegut que en la

tecnica de PCA, en presencia de dades molt correlacionades, €ls primers
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components principals expliquen un percentatge molt eevat de la variancia tota
de les dades, mentre que s darrers smplement modelen € soroll que es troba
present en qualsevol mesura experimental. Aixi doncs, utilitzant & primer
component principal per congtruir la recta de calibratge, |'efecte negatiu del sorall
de fons, traduit en un increment dels limits de deteccio, hauria de veure's
esmorteit. Per validar aguesta hipotes es van comparar €ls resultats obtinguts amb
les aproximacions uni i multivariant, després d'incrementar de manera gradual e
soroll de fons en les dades.

Els resultats obtinguts van demostrar 1’aplicabilitat de la metodologia per calcular
ds |imits de detecci6 de latécnica CG-EM. L'estudi es va restri ngir a cacul dels
limits de deteccié instrumentals, obtinguts a partir de la recta de calibratge
construida amb els estandards purs. No van considerar-se ds limits de deteccio del
metode, @s quan shaurien davaluar a partir de mostres reals addicionades amb

els andlits en estudi, en aguest cas una serie de pesticides.

Malgrat els bons resultats, € fet que sigui indispensable que € primer component
principa de lamatriu de respogtesinicial expliqui un eevat percentatge (~99%) de
lavarianciatotal, es converteix en la maxima limitacié de la metodologia, i a més
per un doble motiu. En primer lloc, es restringeix enormement € ventall de
tecniques andlitiques en les quals es pot aplicar (basicament els acoblaments
d'alguna técnica de separacid amb un espectrometre de masses 0 dguna dtra
tecnica didentificacio, com IR o UV-Visible); en segon lloc es requereix una
elevada sdectivitat per ta que no interfereixin en la determinacio atres
substancies presents a la mostra. Aquest darrer requisit €s relativament facil de
complir per la majoria de técniques de separacio. El problema esdevindria en cas
de coducio de diferents espécies. Una possible solucid seria la monitoritzaci6
dions individuas, seleccionats adequadament en base a aguest requisit de
sdectivitat. Una dtra aproxi‘macié, en aquest cas per la deteccio d’analits
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minoritaris que coelueixen amb altres constituents de la mostra, ha estat proposada
per Kvalheim et al. [4] i revisada a capitol 2.

Una descripcié més profunda de tot @ procediment, tant tedrica com experimental,
aixi com €s resultats obtinguts, es presenten en la segona part d'aquest capitol, en
un aricle enviat a la revista Quimica Analitica i que es troba pendent de

publicacid.
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Detection Limitsin GC-M S Multivariate Analyss

R.BOQUE*,F.X.RIUS
Departament de Quimica, Universitat Rovirai Virgili.
PI. Imperial Tarraco 1, 43005 Tarragona, SPAIN.

ABSTRACT

A new technique to calculate multivariate detection limits is applied to GC-MS
anaysis. The approach, based on a principal component anaysis followed by the
application of the Clayton's method, takes advantage of the high correlation
among the instrumental responses recorded. In this way, al information given by
the technique is euhployed in addition to the minimisation of the instrumental
noise. The described procedure has been used to caculate the MDL of severd
commercia pesticides andysed usng a GC-MS system with eectronic impact
ionisation. The calculated detection limits values are in the range 0.3 -1.2 ppm.
Characteristic curves of detection are also provided.
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INTRODUCTION

Evauating the performance of analytical methods is one of the basic subjects in
quality assurance. Figures of merit such as aCcuracy and trueness linked to
traceability and precision related to uncertainty are extensively dealt with in al
subjects related to chemica measurement[ 1]. Because of society's needs to '
reliably detect and quantify smaller and smaller quantities of analytes in samples,

detection limit is another of the performance characteristics which is of specia
interest nowadays. The calculation of detection limits in the univariate field has
been extensively dealt with in the literature and some of the developed approaches
have been implemented in computer programs [2,3].

Multivariate methods of andysis are being increasingly used in anaytical
laboratories, mainly due to the advantages in terms of cost or time. Ther
performance characteristics, among which are detection limits (or determination
~ limitswhen an analyte in a sample with the presence of interferencesis going to be

determined), must be evaluated like in the univariate case (4].

In the present paper, the calculation of multivariate detection limits, MDL, is
applied to a gas chromatography-mass spectrometry coupled system, GC-MS. The
traditional method of calculating the detection limits in this technique is based on
the selection of a characteristic ion in the mass spectrum (or the sum of two ions)
and congtructing the univariate calibration line by regressing the anayte response
(in abundance units) on the concentration of the anayte of interest in the
corresponding calibration sample. The internal standard technique is commonly
used to ensure reproducibility in the injection step. However, one of the drawbacks
of this approach is the fact that a great deal of information contained in other ions

in the recorded mass spectrum is wasted. Furthermore, the presence of background
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noise may affect significantly the fina result if only one ion is used in the
quantitation step.

The described procedure has been used to caculate the MDL of severd
commercid pesticides andysed usng a GC-MS sysgem with electronic impact

ionisation The calculated detection limitsvalues arein therange 0.3 - 1.2 ppm.

THEORY

The methodology discussed is based on using, for each caibration sample, the
peak areas fdr several mass channdls, giving rise to amultivariate response matrix
[5,61. The subsequent principal component analysié (PCA) of the data matrix
enables its dimensionality to be reduced to the point that only one principa
component is able to explain dl information contained in the origina data; the
high correlation among the mass spectra of the different calibration samples being
responsible for this fact. Regressing this principad component onto the
concentration vector for esch of the different standards enables univariate
calibration lines to be constructed in which the classical approaches for caculating
detection limits can be applied. The procedure for caculating the MDL has four
geps (1) Obtaining the response matrix, R, and the cohcentrar[ion vector, ¢, (2)
caculating the principal components (PCA) of the matrix R, (3) obtaining the
calibration model (PCR) by regressing the first principa component onto the
concentration vector, ¢, and (4) calculating the MDL by using one of the severa

univariate classica approaches.

Data matrix. R(IxJ) is defined as the response matrix of the ratio of the peak area

of the analyte for each monitored ion to the pesk area of the internal standard for a
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single monitored ion. / is the number of calibration samples and Jthe number of
monitored ions for the analyte.

Principal components analysis (PCA) and regression model (PCR). Figure 1
shows the first principa component, PC1, corresponding to four calibration
standards each of them replicated three times. Each of the axes represents a |
variable (relative peak ared) and the points represent the experimental samples
(calibration standards). In this case, each of the spectra would contain three
monitored ions. The projection of each point onto the line which represents each

factor is called the score for the sample on that principal component.

Variable 8

" Vaiable 1 Variable 2

Fig. 1. Plot of the first principal component for 4 samples, each replicated
three times, in the space defined by three original variables. It can be seen
that the PC1 is situated along the maximum length of the points. The
samples in the new, smaler, unidimensional space of this first factor are -
defined by the value of their projection (score) onto PC1.
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Because of the great precision of the technique and the repeatability of the
fragmentation process which the molecules undergo, the recorded spectra for the
different calibration standards with different concentrations of pesticides are
highly correlated. For this reason and because of the low number of mass channels
chosen, the first principa component explains a high percentage of al the
variation in the data. That isto say, nearly dl the information in the spectral peaks
in each standard can be reduced to a single varis_able which is a linear combination
of the origind variables. So if the scores of this first principal component are
chosen and regressed onto the concentration vector of the cdibration standard
studied, a univariate cadlibration line is obtained and detection limits in the
univariate field can be calculated, by some of the well-established approaches.
Figure 2 shows a diagram of the whole methodol ogy presented:

ORIGINAL MATRIX (ExJ) PCA MATRIX (IxJ) PC1 CONCENTRATION
VECTOR VECTOR.
Sensors (mvz) Components
8 p First PC
| R |=—§ U Ujp = e
[} 55} 99% variance explained

MASS SFECTRA (Selected lons) CALIBRATION CURVE

_Abundance Scores
PC1

o o
| Y
by } L ] ||| 1l
mz

Cancentration

Fig. 2. Diagram of the procedure for reducing the dimensionaity of the data and constructing the
calibrationline
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Calculation of the limit of detection. Once the univariate calibration line has been
obtained, the detection limits, MDL, can be calculated. One of the most innovative
approaches is the one proposed by Clayton et al. [7] since it dlows to take into
account the probability of committing both type | (false positive) and type n (false
negative) errors. This method has been implemented in a computer program by
Sarabia et al. [3].

Figure 3 shows the relation between the calibration line and the two types of error.
Once the probability of a type | error has been chosen, and assuming that
measurements follow a Student's ¢-distribution, the response corresponding to a
zero analyte concentration, rp, can be calculated. Once this detection sgnd has
been established, if any sample with an analyte concentration higher than zero is
analysed, there is a P probability of obtaining aresponse that is lower than #p. This
probability decreases, as can be seen in FigUre 3, as the anayte concentration

increases.

Fig. 3. Plot of the calibration line, the detection response, rp, and the probability of committing false
positives, a, and false negatives, p. Note that for a given a, the {3 probability increases with the
analyteconcentration.
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The equation of the detection response, rp, is expressed as.

fp = by + 1, Vaf(?‘o)m (1)
where by is the intercept of the calibration line, ¢, is the value of a Student's t-
distribution with (/ - 2) degrees of freedom and var(r,) is the variance of the

response at zero concentration calculated from the regression line. var(ry) is
expressed as.

I 1 <
\Y — A2 —— + —_
ar(r,) G N I

+t 7 )
Z(Cf _E)z
=l

where N is the number of replicates which will be carried out on the unknown
sample, ¢is the average of the calibration standard concentrations and CT is the
edimated standard error of regresson. Findly, the limit of detection can be
obtained from the expression:

A , 12
o = (o B);’:ﬂ'(”o) @

where A(a,3) is the statistical factor that accounts for the a and P probabilities of
eror (7] and b\ is the dope of the cadibration line. It can be seen that eq 3
depends on a series of experimental parameters, such as instrumental sengtivity
through 5, and experimenta design and quality of regresson through the different

terms of var(ro).
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EXPERIMENTAL SECTION

Pesticides studied. A total of six pesticides were studied: two organophosphorous
insecticides, methyl-parathion and fenitrothion; three carboxymide fungicides,
vinclozolin, clozolinate and procymidone; and one halogenated methyl-tio-imide
fungicide, dichlofluanid, al supplied by Ehrenstorfer (Augsburg, Germany). They
are all used in viticulture so it is interesting to determine their residual presence in
vines. The organochlorate insecticide aldrin, supplied by 10IC (Annapol, Poland)
was used as internal standard because its retention time is between the times of the
other pesticides and aso because it is not found in real samples since its use is
prohibited at the present.

Preparation ofthe standa[ds A stock solution of 40 ppm of dl the pesticides was
prepared using ethyl acetate as solvent. From this stock solution five calibration
standards were prepared with fina concentrations of 2, 4, 6, 8 and 10 ppm of each
pesticide. The concentration of the internal standard in the final solutions was 5
ppm. Figure 4 shows the chromatogram of the standard of 6 ppm, in which the

separation of the different pesticides can be seen.

Chromatographic and spectrometric instrumental conditions. The equipment used
was an HP 5890 gas chromatograph (Hewlett-Packard, Palo Alto, CA, USA)
coupled to an HP 5989 A Engine mass spectrometer (Hewlett-Packard, Palo Alto,
CA, USA) which was equipped with a double EI/CI ionisation source and a
quadrupole mass analyser. The gas chromatograph was equipped with a 12m x
0.2mm silica HP-1 capillary column (cross-linked methyl silicone) with a particle
sze of 0.33 mm. The columnwas directly inserted into the ionisation source of the.

mass spectrometer using an interface at a temperature of 250 °C. The injector
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temperature was 250 °C and the oven temperature programming was 75 o C for 1
minute, 20 °C/minute up to 200 °C and 3 °C/minute up to 225 °C.

The source and the quadrupole temperatures were 200 oc and 100 o
respectively. The data were collected with the HPUX ChemStation Model 400t 16,
equipped with a Wiley 138 spectrum library which was used to compare the
spectra obtained experimentally. '

TIC of plaguicid6_bsh1.d

barrejaplagu6; Run at 11:12 AM PDT on Thu May 11, 1995
Abundance

5 2

- o [

30000 -

3671

8133

10000 -
ﬂ T T T -1 T T T T T T 1 T 1 1 T T T 1 T ¥ T T T T T T T 1 T
4 6 8 10 12 14 1
Time (min.)

Fg. 4. Chromatogram of the sample which contains 6 ppm of each of the cdibration standards,
showing the separation of the pesticdides studied. In order of dution: (1) Methyl-parathion, (2)
Vinclozolin, (3) Fenitrothion, (4) Dichlofluanid, (5) Aldrin, (6) Clozolinate and (7) Procymidone.

The data were collected in the "full-scan" mode, i.e, recording al ions of the
spectrum for _eech retention time. In the quantitation step, however, peak

integrations were carried out for each of the selected ions. Four ions were chosen,
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according to their intensity, for each pegticide (Table 1). The peak of the m/z 66
ion from aldrin was used inthe interna standard method.

"Duplicates of the calibration samples were made and so the initia data matrix of
responses for each pesticide, R, is made up of 10 samples (5 calibration standards
x 2 replicates) and 4 variables (the four ions selected for each pesticide).

The software UNSCRAMBLER (Camo AS, Trondheim, Norway) was used to
perform the principal components analysis. The calibration lines were constructed
and validated with the ULC program [2] and finally, the MDL were calculated
from Clayton's method using the DETARCHI program {3].

RESULTS AND DISCUSSION

Table 1 shows the selected ions for each pesticide, as well as the results obtained
from the PCA of each of the R matrices. It can be seen that in dl cases the first
principal component explains at least 98.9% of the total variance contained in the
data.

Table 2 ligs the datidica parameters of the different cdibration lines, obtained by
regressing the scores of the first principal component (corrected using the internal
gtandard method) onto the concentrations of the calibration standards. Intercepts
show negative values because the original data were mean-centered, therefore the
resulting scores obtained by PCA are aso centered. It can be seen that the
correlation coefficient is higher in al cases than 0.997 except for fenitrothion (r =

0.994). The standard error is lower than 0.015 for dl the calibration lines except
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for fenitrothion (srs = 0.048) and procymidone (s, = 0.060) the two pesticides

with higher sengitivity, as can aso be seen in the chromatogram in Figure 4.

Selected ions ] '_ ) Variance
mz Principal components analysis explained by
15t PC (%)
Eigenvalue Eigenvalue Eigenvalue
1 2 3

Methyl-parathion | 79, 109, 125, 263 0.1405 0.0009 0.0005 98.97
Vinclozolin 124,178,212, 285 0.4927 0.0036 0.0015 98.95
Fenitrotion 79, 109, 125,277 15899 0.0013 0.0007 - 99.87
Dichlofluanid 98,123, 167,224 0.1240 0.0004 0.00004 99.59
Clozolinate 124, 188, 259, 331 0.6589 0.0067 0.0009 98.86
Procymidone 67, 96, 97, 283 18.4670 0.0345 0.0088 99.76

Table 1. Selected ions for each pesticide, PCA results and percentage of variance explained by the
first principa component.

60 by S0 S1 Sres r
Methyl-parathion -0.236 0.209 0.006 0.004 0.008 0.998
Vinclozolin -0.448 0.334 0.011 0.008 0.014 0.998
Fenitrothion -0.685 0.686 0.036 0.027 0.048 0.9%4
Dichlofluanid -0.219 . 0.191 0.008 0.006 0.010 0.996
Clozolinate -0.306 0.281 0.007 0.005 0.010 0.999
Procymidone -2.622 2.267 0.044 0.033 0.060 0.999

Table 2. Cdlibration line parameters for the different pesticides: intercept (by), Slope (by), standard
deviation of the intercept (s,,), Sandard deviaion of the dope (s5;), Standard error of regression (Sres)
and correlation coefficient (r).
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Using the straight calibration lines obtained, the MDL of the different pesticides
were calculated. The results obtained are shown in the form of characteristic
curves ofdetection (Figure 5). In this type of graph, for each level of significance,
a, the variation of the MDL is plotted in function of the p probability of

committing atype I error. Inthis case, the aprobability has been set at 5%.

08}

06}
05 1
04p
0.3}
0.2r

01 in Dig

Praobabiiity of false negative

Fen

MDL (ppm)

Fig. 5. Characteristic curves of detection for the different pesticides with a probability
of falsepositive, a= 0.05, and with anumber of replicates carried out on the problem
sample, N=1.

It can be seen that the lower MDL's correspond to procymidone. These results can
undoubtedly be attributed to the high sendtivity of the method of analysis for this
analyte. On the other hand, the pesticide that is determined with the highest MDL's

is fenitrothion, due to the higher uncertainties of its calibration line.
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Table 3 shows a comparison between the univariate limits of detection for each
pesticide obtained using the most sengtive ion, and the MDL's, for different a and
P probability values. It can be seen that the multivariate limits of detection,
athough they are of the same order, are I.ower than the univariate ones, except in
the cases of methyl-parathion, which has a very similar value, and fenitrothion,
mainly due to the uncertainty associated to the cdibration line.

UDL (ppm) MDL (ppm)
a=0.05 p=0.05 | o=0.05 B=0.5 | a=0.05 p=0.05 | a=0.05 p=0.5
Methyl-parathion (109) 0.79 0,39 0.81 0.41
Vinclozolin (285) 0,90 0.45 0383 041
Fenitrothion (125) 1.37 0.68 ¢« 155 0.77
Dichlofluanid (123 . 125 0.62 1.17 0.58
Clozolinate (259) 0.81 0.40 0.74 0.37
Procymidone (96) 0.67 0.33 0.58 0.29

Table 3. Comparison of the univariate, UDL, and multivariate determination limits, MDL, for the Six
pesticides, for anumber of replicates on the problem sample, N = 1. The most abundant ion in each of
the pesticidesfiguresin brackets.

The presence of background noise may significantly affect the fina result if only
oneion is used in the quantitation step (univariate case) because the influence of
the random errors is introduced. Additionaly, when usng PCA the background
noise contained in the origind data is modelled by the last principal components
and so the find result is not influenced so much if the first principa component is
used to build the cdlibration line. To show this effect, smulated background noise
was increasingly added to the origina spectra. The new MDL’s calculated are the
mean values of 1000 simulaions. In Fig. 6, the limit of detection for the pesticide
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methyl-parathion in both univariate and multivariate cases is plotted againgt the
background noise. It can be seen that the higher the noise the higher the MDL

vaues are but to a lesser extent in the case of the multivariate approach.

Limit of det=\ion| ppm)

0 70 20 40 60 80 100

A Noise

Fig. 6. Univariate, UDL, and multivariate detection limits, MDL, versus background
noisefor the pesticide methyl-parathion.

CONCLUSIONS

The possibility of caculating detection limits in GC-MS multivariate andysis
taking into account the probabilities of committing both type | and type It errors is
discussed. The method can be applied to any detection technique hyphenated to a
separation technique such as GC, HPLC or capillary eectrophoresis, whenever the
recorded signds are éoecific, i.e. with no overlgpped peaks or, in genera, no
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interfering substances which give rise to convoluted signas. In addition, there
must be a considerable correlation among the recorded data if the first principa
component is to explain nearly the whole variance. If this is not the case, a
regression model with morethan one principal component should be found and the

limits of detection should be estimated using classica or inverse multivariate
models [ 8]. '
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L'andlisi del treball dut a terme fins e moment i les restriccions de I'estimador
derivat en € capitol anterior, van conduir a la necessitat d'avaluar ds limits de
deteccié en un sistema multicomponent propiament dit, és a dir, amb presencia de
I’analit d'interés, a més de substancies interferents i soroll de fons. Existeixen dos
tipus de models de calibracio per a predir la concentracio de I'andit en estudi en
aguest tipus de ssemes & mode directe i @ modd invers, ja descrits amb
anterioritat. El trebal que es presenta en aquest capitol es cenyeix exclusivament
as modes de cdibracié directes. Com ja ha sha posat de manifest en € segon
capitol, les aproximacions aplicades a aquest model de cdibracio i descrites fins €
moment eren, per una banda, la desenvolupada per Lorber [1] (basada en €
concepte del senya net) i per I'altrala desenvolupada per Bauer et al. [2] (basada
en lateoria de la propagacié d'errors per obtenir la variancia de la concentracié
predita pel model). Ambdues aproximacions utilitzen € criteri de multiplicar la
incertesa en la concentracio predita per un factor k (normalment igua a 3) al'hora
de derivar les respectives expressions dels limits de deteccio, radicant la seva

diferencia precisament en la forma d’obtenir aquesta incertesa en la concentracio.

En I'estudi que saborda a continuacio es pretén fer un tractament més rigorés del
problema des del punt de vista ddls tests d'hipotesi. Aixi, es posa especid atencid
en la distribucid que segueix la concentracio predita pel mode quan I'analit
d'interés no es troba present ala mostra (condicions d'hipotesi nul-1a). Tanmateix,
sincorpora en |'estimador € risc existent de cometre falsos negatius i que esta
relacionat amb la distribucié de la concentracié predita quan I'analit present es

trobaal nivell del limit de detecci6 (condicio d'hipotes aternativa).

Finament, esmentar que en la present introduccié d tractament del cacul des
limits de deteccié es divideix en dos grans blocs en e primer sestudien ds

models de calibracio construits a partir de mostres d’analits purs, mentre que en €
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segon l'estudi es duu a terme en es models de calibracid obtinguts a partir de

mostres consi stents en mescles dels diferents andlits.

4.1. Modelsconstruitsamb els espectresdelsconstituentspurs

En & modd de calibracio directe (veure apartat 2.1), la matriu de senghbilitats, S,
pot obtenir-se en I'etapa de calibracid, bé a partir dels espectres dels andits i
interferents purs, o bé a partir dels espectres de mescles. En aquest darrer cas és
imprescindible conéixer la concentracio, en cada mostra de cdibracio, de tots els

congtituents que donen lloc a senyd en P’espectre enregisirat.

En una primera etapa hom va plantejar-se 1’avaluaci6 del limit de deteccid per un
model construit a partir dels congtituents purs, utilitzant una metodologia que és
una combinacié de les aproximacions de Lorber i Bauer et al. Laidea era derivar
el limit de deteccié apartir del cacul de lavariancia de la concentracio predita pel
model, perd aprofitant € concepte de senya net de I’analit.

En un modd directe construit amb es constituents purs, € senyd net d'un andit k,
r,, és la part dd seu espectre, r,, que és ortogond ds espectres dels dtres

condtituents purs. Vectorialment, ax0 €S pot expressar com:

T =(I-R{R )1, (4.)

on R, ((K-1)x J) és lamatriu dels espectres des condtituents purs, exceptuant-ne
I'analit k. Andlogament, la part de la resposta d'una mostra desconeguda que és
unica per I'analit k ve donada per:
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fox =(I-R;R)r,, (4.2)

Ambdos costats esquerres de les equacions (4.1) i (4.2) contenen informacio
només de I’analit k. Aixd vol dir que r,,, i r; estan relacionades mitjangant Una
constant que no és més que @ quocient de les concentracions de I'analit k en

|'estandard i en la mostra:

* -
Cok Lunk ~ Cunk Ti (4.3a)

0 € que és @ mateix:

cor I-RiR 1, =c , T-R;R )1, (4.3b)

A partir de I’eq. (4.3b) podem arribar, doncs, a quantificar la concentracié de
I’analit k present ala mostra. La quantificacio es pot fer també de manera gréfica
S representem cO,kr:n,k enfront de r, (Fig. 4.1). El pendent de larecta de regressio

d'aquests punts és precisament ¢, .

La soluci6 numerica es troba després doperar en l'expressio (4.3b). S
multipliqguem ambdbs costats de I'equacié per la matriu transposta de
(I-R;R,)r obtenim:

coxts I-RiR)TI-RiR Iry, =cpy tr I-RJROTA-RIR O,

4.4
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Fig. 4.1. Representacio de ¢, , rm , enfrontde r,: per a una mostra que conté quatre nucledtids: (a)
acid adenilic, (b) acid citidilic, () &cid suanilic i (d) acid uridilic (Dades extretes de la Ref 1). Els
valors dels pendents de les rectes de regressé corresponen a les concentracions de cadascun dels
analits en lamostra.

La matriu (I-R;R,) es caracteritza per ser Smetrica i idempotent i, per tant,
compleix les dues propietats seglients:

(I-R;R,)" =(I-R{R,)

(I-R;R, )’ =(I-R;R})
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Aixi doncs, I’eq. (4.4) pot transformar-se en:
coxTe (A=RER Ty, = 1 (I-R{R )1, (45)

o0 d que é & mateix (aplicant una atra vegada les dues propietats, abans
esmentades, a costat dret de I'expressio):

Bl (46)

%y L
cO,krk run - Cun,k'

Finalment, la concentracié predita de Panalit k en lamostra es pot calcular com:

—nk @.7)

S sintrodueixen en aguesta expressio es termes d'error tant en I'etapa de

calibracié com en lade prediccio, sobté:

7 T

on e, és l'error associat a la resposta de la mostra desconeguda i ey és I'error
associat alaresposta de Pandit k en |'etapa de calibracid. Cal indicar que en tot €
desenvolupament hom esta assumint que tant la concentracidé de Panalit pur en
I'etapa de calibracio, cox, com & seu senyd net, r,:, estan lliures de error. S es
desenvolupa I'eg. (4.8), negligint @ producte entre dos termes que continguin

error, laincertesa en la concentracio estimada esdevé:
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*

r

_ T oot N
8ok T CoxFun€ea + %00 €un ——” 5 4.9
Ly

Cadascun dels termes de I'equacié anterior té la forma d'un vector de coeficients
multiplicat per un error. Aixo és latipica situacié estadistica de la variancia d'una
suma [3,4], que ésigua as coeficients ad quadrat multiplicats per la corresponent

variancia. Canviant, doncs, lanotacié avariancies Sobté;

J 1 Tl
2 2 2 2 2
var(Cy, . ) = Cox Z Tun,j €eal; ¥ T Zs Tk, Canj
f=

[T 7

(4.10)

S sassumeix que ds errors en l'estimacio de les respostes de estandard de
caibracio i de la mostra desconeguda son iguds i, a més a més, que son constants
a llarg de tot l'interval de longituds d'ona (condicié d’homoscedasticitat), llavors
Peg. (4.10) esdeve

J
2 2 2
Var(Cun g ) = Cox €un | 2 Fun s +
J=l

J *
" Zrkf,. (4.11)

*

0 € que és e mateix:

L 4.12)

||

N 2 2 n2
Var(cun,k)_cl}.k €un “ run,, +

L'dnic terme que es desconelx €s I'error experimentd en la mesura de la resposta

de la mostra desconeguda, e,,, TanmateiX, es pot estimar, sempre que € nombre de
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variables, J, sigui major que € nombre d’analits, K, a partir dels residuas del
model de calibracio com:

i
, ro.(I-R*R}r,, ’ s
un J-K ( . )

4.1.1. Calcul del limit de deteccio

La derivacio de ’estimador del limit de deteccié es va dur aterme a partir de la
metodol ogia desenvolupada per Clayton (descritaa capitol 1), laqua esbasaen
la teoria dels tests d'hipotes i assumeix que €s errors (3 (0 de 2a especie)
segueixen una distribucié t descentrada. En el nostre cas, pero, la metodologia va
tradladar-se @ camp de les concentracions, evitant d'aguesta manera haver de
treballar amb distribucions de probabilitat multivariants.

En un métode de regressi6 linea, com € CLS, és ben conegut que €es coeficients
de regressié segueixen una distribucié normal, sempre que ds errors de mesura
també estiguin distribuits normalment. S aguesta condicié es compleix, llavorsles
concentracions predites pel model també segueixen una distribucié normal [S]. En
aguest cas, i quan la hipotes nul-la és certa (la concentracid d’analit present és
zero), l'estadistic t = (&~ cypo) / var(cype) " Segueix una distribucio ¢ d’Student
amb v graus de llibertat, on ¢, és € vaor estimat de ¢, (la concentracio red de
analit en la mostra), ey = O i Var(c,y,) és la variancia estimada de la
concentracié en condicions d'hipotesi nul-la. Existeix, doncs, un vaor de
concentracio critic a partir dd qua es rebutjara la hipotes nul-la i hom podra

decidir s Panalit es troba present o no en lamostra:
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CLe =1, vé‘:(ckim)m 4.19)

En aguesta darrera expressio, ¢, és e valor de la distribucié ¢ d’Student d'una cua
amb ;v graus de llibertat i nivell de significacié (1 - @), on a és € risc assumit de
cometre un error de la epecie (fals podtiu). D'atra banda, s la hipotes

alternativa és vertadera, (ci> cyro), |a potencia del test anterior és [6]:

1-B=pr{HA)>1.} (4.15)

on A és e parametre de descentrat d'una distribucio t descentrada amb v graus de
llibertat i mitjana (¢, - ¢, ;) -
_ S Crmo

=— (4.16)
Var(ck[HO ) vz

P és e risc de cometre un error de 2a espécie (o fals negatiu). Per unvalor fixat de
p, € parametre de descentrat, A(a,f3), €s pot cacular bé numericament o a partir de
taules estadistiques [6,7]. Aix0 permet, a partir de ’eq. (4.16), calcular la
concentracié d’analit que, apriori, pot ser detectable amb probabilitats d'error ai
P prefixades:

 (LOD), = A(01,p) vér(e, )" (4.17)

Aquesta aproximacié assumeix que la variancia de la concentracio predita sota la
hipdtes nul-la és comparable a lavariancia de la concentracio predita a nivell del
[imit de detecci6 (condicions d'homoscedasticitat), la qual cosa és realment certa
en lamagjoria de situacions. En € cas que aquesta assumpcio no poguésjustificar-

se, @ calcul dels limits de deteccid hauria de realitzar-se segons I'aproximacio de
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Currie, on Lp = k00 + kgop, ja que no existeixen taules estadistiques per a
calcular € parametre de descentrat. Una altra opcio seriarecorrer a test de Welch
[8] per calcular @ vaor critic c., i, posteriorment, aproximar e cacul de
parametre de descentrat, A(a,P), a partir de les taules habituals, assumint igualtat
devdiancies. |

El problema de I'avaluacio dd limit de deteccio radica, doncs, en I'estimacio del
parametre de descentrat i en la variancia de la concentracio sota la hipotes nul-la.
En e cas del parametre de descentrat la dificultat es centra en € nombre de graus
de llibertat utilitzats en € seu calcul. Aquest nombre depén de la manera en qué
sestima |'error en les mesures experimentals, en aquest cas ey, Si ey, Sestima a
partir de ’eq. (4.13) € nombre de graus de llibertat és (J -K). S, pel contrari, e,
sestima a partir de repeticions experimentals, el nombre de graus de llibertat
dependra d'agquest nombre de repeticions. Un cop fixat v, € parametre de
descentrat es pot calcular en funcié de les probabilitats ai P escollides, mitjancant
taules estadistiques.

Per la seva banda, la variancia de la concentracio predita sota la hipotesi nul-la es

pot expressar com:

2 1
o2

hEj

(4.18)

A _2 o
Var(Cyuo) = Cok €un ‘ run|HO|

k

on r és la resposta de la mostra sota la hipotes nul-la. En aquest cas sha

un|HO
assumit també que I'error en la resposta de la mostra desconeguda és igua a
I'error en la resposta de la mostra de celibracio. Per al'estimaci6 de r,,;, hom
disposa de la resposta de la mostra desconeguda, ru,. S €s descomposa aguesta

" resposta com:
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r, =I-R;R)r, +R;R,r, (4199

s reconeix rapidament que e primer terme correspon a senyd net de Panalit k,
r,. - Al segon terme I'anomenem senyal nul de I’andlit i I'identifiquem com ri, .
Es tracta de la part de I'espectre de la mostra desconeguda, corresponent a Panalit
k, que esta continguda en els espectres dels atres congtituents purs. L'eq. (4.19a)
€es pot expressar, doncs, com:
Fun = Tonie Flony (4.19b)

Lamatriu RyR, ésunamatriu de projeccio. S es multiplica per qualsevol vector,
com ara ru., lapart de ry, que no estigui continguda en I'espai abarcat per R;R
seliminara LaFig. 4.2 mostra el significat d'aquest concepte: si imaginem un pla
R, definit per dos analits, en obtenir una resposta, ry,, que conté la contribucio
d'un tercer andit, aguesta pot dividir-se com una part corresponent ad nou andit,
r;nlk(perpendicular a pla definit per R,) i una part que pot ser expressada pels

nul

atres dos, r;, (contingudaen € plaorigina).

Finament, s sinclou € vaor de r;‘;‘_‘k en I’eq. (4.18), € limit de deteccid per a

P’analit k és:

/2

nul
l.un,la'

(LOD), = A(0,B) oy 6, || (4.20)

2

-

¥y

amb é,, estimada a partir de I'eq. (4.13). Es pot comprovar que I’estimador del
[imit de deteccié derivat depén de les probabilitats de cometre falsos positius i

falsos negatius, aixi com de I'error experimenta en l'estimacié de les respostes
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instrumentals. Els dos termes que estan dins & paréntesi de 1’eq. (4.20) indiquen
per s sols la natural esa multivariant de |'estimador, ja que tant € senyal net com €
senya nul d'un andit depenen de la presencia d'altres congtituents. Finalment, €
limit de detecci6 és dependent de la mostra desconeguda, ja que € senya nul d'un
andit varia de mostra en mostra. No es pot establir, doncs, un limit de deteccio
instrumental ni un limit de deteccié del metode; Unicament sesta en condicions
d'afirmar s un andlit es troba present 0 no en una mostra determinada, amb uns

riscsai P de cometre falsos positiusi falsos negatius, respectivament.

rm:n,k = (I_ RIRk ) Fin

......................................................................

Ri=(r1, 1)

Fig. 4.2. Representacio grafica del concepte de senya nul d'un analit per un espai bidimensional
descrit pels vectors (espectres) ryi r,.

End casque r®,”

unk

<< }/ r,” | l'expressi6 del limit de detecci6 es transforma

en:
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A(0.B) co g 8y

Yy

(LOD), = (4.21) .

Si es trien unes probabilitats ai P de manera que A(c,3) = 3, I'equacié anterior
esdevé la definicio convencional del limit de deteccié: tres vegades I'error en la
mesura experimental de les respostes dividit per la sensibilitat, la qual, per 1’analit

k, ve donadaper ' rJ Cox -

4.1.2. Validacio de ! 'estimador desenvol upat

L’estimador d@eflvol upat es va utilitzar per a calcular €s limits de deteccié de
quatre nucledtids determinats mitjancant espectroscopia UV-Vis [9]. Aquestes
mateixes dades experimentas van ser utilitzades per Lorber en d seu primer
treball [1]; per tant, es resultats obtinguts es van comparar amb e's proporcionats
pel mateix autor. Les dades consisteixen en una matriu de respostes, R(4x36),
corresponents as espectres dels quatre nucleotids, enregistrats entre 220 i 290 nm
(Fig. 4.3), i una matriu de concentracions diagonal, Cy(4x4), corresponent als
andits purs en cadascun dels estandards de calibracio.

La mostra desconeguda es va obtenir preparant una mescla dels quatre nucledtids
amb |es mateixes concentracions que les dels estandards de cdibracio. Laresposta
d'aquesta mostra també es va obtenir de les dades de la Ref. 9. Els limits de
detecci6 es van calcular a partir de 1’eq. (4.20), amb e, obtingut a partir de I’eq.
(4.13), El parametre de descentrat, A(a,p), es va calcular mitjancant les taules
subministrades per Owen [6], les quals es van introduir en € mateix programa de
calcul.
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Absorbancia

0.2

0.1

0 . :
20 230 240 20 260 2/0 280 290

Longitud d ona (nm)

Fig. 4.3. Espectres dels constituents purs: (-) acid adenilic, (--) acid citidilic, (-+) acid
suanilici (+) acid uridilic

EnlaTaulalV.1 es mostren es resultats de la comparacio dels limits de deteccio
trobats amb els proporcionats per Lorber, i també amb es caculats a partir de la
definicié convenciond, eq. (4.21).

Definicid Lorber Nostre
convenciona 1986 estimador
Acid adenilic 0.42 0.60 © 043
Acid citidilic 0.09 0.10 011
Acid suanilic 0.18 0.20 0.19
Acid uridilic 0.56 0.87 0.56

Taula IV.1. Comparacié dels limits de deteccié per as quatre nucledtids,
calculats apartir de lestres aproximacions descrites.
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En € cas dd nostre estimador hom va assgnar, a efectes comparatius, un vaor de
3 a parametre de descentrat. Aquest valor equival, per aunaprobabilitat a=0.05 i
v = 32 graus de llibertat, a una probabilitat de cometre falsos negatius, p ~ 0.10.
Els resultats obtinguts van ser clarament comparables, amb |'avantatge addicional
de que d nou estimador, basat en la distribucié de les concentracions sota la
hipotes nul-la, permet cacular €s limits de deteccio en funcio de les probabilitats
ai p escollides per I'usuari.

a=0,05

0 0.2 04 0.6 0.8 1.0 1.2
Limit de detecci6 (x10”° M)

Fig. 4.4. Corbes caracteristiques dels quatre nucledtids: (C) acid citidilic, (S) acid
suanilic, (A) &cid adenilici (U) acid uridilic, per aunaprobabilitat d'error a= 0.05.

Aquest nou estimador permet també construir les corbes caracteristiques de
deteccid per un analit determinat, Le, les representacions bidimensionals, per una
probabilitat d'error a prefixada, de la relacio existent entre la concentracio de
I'andlit i la probabilitat d'error p. Aquest tipus de corbes permet establir la
capecitat de deteccio d'un metode anditic. L'estudi de la seva dependéncia amb
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els parametres experimentals pot ser molt Gtil en la decisé d'escollir entre
diferents metodes dandlis. Aquestes representecions poden convertir-se en
tridimensionals s shi incorporen ds graus de llibertat utilitzats en € test i que
venen fixats, comja sha dit, per laforma com savalual'error de mesura. La Fig.
4.4 mostrales corbes caracteristiques de deteccio pels quatre nucledtids en estudi i
per auna probabilitat d'error a= 0.05.

4.2. Modelsconstruitsamb elsespectresdelesmescles

L'estimador desenvolupat anteriorment presenta la limitacio de que només és
aplicable en cas que el model es construeixi amb els espectres dels analits i dels
interferents purs. En molts casos, pero, sutilitzen com a estandards de cdibracio
mescles de tots els contituents. Existeixen dues raons fonamentals per actuar
d'aguesta manera: la primera és que enregistrant els espectres de les mescles
d'acord amb un disseny experimental préviament establert sobté una incertesa
menor en la estimacié dels coeficients ddd model (elements de lamatriu S). Aquest
és simplement un raonament teoric; a la practica és molt dificil demostrar-ho, ja
gue matematicament implicaria obtenir la variancia d'una matriu. Tanmateix,
experimentalment S que es pot demostrar, comparant les habilitats de prediccid
dels dos models: 1'un, construit amb els congtituents purs, i 1’altre, construit amb
les mescles. La segonarad és que les mostres de calibracié son més semblants ales
mostres desconegudes, ja que totes contenen tots els analits. Aixo suposa un gran
avantatge en @ cas que es produiissin interaccions entre els anaits en mostres reals,
ja que aguestes interaccions podrien modelar-se en |'etapa de calibracio.

En una primera etapa, @ procediment utilitzat per derivar ’estimador del limit de
detecci va ser e mateix que € presentat en I'apartat anterior. L'objectiu era
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I’obtencié d'una expressio per la variancia de la concentracio predita basada en €
concepte del senyal net. En e cas d'un model construiit amb mescles, € senyal net
d'un analit k es pot expressar com [10]:

s, = (1-8,8})s, (4.22)

on K és la senghilitat de Pandlit k o, € que és € mateix, I'&pef:tre de Panalit pur
normditzat a concentracio unitat (columna k de la matriu S). S és la matriu de.
senghilitats de tots ds condituents excepte Pandit k (lamatriu S sense la columna
k). De lamateixa manera, lapart de laresposta de |lamostra desconeguda, r.,, que

és Unica per a Pandlit k ve donada per:

Foi = (I-8,8D)1,, (4.23)

*

un.k

Tant s, com r. , contenen informacid només de Panalit k i, per tant, estan
relacionades, mitjancant una constant que no és mes que la concentracio de Panalit

k en lamostra desconeguda:
(I'—Sks;c-)run = cun,k (I—SkS;)Sk (424&)

o € que és @ mateix:

E ]

Yok Cunk Sk (4.24b)

Per resoldre aguesta equacié i trobar la concentrecid de Pandit k en la mostra
desconeguda, cunx, €S pot utilitzar el mateix procediment descrit per Lorber [1] per
derivar Peq. (4.7). S es multipliqguen ambdds codtats de Peq. (4.248) per la
transpostade (I-S,S;)s, sobté
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S, (I-8,80) (1= 8,8))ry, = s $; (I-S,8))7(1-8,81)s,  (4.25)

La matriu (I-S,S;) és sSmétrica i idempotent i, per tant, compleix dues
propietats:

(I— S;;SE )T = (I— SkSI)

(I1-8,57)" =(I-5,8;)
Fent Us d'aguestes dues propietats, I’eq. (4.25) pot transformar-se en:
5t (I=8, ST, = cuy s;(I-8,8})s, (4.26)

0 d que és € mateix (aplicant novament les propietats abans esmentades a costat
dret de I'expressio):

Sp Ty — Cuni " S, "2 (4.27)

Finament, la concentracid desconeguda de I’analit k ve donada per:

T *
un Sk
2

r (4.28)

cun,lc ~ .

on s;J / Sj u és @ vector de coeficients dd model per a Panalit k, que normal ment |

es representa per b, en lexpressié c,,, =r,b,. S s’introdueixen els termes

un

d'error de les etapes de calibracio i prediccié en I'expressié anterior sobte:
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Cani + 80y = (P o) €. (4.29)

H%H

on ey, &s |'error associat a la resposta de la mostra desconeguda i e, €s I'error
associat a l'estimacio dd vector de sensibilitats, s, de ’analit k en I'etapa de
cdibracié. Negligint € producte entre dos termes que contenen error, la incertesa

en la concentracié estimada es pot calcular desenvolupant I’eq. (4.29):

bc

_ LT
wnk ~ tun

(4.30)

Aquesta equacio té la forma d'uns vectors de coeficients multiplicats per uns
errors, la qual cosa sassembla a la variancia d'una suma [3,4], que és igua als
coeficients ad quadrat multiplicats per la corresponent variancia. Canviant la

notacio a variancies Sobté;

unk) Z csI_,! Iy Z‘gk; un, f (431)

o

Assumint que es errors en l'estimacio de ry, i s, SOn constants a llarg de tot

I'interval de longituds d'ona, aquests poden sortir foradd sumatori, obtenint-se

J

oy 2 o
2 2 € )
var(c,, ) = ey 2. Fang ¥ T IR (4.32)
J=l s;| /=

o d queésd matex:
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Var(cun,k) cal ” l‘.un" e (4'33) .

2
s |1

ew pot calcular-se a partir de repeticions experimentals o bé esti mar-se a partir de
’eq. (4.13). El problema d'aquesta darrera expressié és d calcul experimental del
terme ey, |'error en I'estimacié del vector de sensibilitats de Panalit k en I'etapa
de calibracio. No existeix una expressd matematica per a la seva estimacié | a
MES, NO es pot assumir que eqy €sigud aew, ja que elsvaors de la variancia de la
concentracio predita sortirien anormalment ats.

Aquest fet vaposar de manifest lanecessitat de recerca d'una nova expressio per a
I'error de prediccid que tingués en compte totes les fonts d'error associades &
model, tant en |'etapa de calibracié com en la de mesura de la mostra desconeguda.
Hom va adoptar € treball desehvolupat per Bauer et al. [2] uns anys abans, i que
ha edtat discutit a capitol 2. En aguest treball els autors, a partir de I'equacio de
prediccio d'un model directe, i mitjangant la teoria de propagacio d'errors, van

derivar una expressio per alavariancia de la concentraci6 predita, que té laforma:

J | K

Var(eu) = 2 3 3 (S5 Counn) [VaCR, )+ vas(B,,)] +

j=l i=l n=1

=

+ i Z ( in€unn )2 Var(Ch + i (S;.J )2 [Val‘(run’j )+ Va_r(bj )] (4.34)

1=1 n=1 j=1

L'expressi6 té en compte la contribucié de I'error en lamesura del blanc, tant en
les mesures de les mostres de calibracio, Bj;, com en la mesura de la mostra

desconeguda, ;. Assumeix també que €ls errors experimentals en lamesura de les

respostes i e blanc, tant en I'etapa de calibracio com en la de prediccio, axi com |

I'error en les concentracions dels estandards de calibracio, son heteroscedastics i
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no estan correlacionats entre ells (no es tenen en compte els termes de covariancia

en el desenvolupament de lapropagacio d'errors).

EI.s Unics termes d'aguesta equacio que no es coneixen i shan d'estimar son les
variancies corresponents a les mesures dels senydls (dels estandards, dels blancs i
de lesmostres) i de les concentracions dels analits en |'etapa de calibracio. Per ta
gue aguestes estimacions siguin una bona aproximacié dels errors reds, és
necessari dur a terme un gran nombre de repeticions. Bauer et al. aconsellen que
en certs casos, sobretot quan es té un bon coneixement de la técnica, poden
utilitzar-se vaors prefixats de I'error, sense necessitat de dur a terme cap repeticio.
Paral-lelament, s hom pot assumir que es errors On homoscedastics i, finsi tot,
que la contribucio de I'error degut a blanc és negligible, I’eq. (4.34) es smplifica

considerablement:

! 2
var(e,ny ) = var(R) ¥ ) E(80,Ctm) +

J=1i=f n=l
I K J 2 (4.35)

+var(C)ZZ( i€ w) + Var(rm)gl(sf,;)

1=l p=1

“4.2.1. Calcul del limit de detecci6

S les concentracions predites pel model segueixen una distribucio normal, llavors
per un analit k, € seu nivel critic, aixi com € seu limit de deteccid, es poden
cacular mitjangant les equacions (4.14) i (4.17), respectivament. Els dos
problemes que es plantegen sOn, per un codtat, I'estimacio dd nombre de graus de
Ilibertat per d calcul del parametre de descentrat, A(ap), i, per I’altre, I'estimacio
de la variancia de la concentracio predita sota la hipotes nul1a, var(cklm). Una

rimera aproximacio, la més smple, saria ’enregistrament d'una s&rie de
g
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repeticions de blancs andlitics, i.e. mostres sense preséncia de I'analit k d'interes.
La desviacio estandard al quadrat dels valors de les concentracions de I'analit k
predites pel model proporciona una bona estimacié de var(c,,,,,) . EIs graus de
[libertat per a calcular € parametre de descentrat serien en aquést Cas (ny, - 1), 0N
ny €s e nombre de repeticions ded blanc. En qualsevol cas, d treball experimenta
addicional que suposa la repeticié dels blancs és un desavantatge d'aguesta
aproximacio; és preferible estimar el terme var(c,,,) a partir dd model de
calibracio. Aixo suposa desenvolupar 1’eq. (4.35) sotala condicié dhipotesi nul-la,

per obtenir:

. J K 2
var(cyy,) = var(R) 32 32 3. (Sf:.;‘ :ncn|H0) +

=t I=] n=

F K J

+ var(C) Z Z (C:ncnluo )2 + Var(run!Ho) Zz:] ( S}:j )2 (4.36)

i=1 n=1

En aguesta expressig, var(r,g,) €s la varancia de resposta de la mostra
desconeguda sota |a hipotes nulla i ¢, , son les concentracions dels K analits
predites per a la resposta Foipo+ EN consequiencia, Cqo= O Quan n = k. El
problema €s I'estimacio de r,, y,, |a resposta de la mostra desconeguda sota la
hipotes nulla Aplicant € mateix procediment que d%nvolupét en |'apartat
4.1, é valor de r,
d'aquest resposta poden estimar-se les diferents concentracions ¢, -

mo €S Pot substituir pel senyal nul de I'analit k, rl,. A partir

La segona dificultat important que sorgeix és e cacul de nombre de graus de
[libertat que es necessiten per a l'obtencid del parametre de descentrat, ja que
I'expressié de lavariancia de la concentracio predita, eg. (4.36), €s més complexai
conté diverses contribucions d'error. Una aproximacio a l'estimacié d'aquests
graus de llibertat es pot obtenir aplicant la regla de Satterthwaite [11], eq. (1.38),
descrita a primer capitol.
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El limit de deteccid sobtindria, doncs, a partir de I’eq. (4.17) amb d terme
vér(ck,HO)caIcuIat segons 1’eq. (4.36) i ds graus de llibertat estimats a partir de la
regla de Satterthwaite. Solament S I'error en les respostes i concentracions de
I'etapade calibraci6 és negligible comparat amb I'error en lamesura de laresposta

de lamostra desconeguda, € limit de detecci6 es pot expressar com:

] 12
(LOD), = A(ct,B) var(r, i) [z{ (S;J )2} (4.37)
Jj=

L'equaci6 (4.37) es pot rescriure, S considerem que var(ruano) és equivaent a

var(ry), Com:

(LOD), = A(a,B) var(r,,) ” Sl otia

(4.38)

on sha aplicat la norma euclidea a vector de la fila k de la matriu S*. El terme

+
1Sk—ﬁla

k, definida per Lorber com ) s;" . En consegliencia, escollint unes probabilitats a i

] es pot identificar com la inversa de la senshilitat multivariant de 1’analit

P, de manera que A(a,3) = 3, hom arriba ala definicié dd limit de deteccié com
tres vegades l'error en les mesures dividit per la senghilitat. La definicio de
sensibilitat multivariant feta per Lorber t€ en compte € grau de colinearitat
(ortogonalitat) entre les respostes dels congtituents purs [10], la qua cosa és, en
definitiva, una mesura de la sdectivitat. Per tant, un major solapament
(colinearitat) de les reépostes suposa un menor senya net per a lI'andit k, una
menor sensibilitat i finalment, através de I'eq. (4.38) un limit de deteccié major.
Lainfluéncia de la sensibilitat i selectivitat de I’analit en estudi sobre e seu limit

de detecci6 esdiscuteix tot seguit.

14



Capitol 4 Limits de deteccié en models de calibraci6 directes

4.2.2. Influencia de la sensibilitat i de la selectivitat de I'analit en el seu limit de
deteccio

La sensibilitat d'una andit k, (SEN), definida per Lorber ve donada per:

(SEN), = (2.7)

*x
8y

En l’apartat (4.2.1) hom ha parlat breument de la relacié exisent entre la
senshilitat d'un andit k i e grau de colinearitat entre la seva resposta i les

respostes dels altres congtituents presents. Bauer et al. [12] van demostrar de

manera elegant que la sensibilitat de Lorber es pot expressar també com:

1

o)

(SEN), =

(4.39)

s

+
k-fila

Els dements diagonals de la matriu (S™S)" sanomenen coeficients de variancia i
estan directament relacionats amb I'error de prediccid [12). S existeix un
solapament gran entre els espectres dels diferents andits es produeix un augment
en la dependencia lineal entre les columnes de S (els dements de les quals son es

coeficients d’absortivitat molar per cada longitud d'ona mesurada), i ax0 es

tradueix en uns coeficients de variancia elevats. A mesura que € solapament va

disminuint, la matriu (S'S) sassembla cada'vegada més a una matriu diagond, la

i
i
:
|
!

qual té unes propietats de propagacié d'errors ideals. El principal avantatge de la
definicié de senshilitat multivariant feta per Lorber és que, a través d'un concepte
andlitic, pot interpretar-se, de forma simple, un concepte estadistic que |
proporciona informacié sobre € grau de colinearitat dd sistema, com son es |

coeficients de variancia.
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Autors com Kalivas [13] defineixen la sensbilitat local per un andit k smplement

com lanormade vector columnade lamatriu S corresponent a Panalit:
(LSEN), =" s} (4.40)

La diferéncia clara entre aguesta darrera definicio i la postulada per Lorber, eqg.
(2.7), és que aguesta té en compte tota la intensitat d'absorbancia de I'espectre de
Panalit k, mentre que en la primeranomés M intervé aquella part de I'espectre que

és independent dels espectres dels altres analits presents alamostra.

Per altrabanda, la selectivitat d'un andit k, (SEL),, definida per Lorber sexpressa
com el quocient:

S
(SEL), =y—t

Isel 28)

Els valors de (SEL), oscilen entre O (sdlectivitat nula) i 1 (mixima sdlectivitat).
Obviament, la sdlectivitat Optima s’assoleix quan & senyal net de I’analit k és igual
a senya mesurat. En la Fig. 4.5 es pot observar la interpretacio geométrica del
concepte de sdlectivitat en rdacio a senyd net de Pandlit. La sdectivitat definida
per Lorber és & sinus de I'angle format entre € vector de senshilitats parcials de
Panalit, s, i la seva projeccié en I'espai definit pels atres congtituents presents a

lamostra.

Amb totes aquestes definicions, I'expressié dd limit de detecci6 simplificada
(després d'assumir que es errors en la calibracié son negligibles), eq. (4.38), pot

rescriure’s com:
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Sk —(S15 veey Sty Sirly very SK)

Fig. 45. Representacié grafica del concepte de selectivitat d'un analit. ES pot comprovar que la
selectivitat de I’analit 1 és major que la de ’analit 2, ja que sin(oty) > sin(at,).

112 112
(LoD, = AP vty Aap) vartr,) a1

‘. (SEN),

o bé

_ AP var(ry)" | A(0up) var(r, )
(‘ / ”sk") Isi]  (SEL),(LSEN),

(LOD), (4.42)

L]
8y

Es pot observar que € limit de detecci6 per aun andit depen de maneraindirecta
de la seva sdlectivitat; és adir, depén d'una contribucié conjunta entre selectivitat i

sensibilitat local, contribucié recollida en la sensihilitat ‘neta’ de Lorber.
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Fig. 46. Columnes de la matriu S a partir dels perfils espectrals gaussians smulats de tres
congtituents purs (situacions 1-6).
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Per veure els efectes d'aquests parametres de qualitat sobre els valors dels limits
de deteccio, es van smular s espectres de tres constituents purs i es van crear Ss
matrius S pels andits en estudi. Cadascuna d'elles recollia diferents valors de
sdlectivitat | senshilitat. Els espectres dels andits, normaitzats a concentracio
unitat (columnes de lamatriu S), per a cadascuna de les situacions es mostren a la
Fig. 46.

La Taula IV.2 mostra la comparacié dels valors de senghilitat i selectivitat, aixi
com dels limits de detecci6 obtinguts per ales ss situacions. El calcul dd limit de
detecci6 sha efectuat a partir de I’eq. (4.38), suposant un valor constant igual ala

unitat pel terme A(a.,B) var(r, )"

Andlits (SEN), (LSEN) (SEL), (LOD),
Stuaci6 1 A| 35071 3.5402 0.9906 0.2851
B| 34748 3.5402 0.9815 0.2878
c| 3s071 3.5402 0.9906 0.2851
Stuaci6 2 A|  0.1944 3.5402 0.0549 5.1446
B| 01001 3.5402 0.0283 9.9901
c| 01944 3.5402 0.0549 5.1446
Stuaci63  A|  0.3507 0.3540 0.9906 2.8514
B| 34748 3.5402 0.9815 0.2878
c| 03507 0.3540 0.9906 2.8514
Steci6 4 A| 35071 3.5402 0.9906 0.2851
B| 03475 0.3540 0.9815 2.8779
Cc| 35071 3.5402 0.9906 0.2851
Stuaci6 5 A] 0.7014 0.7080 0.9906 14257
Bi 0.6950 0.7080 0.9815 1.4389
| cl 07014 0.7080 0.9906 1.4257
Stuaci6 6 A| 0.7014 23776 0.2950 14257
B| 06950 3.9822 0.1745 1.4389
cl o704 23776 0.2950 1.4257

Taula IV.2. Comparacié de les mesures de colinearitat i |imit de deteccié per a les situacions
descrites alaFig. 4.6.
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Es pot apreciar en lataula que la situacié clarament més favorable és lan® 1, amb
valors de sensihilitat i selectivitat elevats, mentre que lamés desfavorable (situacio
n°® 2) ve molt influenciada per uns valors de selectivitat baixos. Es pot comprovar
també que, tot i tenir valors de selectivitat elevats, axo no garanteix uns limits de
detecci6 baixos, tal com saprecia enles stuacionsn® 3 i 4; es requereixen, amés a
més, uns valors de sensibilitet local elevats. El cas més clar que els dos parametres
es combinen @ trobem en les situacions n° 5 i 6, on sobtenen els mateixos valors
de limit de detecci6 amb Sstemes clarament més colinears, perd que tenen
devades senshilitats.

Finalment, cal esmentar que en tota aguesta discussié no ha intervingut pef aresla
resposta de la mostra desconeguda, encara que té una importancia fonamental en €
valor fina dels limits de deteccié. Recordem que en 1’estimador dd limit de
deteccid, eq. (4.17), apareix implicitament aguesta mostra desconeguda, ja que

dellasen derivae senya nul de I’analit ki d'aqui les concentracions c, .

4.2.3. Validacio de ! 'estimador desenvolupat

Amb I'objectiu de comprovar la seva vdidesa, I'estimador es va aplicar en
['analis mitjancant un sistema d'injeccio en flux (Flow Injection Analysis, FIA)
amb detecci0 espectrofotomeétrica de quatre pesticides de la familia dels
carbamats: € carbaryl (l-naftilmetil-carbamat), € carbofura (2,3-dihidro-2,2-
dimetilbenzofuran-7-il-N-metilcarbamat), € propoxur (2-isopropoxifenil-metil-
carbamat) i Pisoprocarb (o-cumenilmetil-carbamat). En la Fig. 4.7 es mostren ds
espectres ddls quatre pegticides purs en una concentracio de 10 ppm.

L'estimador de limit de detecci®é ha de s Util en condicions multivariants

propiament dites o, € que és & mateix, quan 1’analit es determina en preséncia
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dinterferents. Es per agquest motiu que € pesticida triat per a validar 1’estimador
va ser l'isoprocarb, degut d seu solapament accentuat amb e carbofura i €

propoxur.

Absorbancia

0.25—
0.2-._-"-
0.15

0.1

0.05

Longitud dona (nm)

Fig. 4.7 Espectres dels pesticides purs: (-) carbaryl, (--) carbofura, (-¢) propoxur i (¢)
isoprocarb.

La metodologia de vdidacid ideada va conggtir en congtruir una s&rie de mostres
amb diferents concentracions conegudes de I'analit en estudi (en uns nivells prou
baixos com per pensar que estan propers al limit de deteccio de I'andlit), i diferents
nivells de concentracié dels atres analits presents. Per a cada nivell de
concentracié es va preparar un nombre eevat de mostres. Després d’analitzar-se es

va obtenir una distribucié de vaors de concentracié predits pd modd de
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calibracio. Aquestes concentracions predites es van comparar amb € nivell critic,
cL, caculat amb un nivell de significacio a. S existis alguna concentracio per
sota d'aquest nivell, sadoptaria la decisid de dir que I'andit no es troba present en
aquella mostra, quan en redlitat hi ési en un nivell perfectament conegut. Hom
estaria cometent, per tant, un fals negatiu. EI hombre de vegades que aixd succeis,
sobre e total de mostres anditzades, seria un bon indicador del percentatge
experimentd de falsos negatius que es trobarien. La segona etapa dd procés de
validacio consisteix en la comparacié d'aguest percentatge experimental amb €l
tedric. Per acadanivell de concentracié de I'andlit k, € parametre de descentrat es

pot calcular com:

Ck

) 142
var(Cy o)

Aa,B) = (4.43)

Un cop caculat e parametre de descentrat, mitjancant les taules és possible, per a
un nivell de sgnificacio afixat i uns determinats graus de llibertat, trobar € valor
de la probabilitat de cometre un error de 2a epecie, p. Aquesta probabilitat tedrica

shade comparar amb I’experimental trobada anteriorment.

El desenvolupament de 1’estimador, axi com €s resultats de la seva validacio, es
presenten en la part find dd capitol, dins l'article titulat Detection Limits in
Classical Multivariate Calibration Models, que ha estat acceptat per apublicacio a

larevistaJournal of Chemometrics.

4.2.4. Aplicacions

L’estimador del limit de deteccié desenvolupat es va aplicar d cacul dels limits de

deteccié de quatre peticides de la familia dels carbamats (Fig. 4.5), determinats
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mitjancant un metode FIA amb detecci0 espectrofotométrica. Els limits de
detecci6 es van calcular apartir de I'expressio simplificada, eq. (4.38), obtenint-se
també les corbes caracteristiques de deteccid per a cadascun dels pesticides. Els
resultats obtinguts es descriuen d final del capitol, en € trebal titulat Figures of
Merit in Multivariate Calibration. Determination of Four Pesticides in Water by
FIA and Spectrophotometric Detection, que es troba pendent de publicacio a la
revista Analytica Chimica Acta.

Entots es casos, € parametre de descentrat, A(a,P), es va calcular a partir d’un
algorisme de creacio propia, programat en llenguatge Matlab (MATLAB Ver 4.0.
Mathworks Inc. 1993) i incorporat en un programa general de calcul de limits de
deteccid. L'algorisme esta basat en I'aproximacio feta per Sarabiai Ortiz [14]. La
descripcié del programa generd i de I’algorisme en concret es presenta d final del
present capitol, en Il'article titulat Computing Determination Limits in
Multicomponent SpectroscopicAnalysis, i que ha estat acceptat per a publicacié a
la revista Trends in Analytical Chemistry. En aquest darrer treball també es
presenta una comparacio entre ds limits de deteccié obtinguts amb € nostre
agorisme i es caculats a partir de I'aproximacié de Lorber [1] modificada, eg.
(2.9).
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Detection Limitsin Classical Multivariate
CalibrationM odels
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ABSTRACT

This work presents anew approach for calculating multivariate detection limits for
the commonly used classical or direct calibration models. The derived estimator,
which is in accordance with latest IUPAC recommendations, accounts for the
different sources of error related to the calibration and prediction steps. Since the

multivariate detection limit for a given anadyte is influenced by the presence of

other components in the sample, a different detection limit is calculated for each
andyte and andysed sample, a the chosen dgnificance levels a and p. The
methodology has been experimentally validated by determining four pesticides in
water using a FIA method with diode-array detection. The results aso compare

favourably with the ones obtained using other estimators found in the literature.
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INTRODUCTION

The international standards concerning the activities of analytical laboratories
indicate that, in order to give confidence to users, andytica results have to define
basic figures of merit such as traceability, uncertainty and limits of application'.
Two of these important performance characterigics are the inferior limits of
application, i.e. the limits of detection and quantification. Apart from the above
normative reasons, calculation of these figures is dso important for selecting or
developing measurement processes that can meet specified needs, such as the
detection of a certain level of hazardous substances

Adopting the work originally developed by Currie®, the International Union of
Pure and Applied Chemistry (IUPAC), in its latest recommendations®, has
redefined the concept of detection limit in the univariate domain on the basis of the
theory of hypothesis testing and considering the probabilities of false positives, a,
and falsenegatives, (3. '

Multivariate cdibration techniques, increasingly used in laboratories, are of course
included within the sphere of international standards and, consequently, reliable
estimators of the different figures of merit have to be developed. IUPAC has not
issued yet a recommendation for evauating detection limits in multivariate
calibration; however, any estimator which is to be presented should be developed
in accordance to present definitions and taking into account false positive and false
negative decisons. This has dso been pointed out in a recent review on
multivariate detection limits*.

This work provides amultivariate detection limit (MDL) estimator in methods that
use direct or ‘classical multivariate calibration models. These models are usualy
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used for determining the unknown concentration of analytes in well characterised
samples, i.e. their qualitative composition must be well determined and there must
be no effects which have not been provided for, such as the non-additivity of the
responses or interactions among anaytes.

In the literature, some references to the estimation of MDLs in this kind of mode
can be found. Lorber® introduced the concept of net analyte signal for calculating
the first MDL estimator, as three times de relative total error in the predicted
concentration. Later, Bauer et al.’ applied the error propagation theory to develop
an expression for the MDL, as three times the standard error in the predicted
concentration. Although these estimators assume a fixed value for o and P
probabilities of error, the expressons could be modified to account for different
errors of firét and second kind, choosing, for example, a multiple different from

three.

The methodology discussed here goes further, since the p probabilities of
committing errors of the second kind (false negatives) are quantified. This is done
by applying the non-central #test approach introduced by Clayton et al.” in the
context of univariate calibration. In this paper, this approach has been transferred
to the multivariate field to test whether the andyte is present or not in the
unknown sample and whether it is detectable or not with a confidence acceptable

to the user.

To test the presence versus the absence of anadyte, the variance at zero
concentration level must be known. This concentration is derived from a
multivariate instrumental response obtained from the unknown sample, but without
the contribution of the analyte to be determined. This response is the so called null
analyte signal, as opposed to the net analyte signal, defined by Lorber® as the part
of the spectrum of the unknown sample that is unique for the ith anayte. The
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expresson of the variance of the concentration derived from the null sgnd
includes the different sources of error in the process, both in calibration and
prediction steps, so the final estimator can provide more redistic vaues of the
detection limits.

To prove the vdidity of the estimator, the detection limit of four pesticides in
water were determined by means of a FIA method with spectrophotometric
detection. The performance of the new estimator was assessed by calculating the
percentage of false negative detections found experimentdly at different low levels
of concentration for a pesticide which gave severely overlapped spectrum; these
values closaly agree with the ones predicted theoretically using the derived MDL
estimator. The calculated MDL were also compared with the ones obtained by
other known estimators, that have statistical constraints that limit their application
to restricted operating conditions. '

THEORY

Variance of the predicted concentration. Spectrophotometric analysis of severa
components using direct calibration models is based on measuring absorbances at

selected wavelengths according to Beer'slaw (eq 1)
r=Sc+e, (1)

where the vector r represents the absorbances measured at J wavelengths, S (JxK)
is the matrix of molar absorptivities for Jwavelengths and K components, c is the

concentration vector for K components and e, is the vector of error terms. In the
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prediction step, the unknown concentrations of the different analytes containedina
sample whose spectrumisr,, are derived using eq (2).

(£33

1]

[# 413
i

-

w =5"T @

The superscript + designates the pseudoinverse of a matrix, which is used instead
of the normal inverse when S is a non-square or an overdetermined matrix. \When

the columns of S are linearly independent, the pseudoinverse can be caculated as
S* = (878)"'S”, the ordinary least-squares solution. The matrix S is estimated in

the calibration step by recording the spectra of standard solutions of individual
components or mixtures, eq (3)

»

ST=C'R A3)

where T means transposed. C (IxK)is the concentration matrix consisting of /
samples (pure components or mixtures) and K components and R (/xJ) is the
absorbance matrix for / samples at J wavelengths.

Severd expressons have been derived to edtimate the variance of the predicted
concentration, attempting to include al the possible sources of variation in the
data®'°. We used the expresson proposed by Bauer et al., because it has been
shown, with red data, that it gives good results. By applying error propagation to
prediction equation (2), and under the assumption that experimenta errors in
determining R, C and r,, are heteroscedastic and uncorrelated, an expresson for
the variance of the predicted concentration can be obtained (eq 4), using the
procedure described by the authors':
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J 1 K
var(cuns) = Z Z 2 (SAL Cloéunn) VAI(R,) +
J=li=l p=1 (4)

2 Y (Clnbunn P VAHCi) + Y (G, Y Vitrin,)

i=l n=l j=1

where var(rw,) is the variance of the unknown sample's response, var(R;;) is the
error associated to the response matrix in the calibration step and var(Cy) is the
variance of the concentrations of the calibration samples. The only difference with
the original expression is that a constant background term has been assumed and
incorporated into matrix R and vector r,,. From eq (4), it can be observed that the
variance in the predicted concentration dépends on the way the errors in the
measured signds and the caibration concentrations are estimated. It is
recommended to estimate variances from experimental replicates of calibration and
prediction samples. This, however, may be a problem in routine analysis, due to
cog and time requirements, so estimating variances from the resduas of the
cdibration model could be an dternative. However, this procedure is not
encouraged, as the model parameters have dso been estimated in the cdibration
sep and, consequently, carry an uncertainty. Acceptable estimates of the sgnd
error might be based on previous knowl edge of the measurement technique'’. On
another hand, the variance of the concentrations of the calibration samples,
var(Cy,), can be estimated from replicate measurements or by error propagation,
taking into account the uncertainties associated to the whole process of sample
preparation. |

Multivariate detection limit estimator. The problem of calculating the limits of
detection in multivariate calibration can be treated as a hypothess test on the
concentration axis of the classica multivariate model. So, for a £th analyte, the null
hypothesis, Hy: cux - cox, and the dternative hypothesis, Hi: ¢y > cox, Can be
defined, bei nQ cunk the true but unknown concentration of the anayte in the sample
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and cox = 0. This treatment is directly related to the statistical theory of hypothesis

12
tests™

and has previously been applied by Clayton et 4/.” in the response domain
to calculate the limits of detection in univariate calibration. This latter
methodology has recently been made available as a computer program by Sarabia

etal..

Assuming that a norma distribution holds for predicted concentrations, when the
null hypothesis is true (cue = Cox)s the SEAStiC t= (Gy .- co, )/ Vir(cy, )" is

assumed to follow a Student's #-distribution with v degrees of freedom. ¢, , isthe

un.k

estimated value of ¢, and var(coy) is the estimated variance at ‘zero concentration

level’. There is a critical value, ¢,x, aove which the null hypothesis will not be

accepted:

) A 12
. cp,k =t {-a,v Var(co,k) (5)

where aisthe prbbabi lity of committing atype | error (false positive). This critical
vaue is identica to the decision limit, as defined by Massart et al.", and the
critical level, as defined by the IUPAC2 On the other hand, if the dternative
hypothesis is true (cunx > cox), there is aprobability P of committing an error of the
second kind. The limit of detection can be defined as the concentration for which

the probability that the estimated vaue, ¢ does not exceed ¢, isB. This can

unk !

be expréssed as.
Pr{ Cus < Cpr lCums™>cox} =p (6)

Assuming constant variance between the predicted concentrations under the null

and the alternative hypothesis, the expression of the limit of detection is given by:
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(MDL), = A(a,B) var(cox) )

where A(a,f3) is the non-centrality parameter of anon-central ¢-distribution, with v
degrees of freedom. For a fixed value of (3, A(a,) can be calculated, either
numerically'® or by means of satistical tables™'%. Eq (7) enables the detection limit
to be calculated for the kth analyte, with fixed a and P probabilities.

From Eq (7), it can be seen that (MDL), depends on vér(cox)'”, the standard
deviation of the predicted concentration under the null hypothesis, the value of
which can be edtimated in the way described below. The approach presented
assumes, then, that the distributions of the concentrations predicted at the level of
the limit of detection and at "zero concentration level" are comparable (the
condition of homoscedasticity), which is often true. Should the variances be
different, however, the methodology would have to take into account the
calculation of the non-centrdity parameter in these conditions. The problem might
then be approached by using the Welch test'®, but no references have been given to
date. This would only affect the value of the limit of detection, since the critical
value, ¢, depends only on the null hypothesis distribution. Otherwise, and only if

¢, 1S normaly distributed with known variance, the limit of detection should be

un k
cdculated by means of the Currie’s expression3 , LD = 21400 + 21.50p, Where z
and z,.5 represent the (1-o)th and (1-p)th percentage points of a normal distribution
and CTQ and op, arethe standard deviations under the null hypothesis and at the level
of the limit of detection, respectively.

Estimation of var(coy). If there are a sufficient number of blanks available, that is
to say, samples with no presence of the ith analyte or in avery small quantity, then
the squared standard deviation of the concentration values for the 4th andyte
predicted by the model provides a good estimation of var(co). In this case, the
degrees of freedom used to calculate #., and A(a,B) are (ny, - 1), ny, being the

172




Capitol 4 Journal of Chemometrics, acceptat per apublicacié

number of blank repetitions. More frequently, however, there are no blanks
available, or there are not enough, and it is for this reason that a new strategy has
been devel oped.

Having obtained r.,, the response of the unknown sample, the part of its spectrum
without the contribution of the 4th analyte can be caculated. This can be done by

expressing r, as.

r, =(I-8,8)r, +S,S;r, (8)

where § IS the matrix of molar absorptivities from all constituents except the ith

*
un,k

analyte. The first term is denoted as r, , , the net analyte signal”. r,, is the part

of ry, that is unique for the 4th analyte, since it is orthogonal to the spectra of all
other components in the sample. The second term can be denoted as rp, the null
analyte signal. It is the part of the spectrum of the th anayte in the unknown
sample that can be derived by alinear combination of the spectra of the other pure

constituents.

*
Y = run,.fr + rD,k (9)

If we multiply r,, by the projection matrix §k§;, the part of r,, that is not
contained in the space spanned by S,S; will be eliminated. Likewise, the
projection matrix (I-S ké;) covers the space that is orthogonal to the one spanned

by S ké; . Fig. 1 geometrically shows the meaning of these concepts.

So, if the null analyte signal, rp, isintroduced into the prediction model, eq (2), a

concentration equivalent to zero for the th analyte will be obtained:
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(10)

Cok ~Tpe W Di-row

(§*),How is the kth row vector of the matrix S* . Since the null analyte signd is
obtained by an estimated projection matrix, it can be expected that ¢, is a biased
estimate of the ‘null concentration’. This can be verified from simulation studies,
by calculating null analyte signals from both true (S,S;r, ) and estimated
(S kﬁ,trun) projection matrices, and then calculating the values of ¢y, by using eq
(10).

Figure 1. Geometrical diagram of the concepts of net analyte signal and null analyte signal.

The variance associated to cq, IS assumed to be adequately approxi mated by the
variance of the original responses, therefore, it is calculated usng eq (4),
substituting r,, for rp 4, and finaly obtaining eq (11):
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J { K
Var(cor) = Z Z Z(§i,ChaéaY VAR ,;) +
J=t =l p=l
/K _J
+ 727 (Cly én fVA(Ch) + 7 (Sy) vhr(rp )

i=] n=l =l

11)

¢, are the predicted concentrations for the response rp;. Therefore, ¢ = 4,k

whenn=k%.

Assessing the detection of low concentrations of analytes. The detection limit
for the kth analyte can be estimated by using eq (7), with var(c, ) calculated by
using eq (11). In this case, as the variance estimate is a linear combination of
different independent terms associated to errors in concentration and spectrd data,
the exact number of degrees of freedom needed in the cdculatiion of the non-
centrality parameter, A(a,f3), is unknown. Instead, an effective number of degrees
of freedom can be estimated according to the Satterthwaite rule'’. For avariabley,

whose egtimated variance is expressed as.
N
var(y) =Y vir(x,) (12)
i=1 .

the effective number of degrees of freedom needed for any significance test is
cdculated as:

—*‘T) (13)
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where v; are the degrees of freedom of each individual term and int[-] indicates that

verrMust be approached by truncation to the nearest integer.

It should be noted that r,, intervenes in the expression of rpx (Egs 8 and 9), in the
derived ¢, values and consequently in the final magnitude of var(c,,). Thus, a

different MDL for each unknown sample will be expected.

Only if the errors in the responses and concentrations of the calibration set are
small compared with the error in the response of the unknown sample, can the
MDL be expressed according to Eq (14):

12
! ~
(MDL), =A(a,f3) [ D (85 ) v )} (14)

=i

Additiondly, if homoscedasticity is assumed (we condder that the error in the
response rp is constant throughout al the sensors and equivalent to the error in
ru,), the term var(rp,;) may be placed outside the summation and, by applying the
norm to the kth row vector of the matrix S*, the MDL estimator can be obtained as:

(MDL), = A(0t,B) var(r)" |8 )icrow

(15)

The assumption of homoscedasticity can indeed be valid in some cases but it has
to be thoroughly validated; otherwise, a systematic error in the magnitude of the
prediction variance might be produced, which could consequently affect the value
of the detection limit. If Eq (15) is used to calculate the MDL, then the number of
degrees of freedom needed to cdculate the non-centrality parameter, A(a,B),
depends on the way the value of the spectrd errors, vér(ry,), is estimated. If it is
obtained from the residuals of the calibration model (see remarks above), then the
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resulting degrees of freedom are given by (J-K). If var(r,,) is calculated from
experimental replications, then the number of degrees of freedom is derived from
the number of sensors and replications.

Choosing probabilities a and P such that A(a,p) = 3, the conventional definition
for MDL is arrived at, which is three times the error divided by 1/]| (S .o ] THiS
term is equivaent to sk , the Lorber's multivariate sensitivity'®, where s, is the
net spectrum of the kth analyte a unit concentration, caculated as
s,= (I-S,8%)s, . S0, eq (15) can be expressed as:

3 var(r,, ) 2

Fy

(MDL), = (16)

This equation is equivalent to the one proposed by Lorber®, in case of neglecting
the errors in the calibration spectra and concentrations. Additionaly, if we
consider the sdectivity for the kth analyte, defined by Lorber and Kowalski'® as

(SEL), =" sJ / s, , then eq (16) can be rewritten as:

3 vﬁr(run)”z

MDL), =——%- _
(ML) =~ SEL) 1]

(17)

The term ||s, | has been defined by Kalivas and Lang ~ as the local sensitivity for
the kth analyte. From eq (17), it can be observed that the MDL for an anayte
depends on a join contribution between its selectivity and its local senstivity.
Connection between selectivity measures and prediction errors have aso been

discussed in the literature''.
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According to TUPAC, the (MDL), is the concentration for which the probability

that the estimated concentration value, ¢ does not exceed the critical vaue,

un k *

cpois 1SP. S0, for agiven sample, the concentration of analyte will be detected, with

fixed aand (3 probabilities, aslong as ¢, , > (MDL),.

The expresson (eq 7) found for the MDL shows that the estimator depends on the
assumed probabilities of false positive and false negative and aso on the variance
at ‘zero concentration level’. This variance includes information about the sources
of error in both calibration and quantitation steps, so, the less we control the
possible sources of variation in the data (errors in the concentrations of the
cdibration standards, errors in the responses of these standards, goodness of fit),
the less likely it will be to obtain low limits of detection. What is more, the MDL is
different for evlery sample analysed since it depends on the species that coexist in

solution with the analyte &.”

EXPERIMENTAL SECTION

Spectroscopic data set. The derived estimator was applied to determine four
pesticides of the carbamate family: carbaryl (1-napthylmethyl-carbamate, RYL),
carbofuran (2,3-dihydro-2,2-dimethylbenzofuran-7-yl-N-methyl-carbamate, CBF),
propoxur (2-isopropoxyphenyl-methyl-carbamate, PPX) and isoprocarb (o-
cumenylmethyl-carbamate, IPC) in water usng a FIA method with diode-array
detection®. The spectra recorded between 340 and 650 nm consist of 156
wavelengths every 2 nm. The spectra of the pure pesticides are shown in Figure 2.
The calibration set used to build the classica multivariate model consists of four

replicates of eight mixtures, designed according to a Hadamard matrix, each of
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which contains the four pure carbamates in concentrations ranging between 2 and 8
ppm.

Absorbance

0.25 . — -

0.2 ?},\

015
0.1

0.05¢

350 400 450 500 550 . 600 . 650

Figure 2. Pure spectra of the pesticides studied, obtained from the calibration model made
with mixtures: (-) carbaryl, (--) carbofuran, (-¢) propoxur and (*) isoprocarb.

The classcal multivariate model was validated by means of a st of samples
consisting of three replicates of nine mixtures of the four pesticides between 2 and
8 ppm (validation set 1). The mixtures correspond to a three level Hoke design.
The mixtures that had aready been used in the Hadamard matrix were not
consdered here. Root mean squared error of prediction (RMSEP) was used to
evaluate the prediction ability®.
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Given the similarity between the isoprocarb spectrum and the other analytes and its
clear overlapping with the carbofuran and propoxur spectra, it was chosen to
experimentally validate the MDLs. Three groups of four samples were prepared,
each group containing a fixed concentration of the three pesticides carbaryl,
carbofuran and propoxur, and four different spiked levels of isoprocarb. The
sheme of the experimentd desgn is shown in Table 1. Ten replicate
measurements for each of the validation mixtures were carried out so that 120
spectra were recorded overal. These data make up vaidation sat 2. Furthermore,
38 samples with no isoprocarb content (validation st 3), were dso prepared, in
order to check the validity of the estimator at zero concentration of the analyte to
be determined.

RYL] [ [CBF] | [PPX] | [TPC]

Sample 2 5 5 0.5
1 2 5 5 1.0

2 5 5 15

2 5 5 2.0

Sample 5 7 2 0.5
2 5 7 2 1.0

5 7 2 15

5 7 2 2.0

Sample 5 3 8 0.5
3 5 3 8 10

5 3 8 15

5 3 8 2.0

Table 1. Scheme for the matrix of experiments for the
vaidation of the MDL edtimaor. (RYL=Carbaryl,
CBF=Carbofurane, PPX=Propoxur, IPC=Isoprocarb).

Finaly, the MDL obtained by applying eq (7) were compared with the ones
calculated by three other estimators: 1) the conventiona one, i.e. three times the
error in the data divided by the Lorber's multivariate sengtivity (described in eq
16), 2) the one developed by Lorber® and 3) the one developed by Bauer et al.’.
These latter two estimators do propagate the error in the calibration step to the
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final uncertainty, so they are expected to provide results that closely agree with the
ones provided by our estimator.

All calculations were carried out with Matlab home-made routines (MATLAB for
Windows, ver 4.0. The Mathworks Inc., Massachusetts, USA.). The source code
for the developed estimator is available from the authors on request.

RESULTSAND DISCUSSION

Validation of the MDL estimator. The theoretical rate of false negative results,
for each concentration level of isoproearb in the validation scheme shown in Table

1, was calculated by operating in the exproh ofthe MDL, eq (7), as:

~ c
A(a,p) = —=

var(¢c, pe )1/2 -

For a given isoproearb level, cpe, and taking the estimated variance at zero
concentration level of the analyte, var(c,pc), an estimation of the non-centrality
parameter is calculated first from eq (18). Subsequently, the probability of error p
can be calculated, for a given number of degrees of freedom, by fixing the
probability of error a. However, as the variance a zero concentration level,
caculated from eq (11), varies from sample to sample, it is difficult to get a globd
esimation of the P error at a given level of isoproearb. It was preferred to
calculate vér(c, p ) from 38 blank samples, i.e. samples with no isoproearb content
(validation set 3), by following the procedure described in the theoretical section.
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Then, using eg (2), the concentrations of isoprocarb in every validation sample and
a every spiked level were predicted. These predicted concentrations were
compared with ¢, rc, €9 (5), and the analyte was regarded as beir_lg detectable if
Cunpe > Cppc- SO, the percentage of times (out of atotal of 30 samples) that ¢, ¢
is lower than ¢, ipc can be considered as an estimation of the rate of false negatives.
This percentage was compared with the one calculated theoretically from eq (18)
and the theoretical probability of maki ng a fase negative eror, for every
concentration level and afixed a probability, was established.

The variance at zero concentration in eq (5) for ¢, pc Was estimated individually for
each sample by applying eq (11). In this equation, var(rppc) Was assumed to be
equal to var(r,,), the variance of the response of the unknown sample. The
assumption of equality of variances in null analyte signals and origina responses
was verified with smulated data. Moreover, experimental replications oh samples
with no content of isoprocarb and samples containing 10 ppm of the pesticide
showed non significative difference among variances. var(ry,) in eq (11) waé
calculated from ten replicate measurements for each of the validation mixtures,
being the number of degrees of freedom in this case, v, = 146. The variance of the
responses of the calibration st was also estimated from ten experimentd
repetitions, with VR = 146 degrees of freedom. Findly, the error in the
concentrations of the calibration matrix was estimated from the residuas of the
calibration model, assuming the absence of any systematic error derived from lack
of fit. The number of degrees of freedom is then vc = 20.

Table 2 shows theoretical probabilities of committing false negatives, calculated
from eq (18), for the different concentration levels of isoprocarb in samples of
vaidation set 2. The same table shows the number of times, as a percentage, that
the pesticide was not experimentally detected at the concentration level indicated.
Thisvaue, as has been mentioned above, is an experimental measure of the type 11
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error committed. A dose agreement between the experimenta and theoretical
probabilities can be observed.

Furthermore, the result of analysing the 38 samples with no isoprocarb content was
that the estimator did not detect in a single case the presence of the pesticide at the
a levels of significance specified in Table 2, which shows a dightly overoptimistic
performance of the estimator at zero concentration level of the analyte of interest.

a=0.01 a=00 a=0.10

Ptheor. Pexp. | Ptheor. pexp. | Ptheor. p exp.

[IPCEFO.5 0% 100 0.85 0.87 0.75 0.80
(3003 (26/30) (2430

[IPCF1.0 0.88 0.97 0.68 0.63 0.%4 0.37
_ (2930 (1930 (11/30)
[I1Rd =15 0.72 Q.77 0.45 0.53 0.31 0.23
- (2330 (16/30) (7130

[I”R3 =2.0 0.50 0.67 024 0.27 0.14 0.10
(2/30) (&30 (3/30)

Table 2. Theoretical and experimenta rates of type n error.

The theoretical relationship between the probability of committing type n errors
and the concentration of the analyte of interest is known as characteristic curves of
detection, Which can be built from eq (7). Fig. 3 shows the characteristic curve for
a sample with a content of 2 ppm of the pesticide isoprocarb and for different

levels of type | error, a

It can be seen that, for a fixed probability of committing a false postive, a the
concentration of isoprocarb in the sample can be detected depending on the
probability of false negatives that one is prepared to accept. Clearly, for any given

MDL, the lower the value of the probability a of committing an error of the first
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kind, the higher the probability p of committing an error of the second kind.
Furthermore, this curves can help anaysts to modify some experimental designs of

the measurement process in order to reach specific characteristics of detection.

09
08
0.7
06
05
04
03
02
01

0 05 1 15 2 25 3
MDL (ppm)

Figure 3. Characteristic detection curve of a sample containing 2 ppm of isoprocarb and for different
probabilities of error a (a) 0.10, (b) 0.05, (c) 0.025 and (d) 0.01.

Finaly, the MDL found for a sample containing 2 ppm of each of the pesticides
were compared with the ones provided by three other estimators found in the
literature. For purposes of comparison, avalue of A(a,3) = 3 ineq (7) was chosen.
Both in the present approach and the one developed by Bauer et al., 2% errors in
spectral signals and calibration concentrations were assumed in the calculation of
var(R), var(r,,) and var(C) terms, respectively. The results obtained for the four

pesticides are shown in Table 4.

18



Capitol 4 Journal of Chemometrics, acceptat per apublicado

RYL CBF PPX rc
MDL1 (conventiona definition) {0.08 110 0.79 0.75

MDL2 (Lorber, 1987) 008 115 08 078
MDL3 (Bauer et al. 1991) 022 156 113 108
MDL (present work) 067 176 138 153

Table 3. MDLs of the four pesticides studied obtained with different estimators. Sample
contains 2 ppm of each pesticide.

Logicaly, the MDLs provided by our estimators and the one proposed by Bauer et
al. are higher, snce they take into account the error in the calibration and
prediction steps. Their difference lie in the approach used to calculate the values of
Cunn IN €7 (4). Bauer et al. use arecursive gpproach, consisting in the calculation
ofvar(ewy) and c,, , for decreasing concentration values and, finaly, they obtain a
limit concentration, cr, SO that ¢, =3var(c,)". In our case, the variance of
the predicted concentration is evaluated under the null hypothesis, by using eq
(11). The first estimator of Table 1 only takes into account the error in the
prediction samples. In the Lorber's estimator, the errors in the responses of the
calibration and prediction samples are cons dered to be equa, and the errors in the
concentrations of the calibration samples are not considered. This error is taken
into account when using our estimator, and this explains why a noticeable increase
inthe MDL value for the pesticide carbaryl is observed. The fact that MDL vaues
for carbaryl are so low compared to other pesticides if the estimator is calculated
using the first two approaches is due to its high selectivity in comparison with the
other three pesticides (see figure 2); the carbaryl spectrum overlaps only dightly
with the other spectra.
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CONCLUSONS

A new approach for calculating limits of detection in multivariate methods that
used direct calibration models has been developed. The estimator, which is in
accordance with the recommendations of the International Union of Pure and
Applied Chemistry (IUPAC), enables the probabilities of committing false
negatives to be assessed. So, the operating characteristic detection curves can be
plotted by giving the user the chance of choosng the most suitable statitical
conditions. However, users can choose if they want to be more or less restrictive
when controlling the sources of error associated to the predicted concentration.
The final values of the derived MDL will depend on this degree of restriction. A
strict approach to calculating MDL involves taking into account al the causes of
error, which supposes an increase in experimental work when calculating the
associgted variances. These earors can be edimated, ether by replicate
measurements, by assuming realistic error values (based on a previous knowledge
of the technique) or by calculating the residuals of both the calibration and the
prediction responses. Because the values of the errors of prediction are used to
estimate the variance of the calibration sample concentrations, it is clear from eq
(12) that to obtain trustworthy MDL which match reality, well validated models
have to be available.

Bearing in mind al these considerations and applying them to the multivariate
domain, we propose a new definition of MDL, complementing the exiging ones.
For an analyte, coexisting with other species in a sample, its multivariate detection
limit is the concentration that can be differentiatedfrom zero with known aand g
probabilities oferror.
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ABSTRACT

The accuracy, trueness and determination limit of a FIA method are evaluated in
the simultaneous determination of thé pesticides Carbaryl (RYL), Carbofurane
(CBF), Propoxur (PPX) and Isoprocarb (IPC) in water by multicomponent
anadlysis. Calibration is based both on the spectra of artificially made samples
according to the experimental design theory and the spectra of pure pesticides.
Prediction errors in the range 0.1-1.4 evduated as RMSEP are obtained. The
absence of bias is evaluated from the joint confidence interval test for the
regression line obtained from measured and predicted concentrations teking into
account errors in both axes. Multivariate determination limits were found to be
between 0.03 and 1.0 ppm.
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INTRODUCTION

Pegticides of the carbamate family are widely used in agriculture because of their
powerful biologica activity [1]. Since they are dso serious environmental
pollutants, a considerable number of analytical procedures have been proposed to
determine and control their presence in surface waters [2-12]. Of these procedures,
the spectrophotometric methods use the reaction between the pesticide, previoudy
hydrolysed to its naphtol, and different reagents to produce strongly coloured
gpecies. These methods have aso been used coupled with aFIA system, due to the
smple instrumentation and high analysis speed. Khalaf et al. developed a flow
system with initid liquid-liquid extraction to spectrophotometrically determine
Carbaryl [13] and Propoxur [14] with p-aminophenol in natural waters. Fernandez-
Band et al. [15] simultaneoudly determined three pesticides using a FIA system
with in-situ pre-concentration in a C18 stationary phase of the complexes formed.
Espinosamansilla et al. [16-17] dso describe a stopped-flow detection system for
the determination of Carbaryl, which is based on the degradation speed of the
pesticide in an dkaine medium. Garcia et ad [18] describe the simultaneous
determination of Propoxur, Carbaryl, Ethiofencarb and Formetanate by usng p-
aminophenol and partial least-squares regression.

In the above mentioned papers, the figures of merit determined are not associated
to the multivariate nature of the analysis but to the response of the analytes
measured on a single channdl. Sq, the limits of detection are ether associated to
the lower limit of the linearity obtained for each pesticide at a single wavelength or
calculated as the concentration derived from a response equivaent to three times
the standard deviation of the method. Also, precision is evaluated in terms of
standard deviation caculated in conditions of repeatability and associated to
replicated anadlyses of samples with the same concentration of analytes. In
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addition, the absence of systematic errors is usualy detected by measuring the
recovery percentage in samples which have been spiked with the andyte under

study.

In this paper the accuracy, trueness and determination limit of a FIA method are
evaluated when it is used to determine four pesticides (Carbaryl, Carbofurane,
Propoxur and Isoprocarb) in water with the classcd least-squares regresson
method (dso cdled the K-matrix gpproach). Calibration is based on the spectra of
artificially made samples, either the pure pesticides or mixtures prepared according
to the experimental design theory. The methodology has been validated with 9
artificially prepared drinking waters and 6 samples of ground and river waters
spiked with pesticides.

THEORETICAL BACKGROUND

Calibration model. The classica least-squares model in spectrophotometric
analysis of several components is based on measurements of absorbances at
selected wavelengths according to Beer's law (Eq 1)

r=Sc+e (1)

where the vector rx; represents the absorbances measured at J wavelengths, Sy« =
[s1, s3, .. s¢] is the matrix of molar absorptivities for J wavelengths and K
components, ¢, IS the concentration vector for K components and ex: is the
vector of error terms. The unknown concentrations of the various analytes

contained in a sample whose spectrum is r,,, can be obtained by using Eq 2.
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Cun = (S"8)"'S" ry @)

where T means transposed. The variance associated to the estimated
concentrationsis given by:

var(ey,) = o (S'S)’ (3
where o* is the variance of the spectral measurements , evaluated as:
o’ =r (I - 88 )Ir/(J - K) @)

where + means pseudoinverse. The matrix Sis determined by recording the spectra

of standard solutions of individual components or mixtures:
s’ = (C'CY'C'R (5)

where Ckis the concentration matrix of the K components in / standard solutions
of individual components or mixtures and Ry, is the absorbance matrix of the
standard solutions with J wavelengths (columns) and / rows. |If pure component

samples are used, (CTC)"' is a diagona matrix.

Application of equation 2 requires matrix S to be error-free.  This is not so
because the matrix is estimated from equation (5); however, the eror can be
decreased by selecting the mixtures according to a designed plan. A Hadamard
matrix can be used since it provides minimum variance estimators for a given
number of samples. Its performance can later be compared with the one evauated

from the pure component spectra.
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Selectivity and sensitivity measures. The spectral sdlectivity and sengtivity in
the S matrix are known to influence the prediction ability of the modd. The
following measures were considered here: '

Selectivityfor the kth component [19] is evauated from equation (6):
SEL.= [se* |/ s | 6)

where s;* = (I - SiS¢")sy is the net analyte signd and ||+ || denotes the Euclidean
norm. Sy is the matrix of the spectra of the pure congtituents except the k andyte,
SiSy"s, is the null component of s, i.e. the part of spectrum s, that is contained in
the spectra of the other condtituents present in the sample. This measure has been
shown to be equivaent to the variance inflation factors (VIFs) [20] often used as
multicollinearity performance characteristics. Low sdectivity vaues are associated
to unstable estimations ofrthe concentrations and large prediction errors for new

samples.

Sensitivity for the kth component [19] refers to how large the analyte responses

are at each sensor interms of net andytical sgnd. It is defined as.
SEN = ]|si*) @

This measure is directly related to the confidence interval for the estimated
concentrationsin CLS[22].

Accuracy. In order to take into account al the causes of variability of the method,
accuracy in the concentrations was assessed by root-mean-squared error of
prediction (RMSEP) of a sat of 7 validation samples not included in the calibration

set, which Weré analysed inreproducible conditions:
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!
Z (Ci,known " Ci,un )2
i=l 7 (8)

RMSEP =

Trueness. The absence of bias in the model [23] was assessed by performing a
joint statistical test for the dope and the intercept in the regression of ¢, versus
Cnown TOF the test samples taking into account the errors in both axes [24]. This test
needs to know the variance of the true concentrations, which was considered to be
congtant for al samples and was evauated by error propagation in the preparation
of the standard solutions, and the variance of the predicted concentrations,
evaluated from Eq 3.

Limits of determinatién. The limits of determination were calculated with the
expression derived by Bogue and Rius [25], which is based on the theory of the
hypothesis tests applied to the concentration domain. The null hypothesis, Hy: ¢ =
0 (analyte not present in the sample) is tested againgt the dternative hypothesis,
H;: ¢ > 0 (andyte present in the sample), where c is the true but unknown
concentration of the analyte in the sample.

The procedure is to reject HO when the gtatistic ¢ = (¢ — ¢,) var(c,)"?

is higher
than ¢,, the a-percentage point of the Student's s-distribution with v degrees of

freedom. C is the estimated value of ¢ and vér(co) is the estimated variance at

‘zero concentration level’.

The power of the above Student's t-test isgivenby 1 - P=pr { {A)> ¢, }, where
P is the probability of committing a false negative (i.e. erroneously accepting HO)
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and A is the noncentrality parameter of the noncentral rdistribution, #A), with v
degrees of freedom.

If the probabilities a and P are fixed then the noncentrality parameter can be
computed and a multivariate determination limit, MDL, for the ith analyte can be
calculated:

(MDL), = A(a,p) var(co )™ ©)

The noncentrality parameter, A(a.,3), can either be computed or obtained from the
tables [26]. The variance at ‘zero concentration level’, var(co ), can be estimated
from any expression of the variance of the predicted concentration (Eq 3), but only
under the null hypothesis, i.e. the th andyte is not present in the sample. If this
equation is used to estimate var(cox), the degrees of freedom in the caculation of #,
and A(o,3) are v = J- K, where Jis the number of wavelengths and K is the
number of analytes. o” is in this case the variance of the spectral measurements at
zero concentration level. However, if the measurement errors are assumed to be
homoscedastic, o* can be estimated from Eq (4) or calculated from replicates on
different samples.

EXPERIMENTAL SECTION

Instrumentation. The following equipment was used to build the FIA system: a
Hewlett-Packard 8452A diode array spectrophotometer controlled by an HP Vectra
386s/20 computer equipped with an HP-IB IEEE 488 interface for
communications, two Gilson Minipuls-3 peristaltic pumps, a Rheodyne 5041
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injection valve, a Hellma 178.713 QS (10 mm optical path) flow cel and
OMNIFIT tubing.

Reagents. Standard solutions of Carbofurane, Propoxur, Carbaryl and Isoprocarb
(from Riedel-deHaén) were prepared by dilution of sock solutions with Millipore
water. Aqueous solutions of 0.2% NaNO,, 2M NaOH and 0.2% sulfanilic acid in
30% of acetic acid were used. Millipore water was used as carrier.

Manifold.The FIA system is shown in Fig 1, according to the optimal parameters
described in reference 15. The time for measuring the spectrum at the FIA peak
maximum was found to be 85 seconds. The spectrum of a blank sample was
recorded and substracted from each sample spectrum.

CARRIER] {4

DAS

NaOH dz
Sulphanilic
acid (4

................................................................

Waste

Figure 1. FIA manifold used for on-line determination of carbamate compounds based on hydrolysis
of the analytes and dye formation. (q = peristaltic pump, R = reactor, DAS = diode aray
spectrophotometer).
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Procedurefor determining thepesticides. The sample was inserted into the carrier
merging with a basic stream to favor hydrolyss of the analytes along reactor R1.
Solutions of NaNO, and sulfanilic acid were also merged to facilitate formation of
diazotized sulfanilic acid aong reactor R2. The subsequent confluence of Rl and
R2 resulted in the formation of the corresponding dyes aong R3. Hydrolysis and
derivative reactions were boasted by immersing the reactors in a thermostated bath
a 60°C. The colour appears instantaneously and, in the flow conditions used [15],
the reaction is developed enough for the signal recorded in the detection cell to be
perfectly quantifiable.

Software. All caculations were made using Matlab home-made subroutines.

Samples. Data were collected to enable the model built from the pure component
spectra and the spectra of the mixtures to be compared. Spectra were recorded
between 340-650 nm every 2 nm and grouped into the following cdibration and
validation sets:

- Calibration set 1 consisted of 5 replicates of the pure pesticide spectra at a
concentration of 10 ppm of each pesticide. The vaue of 10 ppm was chosen in
order to obtain high sengtivity.

- Calibration set 2 condged of 4 replicates of mixtures designed according to a
Hadamard matrix of 4 variables and 8 samples between 2 and 8 ppm

- Validation set 1 conssted of 3 replicates of 9 mixtures of the spiked four
pesticides in tap water between 2 and 8 ppm. The mixtures correspond to a 3 level
Hoke design D1 plus a point in the centre. This design was selected because it
covered the experimenta domain with 3 levels of concentrations and required a
small number of samples. The mixtures that had already used in the Hadamard

matrix were not considered here.
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- Validation set 2 consisted of the spectrum of 6 rea samples from ground and
river waters spiked with 5 ppm of each pesticide.

The designed mixtures (ppm of each pesticide) are shownin Table 1.

Sample | A) Calibration st 1 B) Cdlibration st 2 C) Validation st 1
Number |RYL CBF PPX IPC |RYL CBF PPX IPC |RYL CBF PPX IPC

10 0 0 0
0 10 0 0
0 0 10 0
0 0 0 10

©C OO OUOPRPWN R
DN oo oo e o
‘DN o NI D 0 N oo
N oo 00 N oo b oo
N oo 00 oo N R oo NI

whn oo o 0

W 00 OO0 00 N L L OO0 W

W 00O L 0

w00 P N0 oo WL

Table 1. Experimental designs. A) Calibration set 1 Each sample was prepared 5 times. B) Calibration
set 2. Hadamard design. Each sample was prepared 4 times. C) Validation set according to the Hoke
design D1 plus a point in the centre. Each sample was prepared 3 times. Concentrations of each
pesticide in ppm. (RYL = Carbaryl, CBF = Carbofurane, PPX = Propoxur, IPC = Isoprocarb).

RESULTS AND DISCUSSION

Two models were built with cdibration set 1 (pure component samples) and
calibration set 2 (mixture samples) according to Eq 5. Figure 2 shows the pure
component spectrafor each pesticide at 10 ppm evauated from the two calibration
sets. The considerable difference for the spectra of carbaryl (RYL) at low
wavelengths estimated from both calibration sets may be because of interactions
between the analytes, which cannot be detected from the pure analyte samples, and
kinetical effects. The same can be said of propoxur (PPX). Because severa

anaytes are pf&eent inreal samples, calibration from the samples of mixtures using
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the Hadamard matrix is expected to give estimates of S with less uncertainty than
the ones estimated from the pure component samples. |

Absorbance

0.25 — : : - —
020/
015}
010 [T

0.05

350 400 450 500 550 600 650
Wavelength (nm)

Figure 2. UV absorption spectra of the four peticides: (a) Carbaryl, (b) Carbofurane,
(c) Propoxur and (d) Isoprocarb, measured from solutions of 10 ppm of the pure
pesticides (solid line) and calculated from the calibration mixtures (dashed line).

Table 2 shows the selectivity and sengtivity values associated to the matrix S
(calculated from Eq 5) for the cdibration sets. Asit is expected from the Figure 2,
Carbaryl is the component with highest sdectivity and sengtivity while
Carbofurane, Propoxur and Isoprocarb have lower values due to their similar
spectra (collinearity). Collinearity can aso be assessed from the variance-
decomposition proportions [27] given in Table 3, where each column decomposes
the variance of each pesticide as a function of the eigenvalues of the S™S matrix.
90.4% (0.202.+ 0.702) of the variance of RYL (first and second rows of Table 3)
is associated to the first and second largest eigenvalues and has no important
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collinearity with the other pesticides since in these rows the contributions from the
other pesticides are practicaly zero. This agrees with the sdlectivity observed in
the RYL spectra with respect to the other pesticides. The fourth row in the table
shows that the smallest eigenvaue considerably contributes to the variance of CBF
(99.8%), PPX (38.1%) and IPC (40.1%). These large variance proportions
associated to this small eigenvalue are due to the collinearity between the three
pesticides. Similarly, the third row indicates that a considerable part of the PPX
and IPC variance (61.6% and 59.4% respectively) is only due to collinearity

between them.
Calibrationset1  Validation Calibration set 2 Validation
Set 1 Set 1
SEN, SEL, RMSEP SEN; SEL; RMSEP
RYL 0.122 0.764 0.38 0.135 0.797 041
CBF 0.011 0.117 2.29 0.010 0.111 0.46
PPX 0.015 0.144 0.74 . 0.014 0.142 0.32
_ IPC 0.014 0.137 2.08 0.015 0,138 0.82

Table 2. Individual values of senstivity , SEN, , and selectivity , SEL, for the pesticides in
calibration sets 1 and 2 and accuracy vaues (RMSEP) for validation set 1. (RYL = Carbaryl, CBF =
Carbofurane, PPX = Propoxur, |PC = Isoprocarb).

eigenvalue { RYL CBF PPX IPC

0.0446 0.2020 00003  0.0007  0.0009
0.0131 . (07024 0.0010 0.0023 0.0035
0.0002 00659 00006 0.6163 0.5941
0.0001 0.0297 0.9981 0.3807 0.4014

Table 3. Variance-decomposition proportions evauated from the
calibration matrix (RYL = Carbaryl, CBF = Carbofurane, PPX =
Propoxur, IPC = |soprocarb)
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According to the sendtivity and sdlectivity values as well as the variance-
decomposition proportions, the estimated concentrations for RYL should be more
accurate than the estimations for CBF, PPX and IPC.

Table 2 shows the RMSEP values for validation sst 1. RMSEP vaues are
consderably smaller for the models based on mixtures than for the models
evaluated from pure components (except for a dight increase in the prediction
error of RYL that cannot be considered significant). This can be explained by the
effect of the Hadamard matrix on the calibration step and the effect of interactions
that cannot be taken into account when calibrating with pure pesticide samples.
The prediction results from calibration set 1 are in agreement with the pesticides
sensitivity and selectivity values, since the lowest prediction error corresponds to
RYL, which has the largest SEN and SEL vaues. The large prediction errors of
CBF and PC may therefore be associated to spectral collinearity. Although thisis
true for calibration set 1, the results from calibration set 2 cannot be explained so
straightforwardly from their sensitivity and selectivity values, suggesting that these
measures alone do not explain the fina prediction error. This has already been
noticed in previous works [28]. Nevertheless, due to its better prediction ability,
the calibration model made with the mixtures was used to calculate the figures of
merit in the following sections.

Table 4 shows the values of the different parameters of the straight lines obtained
by regressing the actua concentrations on the predicted ones for each of the
pesticides taking into account uncertainties in both axes. The individual variancé
vaues caculated for the true concentrations are considered congtant a 10~ ppm
while the mean values of the variances for the predicted concentrations, calculated
from the multivariate calibration model using Eq (3), were 10~ (RYL), 2x10"
(CBF), 107" (PPX) and 107 (IPC) respectively.
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Sope sd. dope Intercept sd. intercept r
RYL 0.95 0.03 0.24 0.18 0.9847
CBF 1.02 0.04 -0.31 0.23 0.9849
PPX , 100 0.02 -0.05 0.12 0.9921
IPC 0.95 0.05 0.59 0.26 0.8600

TABLE 4. Vaues of intercepts, slopes, corresponding standard deviations and correlation
coefficients for the regression lines of true concentrations versus predicted concentrations for
each pedticide. (RYL = Carbaryl, CBF = Carbofurane, PPX = Propoxur, IPC = Isoprocarb

Thejoint confidence interval test of the dope and the intercept, taking into account
errors in both axes, proved that the methodology is free from bias for the four
pesticides, at a 90%, 97.5%, 90% and 99.99% level of significance for RYL, CBF,
PPX and IPC respectively. Figure 3 shows the confidence dlipse for the pegticide
Carbaryl, where the centre corresponds to the coordinates intercept = 0.24 and
dope = 0.95 (see Table 4). It can be seen that the theoretical point (0,1) is within
thejoint confidence interval of the dlipse for a = 0.10.

Slope
1.10

105 |}

1.00

o
10.24,0.95)

0.95

090

0.85

0.80 —_
0.4 0.2 ] 02 04 0.6 0.8 1.0

Intercept

_Figure 3. Confidence ellipse for the slope and the intercept of the
straight line obtained regressing ¢,y ON Ciaows taking into account
the uncertainties in both axes for the pesticide Carbaryl.
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The limits of determination, MDL, for each pegticide were computed according to
Eq (9). The term o® was obtained experimentally using validation set 2 by
calculating the variance of the spectra of the 10 replicates and selecting the
maximum in order to estimate the error in the response vector. Table 5 shows the
MDL'’s calculated with different a and P probabilities of error. It can be observed
that the MDL values are highly correlated with the selectivity values so that for a
given vaue of a and P, Carbaryl has the lowest determination limits and
Carbofurane has the highest vaues.

a=005 a=010
P=005 p=010 P=020 P=050]| P=005 pP=010 P=020 P=050

RYL | 008 007 . 006 004 | 007 006 005 003
CBF| 104 092 078 052 | 091 080 066 040
PPX | 075 067 056 037 | 066 058 © 047 029
IPC | 071 063 053 035 | 062 054 045 027

Table 5. Limits of determination (ppm) of the 4 pesticides computed according to Eq (8) for different
a and p probabilities of error. (RYL = Carbaryl, CBF = Carbofurane, PPX = Propoxur, IPC =
Isoprocarb).

Figure 4 shows, as an example, the characteristic curve of determination for
Isoprocarb, i.e. the representation of MDL as a function of the p probability of
error at different probabilities of atype | error. It can be observed that for a given
probability, the MDL increases when a probabilities decrease. On the other hand,
given a fixed probability of type | error, a low MDL can only be obtained by

increasing the p probabilities of error.
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0 0.2 0.4 0.6 0.8 1.0 12

MDL (ppm)

Figure 4. Characteristic curve of determination of the pedticide isoprocarb (IPC) at different
probabilitiesof typel error, a (&) 0.10, (b) 0.05, (c) 0.025 and (d) 0.01.

Validation with real data

The method has aso been validated using real river and ground water samples
spiked with 5 ppm of each besticide. The mean concentrations found for three
replicated measurements per sample and the percentages of resulting recoveries are
shown in Table 6. It can be observed that the RMSEP values cal culated accord ng
to Eq (8) are correlated with the values obtained from validation set 1 (Table 2).
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Propoxur gives rise to the most accurate results while Isoprocarb can be
determined with a certain degree of inaccuracy.

[RYL] %R | [CBF %R |[PPX] %R |[[IPC] %R
F1 - river 519 1038 | 465 929 | 495 990 | 6.05 1209
F2 - river 512 1023 | 470 938 504 1008} 631 126.1
1VE-river. 546 1091 | 447 84| 516 1033 | 647 1293
J1 - ground 570 1140 393 786 504 1008 | 681 136.2
J2 - ground 544 1089 | 445 890 497 P05 j 614 127
J3 - ground 557 1114 | 452 904 | 509 1019 ]| 659 1318
RMSEP (global) 049 061 013 143

Table 6. Mean vaue of the concentrations found from 3 replicates and percentage of recovery (% R)
for the six river samples and ground water spiked with 5 ppm of each pesticide (validation set 2).
(RYL = Carbaryl, CBF = Carbofurane, PPX = Propoxur, IPC = Isoprocarb ).

CONCLUSIONS

Multivariate analysis is gaining importance ndwadays and methods using this
technique should be validated accordingly. In the present paper, important
performance characterigtics such as accuracy, trueness and determination limits are
reported for aFIA method using classical least squares regression. The calculation
and interaction of these figures of merit with other performance measurements of
the cdibration mode such as sdectivity, sengdtivity and the variance-
decomposition proportions are shown. The main problem found was collinearity.
The specific methodology proposed to determine pesticides in water requires a
preconcentration step to reach the concentration level necessary for
spectrophotometric determination of ‘real samples within the legal limits. By
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accepting a global error of approximately 10%, and considering that 60% of the
error correspondsto the previous steps of the analysis and 40% to theinstrumental
determination itself, the statistical tests performed indicated that only 3 of the four
pesticides could be determined with acceptable accuracy.
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Statement of the problem

Although international standards concerning the performance of anaytica
laboratories, such as SO 25 or EN 45001, indicate that the limits of application of
analytical methodologies must be established, the calculation of detection limits in
multivariate andysis is made more difficult in practice for two reasons. on the one
hand, the theoretical problem of obtaining the appropriate estimators [1] and on
the other, the lack of suitable calculation programmes. This paper discusses a new
algorithm for calculating detection limit estimators in multicomponent analysis,
where the direct cdibration models are used. The methodology developed is based
on the gtatistical theory of hypothesis tests gpplied to the concentration domain [2]
and takes into account the p probability of falsaly accepting the absence of analyte;
something which has been systematically ignored in the approaches developed so
far. The performance of the new egtimator is assessed by comparing of the results
with the ones obtained with two previoudy devel oped approaches.

The algorithm and computer program

The program is written in Matlab language (M-file). Figure 1 shows the flow-
diagram of the program. The inputs of the program are the cdibrations set's
matrices of responses and concentrations (R and C respectively), the unknown
sample's vector (or matrix) of responses (r,,) and their respective associated
errors, var(R), var(C) and var(r,,). The user can choose whether these variances
ae to be supplied, edtimated from the resduads of the cdibration mode or
neglected. The a and P probabilities of committing false positive and false
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negative decisions should also be input by the end user either from a previousy

defined file or from the keyboard.

Analyte is detected

¥

C smar D

\r/

Input R, C, ry,
var(R), var(C) and varir,,)

.

Cdculation of S and
model validation

Is the modet
- correct 7

Calculation of G (C&k )

Input o and

Calculation ofe,, and
MDL for each analyte

Is ¢, > MDL ?

NO

Analyteisnot detected

END

Figure 1. Flow-diagram ofthe agorithm developed.
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The multivariate limit of detection (MDL) is calculated from the following
equation:

(MDL), = A(a,) &(Co,k) (1)

where 8(c0;,c) is the estimated standard deviation of the predicted concentration

under the null hypothesis, which is calculated by using the data supplied by the
user. A(a,P) is the non-centrality parameter of a non-central -distribution, which
depends on the a and p probabilities, as wel as on the number of degrees of

freedom, v, given by a(co «). A(ap) is caculated by following the procedure

developed by Cooper [3] and described by Sarabia and Ortiz [4]. The source code
for its calculation is shown in Figure 2.

The outputs of the program are the analyte predicted concentration, c.,, and the
multivariate limit of detection, MDL. Finaly, these two vaues are compared and
the detection decision is established at the levels of significance fixed by the user.

Comparison of results

Spectroscopic data set. The agorithm developed was used to calculate the MDL
for each of the four congtituents of a mixture of RNA nucleotides analysed by
means of UV-Vis spectroscopy. The experimental data consst of the matrix of
molar absorptivities S(36x4) of the nucleotides, calculated from the pure spectra
recorded between 220 and 290 nm, and a diagona matrix Co(4x4) of molar
concentrations of the pure analytes. The spectra of the four nucleotides is shown in
Fig. 3, where highly overlapped signals can be seen.
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function [delta] = td(proba,probb,v);

% Calculation of the non-centrality parameter of a non-central t-distribution
% with given alfa and beta probabilities of error

%

% Based on Cooper's AS5 algorithm

% Source: "Applied Statistical Algorithms", Ellis Horwood, Chichester, 1985.

%

% proba : probability of type | error

% probb : probability of type Il error

% v : degrees of freedom

% deltaO : initial value of the noncentrality parameter
% Called functions : norminv, tinv, tdes

X = norminv(proba);

t = tinv(proba,v);

tl =X + 2*t;

deltaO =t1*(1 - 1/(4*v))- x*sqrt(1 + t1°2/(2*v));

prob = tdes(t,v,delta0);
if (1-prob) - probb < 0

while prob < probb ~-0.00001
if abs(prob - probb) > 0.0011
delta0 = delta0 + 0.01;
else
delta0 = delta0 + 0.0001;
end
prob =1 -tdes(t,v,deltaO);
end

elseif (1-prob) - probb > 0

prob = 1 - prob;
while prob > probb + 0.00001
if abs(prob - probb) > 0.0011
deltaO = deltaO - 0.01;

else
deltaO = deltaO - 0.0001;
end
prob = 1 - tdes(t,v,delta0);
end
end
delta = deltaO;

Figure 2. Source code for the calculation of the non-centrdity parameter of a non-central t-

distribution.
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Absorbance
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220 230 » 240 250 260 270 280 290
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Figure 3. Pure spectra of the four RNA nuclectides: (-) adenylic acid, (--) cytidylic acid, (--) suanylic
acidand (*) uridylic acid.

Detection limits. A mixture of the four analytes was used to caculate the MDL.
The results were compared with the ones derived from the conventional definition
of MDL (Eq 26, Ref 5), and the ones provided by Lorber (Eq 39, Ref 6). However,
for comparison purposés the component due to error in the concentrations of the
andytes in the calibration samplés has not been taken into account and the non-
centrality parameter, A(a,f3), was given a value of 3. The results are shown in
Table 1.
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Conventional Lorber Boqué & Rius
definition 1986 1996
Adenylic 0.42 0.60 0.46
Cytidylic 0.09 0.10 0.12
Suanylic _ 0.18 0.20 0.19
Uridylic 0.56 0.87 0.62

Table 1. Comparison of the multivariate detection limits for the four constituents (x10°> M)

It can be observed that the values obtained are of the same order as those of the
approaches described above. Cytidylic acid has the smallest MDL and this effect is
related to the sdlectivity of its pure congtituent spectrum, as can be seen in Fig 3.

However, the main advantage of our program is that it enables the user to select
the a and p probabilities of both types of error, dways present in chemica
analysis. The MDL for the four nucleotides and different values of a and P are
shownin Table 2.

a=010 a=005 a= 001
B=0.10 p=005 P=0.01 | p=010 p=005 p=001 | B=0.10 P=0.05  p=0.01
Adenylic | 038 044 054 045 051 062 0.62 0.68 0.80
Cytidylic { 024 027 034 | 028 032 038 | 039 043 050
Suanylic | 034 039 048 041 046 055 0.56 0.61 0.72
Uridylic 101 115 142 119 134 162 163 180 212

Table2. MDL for thefour congtituents at different levels of significance (xlO'5 M)

The graphica representations of the MDL as a function of the P probability of
error, or as a function of the a and P probabilities together (tridimensiona
representations) are called characteristic curves ofdetection [4]. Fig. 4 shows both

types of curves for the cytidylic acid.
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MDL (x10°5M)

MOL {x10-BM)

Figure 4. Characteristic curves of detection for the cytidylic acid. (8) MDL versus p error for different
probabilities of a error. (b) MDL versus both aand P errors.
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Capitol 5 Limits de deteccié6 en models de calibracié inversos

Els moddls inversos sdn els més ampliament utilitzats en es metodes d'andlis que
fan sarvir la caibracio multivariant. En dls, la concentracio de I'andit dinterés es
modela en funcié de les mesures instrumentals segons una relacio que sovint és
lined. Estracta, doncs, de modds empirics que no tenen & suport tedric de cap lle
fiscoquimica, com aa la lle de Lambert-Beer en & cas dds modes
espectroscopics clasdics. L'avantatge més important que incorporen €s que, a
I'hora de construir @ model, hom només ha de conéixer la concentracio de I'analit
en estudi en |'etapa de cdlibracio. Per tant, SOn extremadament (tils quan es tracta
d'analitzar mostres amb matrius complexes, on & coneixement que es té de la
concentracio de tots s condtituents presents és insuficient Per contra, com € que
hom pretén és que @ moded sigui Util per predir, tots els congtituents presents en
les mostres i que contribueixen a la resposta globa han d'estar suficientment
representats i han de modelar-se implicitament en I'etapa de calibracio.

En aguest tipus de models, I'estudi dels limits de detecci6 ha estat menys
desenvolupat que en ds models de cdibracio dassics essent |'aproximacio
desenvolupadaper Lorber i Kowalski [1 lamésremarcable (veure apartat 2.3). En
ela, ds autors congdrueixen ds intervas de confianga de la concentracio predita
pel model de calibracio i estableixen que s aguest interval inclou € vaor de
concentracio  zero, llavors l'andit en la modtra es troba per sota dd limit de
deteccid. Recentment, Faber i Kowaski [2] han ampliat € treball inicial, derivant
expressions per l'error de prediccié en models de caibracio inversos utilitzant
diferents metodes de regressio i incorporant termes d'error experimentd, tant en
les variables dependents com en les independents. En tots els casos, sobserva
clarament que no s’estableix per a un metode determinat un limit de deteccié fix,
- 9nd que aquest és dependent de la mostra que sesta anditzant. Aquest aspecte,
que ja ha estat comentat amb anterioritat, €s d'una importancia transcendental, ja
que é’abandon‘a el concepte d'un limit de detecci6 Unic en € cas de la calibracid
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univariant per a donar pas a un concepte de deteccid variable, motivat per
I’especificitat de les mostres en analisi.

Totes les aproximacions presentades fins ara a la bibliografia estan protegides
respecte a la probabilitat o de cometre un error de la especie (fals postiu); i.e.
afirmar erroniament que I’analit es troba present ala mostra. No es famencio en
cap moment de la probabilitat exisent d'afirmar erroniament que 1’analit no es
troba present alamostra. Aquesta probabilitat P de cometre un error de 2a espécie
(o fals negatiu) ha estat sistematicament obviada en € tractament dels limits de
deteccid en aguest tipus de models. Es per aguest motiu que ens vam plantejar
I'objectiu de desenvolupar estimadors dels limits de deteccié que tinguessin en
compte ambdues probabilitats d'error i que ahora fossin capagos d'incorporar es
diversos termes d'error experimentd, tant en |'etapa de cdibracio com en la de
prediccio.

En d primer apartat es presenta un estimador del limit de deteccié desenvolupat a
partir d'una aproximacio univariant i basat en els intervals de confianga del model
de calibracid. A continuacio, i seguint les darreres recomanacions fetes per la
TUPAC sobre la capacitat de deteccio i quantificacié des métodes dandis, es
presenta un estimador basat en lateoria dels tests d'hipotes.

51. Estimador basat en ds intervals de confianga de modd de
calibracio

En una primera aproximacio, i aprofitant e treball de Lorber i Kowalski [1], hom
va plantgjar ampliar la definicio del limit de deteccid a partir dels intervals de
confianca de la concentracio predita pel modd de cdibracid. La primera part de
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I'aproximacio no presenta variacions respecte de la proposada per Lorber i
Kowalski: a partir de la resposta d'una determinada mostra desconeguda, r,, €s
possible obtenir la concentracié de 1’analit k predita pel model, aixi com €
corresponent interval de confianga (¢,,,*Yy ), construit amb un nivell de

Y2 "El criteri per decidir s I'analit és

significacio (1 - @), i on y = ¢, var(c,,,)
detectable 0 no consisteix en comprovar s € valor (é,,,—7) inclou e valor de
concentracio zerd. En cas negatiu, es pot concloure que la concentracio d’analit en
la mostra esta per sobre ddl limit de deteccié del metode, amb una probabilitat a

de cometre un fals positiu.

Per a desenvolupar la segona part de la metodologia i incorporar la probabilitat
d'error P en Pestimador del limit de deteccio, hom va recorrer a treball dut a
terme per Hubaux i Vos [3] en e camp 1;.nivariant (veure apartat 1.2). En dl, s
autors deriven un limit de deciéié en I'ambit de les respostes i un limit de deteccio
en ’ambit de les concentracions, apartir dels intervals de confianca de la corba de
calibracié. El limit de decisio, o nivell critic, Sestableix com € minim senya per
damunt del qual un senya enregisirat és considera degut a la presencia de I'analit
en la mostra. Aquesta resposta Correspon alainterseccié de la banda superior de
confianga de la corba (construida amb un nivell de significacio 1-a) amb I'eix
dordenades, 0 @ que és & mateix, a un nivell zero de concentracio. Aquesta
resposta pot ésser transformada, mitjancant € propi model de calibracié, en €
correponent limit de decis6 en I'espai de les concentracions. S es desitja, pero,
un limit de deteccié que tingui en compte la probabilitat de cometre un fals
negatiu, es pot propagar la resposta critica sobre la banda inferior de confianga
(congtruida ara amb un nivel de ggnificacio 1-B). Tradladant aquestes
consideracions aun model multivariant, €l problema radicatambé en I'obtencio de
la resposta corresponent a limit de deciso i de la concentracid corresponent a
limit de deteccio.
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[ Un cop establertes les bases de treball, € procediment general dut a terme per a

L establir els limits de detecci6 en models de calibracié inversos s’esquematitza tot
; seguit:

1. Construcci6 i vdidaci6 dd model a partir de les matrius de
respostes i concentracions de I'etapa de cdibracio, R i ¢. Cdcul dd

rang quimic optim del model.

2. Enregidgrament de la resposta de la modtra desconeguda, Ty, |

calcul de la concentraci6 preditapel model, ¢, -
3. Cdcul de lavariancia de la concentracio predita, var(cu,x), apartir
de Pexpressi6 adoptada.

4. Cdlcul de laresposta multivariant critica, rp, resposta instrumental
corresponent a ufia concentracié nul-la d’analit, amb una probabilitat

a de cometre un fals positiu.

5. Calcul de la concentraci6 cp, apartir de laresposta de detecci6, rp,

) amb una probabilitat P fixada de cometre un fals negatiu.

6. Comparacio de cp amb ¢, i adopcio del criteri de deteccio.

La principa dificultat és, sens dubte, € cacul de la resposta multivariant critica,
rp, i.e. la resposta corresponent a una mostra amb concentracio d'andit zero.
Matematicament, aguesta resposta pot obtenir-se a partir de la interseccié de la
banda inferior de confianga del model amb € pla J-dimensional de respostes
corresponents a una concentracio d'analit zero, de manera andloga a procediment

descrit per Hubaux i Vos (Fig 5.1), com:

8y —7 =0 (5.1)
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0 e que és &l mateix:
- _ & 172
cun,k - r-;1 var(cun.k) (52)

Tant € costat esquerre com € costat dret de I’Eq (5.2) inclouen la resposta de la
mostra desconeguda. Per la seva banda, e terme var(cy,) pot ser més o menys
complex, depenent de s incorpora 0 no totes les fonts d'error experimental
associades d métode. El problema en regressié multivariant, pero, és € fet que
existeixen infinites respostes critiques, rp, que compleixen I'EqQ (5.2). Aix0 es pot
il-lustrar clarament amb I'exemple: s imaginem un model bivariant expressat en

notacio escalar, la concentracio ve donada per:
C=by+ by +byyr, (5.3

Si es relacionen les equacions (5.1) i (5.3) i hom suposa per un moment que
I'interval de confianga de la concentracio predita és un terme constant, llavors

s'obté;
by +br +b,r, = Cte (54)

Es pot deduir que, per uns coeficients del model donats, fy, existeix un conjunt
infinit de parells (r\, ) que compleixen l'equacio anterior. Les mateixes
conclusons sextreuen s no es conddera € terme y congant i es desenvolupa

extensament d'acord amb I'Eq (5.2).
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' Fig. 51 Representaci6 grafica de la resposta multivariant critica, rp. Per tal de facilitar la
o i visuditzacio, € modd invers sharepresentat en una soladimensio.

El fet que exigeixin multiples respostes multivariants critiques, rp, té una

interpretacio experimental clara, ja que poden ser obtingudes a partir de diferents
mostres sense contingut de I’analit en estudi, pero amb diferents concentracions de
les substancies interferents. Cadascuna d'aquestes mostres donalloc aunaresposta
multivariant diferent, encara que € mode predigui una concentracié zero per
['analit en qlestio,

A partir daguest punt, & problema esdeve I'obtencié d'una resposta critica, rp,

|’l Unica per a una mostra desconeguda donada. La solucié plantegjada en aguest
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primer treball consisteix en trobar la resposta critica a partir de la resposta de la
mostra desconeguda, r,,, a partir d'una aproximacié geometrica. Si hom defineix
una recta, en l'espai J-dimensional, que uneixi la resposta de la mostra
desconeguda (r,,,) amb I'origen de coordenades del model, lainterseccié d'aquesta
recta amb I'interval inferior de confianga (¢, -y ), quan la concentracio d’analit
€s zero, proporcionara una resposta rp Unica. La interpretacio quimica d'aquesta
resposta €s una mostra amb unes concentracions d’interferents proporcionals a les
de la mostra desconeguda (matriu quimica smilar), perd sense la presencia de
['analit dintereés. Trobar una resposta exactament equivaent a la resposta de la
mostra desconeguda, perd sense la presencia de I'analit, suposaria calcular la
contribucio neta d'aquest analit i després restar-la de la resposta total. Aquest
darrer procediment, molt més relacionat amb e concepte de senyal net de Lorber

[4], es descriu amb més detall en1’apartat 5.2.

Laresposta critica (rp) €s, doncs, € punt de I'espai Jdimensiond que pertany ala
recta definida anteriorment i que compleix I’eq. (5.1). L'algorisme de calcul de rp
pot ser més o menys llarg en funcio de lacomplexitat de ’expressié de lavariancia
de la concentracio predita, var(cux). Un cop trobada laresposta critica, a nivell de
significacié (1 - @), la concentracio derivada, ¢, pot obtenir-se a partir del model

de calibracio, eg. (2.21), com:
¢ =1pb, (5.5)

Degut as errors aeatoris en les mesures experimentals podria succeir, pero, que s
sanalitzés a l'atzar una mostra amb aquest nivell de concentracio, la resposta
instrumental  obtinguda donés lloc, a través del model de calibracio, a una
concentracio per sota de la concentracio critica. Per tal de tenir controlada també

la probabilitat P de cometre un fals negatiu, la concentracio corresponent a limit
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de deteccio, cp, es troba finament projectant la resposta rp, sobre l'interval
':' superior de confianca, construit ara amb un nivell de significacié (1 - P).
Matemati cament, aquestaconcentracid, cp, €Spot expressar com:

Cp = ¢y +1, var(e, )" (5.6)

LaFig. 5.2 recull graficament el procediment de cacul del limit de deteccio.

C
1-8
1 -«
iy
=!
Cun
1-B o //
I'p Fun r

o Fig. 5.2 Representacio graficaunivariant del calcul del limit de deteccid, cp. En aquest cas, ¢y, > cp i
- en conseguencia I’analit és detectable, amb probabilitats a i (3 predefinides. Per facilitar la
3 visualitzaci, e vector multidimensional de respostes, r, sha reduit a una sola dimensio.
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Finament, € criteri de deteccié es modifica sensiblement. Per una resposta
donada, r.., € fet que I’interval de confianca de la concentraci6 predita pel model
no inclogui € valor de concentracié zero ja no és condicio unica per decidir que
Panalit és detectable. Per establir s un analit es troba present a la mostra, amb
probabilitats d'error a i P perfectament establertes, e valor de la concentracio
predita ha de ser superior a valor de la concentracid, cp, corresponent a limit de
deteccio. '

L’estimador desenvolupat es va aplicar a cacul dels limits de deteccié en dades
reals, consigtents en I'andlisi del contingut de Ca*" i Mg®* en mostres d'aigiies
naurds, mitjancant un métode dandis per injeccio en flux (Flow Injection
Analysis, FIA) amb deteccio espectrofotométrica. Es van estudiar també es
diversos factors experimentals que tenen influencia sobre els valors dels limits de
deteccid, apartir de smulacions fetes sobre les dades originas.

- El desenvolupament tedric de I’estimador derivat, aixi com €s resultats obtinguts,
tant en e calcul des limits de detecci6 com en I'estudi de la influencia dels
diferents parametres experimentals, es presenten d final del capitol, en I'article
titulat Multivariate Detection Limitswith Fixed Probabilities of Error, enviat per a
la seva publicacié alarevistaAnalytica ChimicaActa..

5.2. Estimador basat en els tests d'hip(‘)t@i

‘La dificultat de calcul de I’estimador derivat en |'apartat anterior, aixi com I'Us
d'una gproximacié geometrica per ala obtencié de la resposta critica de deteccid,
rp, €Ns va motivar a intentar desenvolupar un atre estimador pels limits de
deteccio en mbdels de cdibracid inversos. Aprofitant larecerca duta aterme en s
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models de calibracié directes i tenint presents les darreres recomanacions de la
IUPAC en e camp de la deteccio [5], hom va plantejar fer un tractament del
problema a partir de lateoria dels tests d'hipotesi. De la mateixa manera que en el
capitol 4, es pot definir una concentracié critica, per damunt de la qua es
considera que I'analit es troba present alamostra, com:

cLp =1 Vér(ck,Ho)ﬂz (5.7)

on ¢, és e valor de ladigtribucio t d’Student d'una cua amb v graus de llibertat i
nivell de significacio (1-a), i vér(c,y,) €s la varidncia estimada de la
concentracio preditapel model sota la hipotes nul-la. Per la sevabanda, € limit de

detecci6 per I'analit k es pot expressar com:

(LOD),; = A(0t,B) Var(cy ) ™ (5.8)

on A(a,B) és e parametre de descentrat d'una distribucié t d’Student descentrada
amb v graus de llibertat i té en compte les probabilitats de cometre falsos positius i

falsos negatius.

Utilitzant aquesta metodologia, € problema radica en e calcul de terme
vﬁr(ck,Ho). Hi ha una srie dautors que han proposat expressons per a la
variancia de la concentracio predita, valides per a qualsevol metode de regressio
[1,6]. Fins i tot shan introduit expressons per a la incertesa en programes
informatics de calibracié multivariant [7]. Recentment, Faber i Kowalski [2] han
criticat aquestes expressions i n'han derivat d'dtres a partir dd metode de la
propagacié derrors i basats en els models d'errors en les variables (errors-in-
variables, EIV), es quas difereixen lleugerament dels models de regressio

classics en d sentit que es tenen en compte es errors experimentals de mesura,
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tant en les variables predictores (respostes) com en les variables predites

(concentracions). Aquests models venenregits per ’eq. (2.14):
c, =Rb, +e
amb

c* =¢ +Ac,

R=R+AR

on es vectors 0 matrius amb € simbol “~” sdn variables mesurades (observades) i
el simbol "A" indica el corresponent error de mesura de la variable en qliestio (e
qual no es pot observar). En consequéncia, i combinant les tres darreres
expressions, sobté eI vector de concentracions mesurades de l'analit k, que

sexpressa com:
§ =Rb, —ARb, +e+Ac, (5.9)

on bk és e vector de coeficients de regressio, estimat per ILS, PCR o PLS (veure
apartat 2.1). Aquests tipus de models sdn molt Utils quan les concentracions de
['analit k en les mostres de cdibracidé es determinen mitjancant un metode de
referéncia amb una imprecisé no menyspresble. L'exemple més tipic és la
determinacié dd percentatge de proteina en mostres de blat mitjangant
espectroscopia NIR; en aquest cas @ contingut de proteina en les mostres de
calibracio sestableix a partir del métode Kjeldahl, métode que habituament
produeix errors del 0.2% anivells del 10% de proteina en blat.
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De la mateixa manera, en |'etapa de prediccio, |a resposta mesurada de la mostra
desconeguda es pot expressar com ¥, = r,, + Ar,,, ON ry, €S larespodared (no
observable) i Ar., és I'error de mesura en r,, . Finalment, I'equacio general de

I'error de prediccio, per aunmodel centrat, Sexpressacom [2]:
virey) = (1" + ) [o? +02 +[b, o} +0%, +[bi[ ol (610)

En aguesta darrera expressié, o, CTRi o son les variancies dels errors
experimentals en les concentracions i les respostes de calibracid i en laresposta de
la mostra desconeguda, respectivament. o2 | cﬁw On les variancies residuals
corresponents ala part no modelada de les mostres de calibracié (e = ¢, -Rb, ) i
de predicci6 (e, = ¢, — 7L b,), respectivament. El terme entre claudators de I’eq.
(5.10) sanomena en la literatura estadistica variancia efectiva, o2, i sobté
experimentalment a partir dels resduas de les concentracions del model de
calibraci6 [8]. Finament, € terme A,, és € |leverage de la mostra desconeguda, €l
qual proporciona laposicié de I'esmentada mostra en I'espai de calibracio. Aquest

terme sexpressa, de forma generd, com:

B, =ro R (R r, (511

La diferéncia entre els diferents métodes de regressié respecte e calcul de Ay,

radica en laforma d'estimar lamatriu R* (veure apartat 2.1).

Sobserva que I'eg. (5.10) conda de tres termes. La naturalesa de cadascuna de les
contribucions i la seva influéncia sobre laincertesa globa es pot apreciar en laFig.
5.3.
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Fig. 5.3. Diferents contribucions a la variancia de prediccid per a un model de calibracio inversi en
I'espai unidimensional. La contribucié del model que es mostra en (a) depén de la posicio de la
mostra desconeguda en I'espai de cdlibracio i és, evidentment, menor prop dd centre del model. La
contribucio del residual de lamostra desconeguda, e,,, que es mostraen (b) éslarad de quefinsi tot
en absencia d'errors de mesurai utilitzant é model vertader, no es pugui predir la concentracio sense
incertesa. Finalment, la contribucié en (c) s deguda a I'error de mesura en la resposta de la mostra
desconeguda i depén del pendent de larecta. (Extret de la Ref. 2).

El primer terme és degut a la incertesa en I'estimacio dels coeficients del mode i
conté les contribucions de I'error residua (o) i I'error en les concentracions (o) i
respostes (or) de calibracio, respectivament. El segon terme és degut a la part de

cm que no ha esta modelada (contribuci6 de la variancia residua Gz... ).
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Finalment, e tercer terme és degut a la incertesa en la mesura de la resposta

desconeguda( oy ).

A partir de ’eq. (5.10) pdden deduir-se diferents expressons per a la variancia de
laconcentracié predita, en funcio de les assumpcionsfetes. Aixi, S esnegligeixen
les contribucions degudes a lafalta d’ajustatge, tant en les mostres de calibracio
comdeprediccio, I’eq. (5.10) esdevé:

virte,) = (I + )02 +lb o} +[biffel, G2

Aquesta darrera assumpcio pot fer-se S @ procés de cdibracid esta basat en una
llei fisica que descriu unarelacio exacta entre les respostes i les concentracions.

En espectroscopia, I'exemple més clar i representatiu éslallel de Lambert-Beer.

Si es negligeixen €s errors de mesura de les respostes instrumentals, 1'equacio
anterior edeve

var(e,, ) =0, (I +hy,) (5.13)

L'expressié equivaent a I'eq. (5.13) per ads models de regressié classics
sobtindria substituint e terme 7' per (I' + 1) i o’ per o2 [9]. En @ cas
dincloure es errors en les respostes instrumentals, la solucié equivaent per
minims quadrats a l'eq. (5.12), sota € modd de regressd estandard, sobté
incloent un terme degut a la falta d'gjustatge ded modd (o) i substituint o2 per
ol [8].

D'acord amb € procediment desenvolupat a capitol 4, hom esta interessat en

I'expressié de la variancia de la concentracio predita sota la hipotes nul-la, i.e.
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quan no hi ha analit present a la mostra. Per tant, les equacions (5.10) i (5.12) es

transformen respectivament en:

VAK( o) = (I" + kmlﬂo)[ci +ol+ kuuch{] +62 o +::bk‘|zofmmo (5.14)

Vir(upm) = (I + ) [cg +| bk"zcil by IP 6% o (515

El simbol "HO" indica que les quantitats corresponents shan de calcular sota
condicions d'hipotesi nul-la. Aixi, € terme corresponent a leverage sexpressa
com:

T

0 ~ Yuno R R ) Tungro (516)

Cd indicar que, enles egs. (5.14) i (5.15) tots détermes, exceptuant / (el nombre
de mostres de calibracid) shan de subdtituir per les seves corresponents
esimacions. El terme r,,;;, sha d'estimar a partir de la resposta de la mostra
desconeguda, r.,, extraient-ne la contribucié de I’analit k. En € cas dels models de
cdibracid directes, aquesta resposta sobtenia fent Us del concepte de senya nul
d'un andit. Es obvi doncs que aquest mateix concepte s’ha de tradladar als models

de cdlibraci6 inversos.

El mes dejuny de 1996, dins e marc de laV1 Conferéncia sobre Quimiometria en
la Quimica Analitica (CAC’96), € Prof. Lorber [10] va presentar la generalitzacid
del concepte de senyal net d'un analit per amodels inversos i per a métodes que
utilitzen instruments de segon ordre o ordres superiors. En e cas dels models
inversos, s disposem de la matriu de respostes de les mostres de cdibracié, R, i
del vector de les concentracions de I’analit d'interes, ¢;, en cadascuna d'aguestes

mostres de cdibracid, és també possible eiminar la contribucié de I'analit k dels
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espectres de la matriu R. Aix0 es pot aconseguir mitjancant e metode de
I'anihilacio del rang (RAM, Rank Annihilation Method) [11,12].

La filosofia dd RAM % basa en € fet que € nombre despécies quimiques
presents en unamostrareal ésigual a rang quimic de lamatriu de lamostra. En
cas de la calibraci6 de segon ordre, € principi de funcionament del RAM
consisteix en relacionar la matriu de I’estandard de 1’analit pur en estudi (S) amb
la matriu d'una mostra real (X). La matriu de I'estandard es multiplica per un
escalar ki, posteriorment, € producte es resta de la matriu de la mostra, obtenint-
se una matriu diferéncia (M =X - kS). En fnoment en que l'escalar k ésigua
a quocient entre la concentracié de I'andit en la mostra i la concentracié de
I'analit en I'estandard, la matriu M tindra un rang quimic inferior en una unitat a
rang de lamatriu X. Imaginem €l cas,'per exemple, que la concentracié de I'analit
és la mateixa en l'estandard i en la mostra. LIavors, quan k vagui la unitat, la
diferencia (X - S) equivaldra a unamatriu en la qual sha diminat la contribucié de

I'analit en qliestio.

De la mateixa manera, en cdibracié multivariant, la nova matriu, sense la

contribucié de I'analit k es pot expressar com:

R-k =R—chrT (5.17)

essent r’ una combinacio lined arbitréria de la matriu R (la qual ha dincloure
forgosament informacio de I'espectré de I'andit K) i K un escalar. Encara que en €
marc habitual de I'ani q'uilacié del rang, d vector r" ha de ser I'espectre de I'analit
k pur, € fet de triar diferents combinacions lineas només afectara € vaor de

I'escalar K. Aquest escalar pot calcular-se com:
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1

R = 5.18a
r'R'c, ( )
o € que és & mateix:
1
Cr

on ¢, éslaconcentracio preditapel model corresponent a larespostar’. R* ésla
matriu pseudoinversa construida només amb es A factors significantsi R'c, és e

vector de coeficients de regressio estimats (b,) del model de calibracio invers.

En ¢ cas que r" sigui I'espectre de I'analit k pur, € terme r” | ¢, no és res més
que & vector de senshhilitats, s; , de I'analit k, 0 € que és el mateix, I'espectre de
['analit k pur a concentracié unitat. Finalment, S es multiplica s; pel vector de
concentracions de I'andlit k en cadascuna de les mostres de cdibracio, sobté la
matriu Ry dels espectres de I'analit k pur a diferents concentracions. Si es resta
aquesta matriu de lamatriu origina de respostes de calibracid, R, € resultat és una
matriu, Ry, sense la contribucio de I'analit d'interés. Cal notar que R, té la

mateixa dimenso (IxJ)que lamatriu inicia R.

El problema es presenta quan no es disposa de I'espectre de I'andlit k pur. én
aguest cas, tal com sha esmentat abans, r” pot ser qualsevol combinaci6 lined de
la matriu R, sempre que contingui la contribucio de I'espectre de I'analit k.
Evidentment, r’ també contindra informacié dels restants congituents de la
mostra. S es multiplica aquest vector per I'escalar K, calculat a partir de ’eq.
(5.18), & que sobté és una resposta que conté I'espectre de I'analit k pur a

concentracio unitat i atres contribucions degudes as interferents presents a r'.
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Finalment, s es multiplica aguest darrer vector per ¢, la matriu resultant ke, r®
contindra informacic de I'espectre de I'analit k pur a les diferents concentracions
de I'etapa de calibracio. La diferencia entre aquesta darrera matriu i R (la matriu
de respostes origind) déna lloc a la matriu Ry, la qua esta exempta de la
contribucié de I'espectre de I'andit en estudi, perd també de certa part dels

espectres d'altres constituents presents ala mostra.

Un cop trobada la matriu R,, & senyd net de l'andlit k per a una mostra
desconeguda qualsevol es pot calcular en €l nou espai com:

*

run,k -

on (I-RY,R_,) és una matriu de projecci6; s la multipliquem per un vector
determinat, la part d'aquest vector ortogona a l'espai definit per R, quedara
retinguda. La matriu R, a diferencia de lamatriu S, en es models de calibracid
directes, manté la dimensié origind (IxJ)de la matriu R. Per la seva banda,

senyd nul, i.e. lapart de laresposta sense la contribuci6 de I'andit k, sobté com:
YunHo = RLR, ¥, (5.20)

Un cop trobades I'expressio de var(cyuo) i |aresposta de la mostra desconeguda en
condicions dhipotes nulla (r,), € principd problema que es plantgja €s
I'estimaci6 dels diferents termes de variancia (62,62 ,0%,07 gl OF o), aixi

com els graus de Ilibertat per a cacul dd parametre de descentrat, A(a.,B).

Les variancies dels errors de mesura experimentals (07,03 i 67 o) Shan
destimar a partir de replicats. En @ cas de o2, ax0 suposa determinar la

incertesa dd métode de referéncia a diversos nivells de concentracio de I'analit en
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estudi. En agquest cas, @ nombre de graus de llibertat es pot deduir facilment a
partir del nombre de nivellsi de repeticions. Aquest procediment, pero, pot no ser
viable en la practica, ja que implica un treball experimental important. Una altra
possibilitat, en € cas que es erors en les mesures de les respostes siguin
negligibles (Eq. 5.13), és estimar aquest terme a partir des residuas del model de

calibracié, segons I'equacio:

f
Z(&Vf - éf )2
ol = ‘—v-— (5.21)

on ¢, son les concentracions mesurades pel métode de referéncia i ¢, s6n les
concentracions predites pel model. En € cas de ILS, quan e nombre de mostres, /,
és superior ad nombre de variables, J, eI nom.bre de graus de llibertat, v, ve donat
per (I-))o (I-J-1),el darrer en € cas que les dades hagin estat centrades. En € cas
de PCR i PLS, ds graus de llibertat venen donats per (I-4), o (I-4-1)en cas de
dades centrades, essent A la dimensié del model, i.e. € nombre optim de factors
escollits. Cd indicar que, en estimar oil apartir de I’eq. (5.21), hom assumeix, de
manera implicita, que no exigeix biaix en e mode de calibraci6. Recentment,
Faber i Kowalski [13] han fet un tractament rigdrés sobre € problema dd biaix en
els diferents métodes de regressié multivariants, Hom no sestendra més en aquest
concepte, doncs € lector pot trobar en la citada referéncia tota la informacio a

respecte.

Comja sha comentat anteriorment, quan les variancies dels errors en les respostes
no son negligibles i hom utilitza les egs. (5.10) o (5.12) per avauar l'error de
prediccio, llavors els residuals dd model de cdibraci6 no produeixen una

esimacio de o2, Snd de lavariancia efectiva (o).
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Per la sevabanda, |a variancia dels errors en les respostes (% i o7 ) també ha
d'estimar-se a partir de repeticions, en aquest cas instrumentals. En molts casos,
pot assumir-se que es errors en lamesura de les respostes de calibracio i prediccio
Oniguals (of = 67 = o2 1), tot i que és aconsellable que aguesta assumpcio es -
verifiqui. Els graus dé llibertat en I'estimacié d'aquests termes es calcula a partir

del nombre de sensors, J, i de repeticions dutes aterme.

El terme csﬁ , corresponent alafaltad'ajust del model vers les dades de caibracio,
pot estimar-se a partir del cacul de la variancia efectiva, sempre que es dispos

d'estimacions independents de o2 i o7}.

Final‘ment, s hom utilitza les egs. (5.14) o (5.15) per a estimar la variancia de la
concentraciO predita sota la hipotes nul-la, € nombre de graus de llibertat totals,
per al'estimacié del parametre A(a,p) en I’eq. (5.8), es pot cacular aplicant la
reglade Satterthwaite, eq. (1.38).

L’estimador desenvolupat es va aplicar d calcul dds limits de deteccié en dades
reals, consistents en l'andis del contingut en PIONA (parafines, isoparafines,
olefines, naftens i aromatics) en mostres de nafta, mitjancant 1’espectroscopiaNIR.
Els resultats obtinguts es presenten a final de capitol, en l'article titulat
Multivariate Detection Limits in Inverse Calibration Models, i que ha estat enviat

per apublicacio alarevista Chemometrics and Intelligent Laboratory Systems.
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Multivariate Detection Limitswith
Fixed Probabilities of Error

R BOQUE ", F. X. RIUS
Departament de Quimica, Universitat Rovira i Virgili.
Pc¢a. Imperial Tarraco 1, 43005 - Tarragona, Catalunya, SPAIN.

ABSTRACT

In this paper anew approach to calculating multivariate detection limits, MDL, for
the commonly used inverse cdibration model ¢ = Rb + eis discussed. The derived
estimator, which takes into account the probabilities of false postive and false
negative decisions, is based on the confidence intervals associated to the predicted
concentrations of the multivariate model for the measured instrumental response.
As the MDL is affected by the presence of other analytes in the sample to be
analyzed, it is different for each sample and so the approach proposed attempts to
find whether the concentration derived from a given response is detectable or not
a the levels of significance chosen. The incidence of factors which affect the
detection limit are also studied and a series of guidelines are given about how to
decrease the errors in the calibration and prediction steps and so determine lower
concentrations. The new methodology developed has been applied to the
calculation of the detection limits of Ca and Mg in natural waters using a SIA
(sequential  injection analyss) method with multivariate spectrophotometric
detection.
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INTRODUCTION

As instrumental techniques get more and more sophigticated and capable of
generating multivariate data, the study of different figures of merit, among which
are detection limits, has become very important, not only to characterize the
different associated analytical methods but aso to serve as a guide for the design
of new instruments. The study of detection limits in multivariate regression only
dates back a few years and has been reviewed very recently'. The approaches
described and the derived estimators are very varied; Lorber? was one of the first
to calculate amultivariate detection limit starting from the definition of net analyte
signal. Subsequently, Lorber and Kowalski® defined this estimator as a function of
the confidence intervals associated to the predicted concentration. Bauer et al.*
obtained an estimator that is a function of the error in the predicted concentration
with the theory of error propagation. Kvalheim et al.’ defined a detection limit for
minor components in the presence of other major species and noise level which is
often used in chromatographic techniques. Delaney® and later Singh’ use principal
components analyss (PCA) to reduce the dimensondity of the multivariate

response and to apply the classica univariate approaches of limits of detection.

All the aforementioned estimations are protected against false positive decisions
but there is no mention of the probability of their taking false negative decisons.
In the definition of limit of detection proposed for individual signals (zero-order
calibration) in Love Canal Study®, Hubaux and Vos® or Clayton et al.", these two
error types are perfectly established. 1t seems then that a more complete approach
to MDL is needed.

In this paper, we propose a new method for caculaing these limits for the
commonly used multivariate inverse calibration model, ¢ = Rb + e, using an

approach which is similar to the one used by Hubaux and Vos® in classicd
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univariate regression. The method has the advantage that the calculation of the
confidence intervals is associated to the predicted concentrations of a multivariate
model and takes into account the probabilities of false positive and false negative
decisions. In multivariate cdibration, the detection limit does not only depend on
the mathematical model and the calibration sets used but also on the presence of
other analytes in the sample to be analyzed, so each sample has a different MDL
and, as aresult, what has to be found is whether the concentration derived from a
given response is detectable or not at the chosen significance levels. A single MDL
is not fixed for an analytical method, not even for specific operating conditions,
but depends on the response of each unknown sample that is analyzed. This paper
studies the incidence of the experimental parameters that affect the final esti métor,
starting from the derived expressions, and discusses a series of considerations to
minimize the prediction errors and so detect lower analyte concentrations in the

sample.

Finaly and by way of an example, the method described is applied to the
calculation of the detection limits of Ca®* and Mg®* in samples of natural waters
using Sequentid Injection Analysis (SIA) with aUV-Vis diode-array detector.

THEORY

Building and Validating the Multivariate Model. Assuming an inverse
calibration model, the vector of the analyte concentrations in the samples is given
by c=Rb+ e, where the concentrations are a linear function of the responses
(sensors). If we have / cdibration samples and we obtain ther r&sponsés inJ

different sensors, the R matrix is obtained. Assuming that the data are mean

centered, the model coefficients for an analyte k, b,, are estimated in the
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calibration step using Bk = f{*ck , Where R" is the pseudoinverse matrix of matrix
R (IxJ)of the responses of the calibration set of samples and ¢, is vector (Ix7)of
analyte concentrations in the samples mentioned. The difference between the
different regression methods smply lies in the various ways of inverting matrix
R'.

For multiple linear regression (MLR), matrix R* is equivalent to (R"R)™'R”, the
least squares solution. For principal components regression (PCR) and partial
least-squares regression (PLS), howeveh the calculation of the pseudoinverse
matrix is a three step procedure: decomposition of matrix R, determination of the
number of optima factors (pseudo or chemica rank) of the matrix and subsequent
calculation of its pseudoinverse. One of the most used algorithms for calculating
R* isthe singular value decomposition (SVD)'2. To select the chemical-rank of the
model there are several criteria and validation procedures' which generaly form a
part of the calculation of the pseudoinverse matrix. The norma procedure is to
divide the cdibration st into training and test sets, build severa models with a
different number of factors and find the optimal model by cross-validation', from

statistics such as RMSECV (root mean square error of cross validation).

Prediction Step. Findly, if we measure the response of an unknown sample as a
row Vector, r.,', the expression which predicts the concentration of the analyte k is
given by the scdar, Eq (1):

- _ T+ _ Ty
cun,k - l.l.mR ck - l“ul'lblfc (1)

The uncertainty associated to this predicted concentration must be expressed in
terms of the difference between the value predicted by the model and the real value

(and not the measured value if we want to ensure the traceability of the results). In
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the literature on statistics, the calculation of this uncertainty only include the errors
in the concentration values and assumes that there are no errors in the
measurement of the instrumental responses or in the model under consideration.
According to this and assuming that the errors are normally distributed, with zero
mean and o? variance, the expression of var(c,,) for an observed vaue of ry, is
givenby Eq. (2)"*:

2
-~ — CT T
Var(cun ) - 1__ 1+ Fun Var(b) Tun (2)

where var(b) = c*(R"R)* . The first term of the equation takes into account the
error in the data centering (for a centered model), while the second is the squared
Mahalanobis distance'® and measures the distance of the unknown sample from the
center of the model. The value of &% is unknown and can be substituted by its

estimator &%, which in turn is calculated from the residuas of the calibration
model.

To derive an expression which includes the various error terms for the variance of
the predicted concentration, Eq (1) has to be rewritten to include the experimental

errors in the response and concentration measurements’, thus obtaini ng:
¢, 8¢, = (r,, +3r, )" (bx3b) ?3)
Disregarding the covariances between two terms and the products of two terms

containing errors, and changing the differentials into variances, Eq (4) is

obtained'®:
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| 1=

i
var(c,)= b var(r,, ;} + 6? thun ()]
i=l

g

where b, are the regression coefficients, elements of the vector b = Rc, var(ry,)) is
the variance of the response of the unknown sample in sensor 7, and A, are the/

dementsof h=r, R*. For amodel constructed with r principal components, CT is

caculated according to Eq (5):

. 12
éT% ¢"(I-RR )c] -

I-r

var(ru;), however, can be evaluated experimentaly from replicates of the
unknown samples, assuming error models or using the response residuals of the

unknown sample, calculated as dr,, = (I - R*R)r,,.

Subsequently, Lorber and Kowalski’, using smulations carried out on real data,
obtained a dightly modified expression which fitted the experimental data results
better. So the equation was formulated empirically, and subsequently the
mathematical justification to back it up was developed®. The expression is generd
for any regresson method and takes into account the sources of error for the
responses and concentrations of the cdibration samples and for the response of the
unknown sample. For amodel constructed with r principal components, vér(c.,) is
givenby Eq (6):

J 1
var(e,,) = be var(r,, )+ Kz h o var(c;) (6)
=l

#=1

248



Capitol 5 Analytica Chimica Acta, enviatper a publicacié

where var(c;) is the variance of the concentrations of the calibration samples. K is a
scalar which takes into account the error of the responses in the calibration step. Its
value can be estimated from the relation between &2, the overall estimation of the
variance of the concentration errors in the calibration set and the sum of the
variances of the individual concentrations'’. Subsequently, Lorber® derived a
theory for the calculation of the term K, based on a new estimation of the variance
of the regression coefficients. K becomes a scalar which includes the errors in the
calibration sample responses and concentrations, as well as the error due to the
model misfit:

[ +Gr +_Gf1t (7)

Therefore, the final derived expression is.
J |
V() = DB var(ry, )+ kY Ay o)
J=t i=|

which, apart from the term &> which has been substituted by K, is equivaent to Eq
(4). This equation can be simplified depending on which of the terms in Eq (7) is
the predominant one, which means that the governing error sources in our model
must be known. So, if the predominant error source is the error in the estimation of

the calibration mplé concentrations, the final expressions becomes exactly like
Eq (4), in which 6? is known or can be estimated from the residuals of the

calibration modd.
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Confidence intervals associated to the predicted concentration, ¢, £y, can be
derived from any expresson for var(c,,), independently of the error sources. From

Eq (8) we can expressy as.

2
J I
12 252 2 2
¥ —[f,r-r,l—mzzbj O T -r1-ar2 thi,unJ 9)
J=1 i=1

where each of the terms of the confidence interva y has an associated t dtatistic,
with its own degrees of freedom at the chosen significance level.

Figure 1 is a chart of the confidence intervals which are deduced according to
expression (9) for an MLR model constructed from a data set of 25 objects and 2
variables'®. For the sake of simplicity, it was assumed that K = &°, which was
estimated from the residuals of the model. It can be seen that the intervals are
hyperbolic and that they increase as the responses move away from the center of
the model.

Throughout this process, it can be seen that the chosen model directly relates the
original responses to the concentrations, through the &; coefficients. We could aso
relate the principa components to the predicted concentration and use a var(cy,)
expression depending on these principa components. To this effect, Naes and
Martens'* derived an expression similar to Eq (2) but which does not take into
account the error sources that affect the model.

Equations (4) and (8) are important because, as well as serving as a base for
deriving the detection limit, they give information about the various error sources
that are involved in the model and so directly influence the parameters that affect
it, both in the calibration and prediction steps.
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Figure 1. Confidence intervals associated to the concentration of the unknown sample for
an MLR model with 25 objects and 2 variables.

Strategy for Calculating Multivariate Detection Limits, MDL. The predicted
concentration and its confidence intervas can be calculated in the prediction step
from the response of the unknown sample. The criterion for establishing if an

analyte is detectable consists of seeing whether the value ¢, -y (wherey is

constructed for a significance levd of 1-o) includes the concentration vaue zero.
If does not, it can be concluded that the analyte is over the detection limit of the
method, with an a probability of committing atype | error. So, this approach does
not set a value for MDL for the established procedure. Instead, this value varies
according to the response of the unknown sample. From a practical point of view,
it can be approached from the other way round: given a measured response for a

problem sample, the methodology proposed is capable of calculating, with an a
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probability of committing atype | error, whether the derived concentration of this

response statistically differs from the value zero or not.

This latter approach, however, does not take into account the probability of atype
Il error, that's to say, the error that would be committed when stating that there is
no analyte present when in fact there is. To assess this probability of false negative
we have developed a new approach in the multivariate field that does take into
account this type of error. This approach uses criteria discussed by Hubaux and
Vos® and subsequently developed by Garner and Robertson' in the field of
classical univariate regression, where .the limit of detection corresponds to the
concentration (calculated with a P probability of error) derived from the
instrumental response to concentration zero (calculated with an a probability of

error).

In multivariate calibration the process consists of the following steps:

1. Modelling and validation of the multivariate regression model.
2. Measuring the multivariate response for the unknown sample, ry,.-

3. Adopting the expression which gives the variance of the concentration

estimated from a given instrumental respohse (e.0- Eq (8)).

4. Cdculating the detection response, rp, i.€, the instrumental response for
a sample with an analyte concentration of zero, with an a probability of
committing atype | error (Fig. 2).

5. Caculating the concentration, ¢p, for the detection response, rp, Wi.th a
BB probability of committing atype Il error.

6. Cdculating ¢, , fromr,, and the model developedin 1.
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7. Comparing ¢, i ¢p and deducing whether the measured response, r,, is
for a sample with an analyte concentration which is higher than the
detection limit with a and P fixed probabilities of error.

Figure 2. Projection of a multivariate calibration model on the plane formed by the axis of
concentrations and a single instrumental response. The probability of committing a type |
error is shown in black, i.e. the probability that a response corresponding to an unknown
sample, ry,, can be given a concentration higher than zero, when the analyte is not even
present.

After the first three steps with the regresson models and the expressions for the
variances of the concentration chosen by the user, it should be pointed out that, for
an instrumenta response of the unknown sample, r,, which is the same as or
higher than rp, there is an a probability of committing a type | error, i.e

erroneoudy conclude that the andyte is present in the sample. This detection
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response, rp, corresponds to the intersection of the lower confidence interval of the
multivariate model with the plane of responses for an analyte concentration zero.
Mathematically, this can be obtained from Eq (10):

Cn—Y=0 (10)

Likewise, using the expression of the confidence intervals, Eq (11) is obtained:

12
J J !
Zrun,jbj = [ri—r,l-u be arui,j + r?—r,l—(]’. KZ kfun) (1 1)
J=1

i=}
wherethe t Satistics are for asignificance level 1-a..

In multivariate regression there are multiple detection responses, rp, which are the
result of the intersection of the lower confidence interva of the calibration model
with the hyperplane in dimension J of the instrumental responses, that is to say,
different samples, al of which have the same concentration of problem analyte but
with a different matrix, and so, with different spectra. To unequivocaly define the
rp, the approach adopted in this paper consists of defining a straight line joining
r., and the origin of the co-ordinates. The intersection of this straight line with the
lower confidence interval gives the rp that can be seen in Figure 3. Chemicaly,
this means that this rp is of an instrumental response which would correspond to a
sample with a matrix composition proportional to that of the unknown sample, but

without the presence of the andyte under study (with an a probability of error).

Furthermore, for the same instrumental response, ry,, there is a p probability of
committing a type n error, i.e. erroneousy concluding that the anayte is not

present in the sample. In order to well-define both probabilities of error, the
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detection response, rp, is projected onto the top edge of the hyperbola which
defines the confidence interval of the multivariate model and which is constructed
in this case with a significance level of 1-P, so obtaining the concentration, cp,

which corresponds to a single detection limit for each unknown sample (Figure 4).

Figure 3. Plot of the geometrica estimation of the detection response, rp.

The concentration value found is compared with the one found from the model for
the response of the unknown sample. So the criteriafor detectionis:

If ¢, <c, = Non detectable analyte

u

If ¢,, > cp = Detectable analyte
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So it may happen that for one instrumental response, r.,,, the analyte concentration

found, ¢, , is detectable or not depending on the a and P probabilities of error

un ?

chosen, as can be seenin Figure 4.
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Figure 4. Comparison of the concentration, ¢,,, derived from a response, r,,, with the
detection limit, c¢p, derived from the detection response, rp. In this case, as ¢y, < ¢p, the
analyte would not be detectable, with an a probability of committing atype | error and a
(3 probability of committing atype Il error. It can be seen that in terms of the magnitude
of the confidence intervals (construéted with significance levels of 1-o and 1-B
respectively), the analyte may actually be detectable.

Mathematical Derivation of the Detection Limit Estimator. Assuming that the
n-dimensional space is formed of n orthogonal axes X\, X;,..., X, and that the
values X\, x,,..., x, are the coordinates for a point on each of the axes X\, X3,..., X»
respectively, a straight line that passes through two points, Py(x;1,%31,...,%s)and
Pa(x13,%22,....%22) in the n-dimensional space, is expressed according to Eq (12):
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XL _ X X _ = Fn~%nl (12)
Xy ~X2 Xy~ Anm X

nl ~ *n2

Continuing this development, the equation must be deduced for the straight line
which passes through the instrumental response of the unknown sample,

T (Mt s7un2 s+ +>7uns ) » @nd the originef co-ordinates of the model, in the space

which is now Jdimensional and formed format by the variables (or sensors).

For a centered model, defining r, (7, 1:%25---»7.) @ the vector of means of the
responses for each sensor, the origin of co-ordinates is given by the point

Py (=75 n2s -ty ) @0d the response of the unknown sample by point

P (Funt =Tt sPunz ~Tmase-->Tuns ~Tms)- The equation of the straight line which

passes through these two points is given by Eq (13):

7 ‘.(_ m1) - Py = (~tn2) - - Yy _[(_rm,..-') (13)
“Fal “Vunl Tt ) Fm2  \un2 rm,Z) _Tm,f _\Irun,.(’ _Tm,J)
wherery, r,, ... , r,are the co-ordinates of the response in the J-dimensiona space.
Reordering and simplifying we finally obtain Eq (14):
4] +rm,l _ ty +?‘m,2 - - ¥y +.?'m’_.‘r (14)
run,l run,Z "un,J

The intersection of this draight line with the lower confidence interval a zero
concentration, defined by the equation ¢, -y =0, is given by the point which
belongs to the previous straight line and which complies with Eq (15):
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12
J !
b, = [ti-r,l_uzb,f 57 +1]-, 1 nzhf} (15)
j=l i=l

J=l

Expressing al the rij co-ordinates as afunction of r\ using Eq (14) and introducing
these values into (15), we get a second degree equation in »,. Once solved,
substituting the numerical value of #; into Eq (14) gives rp(rp1, o2, - » Fps)sthe
detection response at the 1-a significance level chosen. Substituting this response
in the higher confidence interva (constructed with a significance levd of 1-B),

enables the detection limit which we are looking for, ¢p, to be found:

12
J J i

¢, = Z"D,;b; +[r§_,‘1_82bf Srﬁu, + rf_,,l_ﬂ KZ th] (16)
=

j=1 i=l

Comparing this value with the concentration value predicted by the mode will
enable us to decide if the analyte in the sample is detectable or not, with pre-set a

and P probabilities of error.

EXPERIMENTAL SECTION

Samples and Software. To validate the proposed approach for the calculation of
the detection limits, and aso to study the various parameters which affect the
derived estimator, a data set was used consisting of the UV spectra of real samples.

Ruisdnchez et al.?®

determined Ca and Mg by using the absorbance data of their
complexes with Arsenazo III in 29 samples of natural waters. The spectra consist
of 101 wavelengths, recorded in the interval 450-650 nm. The true concentration

of Ca and Mg in the samples was determined by atomic absorption spectroscopy
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(AAS) and ranges between 0.9 and 40.6 ppm for Ca and 0.4 and 9.0 ppm for Mg.
The accuracy of the method was validated with certified reference material (SLRS-
2, National Research Council, Canada).

To calculate an edtimation of the experimental variance of the responses, 7
replicates were carried out on the same sample, for which the mean response and
variance for each sensor was calculated.

The concentrations of the calibration samples were determined using a reference
method, the accuracy of which was vaidated with certified reference materia
(CRM). The variance associated to these concentrations is given by the uncertainty
in the calculation of the value of the reference material over severa days, that isto
say, in conditions of reproducibility. For Ca, 24 determinations were carried out in
several days, getting avar(c) = 0.494. For Mg, 21 detérmi nations were made, and a
var(c) value of 0.105 was obtained.

Two regression models were constructed, one for Ca and the other for Mg. The
regression method used was PCR, from the SVD algorithm incorporated into the
MATLAB software for Windows, ver 4.0. (The Mathworks Inc., Massachusetts,
USA)).

Computer Simulations. To study the influence of the errors in the responses and
concentrations of the calibration samples, aswell asthe error in the response of the
unknown sample, a series of smulations were carried out, introducing errors
normally distributed in the calibration sample concentration vectors and the
unknown samples' response vectors, as well as in the calibration step response
matrix. The errors were added gradually, until the third decimd place in the
responses was affected (a 1% of error) and up to 5% of error in the concentration
vaues. The borresponding values for vér(c,,) and the detection limit, ¢p, were
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obtained, being the result of the mean values of all the smulations carried out. Al
the smulations subroutines were computed with the software MATLAB.

RESULTS

Variance of the Unknown Sample's Response. Figure 5 shows the var(e,,), EQ
(4), and the multivariate detection limit, Eq (16), for Ca, as a fuhction of the
variances of the unknown sample's responses and expressed as a percentage of
error with respect to the value of the responses. Figure 5 dso shows the main
terms of the equation for var(c,,) S0 that its evolution can be appreciated. Each
point on the graph is the average of 100 smulations. The unknown sample used
was from the calibration set with a low content of Ca ([Ca]=5.6 ppm), for which
the experimentd vari aﬁce, expressed as the summation of the variances for each
sensor, is 0.0032. The regresson modd used was a 4-factor PCR and the a and P

significance level, for the calculation of the confidence intervals, was 0.05 in both

Cases.
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Figure 5. Variance of the predicted concentration (a) and multivariate detection limit (b) versus the
variance of the response of the unknown sample (expressed as the percentage of error introduced into
the data). In Fig 5a (x) corresponds to the first term of Eq (4) and (0) to the second term of Eq (4).
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It can be seen quite clearly that var(c,,) rises substantially with the increase in
noise of the unknown sampl€e's response, mainly due to the rise in the first termin
Eq (4). The multivariate detection limit (Fig 5b) aso shows a clear tendency to rise
as the variance of the unknown sample increases. the dight oscillations that can be
Seen are due to the randomness of the smulated data.

Variance of the Calibration Sample Concentrations. Figure 6a shows the
var(cy,) and Fig 6b the detection limit, MDL, as a function of the variance of the
calibration sample concentrations (expressed as a percentage of error with respect
to the concentration values). The unknown sample used was again a sample from
the calibration set with alow content-of Ca ({Ca]=5.6 ppm). The regression model
used was a 4-factor PCR and the a and P sighificance level, for the cdculation of
the confidence intervals, was 0.05 in both cases. The error in the concentrations of
the calibration standards was not estimated from the residuals of the model but
from the smulated data itsdlf.

0.020 T .78
MWWW o
0.015 GRS
AT T .72}
8
- Q.70F
§ £
= 0010 g
3 a8 0.68
=
0.005 0.88¢
M x5 oot
% 1 2 3 4 5 062,
0 1 2 3 4 5
Variance of{he concentrations ¢f the calibration set Variance of the concentrations or the calibration set

Figure 6. Variance of the predicted concentration (a) and multivariate detection limit (b) versus the
variance of the concentrations of the calibration set (expressed as the percentage of error introduced
in vector ¢). InFig 6a(x) corresponds to thefirst term of Eq (4) and (0) to the second term of Eq (4).
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Just as was observed in the previous case, there is alogicd rise in the variance of
the unknown samplé€'s concentrations when the variance of the calibration standard
concentrations increases. As far as the MDL are concerned, they clearly tend to
have high values when the uncertainty of the concentrations of the calibration set
increases. The oscillations that can be seen in Figure 6b have to be attributed to the

random nature of the errors introduced into the simulation phase.

The abnormally low value of the MDL in the graph are due to the fact that in the
calculation of Eq (4) only the error in the calibration sampl€e's concentrations was
taken into account, using the simulated data, and not the error due to the lack of fit

of the model, which is really the most important.

Variance of the Calibration Matrix Responses. Figure 7a shows the vér(c,,) and
Figure 7b the MDL as afunction of the variance in the responses of the calibration
set. The magnitude of the errors introduced into R is the same as the magnitude of
the errors in the unknown sampl€'s response, ry,. The value of the error in the
concentrations of the calibration set's samples was estimated from the residuals of
the model, as was the error in the unknown sample's response. The regression
model used was also a 4-factor PCR and the a and P levels of significance were
0.05.

It can clearly be seen that both the var(c,,) and the MDL incresse, the latter much
more than the former, when errors in the cdibration sample responses are
introduced.
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Figure 7. Variance of the predicted concentration (a) and multivariate detection limit (b) versus the
variance of the responses of the calibration set (expressed as the percentage of error introduced in the
matrix R). In Fig 7a (X) corresponds to the first term of Eq (4) and (0) to the second term of Eq (4).

DISCUSSION

Influence of the Different Parameters on the Detection Limits. A study of Eq
(16) enables the experimental aspects which affect establishing the detection limit
to be discovered. It goes without saying that al the factors which affect the
prediction error'"*' have a direct bearing on the MDL. So, MDL is a function of
the error in the concentrations and in the responses of the calibration samples, and
of the modd's lack of fit through the term K, of the number and type of samples
used in the construction of the model (experimental design) through h and the

number and type of variables used through the components of vector b.

What's more, MDL depends on the detection response, rp, which in turn depends
on the response of the unknown sample, ry,, on the linear relation established
between r,,, and rp, on the lower confidence interval of the model constructed with
an a significance level, according to Eq (8) and, finaly, MDL aso depends on the

higher confidence interval of the model constructed with a (3 significance level.
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Below, there is abrief review of the effect of all these factors on the calculation of

the confidence intervals and finally on the estimator of cp.

Variance of the Unknown Sample's Respohse. This factor is directly involved in
calculating the detection response through Eq (15). To experimentally assess the
error in the responses of the unknown samples, a series of instrumental measures
should be replicated on the sample and the different standard deviations for each
of the Jvariables calculated. Alternatively, amode error in the responses can be
assumed, based on previous information of the instrumental technique. The
residuas, dr.,, = (I - R'R)ry, can aso be used as estimators of the response
variance for each sample. The advantage of so doing is that error sources which
have not been previously modelled can bé found and, as a result, the presence of
outlier samples can be d"1agn'osed3. Once the detection response, rp, has been
found, its variance explicitly intervenes in the calculation of CD (Eq 16). This
variance can aso be estimated from the residuals of rp, orp = (I - RR)rp. This
value basically depends on the methodology used for its calculation and on the

response of the unknown sample.

Variance ofthe Calibration Sample's Concentrations. This variance representsthe
error associated to the concentrations of the calibration samples, normally obtained
by chemicd andysis. To ensure the absence of systematic errors between the
measured and true values, traceability has to be evaluated using reference
materials or other reference sysems. The uncertainty associated to the
concentration of the calibration samples can be calculated from repeated anadysis,
normally in terms of reproducibility, of the reference material (ENAC, Entidad
Naciona de Acreditation, 1990) and var(c;) is obtained using Eq (17) in the cases

inwhich no other terms are required:
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being cgy, the estimated vaue of the reference material in each of the repeated

analysis and ¢, the mean value of the reference material found for the N
analysis. However, if we assume that var(c;) is constant throughout the whole
concentration interval, it is equa to var(c). On the other hand, if, as we have
mentioned above, the error in the concentrations of the calibration samples is the
most important contribution to the overdl error (as it usually is in spectroscopic

techniques), term K becomes var(c) (or 62 which amounts to same thing) in Eq (8)

for the variance of the predicted concentration.

Variance of the Calibration Samples' Responses. It appears in the second term of
the K scalar and it is the most difficult factor to estimate. This variance isrelated to
the variance of the response of the unknown sample and so we may assume that
their values are comparable. Experimentaly, then, the variance of the cdibration

samples' responses could be calculated from replicates made on the same sample.

Model Misfit. It appears in third place in Eq (7) and is mainly due to non-linearity
of the data. If it is the most important error term, it can be estimated from the
residuals of the calibration model (Eq (5)). It is aterm that is considerably affected
by a series of parameters related to the experimenta design, such as the number of
samples, /, used in the calibration step, the interval of concentrations, the
distribution of the samples in this interval, the presence of outliers in the model
and, according to Eq (8), it is dependent on the number of principal components, r,
used to build the model. It is clear, then, that the process of model validation is a
key step if low detection limits are to be obtained.
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Number and Type of Variables. As well as the factors mentioned, the MDL can
aso be minimised by reducing the value of the b; coefficients which is the same as
minimising the vector length |[b I° ::'R+c‘:ﬁ. As was reported by Lorber and
Kowalski', b is different for each anallyte arlld is affected only by the information
in the variable space. This means that its value can be optimised by reducing the
number of variables, J, as long as they do not supply important information to the
model. If, then, we have a good method of variable selection, which reduces or
eliminates collinearity and which detects the variables which provide only noise,

we shall be able to obtain lower values for MDL%.

Variable selection is closdly connected to the concepts of selectivizy and net
analyte signal® which measure the degree of overlapping of the response of the kth
congtituent compared with the responses of the other congtituents of the sample. It
is important, therefore, to choose sdlective variables for the analytes being studied.
The higher the net sgnal of the analyte (sdlectivity close to 1) is, the better since
its regression coefficient vector will be correspondingly lower and, as aresult, we
shall obtain a lower prediction error in the concentration. Idealy, we would have
spectra regions of the specific unknown samples of the pure anaytes, with no
interference or matrix effects. Completely selective methods are not very common
(one example would be atomic absorption for some eements) and in the presence
of interferences there is a reduction in the net analyte signd, the selectivity and
finally the detection limits. So, choosing selective zones of the spectrum prevails

as a criterion for minimising the error in the prediction.

Number and Type of Calibration Samples. Lorber and Kowalski'’ showed that
having more calibration samplesin amodel reduces the prediction error. Normally,
however, the number of samples is conditioned by economic factors and there are
cases in which choosing the best st of calibration samples may be important®.

Different seté al of which have the same number of calibration samples may
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behave differently with respect to the prediction error and the MDL. The effect of
the digtribution in the experimental domain of the samples used to establish the
regression model can be seen if we focus on the summation of the third term of Eq
(16). What has to be found is the optimum set of calibration samples which give a
minimum value for | b, . This vector is given by h7, = rLR* and depends,

therefore, on the response of the unknown sample and on the experimental design
of the matrix R.

The value of the summation of the h,fu,, terms is the squared Mahalanobis distance
and measures the distance of the unknown sample from the center of the
calibration set. So, samples which are further from the center give larger prediction
errors and MDL. On the other hand, the value of h’, is a good indicator of

whether the unknown sample contains any constituents which have not been
previously modelled since if it does, its value considerably increases.

Furthermore, a good design and selection of calibration samples have recently
been shown to favour lower MDL®. The selection of calibration samples which

have a high h' value, that is to say, which are a long way from the center of the

model, will undoubtedly produce a greater effect on the prediction error than if the

same sample is at the center of the calibration set.

Number and Type of Principal Components Used. Like the samples and the
variables selected for calibration, the number and type of principa components
sected have a condderable influence both on the caculaion of the mode
coefficients, through matrix R*, and on the error due to model misfit, which

1.22

appears in the third term of Eq (7). Boqué et al.** have shown the influence of the

principal components used on the fina estimation of MDL.
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Probabilities of Type | and 11 Errors. We have seen above that the a probability of
error affects the value of the detection response, rp, while the p probability of
error also intervenes in the calculation of the estimator of the detection limit, cp.
So, an analyte may or may not be detectable depending on the magnitude of these
errors. On the other hand, if we were to be interested in setting values for a and p,
we would have to be able to modify the aforementioned experimenta parameters
to minimise CD. The dependence of CD onthe statistical probabilities of error canbe
plotted. Liteanu and Rica** defined what is known as characteristic curves of
detection, in univariate calibration. This curves relate the a and p probabilities of
error to the minimum concentration of analyte to be determined, but they aso
enable their dependence on the calibration parameters to be seen, which is most
useful when modifying aspects of the experimental design in the calibration step
(number of samples, interval of concentrations, distribution of the samples in this
interval) to reach pre-set detection characteristics.

Frotability of lakss negalve

MDL {ppnCa) MDL (ppm Ca)

Figure 8. Characteristic curves of detection. (@) MDL versus a probability of error for different
values of p. (b) MDL versus P probability of error for different vaues of a
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In the same way, we can define the multivariate characteristic curves of detecti on,
which will relate the probabilities of type | and 1T errors to the conceﬁtrations of
analyte in terms of any experimental parameter. Figures 8a and 8b show the MDL
versus type Il error for severa a probabilities of error and the MDL versus type |

error for several P probabilities of error. (The predicted sample in both cases has a
[C4] = 5.6 ppm).

CONCLUSIONS

We have discussed a new approach to calculating limits of detection which, as
well as considering &l the experimental factors that are involved, aso takes into
account the probabilities of committing type | and type n errors. Severa
components are involved in the deduction of MDL which can be well
differentiated in the process of calculation (such as the individua variances
associated to the estimated concentrations of analyte in the unknown sample, the
type of pretreatment that is carried Out on the data or the calculation of the
detection response, rp). Thismodular strategy will, in the future, enable the overall
estimation of the calculated MDL to be improved, in terms of an improvement in
the calculations of the individual components, without having to change the overall

concept of the proposed approach.
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Multivariate Detection Limits
In Inverse Calibration Models
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ABSTRACT

A new approach to calculating multivariate detection limits for the commonly used
inverse calibration model, ¢ = Rb + e, is discussed. The derived estimator, which
follows the latest TUPAC recommendations, takes into account the probabilities of
false positive and false negative decisons and iS based on the variance associated
to the predicted concentrations of the multivariate model for the measured
instrumental response. The new methodology has been used to calculate the
detection limits of the aromatic content in real pseudo-gasoline samples, analysed

by near-infrared spectroscopy.
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INTRODUCTION

As instrumental techniques get more and more sophisticated and capable of
generating multivariate data, the study of different figures of merit, among which
are detection limits, has become very important, not only to characterise the
different associated analytical methods but also to serve as a guide for the design
of new ingtruments. The study of detection limits in multivariate regression only
dates back a few years and has been reviewed very recently [1]. The approaches
described and the derived estimators are very varied. However, only a few of these
estimators have been derived for the commonly used inverse calibration models.
Lorber [2] was one of the first to calculate amultivariate detection limit (MDL) for
this type of modd, starting from the definition of net analyte signal. Subsequently,
Lorber and Kowalski [3] defined this estimator as a function of the confidence

intervals associated to the predicted concentration.

The aforementioned estimators are protected against false positive decisions but
there is no mention of the probability of their taking false negative decisions. In
the latest definition of limit of detection for univariate calibration proposed by the
International Union of Pure and Applied Chemistry (TUPAC), it is stated that this
figure of merit must be derived in the presence of known (or assumed)
distributions and based on the theory of hypothesis testing, taking into account the
probabilities of false positives (a) and false negatives (p) [4]. It seems, then, that a
more complete approach to MDLs is needed.

This paper proposes a new approach for calculating MDL in analytical methods
that use inverse calibration models. The derived estimator is based on the variance
of the predicted concentrations, which is calculated taking into account the
different sources of error, in both the calibration and prediction steps. Moreover,

this approach has the advantage that the probabilities of both false postive and
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false negatives can be quantified, and this gives the user the chance of deciding the
degree of confidence in the analysis. In multivariate calibration, the detection limit
does not only depend on the mathematical model and the calibration sets used, but
a0 on the presence of other analytes in the sample to be anadysed. Consequently,
each sample has a different MDL and, as aresult, what has to be found is whether
the concentration derived from a given response is detectable or not at the chosen
significance levels. A single MDL is not fixed for an analytica method, not even
for specific operating conditions, but depends on the response of each unknown
sample that is analysed.

The methodology described has been used to calculate the detection limits of the
aromatic content in real pseudo-gasoline samples. The results were compared with
the ones obtained by replicating samples with low concentration of the analyte to
be studied.

THEORY

Building and Validating the Multivariate Model. In inverse calibration models,
the vector of the analyte concentrations in the samples is givenby ¢ = Rb + g,
where the concentrations are a linear function of the responses (sensors). If we
have / calibration samples and we obtain their responses in J different sensors, the
R matrix is obtaned. Assuming that the data are mean centered, the mode
coefficients for an analyte %, b,, are estimated in the calibration step using

b, =R*c,, where R" is the pseudoinverse matrix of matrix R (IxJ) of the

responses of the calibration set of samples, and ¢, is vector (Ix7)of the analyte
concentrations in the samples mentioned, normdly estimated with a reference
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method. The difference between the regression methods smply lies in the various
ways of inverting matrix R [5].

For inverse least-squares regression (ILS), matrix R” is equivalent to (R'R)'R”,
the least-squares solution. For principa components regression (PCR) and partial
least-squares regresson (PLS), however, the caculation of the pseudoinverse
matrix is athree step procedure: decomposition of matrix R, determination of the
number of optimal factors (pseudo or chemical rank) of the matrix and subsequent
calculation of its pseudoinverse. One of the most used algorithms for calculating
R" is the singular value decomposition (SVD) [6]. To select the chemical-rank of
the model there are several criteria and validation procedures [7] which generdly
form a part of the calculation of the pseudoinverse matrix. The normal procedure
isto divide the calibration set into trainin{g and test sets, build severa models with
a different number of factors and find the optima model by cross-validation [8],
from statistics such as RMSECV (root mean square error of cross validation).

Prediction Step. Finally, if we measure the response of an unknown sample as a
row vector, r.. , the expression which predicts the concentration of the analyte kis

given by the scdar, eq (1):
Con = riR%, =rlb, (>

The uncertainty associated to this predicted concentration can be evaluated by
severa approaches. Recently, Faber and Kowalski [9] have derived expressions for
the variances of the prédi cted concentrations using the method of error propagation
and taking into account measurement errors both in dependent and independent
variables. The general equation for amean-centered model is given by eq (2)
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virew) = (" +ha) [0l +[bif o} | <[b e, @

rlJI‘l

where b, can be estimated either by ILS, PCR or PLS, o} ,CTRand o} are the
variances of the measurement errors in the concentrations and responses of the
calibration set and in the response of the unknown sample, respectively. Findly,
hu is the leverage of the unknown sample, which measures the position of this
sample in the calibration space. It can be written, in ageneral way, as.

By =T R R, )

There will be adifferent value of 4, for ILS, PCR and PLS, since R is estimated
differently for each method of regresson. Eq (2) is important because, as wdl as
serving as a base for deriving the detection limit, it gives information about the
various error sources in the model and so directly influence the parameters that
affect it, both in the calibration and prediction steps.

Finaly, if errors in instrumental responses are neglected, then eq (2) can be
expressed as.

vér(c,,) =0 (I +h,,) )

Strategy for Calculating Multivariate Detection Limits. The predicted
concentration and its two-sided confidence interva, y, can be calculated in the
prediction step from the response of the unknown sample (see Faber and Kowalski
[10] for the assumptions about the distribution of the regression coefficients in
PCR and PLS models). The criterion for establishing whether or not an analyte is

detectable consists of seeing whether the value Cupx -Y (inthis case the prediction
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interval y is one-sided) includes the concentration value zero. If it does not, it can
be concluded that the analyte is over the detection limit of the method, with an a
probability of committing atype | error (false positive). So, this approach does not
set a value for MDL for the established procedure. Instead, this value varies
according to the response of the unknown sample. From a practical point of view,
it can be approached from the other way round: given a measured response for a
problem sample, the methodology proposed is capable of calculating, with an a
probability of committing atype | error, whether the derived concentration of this

response statistically differsfrom the value zero or not.

This latter approach, however, does not take into account the probability of a type
Il error (false negative), that's to say, the error that is committed when stating that
there is no analyte present when in fact there is. To assess this probability of false
negative we have developed a new approach in the multivariate field. The problem
of calculating the MDL can be treated as a hypothesis test in the concentration axis
of the multivariate model. So, a null hypothesis Hy: ¢ = ¢o and an dternative
hypothesis H;: ¢ > ¢, can be defined, with ¢ being the true but unknown
concentration of the analyte in the sample, and ¢, = 0. This treatment is directly
related to the statistical theory of hypothesis testing and has previoudy been
applied by Clayton et al. [11] in the response domain, to calculate the limits of
detection in univariate calibration. This methodology has recently been applied to
the calculation of MDL for direct calibration models [12].

If a normal digtribution is assumed for the predicted concentrations, when the null
hypothesis is true (¢ = CQ), the statistic t = (C- ¢,) / var(cy)"* follows a Student's
t-distribution with v degrees of freedom. c is the estimated value of ¢ and var(co)
is the estimated variance under the null hypothesis. So, there is a critica value, ¢,
(aso called decision limit in the literature), above which the null hypothesis will
not be acceptéd (eq 5):
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cp =t Var(cy) 12 _ (5)

where aisthe assumed probability of committing atype | error (false positive). On
the other hand, if the dternative hypothesisistrue (¢ > ¢,), the minimum detectable
value is the concentration for which the probability that the estimated value, ¢,
does not exceed c,, is p. This definition can be expressed as:

Pr{é<c, | c>co) = (6)

where P is the probability of committing atype n error. If var(co) is not known and
has to be estimated, then the expression of the limit of detection (assuming

constant variance in the concentration domain) is given by:
(MDL), = A(a,P) var{co)"? @

where A(a,P) is the non-centrality parameter of a non-central #distribution, with v
degrees of freedom. For afixed value of p, the non-centrality parameter A(a,P) can
be calculated, either numerically [13] or by means of Satistical tables [11,14]. On
the other hand, the value of (MDL), depends on var(c,)'* which may be estimated,

172

var(co) ™, in the way described below.

Finaly, the (MDL), value found is compared with the one found from the model
for the response of the unknown sample and the criterion for detection is
established. So it may happen that for one instrumenta response, ry, the analyte
concentration found, ¢, IS detectable or not depending on the a and P

probabilities of error chosen.
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Calculation of var(coy). This variance can be edimated by replicating sevérd

- samples that do not contain the analyte of interest or by using eq (2) under the null

hypothesis. So, this equation becomes:
Vi(ung) = (I + g |02 +[b, o} | +[ma] o2 o ®
or (neglecting the uncertainties in instrumental responses):

VAN(Cyo) = 0F (I + ) ©)

where Gfu,,,o denotes the variance of the errors when estimating of the unknown
sample response, under the null hypothesis, i.e. without the presence of anayte k.
huo is the leverage of the unknown sample under the null hypothesis, (equivalent
to eq 3 but substituting ry, by rym0). Whereas cf{ and 0'?_“_0 can be cdculated from
replicate measurements, ry,o must be estimated from the unknown sample
response, ry,, by extracting the contribution of analyte k. This procedure has been
applied to direct calibration models, in which the pure component spectra are
known or can be estimated [12]. The procedure, however, is sengibly different for

inverse models.

Lorber et al. [15] have proposed that a matrix R_, free from the contribution of the
analyte k, can be caculated from matrix R, by solving the rank annihilation

problem below:

R,=R-xer’ (10)
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In eq (10), r" is an arbitrary linear combination of R that must necessarily include
some information about the spectrum of the ML analyte. The scalar K can be
estimated as:

R = 1

) r'R'c, (1)

where R" is the pseudoinverse matrix, built with A significant factors, and R'¢; is
the vector of estimated regression coefficients (by) of the inverse calibration
model.

Once matrix R, has been obtained, the net and null sgnd contributions from the

unknown sample response are calculated as.

roe = (I-RIROr, (12)

Funo = RTJc (RTk )Y Yy, (13)

Substituting ry,o in eq (8) or (9), var(cox) can be estimated. If eq (8) is to be
applied, where there are severa components of variance, the degrees of freedom in
the calculation of ¢, and A(c,B) are obtained according to the Satterthwaite rule
[16]. On the other hand, if eq (9) is used to estimate var(coy), then the degrees of
freedom in the calculation of CT”p are obtained, preferably, by replicating the

concentrations of the Ath anayte with the reference method.
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EXPERIMENTAL SECTION

Samples. 38 gasoline samples were used for building the calibration modd. First,
7 samples were produced by Repsol Petrdleo (Spanish Oil Company) in the
refinery of Tarragona, and the remaining 31 were prepared from the originas by a
mixing process. Their content in aromatic compounds, together with the content of
paraffins, isoparaffins, olefines and naphtenes (MONA index), was determined by
capillary gas-chromatography in the Plant Laboratory of Repsol. Aromatic

contents ranging between 2 and 6% were found.

All gasoline samples were stored in tightly stoppered bottles and kept a 5°C in the
dark. Samples were removed from storage and warmed to room temperature just

before spectra analysis.

Spectroscopy. NIR spectra were collected on a UNICAM-Massé Moddl Galaxy
scanning spectrophotometer, a 2 cm™ resolution in the wavelength range of 869-
1613 nm. A plot of al the spectrais shown in Fig. 1. The instrument was equipped
with a tungsten light source and a SePb detector and quars 1 cm path length
cuvettes were used. So, the data set consists on 2749 variables (individual spectral
channels). Later, this number was reduced.to 687, since it was observed that the
number of wavelengths did not affect the predictions of the calibration models.

Statistical methodology. Two regression methods were used, PCR and PLS. The
calculations were carried out usng the PLS-Toolbox for MATLAB (The
Mathworks Inc., Massachusetts, USA.). Mathematical treatments of the data, prior
to regression analysis, such as basgline correction, smoothing and first and second
derivatives, were studied to determine the optimal conditions for modelling.
Finaly, detection limit caculations were performed with home-made MATLAB
routines.
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Fig. 1 NIR spectra of the 38 cdibration samples. Spectra have been base-line subtracted,
using 1100nm as reference wavelength.

RESULTS AND DISCUSSION

Among al pre-treatments explored, only constant basgline correction was found to
dightly improve prediction results. Consequently, spectra were base-line
subtracted by using the absorbance values at 1100 nm as offset. For PCR with
mean-centered data, a model with 8 factors was found to be optimal, with aroot
mean squared error of cross-validation, RMSECV = 0.46. For PLS, 6 factors were
enough to predict the aromatic content, with RMSECV = 0.38. These values are
smaller than the tolerance permitted for the reference chromatographic method,
which was estimated in 1%. The corresponding root mean sgquared errors of
calibration (RMSEC) were 0.31 and 0.08, respectively.
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The estimation of the uncertainty in the reference concentration values (c.) was .
calculated by carrying out ten replications at one level of concentration, and a
value of 0.2% was found.

To calculate an estimation of the experimental variance of the responses (o% ), 10

replicate measurements were carried out on the same sample, in conditions of
reproducibility, for which the mean response and variance for each sensor was
caculated. A pooled variance value of 4.85-10”° was obtained. Severa samples,
with different aromatic contents, were also analysed, but no substantial changes in

response variances were found. As a conseguence, it is reasonable to assume that

CTR=CT| o in Eq (8).

The variance of the predicted concentration under the null hypothesis was
calculated from Eq (8) and for sx samples, ranging between 3 and 4% of aromatic

compounds. The results are shownin Table 1.

Aromatic content (%) h PCR PLS
325 0.0844 01145
398 0.0561 0.0915
346 0.0719 0.0004
381 . 0.0561 0.0952
349 - 0.0502 0.0849
335 0.0560 0.0997

Table 1. Variance of the predicted concentrations under the null
hypothesisfor both PCR and PLS models.
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An experimental variance was calculated by anadysing a sample at the low end of
the calibration range over the course of severa days. The standard deviation of the
11 concentration values predicted by the model was 0.15 for PCR and 0.28 for
PLS, giving variances of 0.02 and 0.08, respectively. These values are of the same
order of magnitude, but dightly smdler, than the ones presented in Table 1. This
can be explained by the fact that a sample within the calibration range was used to
carry out the experimenta replications. Prediction errors and confidence intervals
are expected to be higher at the ‘zero concentration level’.

It can be seen that variances are higher in the case of PLS. Thisis in contradiction
with its smalest prediction errors, and can only be explained by studying the
different terms of Eq (8). Table 2 shows the leverage terms for the unknown

samplée's responses (hy,) and for the unknown sampl€'s responses under the null
hypothes's (fume):

Sample PCR PLS

number hun huno I huno
1 0.5607 0.5519 0.2640 0.3625
2 0.1389 0.1344 0.1058 0.1401
3 0.3735 0.3429 0.0995 0.1297
4 0.1475 0.1363 0.1216 0.1762
5 0.0816 0.0830 0.0908 0.0756
6 0.1407 0.1441 0.1643 0.2210

Table 2. Leverage values of the sx predicted samples

No substantial differences can be seen in vaues of Table 2 that explain the
greatest prediction variance for PLS. On the other hand, the length of the vector of
regression coefficients (Jb]]?) takes avalue of 889 and 1537, for PCR and PLS,
respectively. It seems, then, that the magnitude of the regression vector influences

in agreat extent the vaue of the variance of the predicted concentrations.
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Finally, the MDLs were calculated for the six predicted samples. Since Eq (8) is a
complex variance estimate, the effective number of degrees of freedom for the
caculation of the non-centrality parameter, A(ap), is obtained by applying
Satterthwaite rule [16]. The individual degrees of freedom in the estimation of o2
are easly obtained from the number of replications carried out, giving a value of
v, =9. Inthe case of 63, the degrees of freedom are obtained from the number of
sensors (J)and replications (), as vy = J(n,, —1). As it has been yet pointed
out, CTR and CT” ,were assumed to be equal in Eq (8).

Table 3 shows the MDLs for the six samples at different probabilities a and p of
error, calculated from Eq (7).

PCR PLS
Sample a=0.05 a=0.05
number P=050 (3=010 P=005{ P=05 P=010 P=005
1 048 085 096 054 097 109
2 0.37 0.68 0.77 042 0.80 091
3 044 0.79 0.88 041 0.80 091
4 037 068 0.77 042 082 093
5 031 0.60 0.68 0.40 0.77 0.8
6 037 0.68 0.77 043 0.84 0.96

Table 3. Multivariate detection limitsfor the samples predicted by both PCR and PLS models

Also, detection limits Were calculated from the experimental variances given
above. Values of 0.55 (PCR) and 0.99 (PLS) were obtained (at significance levels
a= p = 0.05), which are in accordance with results of Table 3. In al cases, the
aromatic content in the gasoline samples was detected, at the chosen a and P

probabilities of error.
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CONCLUSIONS

A new approach to calculating limits of detection for multivariate inverse
calibration models has been discussed. The edtimator takes into account the
probabilities of committing type | and type n errors, as wel as the different
sources of experimental errors that are involved in the model building. The
influence of different terms, such as the position of the unknown sample in the
calibration space (given by its leverage value) or the size of the regression vector
for the analyte in study, in the detection limits has been discussed. This suggests
that a deeper study of experimenta factors that affect these terms must be carried
out, in order to minimise multivariate detection limits. Also, a reliable estimation
of the individua uncertainties is necessary to have good variance estimate. Finaly,
generalisation of the approach to the case of non-constant variance between zero

concentration and the level of the limit of detection should be devel oped.
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Capitol 6 Conclusions

El principal objectiu dels estimadors dels limits de deteccio en la calibracio
multivariant és avaluar de manera fiable la minima concentracié d'una espécie
quimica que coexisteix amb atres especies en una mostra. Aquesta fiabilitat
saconsegueix mitjancant la diferenciacié satisfactoria entre @ senyd (0
concentraci0) corresponent a una mostra que conté I'especie en estudi | € senya
(o concentracié) corresponent a una mostra sense contingut de I'espécie,

considerant les probabilitats d'error ai P associades.

Es important ressatar la diferéncia entre ds limits de deteccié en e camp
univariant i multivariant. Mentre en e cas univariant € limit de deteccid
sestableix com un valor fix apartir del qual, i apriori, la concentracio d'un analit
en lamostra és indicativa de la seva preséncia, en la calibracio multivariant aquest
parametre es presenta com un valor variable, ja que dépén de la mostra que sesta
anditzant (através dels diferents termes d'error de la variancia de la concentracio
predita). Consequientment, en diferents condicions experimentas un andit en una
mateixa mostra pot ésser detectat 0 no. La metodologia presentada és capag
d'establir, per a una mostra anadlitzada, s la concentracio predita de I’analit en
estudi edta per damunt o no del limit de detecci6 de metode, segons les

probabilitats d'error ai p fixades amb anterioritat.

En aguesta linia, hom sha atrevit a formular una nova definicié de limit de
deteccié en la calibracié multivariant, complementant les ja existents. El limit de
deteccio multivariant per un analit en una mostra és la minima concentracié que
pot diferenciar-se del zero amb probabilitats d'error ai p conegudes. Aquestes
probabilitats a i P han d'estar sempre presents en qualsevol avaluacid de la

concentracio, i més en € cas dd limit de deteccio.
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Les principals dificultats que shan hagut de superar en aquest treball, al'hora de
desenvolupar €s estimadors dels limits de deteccid, han estat degudes als diferents
models i métodes de regressd emprats, la naturdesa diversa de les dades
anditiques, originades apértir de diferents técniques analitiques, i lamancanga en
alguns casos d'una base edadistica suficientment SOlida en les etapes de
congtruccid dd model i de prediccid. Aquesta problemética sha traduit, en
ocasions, en lanecessitat de fer una serie d'assumpcions, respecte per exemple ala
digtribucié que segueixen les concentracions predites pel model, o a la distribucio
que segueix la variancia de les respostes i les concentracions de les mostres

utilitzades en la calibraci6 (condicions d’homoscedasticitat 0 heteroscedasticitat).

L'assumpci(; d'homoscedadticitat (variancia congtant), tant en les respostes com en
les concentracions de calibracié, pot ser valida en alguns casos, perd ha d'estar
validada de forma rigorosa. En cas contrari, es podrié produir un error sstematic
en la magnitud de la variancia de la concentracié predita, la qua cosa podria

afectar, en conseqiiencia, a valor del limit de deteccié.

Tots ds estimadors presentats en aquest treball de recerca es basen en 'assumpcio
de que la distribucio de la concentracié predita a nivell de concentracio zero és
equivaent a la distribucio de la concentracié a nivell dd limit de deteccid. Aixo
és perfectament assumible en la mgoria de sStuacions, perd no en totes. El
tractament del problema és diferent en cas que la variancia de la concentracio
predita no sigui constant. Es planteja, doncs, com un objectiu de futur e poder
ampliar es estimadors derivats en aquest sentit. La limitacié que hom pot trobar té
un caire estadigtic, doncs no existeixen taules corresponents a la t descentrada

guan les variancies son diferents.

Una de les dificultats practiques més importants en l'avaluacié dels limits de

detecci6 en la cdibraci6 multivariant radica en @ cdcul dds components
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individuals de la variancia de la concentracio predita, deguts a I'error en les
respostes i concentracions de |'etapa de calibracié i al'error en laresposta de la
mostra desconeguda. Si € limit de deteccié ha de ser representatiu de tot €
procediment analitic (incloent les etapes prévies a la mesura instrumental), la
varianciaen les respostes, tant de I'etapa de calibraci6 com de prediccio, no es pot
avaluar apartir de laincertesa instrumental propia de 1’aparell de mesura. Ben a
contrari, la variancia de les respostes sha davaluar a partir de répliques

experimentals de les mostres, en condicions de reproductibilitat.

Molt important també és tenir en compte |'error associat a les concentracions en
’etapa de calibracio, sobretot en models inversos, on agquestes concentracions son
avaluades a partir d'un metode de referéncia, e qual, per si sol, ja comporta una

incertesa determinada.

Els andistes son, alallarga, qui poden escollir S volen ser més o menys restrictius
a I'nora de controlar les fonts d'error associades a la concentracio predita pel
model de caibracié. Els valors finas dels limits de deteccio dependran d'aquest
grau de restriccid. Una aproximacio estricta a calcul dels limits de deteccio ha de
tenir en compte totes aquestes causes d'error, la qual cosa suposa un increment en
el treball experimental quan es caculen les vaiancies associades. Una solucio a
aquest problema pot condstir en estimar uns determinats errors, a partir del
coneixement previ que hom pugui tenir de Iétécnicainstrumental utilitzada. En €
cas de les respostes i concentracions de |'etapa de calibracio i les respostes de les
mostres desconegudes, hom pot recorrer també a estimar la seva incertesa a partir
dels residuas ddl propi. mode de calibracié. Cal tenir en compte, en tots els casos,
que & nombre de graus de llibertat implicats en € cacul dels estadistics depén de
l'estimacio que es faci d'aguests termes individuals de variancia. D'altra banda,
sempre que sutilitzin els residuas per estimar la variancia de les concentracions

de les mostres de calibracid, és clar que per obtenir limits de detecci6 fiables i que
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responguin a la redlitat, sha de disposar de models perfectament vaidats. S
sutilitzen dtres aproximacions per edimar aguesta incertesa, com € métode de la
propagacié d'errors aplicat a l'etapa de preparacié dels estandards, ds limits de

. detecci6 del métode poden resultar infraestimats.

Un problema important que també es plantegja és € de la vaidacié dels estimadors
dels limits de deteccid. La IUPAC, en e seu darrer document sobre les capacitats
de deteccid i quantificacié dels métodes d'analisi, també en fa esment i recomana
gue €es limits de deteccié calculats es verifiquin experimentalment. Aquesta
verificacié ha de passar, necessariament, per la mesura repetida de mostres amb
nivells de concentracid zero (0 molt propers a aquest valor) de ’analit en qlestio.
Altres tipus de validacions, com la utilitzacié de dades ssmulades o la comparaci6

amb atres estimadors, tenen, doncs, un caracter més complementari que alternatiu.

Conclusions ddl capitol 3

L"estimador desenvol upat en @ capitol 3 (Eq 3, Pag 121) es basa en lareduccié a
una sola dimensié de la matriu multidimensional de respostes origina i la posterior -
aplicacié dd métode univariant de Clayton et al. per cdcular € limit de deteccio.
Aquest estimador pot ésser aplicat a quasevol técnica de deteccidé multivariant
acoblada a una técnica de separacio, com la cromatografia de gasos, la
cromatografia liquida data eficacia o Delectroforesi capilar, sempre que és
senyals enregistrats siguin especifics ,i no apareguin pics solapats o, en generd,
substancies interferents que donin lloc a senyas convolucionats. D'altra banda, ha
d'existir una correlacié considerable entre les dades obtingudes per a que € primer
component principa expliqui practicament la totalitat de la variancia continguda

en les dades.
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La metodologia proposada proporciona limits de deteccio lleugerament inferiors
aslimits de deteccio univariants, degut al'efecte de promig de senyd que esduu a
terme en € métode de regressié per components principas (PCR). D'atra banda,
sha demostrat que aquest efecte de promig és molt més important a mesuraque €
soroll de fons en les dades sincrementa. La Stuacio esdevindria ben diferent en
presencia de senyals solapats, ja que en aguests casos la calibracié univariant
falaria completament. El potencia de deteccié de I'aproximacié multivariant
proposada es veu, doncs, en part restringit en presencia d'aguests senyds solapats.
En aquest sentit, un estudi posterior dels limits de deteccio en la técnica CG-EM
hauria dincloure necessariament la presencia de substancies interferents que

donessin lloc a pics solapats en € cromatograma d'ions total (TIC).

Un dltre aspecte a considerar seria l'avaluacié dels limits de deteccid en la técnica
CG-EM a partir de 'mostr—es reals addicionades amb 1’analit en estudi, i establir
d’aquesta manerales caracteristiques de deteccié de la metodologia global, la qual

ha de contemplar etapes com € pretractament de lamostra.

Conclusions del capitol 4

En la comparacié dels limits de deteccid en models de calibracié directes (Taula 3,
Pag 185) sobserva que €s valors obtinguts pel nostre estimador son sensiblement
superiors ds cdculats per les dtres agproximacions trobades alaliteratura. Aixo és
raonable s es té en compte que I'expressié del limit de deteccié aplicada té en
compte totes les possibles fonts d'error que afecten la concentracié predita. La
diferencia respecte els resultats proporcionats per ’estimador de Bauer et al.
radica smplement en I'estrategia utilitzada en € cacul de la variancia de la

concentracio predita en condicions d'hipotesi nul-la.

293



Capitol 6 Conclusions

En d cas de I'aplicacié de ’estimador & cacul dd limits de deteccié de quatre
pesticides comercias, desenvolupat en l'article Figures of merit in multivariate
calibration. Determination of four pesticides in water by FIA and
spectrophotometric detection, del capitol 4, cd notar que en aquest treball es
limits de detecci6 es van calcular a partir de l'expressié de Bauer et al.
simplificada, sense tenir en compte es errors en les respostes i concentracions de
les mostres de calibracid. Utilitzant aquesta express6 simplificada, la qual és
equivaent al'expressié de minims quadrats classica, sobservaunarelacié inversa
entre ds limits de deteccid i la selectivitat dels analits en estudi. Aquesta relacio
no sobserva, pero, entre es valors de selectivitat i/o sensibilitat espectral i es
errors de prediccié dels diferents pesticides en estudi (expressats a través dd seu
RMSEP), tal com seria de suposar. Aixo faintuir que la utilitzacio d'una expressio
simplificada pel cacul dd limit de deteccié pot portar a resultats menors dels que
reelment cadria esperar.h Com a condusé es dedueix, doncs, que cd tenir
informacié completa de I'error comés en les diferents etapes dedd métode, destacant

sobretot I'error degut a les concentracions de 1’analit en |'etapa de cdibracio.

Pel que fa a programa de cacul desenvolupat, € seu principal avantatge és que
permet fixar les probabilitats de cometre errors de lai 2a espécie. Una dtrade les
seves caracteristiques és que pot incorporar les diverses fonts d'error que tenen
lloc en & procés, com laincertesa en les respostes instrumentals i la incertesa en
les concentracions de calibracio. Aixo permet a l'analista una estimacié molt més
fiable dels limits de deteccié multivariants, aixi com la possibilitat d’incidir en

etapes experimentals per tal de millorar € métode d'andlisi.

El programa permet també dibuixar les corbes caracteristiques de deteccio de
Panalit en estudi. Un estudi futur d'aquestes corbes es pot encaminar a veure com
varien es limits de deteccié en funcié de la probabilitat d'error P i s parametres

relacionats amb & modd de cdibracio, com € nombre de mostres i variables
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utilitzades o e repartiment de les mostres en l'interval de concentracions. Les
corbes també es poden utilitzar per establir unarelacié entre es limits de deteccio
i els parametres de qualitat d'un analit en concret, com ara la seva selectivitat o

sensbilitat parcial respecte es restants analits presents.

Conclusions capitol 5

En models de calibracio inversos, ladificultat pel que fa al'establiment dels limits
de detecci6 radica en la propia naturalesa de |les dades experimentals. El fet que es
tracti de mostres reds, on la concentracié de l’analit (0 andits) dinterés es
determina a partir d'un métode de referéncia, dificulta € coneixement de les
possibles substancies interferents presents i limita en gran manera |la possibilitat de
controlar l'interval de concentracions de treball (incloent el poder disposar de
mostres amb un contingut zero de Panalit en estudi). Es per aquests motius que els
estimadors ddl limit de deteccio que es derivin han d'estar fermament arrelats en e
model de calibracio obtingut.

Tant en € primer com en d segon estimador presentats en € capitol ' cinqué
existeixen diversos components que influeixen en la deduccié del limit de
deteccio: variancies individuals associades alal'error de prediccio de Panalit en la
mostra, tipus de pretractament de les dades o @ cacul de la resposta de deteccio,

I'n.

Una de les principals dificultats en I'avaluacio dels limits de deteccio en models
inversos és disposar d'una expressié de lavariancia de la concentracié predita que
sgui genera per a qualsevol metode de regressid emprat (ILS, PCR o PLS). Des
de I'expressié derivada per Lorber i Kowalski i utilitzada en € primer estimador

presentat, sha avancat substanciadment i diversos autors han proposat aternatives
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diverses, essent les més recents les presentades per Faber i Kowalski . La seva
aplicacio, pero, no és uniVersaI i, en cada cas, es requereix un perfecte
coneixement de les dades. A més a més, quan e métode PLS stutilitza per a
construir € model, sha de tenir molta més cura pel que respecta a les diferents
assumpcions estadistiques que regeixen les dades. L'evolucio en I'estimacio dels
limits de detecci6 en models de calibracid inversos esta, per tant, estretament
lligada amb e desenvolupament d'expressions cada cop més rigoroses per a la

varianciade laconcentracio predita.

Magrat la problematica descrita, les edtratégies modulars desenvolupades poden
permetre, en € futur, una millora en l'estimacio globd de limit de deteccio a
través dds diferents termes individuas, sense necessitat de canviar @ concepte

globa de les gproximacions proposades.

Perspectives de futur

Com aperspectiva de futur, i dins un objectiu globa que consistiria en verificar la
validesa dels estimadors desenvolupats en diferents técniques d'analiss amb
deteccié multivariant, hom preveu que la recerca pot enfocar-se vers
I'aprofundiment en les técniques individuds dandis. Un millor coneixement de
les diferents tecniques pot ser de gran utilitat a I'hora d'establir la rdacid exigent
entre ds diferents parametres instrumentas i ds termes d'error de I'expressié dd
limit de deteccié. Fins afa, l'avaluacio dels components individuds de variancia
sha dut a terme a partir de repeticions experimentas o dels resduals de model.
No shadut aterme un estudi exhaustiu de com afecten les caracteristiques propies
d'una tecnica d'andlisi en € vaor des limits de detecci6. Aquest estudi pot
permetre, en un futur proper, un millor coneixement daguests factors

influenciadors que, a la llarga, es pot traduir en una rebaixa des termes d'error
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corresponents i, en definitiva, dels limits de deteccid. Cd ser conscients, pero que
altres factors de la metodologia andlitica previs a la mesura instrumental, com la
presa o € pretractament de lamostra, tenen unainfluencia decisiva en d proces de
detecci6. L'error degut a aguestes etgpes supera en molts casos |'error
ingrumental. L'estudi de la varidncia de les etgpes prévies és per tant, molt
important i requereix un tractament apart, tractament on entrarien en joc altres

brangques com 1’automatitzacid i/o robotitzaci6 dels sistemes d'andlisi quimica.

Encara que ds estimadors del limit de detecci6 derivats en lapresent Tes Doctoral
son aplicables Unicament en procediments dandlis que utilitzen la caibracio
multivariant, és també cert que en moltes de les técniques analitiques que han anat
apareixent la instrumentacié utilitzada presenta el que hom anomena avantatge de
segon ordre. Aixo vol dir que, per una mostra determinada, la concentracié d'un
analit és pot predir, finsi tot, en presencia d'una substancia interferent que no hé
estat previament modelada en I'etapa de calibracié. En ds instruments de segon
ordre, la resposta d'una mostra concreta no ve donada per un vector (com per
exemple un espectre), sind que es pot expressar en forma matricial. Un exemple
clar daquests tipus de técniques és I'acoblament CG-EM, on la resposta de cada
mostra pot expressar-se com una matriu amb dimensié (temps de retencié vs.
relacio m/z). Altres exemples que han aparegut son els sistemes FIA amb detecci6
espectrofotomeétrica. En ambdds casos, la resposta de la mostra es pot veure de
dues maneres. @ com una sie d'espectres per unitat de temps o b) com un

cromatograma (0 fiagrama) a una longitud d'ona sdeccionada

Els métodes de calibracié de segon ordre son conceptuament diferents dels
metodes de cdibracié multivariant (o de primer ordre) i, per tant, també és diferent
e tractament que es pugui fer de certs parametres de quditat associats a la
metodologia andlitica, com poden ser s limits de detecci6. Recentment, Lorber i

Kowalski, en un treball analeg al fgt per Lorber en calibracié multivariant, han
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estés I'estudi dels diversos parametres de quditat als metodes de cdlibracié de
segon ordre. En dl, es presenta € concepte de limit de deteccid, pero deixant clar
que es requereix un estudi molt més profund del terme. Es en aquest sentit, doncs,
que ca avancar en € desenvol upament d’estimadors adequats per a l'avauacio
d'aquest parametre de qualitat en procediments d'andlis que utilitzin la caibracio
de segon ordre.

298




Apéndixs




Apéndix |
-}: 3

APENDIX |

amb elsespectresdelsanalits purs

Lorber defineix e limit de deteccid, per un analit k, com la concentracié que
correspon atres vegades |'error rdatiu tota en |'estimacié de la seva concentracié.

Aquest error relatiu sexpressa com:

Acm‘al _ AC’Cd + Acm (I 1)
Ck C* Ck

on Ac., és I'error degut a l'etapa de calibrado i Acy, és I'error degut a l'etapa de
mesura de la mostra desconeguda. L'error relatiu en la concentracid és igual a
I’error relatiu en @ senyd net mesurat, tant en ’etapa de calibracié com en la de
prediccié. Per tant, I'equacio (1.1) ésequivaent a

Ac_ml=s& + _EBun (L.2)
S C e
on rk ‘ i ,,rinkﬂ, son es senyas nets, en forma escalar, de P’analit k, en

I'estandard de cdibracid i en la mostra desconeguda, respectivament. L'equacio

(1.2) és equivdent a

A‘:'tor,al — Ecal Sun (1.3)

= 4 Ky T
" Yy ” l'un”
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on Ku €s € terme de propagecio d'error de ’analit k en la mostra, és a dir, la
relacio entre I'error relatiu en la concentracio i I'error relatiu en la resposta
instrumental. Sexpressa com [Lorber, 7986]:

el el

Kun =1 5 (14)
run rk

El limit de deteccid és, doncs, € valor de concentracié que compleix la condicio:

1_ &g, . . ¢

§~ || r,:[ - 1.5)

BN

La concentracio de I'analit ha d'aparéxer de forma explicita en ’eq. (1.5). S hom
pensa que I'equacio de prediccio d'una analit k determinat ve donada per [Lorber,
1986]:

Sk (16)

llavors, combinant (1.4) i (1.6) i subdtituint & valor de «,, en (1.5) sobté&

1 ey & COJ_‘

e [ cuns

A7)

Operant en aguesta equacié hom arribaal limit de deteccio buscat:
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8un cO,k

(LOD), = (18)
““*“(s I |J

Finalment, simplificant aquestadarreraexpressio sobté:

38, Cox

OO -3

1.9
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APENDIX |1
Derivacio de I'expressio dd limit de deteccié per a un model classic constr uit
amb ds espectres deles mescles

Reprenent |la definicié de Lorber de limit de deteccié per un andit k, I'error relatiu
en la concentracié estimada és ara: '

Moa _ Ea Kmﬁ (IL1)
un

*

C‘k Sk

|

on s, és la senshilitat neta de ’analit k 0, & que és @ mateix, |'espectre de
Panalit k pur normalitzat a concentracio unitat. El terme de propagacié d'error de

Panalit k en lamostra, k,,, Sexpressa com :

Kun = w (IL.2)
k

un

S hom utilitza € concepte de sdectivitat per un andit, definit pel mateix Lorber,
I'expressio (I1.1) esdevé

A'“'total Ecal Eun
- . + Ky (IL.3)
o (SEL).Ds| Il

El limit de detecci6 és € vaor de concentracié corresponent atres vegades € vaor

de Acwualcr i, per tant:

Co K, (IL4)

1
3 SED). s, ] el
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La concentracié d'analit no apareix en I'eq. (n.4), perd s es té en compte que
I'equaci6 de prediccio d'un analit k sexpressa com [Lorber i Kowalski, 1988]:

(IL5)

[lavors, combinant (I1.2) i (IL.5) i subgtituint €l valor de k., en (n.4) sobté:

€l + ” run‘iaun
SED-[si e, il vl

1

Suposant que I'error relatiu en la mesura de les respostes de les mostres de

calibracié i prediccio és & mateix, I'eq. (I1.6) es simplifica, obtenint-se:

L T urmn] n7)

3 kI (SELK s

Reorganitzant aguesta expressio sobté e limit de detecci6 buscat:

3, Y]

[, )
€,  (SEL),

(LOD), =

(n.8)

w

S
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APENDIX 11
Derivacio de I'expressio dd limit de deteccid per a un model invers constr uit
amb els espectresdelsanalitspurs

En aguest tipus de models, & senyal net d'un analit k, en forma escalar, ve donat

per ’expressio:

T
r =£unR+°_;; Sk
Tun + +
AR

(IL.1)

obé;

Cox
+
[Ree

y = (IL.2)

en la mostra desconeguda i en l'estandard de I'andit k pur, respectivament.

[R*c,’ és la inversa de la sensbilita de I'andlit k. L'error relatiu en la

concentracié estimada de la mostra desconeguda és ara:

éc_un= e‘m _ gm]}R+c_eﬂ= SMBRchk]]JJl‘un" (HI3)
Ct 4 Cun,k Cunk ” Tin "

El terme de propagecio d'error, k., que és lardacio entre I'error relatiu de la
resposta mesurada de la mostra i l'error relatiu en la concentracié predita de
I'analit k, sidentifica com:
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Kyn _MM (m4)

Cun.k

De la mateixa manera, I'error relatiu en I'estimacié de la concentracié en I'etapa

de calibracié ve donat per:

Acy _ 3@=LR+°*|| (IIL5)

Cr By Cok

Per la seva banda, Lorber defineix la selectivitat, (SEL):, com & quocient entre €
senya net de I’analit k pur i € seu espectre pur:

L]

(SEL), = = U (m6)

pur + pur
e} [Rvel |

Combinant les equacions (I11.5) i (IIL.6), I'error relatiu en I'etapa de calibracié es
pot expressar-se en funcié de la selectivitat de I'andit k. Finalment, si es sumen les

equacions (II1.3) i (II1.5), sobté que I'error relatiu total és:

ACyya _ €al “ R+ck” ” r“"” Eun

¢ (SEL) |ep Cank | Fua]

(IIL7)

El limit de detecci6 és € valor de concentracié corresponent atres vegades € vaor

de Aciw/ck i, per tant:

+ .R+c"" (IIL8)
(SEL), | e | Cank

Eal €

L
3
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Reorganitzant aquesta expressio sobté e limit de deteccié buscat:

(LOD), = —— JRLC"" (LILY)
A 1 .

£ cal

3 (SEL),r|

308




GLOSSARI

CLS Minims quadrats classics
Classical Least Squares

FIA Analisi per injeccié en flux
Flow Injection Analysis
GC-MS-SIM  Cromatografia de gasos - espectrometria de masses amb monitoritzacié dions

seleccionats
Gas Chromatography - Mass Spectrometrywith Selected lon Monitoring

HPLC-DAD Cromatografialiquida d'ataresolucié amb deteccio per diodes enfila
High Performance Liquid Chromatography with Diode Array Detection

ICP-OES Espectroscopia d'emissié optica amb plasma acoblat per induccio
Inductively Coupled Plasma - Optical Emission Spectroscopy
LS Minims quadrats inversos
Inverse Least Squares
LOD Limit de deteccio
e Limit of Detection
MDL Limit de deteccié multivariant
Multivariate Detection Limit
NAS Senyal net d'un analit
Net Analyte Signal
NIR Infraroig proper
Near infrared
PCA Andlisi de components principals

Principal Component Analysis

PCR Regressié per components principals
Principal Component Regression

PLS Minims quadrats parcias
Partial Least Squares

RAM Métode de I'anihilacié del rang
Rank Annihilation Method

RMSECV Arrel quadrada de I’error mitja de lavalidacié creuada a quadrat
Root Mean Square Error of Cross Validation

RMSEP Arrel quadrada de I'error mitja de prediccié a quadrat
Root Mean Sguare Error of Prediction

SVD Descomposicié en valors singulars
Sngular Value Decomposition

TIC Cromatograma d'ions totals
*Total lon Chromatogram






