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Conclusiones Generales

CONCLUSIONES GENERALES

Las conclusiones que se pueden extraer del trabajo recogido en esta tesis, en
relacién a los objetivos inicialmente planteado, son las siguientes:

1. Se han establecido metodologias analiticas precisas y exactas para la
determinacion y seguimiento de las principales especies que caracterizan
la fermentacion alcohdlica llevada a cabo por Saccharomyces cerevisiae,
glucosa, etanol, biomasa, glicerina y acidez. Las determinaciones,
realizadas con estos métodos, han sido utilizadas como “valores de
referencia” para construir los modelos de calibracién multivariantes para
los diferentes analitos citados.

2. Se han fijado las condiciones de trabajo que permiten el desarrollo de un
proceso de fermentacion alcohdlica. A pesar de la complejidad del medio
en el que transcurren las fermentaciones alcohdlicas, debido a la
acumulacion de biomasa y de productos procedentes del metabolismo de
la levadura, se ha establecido una metodologia de registro de espectros
MIR, tanto en discontinuo {af-fine) como en continuo (in-Mre), que ha
permitido la monitorizacién y seguimiento de los cambios acaecidos

durante el proceso de fermentacion.

3. La utilizacidn de herramientas multivariantes, por reduccién de variables,
ha posibilitado correlacionar la informacion espectral registrada con las
determinaciones analiticas realizadas, de esta manera, se han creado
modelos de calibracion que permiten el seguimiento y la caracterizacion
del proceso fermentativo en tiempo real. Por tanto, la espectroscopia en el
infrarrojo cercano, como tecnica analitica, en conjuncion con PLS, como
herramienta regresiva y predictiva, permiten el seguimiento, Ila
monitorizacion y l1a obtencién de informacién en tiempo real de los cambios
acaecidos durante el proceso fermentativo.
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4. La utilizacién de herramientas de factorizacién y resolucién ha permitido al

seguimiento de la evolucidén de la concentracidn de los analitos principales
involucrados en la fermentacién alcohdlica: glucosa, etanol y biomasa. Por
tanto, queda comprobado que &l método de resolucién MCR-ALS, utilizado
para extraer informacidn Otii en diferentes problemas vy situaciones
analiticas, es también una herramienta apta para resolver los perfiles de
las principales especies que interviene en un proceso de fermentacion.

. La utilizacion de modelos fermentativos empiricos, tradicionalmente

usados para modelar bioprocesos y disefar reactores biologicos, ha
permitido refinar y mejorar los modelos de resolucion creados. El uso
conjunto de ambos ha permifido dilucidar los cambios producidos en
procesos de fermentacién alcohdlica llevados a cabo en diferentes
condiciones de temperatura y pH inicial.

. Se han construido estructuras de datos fridimensionales, a parlir de

espectros NIR, utilizando la temperatura como dimension adicional. Este
proceder amplia el ambito de utilizacion de los métodos de calibracion 3-
way, poseedores de propiedades matematicas favorables, pero de
aplicacion limitada debido a la falta de estructuras fridimensionales

apropiadas, especialmente en el campo de la quimica analltica.

. La utilizacién conjunta de los métodos PARAFAC y MLR, como estrategia

sinérgica de creacion de modelos, ha demostrado ser ufil para eliminar al
efecto distorsionador introducido por los cambios no modelados de
temperatura. Esta asociacion ha proporcionado buenos resultados, tanto
en condiciones de extrapolacion como de interpolacion, cuando se ha
aplicado a dos sistemas diferentes.



Conclusiones Generales

Con en esta tesis se amplia la linea de trabajo del grupo de investigacién al
seguimiento en continuo de procesos bioldgicos y a la utilizacion de herramientas

de modelado por resolucion y multi-way.

8. La experiencia y conocimientos adquiridos en el estudio del proceso de
fermentacion alcohdlica permitira seguir trabajando y profundizando en el
conocimiento de nuevos bioprocesos. En este sentido, el proceso mas
inmediato, relacionado con el tema aqui presentado y del que ya s& tiena
alguna experiencia anterior, es la utilizacién de compuestos procedentes
de desechos agricolas y/o industriales pero susceplibles de ser
fermentados y de ser sustrato de partida para la produccion de etanol.

9. La experiencia adquirida en el analisis de informacidon a través de
herramientas de resolucién ha permitido abrir las puertas al estudio y
conocimiento de diferentes tipos de procesos y sistemas en evolucion
desde una perspectiva muy ventajosa, ya que este tipo de herramientas
tienen unas demandas de informacién quimica de referencia nulas o muy
bajas.
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Abstract: Alcoholic fermentation under Saccharomyces
coerewiaiae yeasts s governed largely by glucose uptake,
biomass formation, ethansd and glycerin production, and
acidification. In this work, PLS calibration models wene
developed with a view to determining thess analytical pa-
rarmeters from near infraced spectra and snalytical date
providid by the comesponding reference methods. The
models woere applied o a set of samples obt@ined from
variopus fermentation processes, The glucose, ethanol, and
biomass values predicted by the models exhibited a high
correlation with those provided by the reference method.
© 2004 Wilsy Periodicals, Inc.

Keywords: near infrared spectrsocopy; alcoholic fermsen-
tatice; multivariate colibration

INTRODUCTION

Afer the ol crisis of 1973, the world production of
bipcihanol (a renewable and aliemative source of energy
o iraditional fossil fuels) has grown sieadily doe io iis
use in the formulation of liguid fuels as carburant as well
as aMidetonant agent. The world figure for the year 2004
is expecied o be in the region of 35 gigaliters and thus
T5% greater than that For 2001 (2003 Gl weowdisiill.
comworld_ecthanol_production himl). Industrial ethanol
is obiained by chemical symthesis (79%) or alcoholic fer-
mentation of varous glucose-nich substrafes (93%) (www,
distill.comiberg/)

Saccharomyces cerevisige BB the microorganism maos
widely wsed mindustnial aleoholic fermentations; it is o
nonpathogenic GRAS (generally regarded as safe) microbe,
Metabolically, 5. Cerevisioe & o facultalive serobic micm-
organism; in the presence of glucose concentrations above
9 g, however, it metabolizes glicose via a fermentation
puthway (Ribéreau-Gayon et al, 2000} Although alco-

Comreipondence o Sarcel Blanco
ontract grant gpomsor Mmsenoe & Ceana y Tecnodogs (MOyTE

Spain
Ciomtract grand sumbser: RO 04247

© 2004 Wiley Pariedicals, inc.

halic fermentation vields ehanol as the main produoct, the
process involves sbditional metabolic pathways, the most
imporiant of which & glyceropyrmuvic fermentation; this
produces glycerol and pyravie acid. the latter evolving to
variows compounds including succinic and lactic acids,
scetone and 2, 3-butanediol, 5. cerevisioe veasts can thus be
used for the industrin production not only of ethanol
CAnkava et al, 1999, Overkamp et al,, 2025, but also, wpon
genetic modification, of other foodsills (Hansen @ al.,
2000), with improved sensory properties and an increased
wdded value,

The mcreasing demand for ethanol, s fermentsive
origin, and the wide vamety of inermedite metabolites and
e coproducts oblained during alcoholic fermentation have
raised the need for analytical methods capable of providing
information aboul the stales of fermentation processes in
real time.

A number of mathematical models have boen used 1o
mionitor aleoholic fermentation under different batch (Birol
el al.. 1998 and continueus (Larsosson and Enfors, 1999)
operating conditions; such mexdels, however, ane subject
to many severe restrictions and fail when the conditeons
imposed are nad met, which is frequently the case, as a
result of composition ronumifermity in the raw materal
(Saine et al, 2003y or the variahility inherent in the
fermenation process (Cramer et al., 2002, for example. In
addition. the models are constnscted from data obtained
after the alcoholic fermentation has completed or once
the sample, withdmwn by using an appropaste offline
reference method (Salmon, 1998), has been analyzed, so
the analytical dotum lacks temporal value as fermentation
continues while the sample 5 being processed, However,
near infrared (NIR) spectroscopy allows processes (o be
monibered and analytical information withdrawn  from
them in real tme (Blanco et al, 2000, Adamopoulos
et al., 2001; Cimander et al,, 2k2),

The mam of this work was 1o develop calibration models
for the difTerent analytical parameters involved in alcoholic
fermentation under 5 cerevisiae veasis, namely, glucose,
cthanol, glycerin, biomass, and acidity. The models should



elfectively allow alcoholic fermentation to be monitored in
real time.

EXPERIMENTAL

Microorganisms, Media, and Growth Conditions

Saceharomiyees cerevistae ATCOC 1326 strain was obtained
from the American Type Culiure Collection. The sirain was
maintained on YPD agar medium { 1% wiv yeast exiract, 2%
wiv peptone, 2% wiv glucose) atl 4°C. Precultures of yeast
cells were grown in 250 ml Erenmeyer Masks comaining
S0 ml of Wickerman medinm (0L5% m'v peplone, 0.3% mfv
yveast extract, 0.3% mf'v malt extract) supplemented wilh
20 wiv glucose and stirred st 00 rpm st 23°C for 48 hr,
afier which they were wsed 1o inoculate a bioresctor
comtaiming 2.75 liers of the same mediom o the preculiure,
Cilucose was obinined from Panreac, and peplone, yeast
extroct, and malt extroct from ADSA Micro. Fermentation
runs were conducted in a3 liter bioreactor (Mew Brunswick
Scientific Bio-Flo model) equipped with temperature ansd
stirring controls, The operating lemperature and stirring ke
were 2550 and $00 rpm, respectively.

Samples

The samples wsed to develop and validate the calhibrition
models were oblaimed in two diflferent ways,

Fermentafon Samples

These were directly withdrawn from the fermentation
syatem. Owverall five fermentation runs were conducted.
Each fermentation sample was sphit into five aliquots that
were used for the following determinations: glucose and
cthanol (following dilution), biomass (following centrifi-
gationy, glycerin {upon dilution), acidity (expressed s
acetic acid), and NIR spectrum.

kLS FRETREATMENTS
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Figare I. Schomasc description of the prooedune used o obtain speciral
and analytical daia for constroeciing the PLS mode]s.
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Laboratory Samples

These were prepared by maxing sccurately weighed amounts
of glucose, ethanol, scetic acid, glycenin, and biomass in
proportions differing from those obtained n the ferments-
tion process, The MIR spectra for these samples were
mclwded i the spectral data matnx wsed 10 construct
the calibration models, Figure 1 depicis the technigues
wsed o oblain the reference values wsed in conjunction
with the MIR specira o construct the partial keast squeares
(PLS) models.

Reference Mathods

Glucose and ethanol were individually determined in the
fow injection analysis (FIA) manifold of Figure 2. The
determination of glocose was based on the following
coupled enzymptic reactions:

Glucose + O3 + Hy0 % Gluconic acid + HyO;

2 HiOs + 4-aminophenasoms

+ phenol bid p-benzoguinone- 4 phenazone 4+ 4 HyO

The lamer reaction gave a colored product that was
monitored spectrophotometrically at 506 am, The compao-
sation of the reagems was a5 follows, The bufTer wasa 0.1 M
aquenars solution Na HPOy (Merck) adjusted to pH 7.0, The
eneymatic reagent was prepared in the previows buler and
comtamned 125 U GODVml, 5 U PODVml, 1.5 mM 4-
aminophenazone (Sigma), and 9.3 mM phenol (Fluka),
GOD {glucose oxidase E.C. 1,1.3.4) and FOD (peroxidase
E.C. LILLTy were both obtained from Sigma.

The determination of ethanol relied on the following
eneymatic reaclion:

CH,CH,0H + NAD* ™ ¢cH,cHO

+ MADH + H®

The MADH thus formed was momitored spectrophaiometri-
cally a1 340 nm. All chemicals wsed in this reaction were
reagent-grade. The composition of the reagents was as

Trprbam Analyiis Wrde
Wariliss
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Figure I. Elements and placement of the FIA manifold wwed o
detemmine ethanod and ghocose,
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Table L Semplkes ingluded in g cabibrataen sl exlornal vabdaton scis or the differcal analyic,

Mumber of amples for

Sei Sample type Gluross Eibanol  Acetic acid  Glyoerine  Biomass
Calibrarion Lahirsiony 12 12 5 11 L]
Freermuie: ntati o 14 14 m L )
Tetal b ] b ] = £ |

Concentratiom  0=225 gfl.  0=18% 0=30 g O=10gl 0=14 gL

mange

Validatiom  Laborsiory 5 | i L] L
[Ferma:niation 18 12 12 W 11
Total 3 17 17 17 11

follows, The bulfer was an wpueous solulion conlaiming
75 mM sodivm pyrophosphate, 75 mM  semicarbaride
hydrochloride (Fluka), 21 mM glycine, and 0015 M sodiom
chioride and sdjusted w pH 3.0 with sodivm hydroxide, The
encyrmuti reagent was prepared in the previous bufTer and
contained 130 U ADHA and 1 g NADY. Both ADH
{alcohol dehydrogenase EC. 1.1.1.1.) and NAD" were
obtained from Sigma.

O aliquot of each sample withdrawn from the
fermentation resctor was diluted 100-200 times in order
o sccommodate it resulis within the linear determination
range. Biomass concentration was measured using the dry
weight method. The protocol was exiracted from Rhodes
aml Stanbury (1997, Pyrex tubes were dred o 105°C,
copled in a dessicator, and tared. Five milliliter samples (by
iriplicates) were oblained and cemtrifuged at 10,000g at 47C
for 15 mim. After washing with deionized waler, ihe hiomass
was separated by recentnfugation. The resulting residue wos
dried at 105%C umtil constam weight was schieved,

The glycenn concentration wis determined by gos
chromatography sccording 1o Smvchuk et al, (1999), A
Hewlett-Packard HF 583%0 5enes 11 gas chromatograph
equipped with a Meme jonization detecior and a Supelco
SPB-1701 fused silica capillary colummn (1.5 m x (L25 mm
P, 0225 pm Glm thickness) was used for this purpose,
Acidity wos determimed by titrsting o 5 ml sample from the
fermentation system with 1 M NaDH m the presence of
phenslphthalein s indicator, Todal acidity was expressed s
moetic acid,

Apparatus and Software

Spectra were recorded on a FOSS NIRSystems 6500
spectrophotometer (Raamsdonksveer, The Netherlands)
equipped with a rapid content analyzer (RCA) module tha
was furnished with o gold reflector having an optical
spacing of 0.5 mm, The instrument was govemned and the
e were acquired using the Vision 2,51 software packoge,
also from MIRSystems, PLS models were constructed using
Unscrambler 8.0 from CAMO (Trondheimn, Norwayl

An appropriaie amount of sample was placed in a Mat-
botiom quanz cuvelle and the gold reflecior positioned in
its. botiom. Each recorded spectrum was the average of
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32 scane performed al 2 nmomtervals over the wavelength
range of 1,100=2.500 nm.

Data Processing

Spectrnl dots were subjected o vanous trestmens, in-
chuding the standard normal variate (SMNY) and the first and
second derivatives, which were oblained using the Saviteky-
Ciolay algorithm (Saviizky and Golay, 1964) with a second-
order polynomial and a window size of 11 points,

Preprocessed data provided by il reference metlsds
were modeled wsing the PLS1 algorithm (Geladi and
Kowalski, 1986). PLS | models were constmicbed by cross-
validation using the leave-one-out procedure. The opimunm
number of PL51 components was laken o be tha
minimizing the sum of residuals,

PRESS = 3 (fum — Yams)

il

where m is the number of samples used (o construct the
model, vpep the reference valoe, and Yrgg that provided by
the maodel.
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Figure 3. Pl of soores for sclecied samples in ihe calibration amd
walidation wetx for glecose. The samples within sach sguane bound the o
cimkeTiralEn calmmes,
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The goodness of the results provided by the differen
PLS1 mwsbels was pssessed i terms of the relive stan-
dard ermor,

iwm - ]IflE,r]'l
RES (%) = |——
\ 3 (v’

= J0b

and designated RSEC (%) for calibration and RSEP (%) for
external validation.

RESULTS AND DISCUSSION

Tabbe | shows the number, ongin, and comceniraion mnges
spanned by the samples used for calibeation and vabidation
of the models, Both the calibration set and the validation set
mncheled o number of labormory samples, This allowesd
collinerarity m the concentrations of the differem anal ytes
mnvodved in the fermentation process 10 be reduced and the
concentration range encompassed by the calibration models
1o be expanded. For all analyies, the calibration range was
brosuder than the validation range,

In order 1o ensure that variability in both fermentation
samples and laboraiory samples was considered in the
calibration and validation seis, the samples to be included in

ench were chosen wing principal component analysis
(PCA) By way of example, Figure 3 shows a plot of the
seores For the Nirst principal component (PC) against those

Lnadireg ot bor Glus oue
Modterd Jox i Jrale Variable Srbpcteon

o
i ey o i m\@\f t'ﬁ j |

At
ksl

Figure 5. Loalngs of the ird componend Tor glucose. Disconlinsitics
comespond o variables nol sclected by the modified jackknife varable
selection method. Rectanpalar areas comespond $o speciml 2ones sscnibed
o gleoose.
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Tabide 1. Descriptng sldists of hhe calibration and valslism s for the differest analylcs

Cali#ration Walidation

Amal yie Specin pretrealment Wavelengih mege {nm) Number of variables  PLS facions [ REEC k2 RSEF
Eibanol Eru desnoaine 1550 = 1 S0 & 22802 400 ([1%] r 0SHET 180 LT 5.0
Cilucore Farsl degvvatsie Jackkndie S E] (LSS 47 LSl 481
Gilycesine Frst degrvativg Jackkeaic 168 g 0997 457 09985 420
Acetc aid Firsi devrvaiive Jackknile nz & LIL Ly TES UL 704
Biomans Seoond derivative 1, DD =1 S0 o 0, T60= 2000 + L LI 4 Ll ia 441 09Ta% 6

23502 500

for the second; the samples mcluded in the calibraton and
validation sels in order o construct the calibration mode] for
glucose are highlighted. The first PC accounted for 7%5% of
the overall spectral varnance, amd the second for 12%.
Samples srramged in increasing glocose comtent in the
direction of the first PC.

The spectra obained during the fermentsion proccss
exhibited anm increasing shift due to yeast growth and
comsisied mainly of the bands for water, which was the
major component amd that with the highest absorplivity.
These spectra could nol be used 1o assign specific spectral
regions 1o the analyies with a view o selectmg the most
suitable spectral mnge for constructing the models, How-
ever, the fimt-derivitive restment comected constant base-
T shalts and ex posed the speciral information concealed in
the absorbance spectra, Figure 4 shows the Oist-denvative
NIR spectra for 20 labormtory samples containing the
analytes ol concentralions spanming the ranges hsted in
Table 1, The very strong band st ~ 1,960 am and that @
1,420 nm are the combination band and first overtone,
respectively, for the O=—H bond in water.

The region between 2200 and 2360 nm contains a
succession of allernate maxima and minima. and so does
that from 1660 to 1,780 nm, where peaks, however, ane
smialler tham in the previous one. The peaks in these regions
can be ascribed to a combination of tones and (o the first
overtone of C—H bonds in ethanol. Spectra were arranged
in increasing concentration of ethanol.

Similarly, the 2,030-2130 and 1, 480- 1580 nm regions
exhibit a sequence of spectra amanged in secondance with
the glucose concentration. These regions are roughly those
where the tone combinations and first overone for O—H
bonds m glucose ocour,

In the speciral region from 1,950 w0 2030 nm, which
corresponds o the spectral rmnge where the COOH group
absorbs, samples arranged as a function of their scetic acid
content, The spectral region from 1,100 w 1,350 am
exhibated bands for the secomd overtones of C—H bonds,
Samples armanged in eems of the glyveerin amd biomass
contents 0 no speciral region, however, Models for the
different amalytes were constructed from whole spectra,
wsing the absorbance, Nrst-denvative, second-derivalive,
ad SNV modes; vanous combinations and the jackknife
variable selection test, as modified by Morens and Martens
(200, were used for each amalvie.

The best resulis in all instances were provided by first-
derivative data. By exceplion, the biomass wis best
determined from secomd-derivative data; this is rather
surprising as the second-denvative treatment eliminated
shifts in the absorption spectrum by eflect of growih yeast.
However, this result is consistent with those previously
oblained by other authors using derivative spectral treat-
miems i models for determining biomass (Sivakesava et al.,
2000 ; Gigwvasis et al., 2003,

The jackknife vanable selection test simplified the
madels and provided improved resuls for all analyies
excepl ethanol and lomass, the best models for which were
those based on manual selection of wavelengths, By way of
example, Figure 5 shows the valees of the Nirst loading for
the glecose model, Discontinuities in the vanables were a
result of the jackknife method excluding those varmbles
significant a1 a level below 95%. As can be seen, every
vanable comesponding 1o the spectral regons thal were
assigned 10 glocose (namely, 2050=-2130 and 1,480-
1,580 nm, rectangular zones i the graph) was selected by
the jackknife test,

Omce the best models for the analyies were established,
they were applied (o their respective validation seis. Table 11
shows the values of the characteristic parameters for the
models (namely, wavelengith ramge, number of variables,
apd PLS factors), as well as the statistics defining the
goodness of the best maosdels for each analyte. The simplest
models for ethanol and glucose were also those providing
the best calibration and validation statistics; this was a resuli
of the analytes being the compounds present a1 the highest
concenrations during the fermentation process.

Table 1. Figures of mem in the validation models for the differest
analyres ”

Rivizchulbs
Anslvee Slope Offast Af. ¢evperimenial ¢ onitic
Elhanal L0l &0 0.0 + 03 22 139 207
il L £ 000 <371 & MLE2 16 133 12
Acetsc acid 100 £ 00 000 £ 1SS 16 -8 12
Glyomrine 05T £ 0k OIS £ 021 16 -1.95 12
Haamiass 08T & 0k 01l £ 07 10 151 17

4 imdicale de confidence inlerval.
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Figure &  Temporal vaniation of the coscoatrations of the magor malytes involved @ akobobc fermemation.

Table 111 Dists the fgures of merl oblamed n the
validation of the differem modils; as can be seen, the slope
arkd ntercepd values incheded unily and zero, respectively,
in the 95% conflidence levels, Table I also shows the resuls
of a signilicance test for the residuals, The expernimental ¢
values were all smaller than the eritical r value at the 95%
confidence kevel and the comesponding number of degrees of
freedom (d.0) There were thus no significant differences
between the values predicted by the mosdels for cach analyie
and those provided by the commesponding reference method.

The calibration models obtained for the differem
fermentation components were used (o monitor oiher fer-
miemation muns mol used W constrect or validate the models.
Figure 6 shows the NIR pradicted values for a fermentation
process that was monitored for 74 br; the graph shows the
temporal variation of the different species stuchied, As can be
seen, the glucose concentration decreased and the ethamol
concentration increased throughout the pricess. The
glyeerin, acid, and biomass concentration initially mereased
and then virtwally leveled off after a ume that vaned with
the particular analyte,

CONCLUSIONS

The methods usually emploved 10 momtor fermentation
processes ane slow and labor-intensive and use reagents with
a potential enyirommental impact. In this work, we used NIE
spectroscopy in combination with multivariale calibration

techmgques 1o accomplish the rpid, reliable, affordable,
nondestructive determination of ethanol, glucose, biomass,
glycerin, and acihity i samples from an alcobolic fer-
mentation process under Saccharomyces cerevisioe yeasis,
Alhough tests were conducted i the at-line mode, a probe
will be used in fwiore work 1o allow the process 1o be
monitored in real time. The proposed model are thus
effective alliematives to ihe analytical methods traditiomally
used 1o moenitor fermentation processes.

Supporied by a grast from Spam’s Miniserio de Ciencia v
Tecnobogin {MCyTh (vo AC. P
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Abstract

Aleobolic fermentation s usder Sacciaroniced cenrvitine yeaits were condocted on cilre mediim balches containing glacose a8
carban source, Spectral changes duning the process were monitored m-line wilh a near infrared (NIR) immersion probe. Data wene analysed
by using 2 multivasiate curve resalition-allerating beast-squares (MOH-ALS) method. Different regions of the NIE spectnm were examined
in order 1o ensure optinmm application of the ALS alporithm and elucidation af the chemical rank for the system. The ambiguity inherent
in the ALS algorithm was resolved by using vanious combanations of imequalaly and equality consirants. Some combinations were found
o perform quise well in termas of explained variamee and lack of fit, even in the absence of information in the form of equality consirainis.
The resubting nsode] exposed a ahly si@nificant relaionship berween e ALS response and the referende concentraion. Application of the
miodel 1o aleobolic femmentation mias performeed under sienilar conditions resubied in also similar anabytical figures of mserit. This alkows the
MCR-ALS method o be nsed 1o obiain the analyie profiles as a functon of tme and the spectral profiles inevolving aleoholi femsentations.

£ 2005 Elsevier B.Y. All mghis reserved.

Krpwords: Alcohohe bermentation; Advemahng beaxil-iquaret, Sacoharmeress cenndiioe, MUK, PLS, |5 e monstonmg

1. Introduction

The use of ethanol as a gasoline antioxidant has always
been subject to the feasibility of obtaining it in inexpensively.
Thus, 23% of all ethanol produced worldwide i oltaned by
alcoholic fermemtation of an appropnate substrate [1], maost
often n the presence of Saccharonmvces cerevisine yeasts,
Glucose uptake, liomass formation, the production of ethano]
as eml-product and glycenn as by-product, and e gradual
acidification of the medinem are the most prominent progesses
ogcuming during aleoholic fermentation in their presence.

There have been vanous atiempds at increasing fermen-
tation productivity inclueding the search for highly efficient
yeast strains [2], optimization of the fermentation conditions
[3] and even the vse of an extraction progess in combination
with fermentation [4].

* Cospeapomdsng authos Tel |+ 34 035810983 fan + 34 03501 2345
E-mcil addorii: marce] blasoo® uab ed (M. Blanca)
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Crie other pouat 1o be conselerad m accomplislong efli-
cient alcohol fermentation 15 the implementation of an analy-
515 and monitoring approach allowing the process to be main-
tained under optimum conditions throughout. This, howewver,
15 B0 easy sk as e primary result of e complex nature of
merolnal metaboliim and s non-linear kienes [5].

Tradatromal analytical methods (HPLC for glucose and GC
for ethanol) are expensive and timse consumang for alcoholic
fermentation monitoring. By contrast, infrared spectroscopy
allows the expeditions determination of several analytes in a
simulianecns manmer without the need for several reagents;
this has facilitated the monitoning of fermentation processes
of diverse nature [6.7]. MNear infrared spectroscopy (NIRS)
provides major advantages for the analysis of products with
highly absorbing and dispersive matnices such as cell gul-
ture media. The way analytical information is extracied from
NI signals has evolved in paralle] to the development of new
chemometric methods, one of the most widely checked and
used is partial least-squares regression (PLSE) [E]. The tn-
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linear version of this method [9], which i parsmmonious b
less markedly affected by noise in the ongmal vanables, has
been successfully used 1o model the performemce of mdus-
trial fed-batch fermentatioms [10]. Models are constrscted
from reference data obtamed by usmg classical analytical
techmgues.

The chemometne metudology known as “mulovarsate
self-modelling curve resoluton”™ (MCR) does ot require
the knowledpe of reference analytical information m order
to provide information about composition changes 1 an
evolving system This 15 especually desrable wath complex
evolving chemical systems and processes where one or
miore infloential variables (e.g. temperatare, pH, analyte
concentrations) change with time. These techniques have
one featwre in common: they allow the temporal information
about the concentration of the system components (concen-
tration or kinetic profiles) to be obtained, as well as the purely
spectral information (spectral profiles or individual spectra),
MCE methodology has been successfully used with process
analysis systems [11]. It has not, however, been applied to
biological processes—particuladly  alecholic  fermenta-
tiom, where chemical transformations are effected by
TLCTOOn g AL S.

MCE methods rely on a number of algonthms [12] of
which alternating least-squares (ALS) 1s the most wadely
used for the simultanecus elucdaton of spectral and
concentration profiles. This algonthm requires no reference
mformation bat can profit from any avalable knowledpe
about the target system.

The am of this work w3 to determine the kimete and
speciral profiles for the key species in aleoholic fermen-
tatbon usang the ALS algonthm with a view to companng
the results with the analyvtical mformation ol4aned by wsang
a previously validated model and checking whether MCR
methodology is an effective choice for stadying aleoholic
fermentations,

2. Theary

Curve resolution methaods resolve the expenmental data
matrx, Alr x o), into the following matnx produect:

A=CST4+E ()

where C{r w ) ek the matnx t-nnlainiug the I!:mpmil Vira-
twom of the anﬂ:.'te concentrations (pe. the kosstic Fnﬁlﬂ}.
ST{:I w ¢ 1% that nnnl'.al'u'm; the vareatwon of the response
with respect to different vanables {1.e. the spectral profiles),
Eir x ¢} 15 the random perturbation matnx, which contains
the residual vanation of the data due to no analyte and 15 as

surmed to be mn ndent amd exhilnt & constant \mr.i:nnl.-; r
15 the dimension related 1o the I-E|11.|:|n|=| vanabon of the Sy
tem, which comeides wath the number of measured samples,
¢ is the dimension related to the vanation of the recorded
respoise, which coineides with the number of variables; »

15 the dimension related to the number of analytes the con-
centrations of which change with time and alter the sagnal
recorded by the detector.

Resolving matnx A 15 no easy task. Curve resolution
methods cannot delrver a single soluton [13] as they are
subgect 1o bath rotational and scabe (or mtensity) ambiguities
[14]). In order to avoud such amlnguites, the system must be
subgected to some constraimt [ 15] on the concentration andfor
spectral profiles. The constramts used on MCE methods are
based on available information about the system concerned
anel can be of two different types: wequality amel equakiny
constraints. Inequality constraints inclode non-negativity,
which can be applied to both the concentration domain and
the spectral domain, provided profiles are positive; omi-
micdality, which can be applied to the analyte concentration
profile as long as it exhibits a single maximum. Equality con-
straints inchede closure or mass balance constraint, which are
applicable when the combined concentration of the analytes
remains constant and known throughowt the process. A
second fype of possible equality constraints can be wased
when the kinetic and'or spectral profile for some species is
knowm.

Fig. | depicts the ALS algorithm used. The key steps in its
implementation are the determination of the chemical rank
or number of sgnificant components, and the preliminary
estimatton of the kinetic andfor spectral profiles by using
an exploratory procedure such as evolving factor analysis
(EFA) [16] or simple to use interactive self-modelling max-
ture analysis (SIMPLISIMA) [17]. The algonthm ends by
repeating the loop a preset number of tmes —unless the 1ol-
eratesd convergence, &, is reached before, In each teration of
the loop, the pseudo-inverse of the concentration and spec-
tral profiles (e the least-squares solution) 13 calculated, the
matrices thus obtained being used o re-estimate the kinetic
profiles from the spectra and the spectra from the kinetic
profiles.

The performance of the model can be assessed in a genenc
manner by using only two parameters. namely: the vanance
cxplained by the model, EVY, and the statistic LOF (lack of
fit), where ay denotes the elements in experimental matrix
A and &;; the values caleulated by using the mode] with Eq.
(1}

EV = E—EE « 100,
L i = ay)
LOF = . 100
J S

The quality of the spectral profiles recovered can be as-
sessed by companng the ALS caleulated spectra (i) with
the reference spectra (5} via the dissimilanty enterion:

1 — cos’ ’;r;'
| B

Sz =
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Alernating Calculation

5 =CHA
C =A 53

Fig. 1. Scheme of the alemanng beast-squares (ALS) alpomthm

A sinz value of zero means total agrecment. Because the
profiles are expected 1o be very sanmlar, it 15 better 1o use a
disammlanty nweasare than a smolanty measure as the cosme
of the angle between vectors since sine values provide bet-
ter chscrmunation than cosme values. A dissimnlanty of 0.1
15 equivalent to a comelatron of 0.995 and one of 0.01 1o a
comrelation of (L9000,

If any chemical information obtaimed with a validated ref-
erence method 15 avalable, the qualiy of the results m the
concentration domain can be checked via the coefficient of
determnnation, H‘J. which 1% a mseamsare of closeness between

the ALS and reference resulis.

A, Materials and methods
3.1. Microorganisms

A cerevisiae ANOC 1326 strain was obiained from the
Amencan Type Culture Collection. The veasts were mam-
tarmed on YPD agar medinm (1%, wiv yeast extract, 2%, wilv
peptone and 2%, wiv glucose) an 4°C.

3.2 Rarch l|I"n|.-.l''.lc|'l.r'lcl.l'.r.l.l'n':ll.l'r fests

Fermentation fests were performed i a 1 L bioreactor
furnished with a double jacket through which water was
circulated for I-em.pn:hl.rz control and a silicone i i
iserted. The bioreactor was placed on an electromaimetic
stimrer and connected to a thermostated hath to maintain the

working temperature at 25 °C (Fig. 2). Three different fer-
mentation batches containing an initial ghecose concenira-
tion of 300 gdm=" but differing in pH were studied. The
l'mncm.a.linu 'P.'ilh E ] ﬂlﬂiﬂ: l:ll'[ 'Bf 4 was I:I.llﬂ:l 1o construct
the ALS model, and those starting at pH 2 and 5 were em-
ployed to validate the model. The culture medium used in
the three contained 5 gdm=? peptone, Sgdm=" yeast ex
tract, and 3gdm™ malt extract. Yeasts were transferred
from Petri dishes to the bioreactor with the aid of a Kohl
handle.

Computer

Fig 2} Expersmeatal w&-up
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Fag. 3. Evolutson of spectra dunng the fermeniation process (A absorbance
spectra; (B fird-denvateve specira

Fermentation samples wene withdrawn on a regular ba-
sis duning the process. Glscose, ethanol and biomass were
determined by using PLS models desenibed elsewhene [18].

13 In-line .rn:mffn_g or NIE ipecira

In-line tramsflectance specira wene recorded on a Foss
HmS}'ﬂmm :Puan]'lul.-unEIcr uqul]:lpnd with a stamn
less steal npti.-l:a] . The mmstrument was condrolled via
the Visaon v. 2.51 software pﬂckaﬂz. S'Fﬂ.-tﬂ were recorded
il r:gul.u'lim: mslervals a.r.lhemp of 32 scans Pcrﬁnrmad
at 2 i intervals over the wavelengzth range 1 100-2500 nm.
Fig. 3 shows the vaniation of NIR specira in the absorbance

arel first-denvatve modes duning a typacal aleoholic fermen-

34, Data processing

Experimental data were processed by using various
functions inclsded in Matlab v. 6.5, The ALS alporithm
was applied to spectral data by using the software GUIPRO,
from Gempedine [19], which runs under Matlab 6.0

The chemieal rank for each fermentation was determaned
from eigenvalues caleulated by using singular value decom-
position (5VD) and checking them for significance via an
F-iest based on the redoced error eigenvalue (REV) de-
veloped by Malinowski [20]. Decistons were also based
on plots of the eigenvectors associated with each selected
eipenvalue,

The initial estimated profiles were constructed by using
the exploratory algonithm needle search also included in
CiLTIFRLY | 21].

In calculating dissimilarity for glucose, the first spectnem
of the fermentation hatch, which was recorded immediately
before the yeasts were added, was used as reference spectrum,
For ethanol. the reference spectrum was the last spectrum for
each batch. This was recorded once all the glicose had been
depleted and the only studied analytes present in the medinm
were primanly ethasol, but also bomass which distorted the
reference spectrum and made the result obtamed were not as
reliable as for glucose.

d. Resulis and diseussion
4.1. Spectral regions

Changes during the fermentation process can be moni-
tored by using an NIR probe 1o record spectra on a periodic
basis (see Fig. 3). As can be seen from Fig. 3A, absorbance
spectra shifted with time, mainly as a result of scattering
due to biemass growth in the mediom, The strong bands
for water clearly observed at 1900 and 1420nm conceal
the spectral information for the other analytes. However,
the first-derivative spectra (Fig. 3B) exhibit correct baseling
shifts and expose such spectral information.

Based om spectral observations and the results of previous
work [18], the study was focused on three different spectral
regions, namely:

fa) 110023580 mm, wiach :Pulnncl the whaole MIE specinum
studied. The final Pul:linn of the NIR mgicn was excluded
10 arder to avoud :pntl.nlnni:-:fmrn the ru-:nn:f:in: Fr-uhl:
{h} 11001800 mm, which mmcluded the first overtone
(1420 nm) for the hydroxyl bond m water, glucose and
ethanol, amd alzo the Ard overtions [|EED-|TH]T|:11} for
the C—H bond. First denvative treatment apphied 1o this
region commected constant base line shift and revealed
spectral changes dog to the sccumulation of ethamwsl
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during the fermentation process; such changes were not
evident m the absorbance spectral mode due to baseline
shafts caused by momass accummilation.

() 1800=-2350 mm, which included the combanations for tee
hydroxyl and C—H bonds. This region exhibated the high-
31 absorbances and hence the highest sensmaty {from
1950 o 2000 o). First-denvative spectra exlnlnied a de-
crease i the signal s 2100 mm wath tme as a result of the
gradual disappearance of glucose. Likewase, both first-
derrvative and absorbance spectra exhabated an increase
mn e amlytcal sigmal ar 2200-2350 o wath e due
to the production of ethanol,

Fibee-optic probes exhibit shight noise abowve 2200 nm
that mcreases up to 2500mm. This was the region where
our system exhabated the strongest spectral changes, so i
called for a compromise: the 2200-2350 zone was retaimed
on the grounds of s high signal-to-noise ratio and the
2350-2500 nm zone exchaded as it exhabated a consaderably
lower ratio,

#.2. Ninnber of conponents

Table 1 hists the mumber of components (NCs) used in each
speciral regron studied, namsely: two for all first-derivative
specira, five for absorhance spectra in the 1100-2350 and
11001800 nm regions, and three for absorbance specira in
thee 1800-2350 region.

First-dervative spectra acooumed for the analytes glucoss
and ethancl. When mose than o components wene used,
theese were associated with biomass awd by-products of aleo-
holic fermentation resulting from yeast metabolism such as
ghycerine and acetic acid, however, the eigenvecion associ-
ated with the fourth and ffth components exlibated emmatic

By way of example, Fig. 4 shows the nght eigenvec-
tor plot associated with the first five components for the
1 R00-2350 nm region in the absorbance spectral mode, The
night eigenvectors assoctated with components 1-3 echoed
the vaniation of the concentrations of the analytes glucose,
ethans] and biomass, respectively; on the other hand, those
associated with components 4 and 5 exhibited no clear-cut
trencl and prechsded a chemacal iterpretation, Therefore, the
chemical rank for our system was 3,

The spectral range exhibiting the highest EV (99.97%)
and lowest LOF (0.0645%) in the absence of equality con-
straints was that spanning the whole absorbance spectrm

Table |
Namber of compomsents (W) aned lack of fit (LOF) for te different spectral
regions stodsed

Spectral region Abaorhance Fart derivatme
LOF NC LOF MNC
1100-2350 00as 5 0405 .
1100 1 50D ool 5 0.81E 2
1800=2350 01 i 1.757 2

Time (hours)

Fag 4. Right eigesvector phot assocaated wids the five most significant sipen-
vallnes m the sbsorbance spectral mode

(1100-2350 nm). This was the only region examined in all
subsequent tests.

4.3, Consirainis

The ALS algorithm was applied to absorbance specira un-
der the following inequality consiraints: non-negativity and
unn:n-ud.'llil:'_l,r n P nn‘rlnl:-ﬂ'll:n.l'.i:un dnwrn.in, amd rm-u:gll.i'ri.l::,r
m the spectral domain.

Equality constraints were apphied to the component glu-
L, which was the nrll:,f.l.nal:‘rlz n}ril:uil'lng a .'n:ln:l.iu: nzﬁinn
Il.lbebeg:'.nning n‘lhcprucmhl'm the :.'E\.'lstwu aclced.
The following four situations were exanunecd:

{a) Using no spectral information.

(b) Assipning the Ffrst  spectrum  recorded, which
corresponded 1o the culture medivm imoediately
before moculation of the yeass, 1o the component
plucose.

(e} Assigning the concentration profile provided by the EFA
algorthm to the component glucose.

(d} Assigning the first spectrum of the batch and the glucose
concentration profile provided by the EFA algonithm io
the component glucose,

Table 2 shows the figures of ments sin 2y, 50 2y, and LOF
obtaned mn Iheprnimuﬂmn‘:iﬁuﬁh‘n'ﬂhe:lﬂi;ﬁ::lm
:i.g:'n'ﬁm‘rﬂ:,r Emal!u' 1o Ve twecs CasEs whl.-n: miformation i fee
concentration domain n::nwliudu mn:"ualh.:,r consiraint,
This was a result of EFA estimates resemble true Fl'u'ﬁll:s
m procesies where mtermediate Fl'udul:r_l have leﬁll:i that
exhibnt an aleolote mazmam dLIriEIE the process (n.e, where
ﬂ:q-ﬁn-n-nﬁ:nmlh::m'ling :nall-,-tesandm:mnn‘nndlnd]ur
mbermediate lml]liumlhe:ul:l-prn:hl:h} i.n.a.higbu'degme
than m :En'u'u:'ull.l!'ﬂ:u'i 5:,r:||:rr|.|. !:h.!'i:l:llbﬂhn‘i.ﬂ 'mnlaliuu.
however, bath ethanol and biomass accumuolate in the calturse
migdinm as they fomn. 2o their profiles are hyperbolobdal or
sigmoddal in shape.
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Tabile X

Lack of fit (LOF) and dusimibanty values for ghacose {5m 2y, | and ethamol (50 2] as obtamed by supplyng different fypes of mbormation as equality constrants

i thee MCR-ALS algorithen

Mone Farst spectrum

LOF S0 Syl S0 LOF N Iyl U
Rone 0045 00o4 0L0us7 0046 0L000% onzol
Cilueere 01648 01467 0. 1800 0189 LR ) [l ol

In the other two cases (viz. when no imformation or spec-
tral information alone was supplied), the differences in the
parameters were nol signaficant, so the use of spectral infor-
muatvon did not improve the resolution results, Because the
statistics were nod sipmificantly improved by the introduc-
ton of an equality constraint, the ALS model mvelving no
such constramt was adopted in order 1o avoud the burden of
CONStraints.

4.4, Elvcidation of the composition of the fermentation
system

Fig. 5 shows the kinetic profiles for glucose, ethanol and
bromass in a fermentation process conducted ot an matzal
glucose concentration of 200 g dni . The concentrations are
on the real scale for the process as the ALS concentration
profiles were comected with the comesponding coefficients of
linear regression (slope and offset) between the ALS values
and those provided by the FLS reference model.

The coefficients of determination £ between the ALS and
PLS values for glucose, ethanol and biomass were 99,730,
B0, 55% and 99.15%. These values are quite accepiable and
confinm that the ALS model provides good statistics despite
its inserent rofational and scale ambiguities,

Fig. & shows the spectra for the three analyies. The spee-
trum associabed with biomass formation, which is the ongin
of scattering in the culiure medium, is highly similar to those

250

— Hren -

i

Ethanal and Gkicoss (gl)
g &
=3 - =
Bhomass (pl)

Fag. 5. Kinetic profiles for glocose, ethanol and hiomass as desermized by
using e ALS model, all on & reall scale

2_
1.8

1.4
12 1

8-

100 1350 140 1SS 1T00 1850 2000 2150 IND
Warrelengih (nm)

Fig 6 Spectes sssociated with the glacoss, etfanol mnd beomues profiles

for glucose and ethanol. Ooe should bear m nund that fer-
mentation takes place in an aqueocus medium and that s
high absorbance dictates the spectral profiles for the three

The ALS model, obtained from the pH 4 experiment, was
applied to two addiional fermentation runs performed under
sdentical conditions except for pH, which was 3 in one case
and 5 in the other. The model was applied, by ordinary least-
square, via the pseuwdo-imverse of s spectral data matnx.
Epnnn:rlr.:l'ﬂu'lpruﬁles Fudi.cwd‘h}'ﬂtnl:ddl'wlltlnn
additional fermentations are shown in Fig. 7. As can be seen,
the mon-pegativity and onimodality constraints imposed on
the initial model were not stnctly fulfilled by the prediciions.

Table 3 shows intercept, slope and coefficient of debermni-
nation between the analyte concentrations predicied by the
model. for the two fermentations and those obtained by di-
recily applving the ALS algorithm to the fermentation per-

Table %

Figures of ment for e relabombap between the concentration data pro-
widesd by the ALS mode] and thowe obtamed by applymg the ALS method
o fermentation rons performed at two different pH values

'

Amahte  Baich  Shpe Interceps K
Glicoss  pH3  0998£0001  -0095+ 0001 099
pHS 099820001 020040000 099
Ethanal  pH3 100040005  —0095 %0006 0598
pHS 09400086 011440033 0994
Boomass  pH3 005020075 01304008 099

pHS 0040 = 0054
Svmbol £ denotes the 55% coafidencs maenal

0104 == (i3l 0552
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Fag. 7. Concentrabyon profiles obtamed by apphyng the ALS mode] to two fermentabon runs performed al a different pH

formed at pH 5 and 3 under the same conditions and con-
straints used to construct the model. Notwithstanding the un-
certaunties introduced by its ambiguities, the model provides
highly significant comrelations for the analytes plucose and
ethanol, and sipmificant correlations for biomass,

& Conclusions

Despate the complexity of a fermentation  medim,
MCE-ALS was suecessfully used in this work to elucidate
the composition profiles for glucose, ethanol, principal an-
alytes invelved in aleololic fermwentation. The mesalts were
also of gpood quality 1o model the evolution of biomass, momn-
absorbing specie, that promates the scattering throughout the
fermentation.

The resulis obtaimed for all the species were externally
validated by companson with a previously validated PLS
reference method.

The proposed ALS model was applied to fermentation
runs conducted under similar conditions and the results were
found 1o be acceptable despite the ambiguites.

In future works we will use the combination of soft and
hard modelling m order o mmimize the ambiguities inberent
to MCE-ALS algonithm.
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Abstrac

The strengihs of hard and soft modelling were exploibed by using both types of metheds in combination to monitor alcoholic fermentations
under Snocharemyees cerrviriee yeasts. Experinsental work was perfonmed in two steps. [n the first, fermentation processes were conducted under
identical conditions except for the indtal ghicose comcentration in order (o lests vanious previously reponed empirical hard modelling meethods,
The prodect minbition mode] of Hinshelwood was found o provide the Dest resulls in e of goodoess of 10 and consisiency m paraneler
wilues between runs under these conditions., In the second step, fermmentation processes conducted at vanable lemperature and pH were monsored
im-line by using an immersion NIE probe. The results were processed by using multivariate curve resodution-altemating least-squares (MCE-ALS)
methodology in combination with the hard modelling mformation ohixined in the first dep as spectral equalily constraints. Nolwithslamding the
complexity of the fermentation matriz imtrocheced by varishility in the species invalved in yeast metabalism, the extractsd profiles exhibited kighly
sigmificant correlation with the reference values provided by a valadated reference method for the determuination of glucose, ethano] amd biomass,
The results testify 1o the efficiency of the joint nse of soft and emparical hard modelling for snadyiag evolving biological systems and opens up

new avennes for application 1o other bioprocesses.
€ 2005 Published by Elsevier BV

Keywords; NIR spectroscopy, Hard modellmg. Soft modelling: ALS, PLS, In-hne monibonng

1. Intreduction

The dramatic rse m price and perodic shoriages of
petreleum, m addition to mevitable exhaustion of the existing
fuel supply, have fostered research into the processes mvolved
in the production of substances usable as altemative energy
sources, Especially promisent in thas respect 15 aleoholic fer-
mentation as ethanol 15 being mereasingly used as a substinute
for gasoline | 1]. Moseover, ethanol can be readily obtained from
otherwise industnally useless waste such as plant residues and
highly pollsting pulping liquor [2]. This has led many coun-
tries to devise research programmes aimed at improving and
optimizing alecholic fermentation [1]. Despite the environmen-
tal advantages of ethanol as a fuel. if cannot be expected to be
widely used as a substitate for traditional energy sowrces wivtil
a viable, economical, competitive production process becomes
available [4]. In this respect, industrial aleoholic fermentation

* Cometpomdang author

D003 26T00% — sew Froat matier © 2005 Pubdished by Elwrvier BV
dot 10 1014/ aca 2005 05 Od

processes have tradittonally been rather inefficient, as they have
usually relied on the operator’s long-life expenence and knowl-
edg: 1o mandan the n‘-u]v:'ng systean umdler control.

In hos proneening study of 1949 [5], Monod reported an empir-
wal equation to describe cell growth as a function of a limiting
factor. Since then, the mathematical modelling of fermentation
processes has been a subject of much research in biotechnology
[%] and a host of models desenibing aleoholic fermentation in
kinctic terms have been reponed. Such models can be formm-
lated in vamows ways and range from stmsctured models, [7.8]
which consider a vanety of phenomena infloencing fermeniation
kinetics but require estimation of a number of parameters that are
difficult o obtain, to black box-type models, which are based on
readily measured parameters, but subject to severe restnctions,
and fail when the constraints imposed are not met [9]. A wide
range of empinical models derived from the mechanistic mod-
els used to study vanons iypes of enzymatic action also exists,
Such empinical models, which have been widely nsed to model
aleolwlic fmn:ﬂhll'nn. ASSITE Frnd.m:l. formation 1o be related
to cell pu:ﬁh.a.m:lm in between structured models and black-

MCA F26EE 1-10
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Monmenclature

K self-inhibition constant for growth (h™1)

Kip constant of substrate inhibition for ethanol pro-
duction (g/L)

Koy constant of substrate inhibition for growith (g/L)

Kpp constant of fermentation nlibiton by ethanol
(gL}

Kpx constant of growth inhibition by ethasol (g/L)

Ksp constant in the product term for ethanol produc-
taon (/L)

Koy constant i the substrate term for growth (g/L)

F ethanol concentration (/L)

Ppme  constant of maximum product formation i the
fermentation term (g/L)

Pyme  constant of maximom product formation in the
growth term (gL}

5 glocose concentration (g/.)

Spmax  constant of maximum substrate consumption in
ihe fermentation term (p/l.)

S¥max  constant of maximuem substrate consumption in
the growth term {(g/1.)

X cell concentration (g (d.m. VL)

Fon ratix of ethanol produced per substrate conswmed
for fermentation

Yufs ratix of cell produced per substrate conswmeed for
growih

Cireek syanbols

Hmax  maximuam specific growth rate Y

Vi AR T spntiﬁl: fermentation rale I:l'l_t:l

box maodels i terms of complexity and accuracy. Although the
adoption of a modelling approach can provide a better under-
standing of a fermentation system, it does mot ensure efficient
aleoholic fermentation: in fact, maintaming the process wder
optimum conditions throoghout enfails wsing an analytical and
monitonng approach.

Mear infrared spectroscopy (NIRS) is a rapid, non-destroctive
techmique of use 1o record changes m strongly absorbing,
highly light-scattering matrices such as cell-calture media, Most
research into fermentation systems has involved off-line work
and only 0 a few cases has on-line monstormg been addressed
(109,

The current widespread acceptance and success of NIES
would never have been possible wathout the simultaneous devel -
opment of nulttvanate calibratron methods for extracting analyt-
scally useful information from NIR signals. Partial least-squares”
regression (FLSR) 15 no doubt the most thoroughly checked and
widely nsed multivanate calibration method, NIRS has been
used in combination with PLSE meodels 1o predict the concen-
trations of vanous analytes in the course of different types of
fermentation; however, the ensuing models require the use of
reference data proveded obiained with classscal analytical tech-
ngues.

M, Flawco ol al, £ Analyticn Ohimiicg Acta oo [ X065 ) oog=oor

There 15, however, a fanuly of chemometne methods known
Ft .ﬂ:“'alﬂl:d:ﬂlng curve resohulion {Eﬂl'lm} |11]. whach fac-
Imi:u: a mmed metnomental :.'i.gn:l o e pure cv:mh'.ihlﬁ.qru
:uq:i.ahnd. ] mach EDD'IPEI'IIE'EII m :Fb:m [IE]. T]'l:u- rqclh
o= Furi.f:l: a pan'u{nl appmﬂi;h with wery meosclest demnamds;
|]!E.|f TeCjuire 10 reference :I:I'l.ﬂ]:.'ti.ﬂﬂl information, but are :uhjﬂ:l
to inherent infensity and redational ambigainies [13] that entanl
||:|'|Pu:|.:ing unn-nepl:i.ﬁ!}r. uniuwda“lyu‘:lnmcmh:hi: [|I]
o :J'lu'l!-:n I'J:l:- range nl' !F::u.'iH-e :-nlul:i.-unr. I |._"|-|. E\"ﬂ'l n-'i.lh :l.l-l:h
constraints, however, a band of feasible profiles rather than a
unigue solution fitting egqually well the experimental data and
fulfilling the physical and chemical constraints on the system
has 1o be considered [ 16]. The range of feasible solutions can be
minimized and optimized by using various procedures [17]. One
of the latest, most powerful and efficient chobees in this respect
i the wee of a mixed approach introducing & hard modelling step
based om a kinetic msdel as an additional constraint in the mulia-
variabe corve resolution—altemating least squares (MCR-ALS)
alposithim [18]. This mixed approach has so far been wsed to
solve kinetic problems [19], determine resction rate constants
[20], monitor batch chemacal processes [21] and even improve
analyte quantitation in the titration of complex mixtures [22], bt
never in combination with MCE-ALS to minimize ambiguities
in fenmentalion syslems.

The purpose of thiz work was to 1&gl vanous ]'I.H.I'I:'.-EI'I'I.FII'II-
cal methods widely used to model alcobolic Fermentation with
a view o wlentifying that best fitting the experimental results
provided by a validated reference method for the deternumna-
pon of glucose, ethanol and biomass. The fitted results proveded
I:-:.r tha -uph.mnm mode]l for the thres a.rul.:,ﬂe: were 'innurpn--
rated as equality constraints into the MCE-ALS soft mwsdalling
algorithm, which was used to monitor alecholic fermentation
processes conducted under vanable pH and temperature condi-
b0,

2. Theory
21 Empirical models

A mumber of empincal models based on the mechamistic
laws of kinetics have been proposed fo descnbe alcoholic fer-
mentation batches, Such maodels use the following system of
dafferential equations to describe cell prowth, fermentation and
substrate uptake, respectively:

dy

E:p}l‘ (1}
g = uX {2)
5 (L) (L o
ir Vg dit ¥pg di

The model assumes that the vanation in subsirate consumption
as & Pusetion of wose, %,i:inm&mlymhmdmlhanunhhmgt
of biomass, 4F, and ethanol, 35, being ¥y, the ratio of cell
produced per substrate consumed for growth and ¥/, the ratio
of ethano] produced per substrate consumed for fermentation.

ACA I2E806 1-10

B2 8 80 288 °% B 8 8 = 8B BR E 28 § F B E B OE OE OB

8

gasa

E R R EE



E EEEEEEECER

ARTICLE IN

_

M. Biemco o al. f Analytica Chimica Acts xor [ 2005) to-xex 3
E:;-.I-mhmmh {3t} and product formation (v wsed by various empirical medels

Number . . p—

1 Py = () T

: o (1 - ) e (1 (- ) —

) simn (ts ) e~ o) v (w5 (- o ) Edwasts 37)

I e () (1 - 52) v (irer) (1~ ) Luong (15

3 ""‘{Eh:]“'x”” s [ iy | (1 = Kpp P Hinshelwood [19]

f p_{:l—,{:} u“{l—,&} Ghose and Tyagi [40]
g o (i ) 5= K ) viman [ 277 ) #5p (~ Kirp P) Aiba et al. [41]

Whale the rates of change, a3 a function of tme, for bomass (X),
and product formation () are directly related 1o the biomass via
appropriate forms of i (the specific growth rate, in h=") and v
{merpﬁiﬂ:fumeuﬂimme.almhh"'},whﬂh:uﬂsﬁﬂr
hours. Models differ in the way the specific fermentation and
growth rates are defined. Table 1 lists some of the mou widely
used forms. Eqs. (1) and (2) in the table unluibatomn-
free kinetics: (3) and (4) nclude substrate mhibition effects;
and (53-(T) include product whibition kinetics.

The way the parameters in these equations are determined
has evolved hand-in-hand with the development of powerful,
fast computers, The methods traditionally used for this pur-
pose (e.g. linearization, polynomial approximations [23]) pose
mumencal problems as they mvolve the reciprocals or ratios
of experimentally determined variables, which influences the
precision with which the target parameters can be cabeulated,
These problemis can be avoided by direct simultaneous inte-
gration of the differential equations for growth, fermentation
and substrate uptake [24]. The results thus obtained are com-
pared with expenmental data and an optimization procedurse
i5 used to change the values of the model parameter whl
the difference between the experimental and caleulated data is

2.2, MCR-ALS

Curve resolution methods are based on the factor analysis
technique, which factonzes the experimental data miatrix, A
{r = &), into the following matrix product:

A=0U8T +E 4)

where C(r x &) has column vectors containing the temporal vari-
atson of the concentrations (1.2, the kinetic profiles); the
row vectors of 5° (a8 % ) contamns the vanation of the response
with respect to different wavelengths (1.e. the spectral profiles);
E (rx¢) is the ressdual matnix, which contains the residual
vanation of the data dwe 1o the analyte and is assumed to be
imeibe penhent and exhibal a constant vanance; F, mumbser of row,
is the dimension related to the temporal varation of the sys-
tem, which coincides with the aumber of measured samples; ¢,
oumber of columns, is equal to the number of wavelength and

A 15 the dimension related 1o the number of analyies the con-
centrations of which change wiath tme and alter the detector
sigrmal.

Before a SMCR method can be applied, the chemical rank
or pumber of components of the target syalem must be deter-
ertied. This can be done by idang vanous methods [25] melidhing
MCE-ALS, which 15 based on an iterative optimization algo-
rithis [13] that is applied in five steps. The procedure is as
follows:

(1) Imitial concentration (Cn) or spectral profiles (8a) assumed
to constitute good approximations to the pure components
can be used as starting point, Furthenmore, other resolution
methods well established such as needle search [26], evolv-
ing factor analysis (EFA) [27] or a suitable alternative [28]
can also be employed,

(2} Grven some mxiiial or intermsediate estimate of C, the least-
squares solution (i.e. 8T = pinw (C)" A), is found by minimiz-
ing || A — CST||. being || || the Evclidean norm (i.e. squared
ool of the sum of te squared values).

(3} Given some initial or intermediate estomate of 5, the least-
suares” solution, (e C= .l'pi:w (87N, is found by muni-
mizing || A — CST].

(4} .liiupmduudfmﬂﬂuds-r.mm&ulumﬁ:udus
o 15 ealeulabed.

(5) The alternating least-squares steps (2-4) are repeated
uniil  the crterion (8) is fulfilled (ie.
[IA = C8T|| <B) or the maximum number of iterations is
reached,

The performance of the model can be assessed in genenc
terms by using only two parameters, namely; the explained van-
ance, EV, and the stansnie lack of fit, LOF which are defined as
follows:
ik

i
T %)
E-‘E_;ﬂ’.'}

B = &)
LOF = il . i) w 100 (6)
Y

EV
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dy denoting the elements m the expenmental matnx A and &;;
the walwes caleulated h:,r the u:ing the mode]l with E.q (4}

Provided the rmmﬂinﬁwu obtammed wath the valudated ref-
erences method are avalable, the quality of the results m the
cmﬂl.l:l:imdnnuiu can 1;!: i:bcdwd Wi Ilrc\-uel'ﬁci:n! n-!l: diter.
nmakon, H': whach 15 a measure of closeness between the ALS
and reference resulis.

R.::-nl-ri.ng malnx A 15 no easy task. Curve resoluhon meth-
nd.s cannod i:lnl:lirl.rzra 1.|'.r|u'.|.1|.|= :-nlul:i.m s ﬂ'n:'_r ane :n]:j:ct [ u] l:mlh
potational and scale (intensity) ambiguities. The rotational ambsi-
Euity.

AmCST + CTT'ST m (CTHT'ST) = C*5T @

reflects the fact that, for any factonng scheme, an imfinate mamber
of non-singular (1.e. invertible) iransformation rolation matrioes
T (o = ;) exist that make e solution pon-unigque. On the otler
haned, the intensity ambiguity,

A= CST = (b(*) (%s“] = (b . EI) {(C*'8™) = 81"
(&)

allows one o extract a scalar b from matax C and s mverse
from matrix 87 with any factoring scheme; however, C is b
times C and 87" is 1/b times 8T, but C° and 87" are identical in
shape with C and 87, respectively,

In order to avoid the previous ambiguities, the target sys-
temn st be subjected to some constraints on the concen-
tration and/or spectral profiles. The constraints used in MCR
miethods are based on available information about the target
system and can be of two different types. namely: natural
and equality constraints. Matoral constraints inchsde (a) mon-
negativity, which can be applied to both the concentration
domain and the spectral domain — provided both are positive
—; (b} unimecdality, which can be applied to the analyte con-
centration profile as long as i exhabatz a sangle maxinmom;
(£} the closure or mass balance constraint, which 15 applica-
ble when the combined concentration of the analytes remains
constand and known throughout the process. Equality con-
straints are used when the kinetic andfor spectral profile for
some species 18 known. Recently, Gemperline developed the
alternating least-squares with penalty funetions (p-ALS) algo-
rithm by introducing the penalty function into the ALS algo-
rithm in onder 1o soften or harden the constraimts [29]. “Hand”
comstraiis are consiraints that are snctly enforced, whereas
“soft” constraints allew small deviations from constraimed
values.

3. Materials and methods
A1, Microorgamisms

Saccharonnyces cerevisiae ATCC 1326 sirain yeasts wee
obtained from the Amencan Type Culture Collection. The yeasts

wiere maintained on YPD agar medium (1%, wi/v yeast extract,
2%, wiv peplone and 2%, wiv glucose) at 4 °C.

3.2, Baitch fermentation runs

Fermentaton runs were conducted m a ]Ll:ri.macl!u'fl.l.ra
nizhed wath a donble _'i:ul:hl:l |I1l'nl.|.=|1. which water was circulated
fur ﬂ:r.n'nnﬁlaling amwd a :.:i!u:l;m.lz cap mlbo whech a ::u'rp]z tnl-
lﬂcﬁmlﬂ:ﬁcﬂanﬂ.mm Fnb:wv:n: i.run:rl-ed_T]'ll: h'lnu:re:lclnr
L 19 plmed. on an elecl:mnu.gn:l.l'r !mﬂdmlﬁd Eo a ther-
rnni.tlhnd b.'ll']'l to mmantain the I:lFEI:lIITIB I'.-l:mpuﬂu.nz Pmﬂ::sn
were run it aeration. A tolal nl' ninl: fermeentalyomn rums e
performed as follows!

(a) Three mns were conducted at 30°C, an matial pH of 4 and
three different levels of matial glscose concentration (200,
100 and 30 g/L). These nuns were used to identsfy the empar-
wal meosdel best ftting the expenimental system. Also, the
fermentation performed at a 200 g/L. matial glucose concen-
traion was used to establish the squality constraints for the
three analytes.

(b} The other six nms were conducted at a 200 g/ smtial
ghecose concentration, two different termperatures (25 and
35°C) and three levels of initial pH (3, 4 and 5). These mns
were monitored by incorporating the equality constraints
it te MCR-ALS algonithm.

In addition to glucose, the culture medium used in the fer-
mentation tests contained 5 g/l peptone, 5 g/l yeast extract and
3/l malt extract, The inatial volume of medinm was B00 ml.
and 1% wiv inoculum grown overnight was used,

3.3, In-line recording of NIR specira

Transflectance spectra were recorded in-line by using a Foss
MIRSystems 5000 spectrophotometer equipped with a stainless
steel optical probe the Light path of which was adjusted in onder
to obtain appropriate absorbance measurements and maintained
throughout the tests. The spectrophotometer was governed via
the Yision v. 251 software packape. Spectra were recorded at
30 muin intervals as the averape of 32 scans performed al 2 mm
wntervals over the wavelength range 1 100-2500 am. Fig. | shows
the variation of the NIR specira in the absorbance and first-
derivative maodes during a typacal alcobolic fermentation rin.

14 Reference methods

Concentration of glucose, ethanol and iomass were deter-
mined using previously validated PLS models. These models
were built by combining NIR spectra of lab samples along with
fermentation samples in order to span the vanabality inherent to
the fermentation process. The mode] construction is descnibed
elsewhere [30],

A5 Dxwia processing
Empirical models were constructed by using the softwane
Berkeley-Madonna [31], which computes the parameter val-

ues for each model by simultaneous numencal integration of
the differential equation system. The inftegration process is coi-
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pled 1o a simplex-optimization routine that compares the resulis
obtained from the integration with their expenimental counter-
parts and feedbacks the integration step until the differcnce
between expenmental and integrated data 15 minimized. We
chose 1o use the Runge-Eutta methed for imtegration on the
grounds of its widely-documented efficiency with stiff systems
[32].

The ALS algonthm was applied to spectral data by using
the software GUIPRO, from Gemperline [29], which mms under
Matlab v, 6.0 and higher.

The chemical rank of the fermentations was determined by
using the eigenvalue Fotest and plots of the eipenvectons associ-
ated to each eigenvalue as desenbed in a previous paper [33],

The initial estimated profiles were constructed by using the
needle search exploratory algonthm included in GUIPRO [34).

3.6, Combining soft- and hard-modelling

The present study imvolved two steps. In the first, various
empirical models were tested to identify the best fiting for the

MCA 226876 1-10
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Fig 2 Schems of te process combining sofi asd bard modelling via equality constrasnts

experimental results. Concentration profiles were obained by
applying the previously selected model to fermentation rans con-
ducted at variable glucose concentrations. In the second step, the
concentration profiles previously obtained were used to calcu-
late the comesponding spectra via the psendo-inverse, piw

5T = pinv(C)* A (9

The calculated spectra were whilized as equality constraints in
the ALS alporithm to monitor fermentation mns performed a
different temperanire and pH valwes, Fig. 2 depicis the procedure
used to combine soft and hard modelling.

sccumulation

trum.
4. Results and discussion

(a) 1100-1300 am, where the spectral baseline is shifted as the
primary result of dispersion through biomass growih and

in the culture mediwm.

(b} These around 1420 and 1950 nm, which exhibat the absorp-
tion maxima corresponding to the first overtone and tone
combination for the O-H bond in water. These strong, broad
bands conceal useful spectral mnformation for functional
groups of other species present in the reactor.

(¢} 2200-2350 nm, which exhibits slight spectral changes with
time that can be ascribed to ethanol. The changes are more
apparent in the expanded region of the first-denvative spec-

4.2, Selection of an empirical mode]

4.1, Spectra

The resulls obained in the fermentation mns conducted at
pH 4. 30°C amd three different initial glucose concemrations
(200, 100 and 50 /L) were wsed to model biomass formation,
ethaivol production and glocose. Performance curves were fitted

Fig. | shows the termporal variation of the NIR spectra in the
absorbance mode during tee fermentation process. The follow-
ing regions are worth special note:
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Tabile ¥
Parameter values for the Hinshelwood mode] at mital ghome concentrations
of 200, 100 and 30l

Model parameters Instial ghacose concentrabion (/L)
fat 1] 100 .|}

" 0153 0152 0137
K LA 17748 1072
K Q.07 O0RE 0128
v 0310 027 0354
K 22 E5] 36211 16.514
Kpp Qo010 0010 0011
Yis 05H 215 0.244
by 0411 0453 047

to the experimental data by using all the models tested. Mod-
els were validated according to two gualitative criteria, namely:
(a) conzistency between the parameter valoes at different ini-
tial substrate concentrations in the fermentation medium: (b}
the degree of fiting in the transition from the exponential 1o
the steady-state phase —where the growth rate decreased very
strongly over a short interval.

All models in Table 1 were checked and transenbed to the
language used by the software Berkeley-Madonna. Hinshel.
wood model was the one exhibiting the lowest standard devi-
atson of the residuals for the three analytes and also that best
meeting the above-described critena. All other models were
discarded as they resulied in inconsistencies between values
for the fiting parameters (e.2. negative values) or fermentation
TS,

Chaly the results obtamed with the selected mode] are reported
here to semmarize the computations done in this work. Table 2
shyows the parameter values for the fermentation s performsed
al an initial glocoss concentration of 200, 100 or 30 /L. As can
b seen. the valwes were consistent betwesn fermentation rons
and with previously reported data [24,35].

Fig. 3A-C show the analytical data obtained for glucose,
ethamno] and biomass (symbxol lines), and the fitied resulis pro-
vided by the Hinshelwood moedel (solid limes), at an iwitsal
glucose concentration of 200, 100 and 530 ¢/L., respectively. As
can be seen, fitting was ¢lose in the exponential growth stage,
and very good in the latency and steady-state stages; also, tran-
sitions occurred in a gradual, confimsous manner.

The fermentation run conducted af an imtial glicose concen-
tratson of 200 gl was additronally used 1o oldain the spectral
and concentration profiles. Empancal spectra wsed as constraints
were calculated from the pseudo-inverse of the concentration
profiles obtained with the Hinshelwood model and the expen-
meental spectral data matnix. Fig. 4 shows the calculated spectra
for the fermentation run performed at a 200 g/L. glocose con-
centration, These spectra are very sinular to that for water,
whech conceals the spectral information for glucose and ethanol;
however, the weak bands for ethapol at 2200 and 2350 nm
distinguish it from the spectmm for ghicose. Also worth not-
img is the difference in the biomass spectmim — which is not
an actial spectmim as il comtains some scattered light — over
the range 1100-1300 nm, where none of the species present
absorbs.

g: e _5
iiijﬁ;i;%
i —
B {

@ " 0 20
ic) Time (h}

Fag. 3. Fiming of the Hinshelwood mode] wo te reference vabees for the fermen-
taition nuns cosducied s an matial ghacose conceniratson of (A) 500, (B) 100, and
(0 50 gl Reberrase values e pepresents as W (for gluesas) (1 (for edhasol)
a=d & (for tomas). Solid bnes pepreseat the s prapose,

4.3 MCR determination based on hard modelled
Enformtrion

The rotational and miensity ambigmities in the ALS algo-
nthm preclude the obtanment of a wdigque solution. In order
to minimaze both, the empincal spectra were mcorporated as
equality constraints into the algonthm. The concentration pro-
files could not be used as equality consirainis as they were
time-dependent and cach fermentation mn lasted a differemt
timme.

Both single spectra and combinations of two or the three were
bested. Selective application of e CONSITALIS [0 O OF 1W0 A1~
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a scale 107 1o 10° larger than that for the unconstrained species,
ie. the equality constrainis modulated the spectral profiles for
the constrained species relative to those under no equality con-
straint. In order to aveid such massive differences in scale,
equality constraints were applied simublaneously to the three
analytes.

Fig. 5 shows the concentration for ghecose, ethanol
and biomass as obtained from the analysis of the six fermentation
batches following individual application of the ALS al gorithm o
each. Using equality constraints on the spectra afforded the anal-

I

:
A

E T )
Fermentation Duration (hours)

Fag 5, Comcemrancs profiles obizsned by applveg the ALS mode] with squality
CORIFIAL b i feemmeniiation nisa conducted at o different tesperatees 15
snd 35°C) and thiee pH values (3-5). Spectra for gloesie (—), etbanal {---)
and baomas (- =)

Table 3
Coefhiceents of determizaton bereeen the reference LS valoes and those pro-
videsd bry the ALS model

Temperature pH Flucoae Ethamel Biomass
23 3 0 #FEs 000g% 05T
25 4 05945 09943 0 9E0E
25 3 09960 09049 09853
5 i 08970 09002 09764
5 4 09950 090Ed 09705
5 > 09 0 Q9EE

yais of fermentabion runs invelving different durations” as the
bme dimension was unconstruned. Table 3 shows the correla-
ton, a5 acoefficient of determunation, between the concentration
profiles estimated by the ALS model (Fig. 5) and those obtamed
with the validated PLS reference method; the poodness of this
statistic for the three analytes —biomass inchuded — testifies to
the robustness paned by meorporaling equality constraints mto

=

Glucose (arbitrory units)

£ £ £ & £

E

Bicmass (orbitrary units)

] 40 B 1] g
() Time [hours)

Fig. & Comcentratwon profiles for: (A) phacose, (B sthamo] and (C) hronsass m
fermentation muns performed a8 two defferent lemperatures, 25°C (black sym-
bols) and 35 °C {white symtwlsh and three pH values 3 {(0), 4 (&) and 5 (20
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the algonthm. Also, the vanance explaned by the model (EV)
was always greater than 99 9% and the lack of fit (LOF) smaller
than 0.1%.

Fig. 6A-C show the concentration profiles for plucose,
ethanol and biomass obtamed wath the ALS model. In order
to facilitate companson, the profile for plucose (Fig. BA)
was scaled between | and O by dividing the calculated pro-
file for each fermentation run nto the mibal value as the
mitial glucose concentration was the same (200g/1) mn all
runs. Fig. 6B and C show the profiles estimated by the ALS
gl

An overall analysis of the figures reveals a strong infleencs
of temperature: Glocose was taken up at an early stage at 35°C
while at 25 °C exhibited a latency period of wearly 10h with vir-
twally no wptake: Biomass evolved similarly where initial slops
of the curve (Fig. 6C) was greater at 35 °C than 25 °C, where
thee slogee was close to zero. for ethanol this behavior was even
mvire apparent (Fig. 68

The pH of the ferreentation medivm also influenced the
results, albest not so strongly as the temperature, As can be
seen from Fig, 6A, the vanation of ghecose uptake at 25°C
was very similar at pH 4 and 5; in fact, the two curves
overlap. On the other hand, the curve obixined at the same
temuperature but pH 3 clearly departs from the previous twao,
with a much smaller slope. This was also the case at 15°C:
the curves obdained at pH 4 and 5 are mutually sinilar bt
clearly different from that obtained at pH 3. The effect is
also clearly apparent in the ethanol production and biomass
profiles, Thus, ethanol Hom Al A given lemperatune was
lower at pH 3 than at pH 4 and 5. It should be noted that
pH 3 5 an extreme, near-lethal value for Seccharomyces
Veasts.

E, Conclusions

A comparative study of alcoholic fermentation under similar
pH and temperatire conditions but different initial concentra-
tions of glucose allowed varous empirscal models to be tested
with a view 1o identifying that best describing this evolving sys-
teim. The linear product inhibition mode]l of Hinshelwood was
found 1o be that providing best fittmg and thus selected for sub-
sequen work.

The profiles obained with the Hinshelwood mode]l were
mcorporated as equality construins i the spectral domain
mto the ALS algorthm. This combination of soft and hard
medelling was successfully applied to fermentation muns
conducted under different pH and temperature conditions,
The goodness of the results for the three analytes studied
was gquantified in terms of the coefficienmt of determination
between the profiles provided by the model and the ref-
erence values obtained with previously validated analytical
methoads,

The profiles thos obtaimed and a comparative study of the
resulis for the different fermemation batehes allowed us to estab-
Lish the effects of pH and temperature on glcose uptake, and
ethans] and biomass production.

As shown in this work, the combaned use of soft modelling
and hard empineal models facilitates the study of bioprocesses
and brological systems.

Acknowledgements

The authors are grateful to Spain’s DGICYT for funding
this research witlan the frameweork of Project BQU2003-04 247,
Antonio C. Peinado wishes to acknowledge additional funding
from Spam's MCyT in the form of a grant, and the avalability
and assistance of Professor Panl Gemperlins duning his stay at

Referenoes

[1] 5 Usda CT Zemn, DA Montews, YK Parker, Bectech Beoeng. 23
(1981} 221

12] 5 Helle, A Mumay, I Lam, D Cameron, 5. Duff. Bocesosrce Technol
B2 (20040 163

i3 AD Wheaki LC Basa, DMG Alves, HY Amoam, Tibech 14
(1999) 432

[4] A Costa, Dr. Atala, | Mangen, B Macwel, Process Biochem. 37 (2001}
125

151 J. Moacd, Ann. Rev, Microbeol, 5 (15499 371

[¢] MR Moarin, Am 1 Enol Viuesh 350 (19959 166

[ U Vesramallu, P Agswwal, Beotech Biceng. 36 (19900 694

[8] F Lei. M Rotboll, 5 B. Jorpensen, ], Bictech. 8 (2001 205

19 1C, Trelea, M. Tica, 8. Landand, E Lamille, G Comen, A Cheray,
Misth Comspes Simmslae 56 (M001) 405

110] &G Covansta, DM Mayes, £ Ge. ) Calbis, Anal Chem &2 (1550)
1977,

[11] WH. Lawion, EA Silvestre, Technometnics 13 (19713 617

[17] HEKM Faber, B Bro, PE Hopie, Chemom Intell Lab Syse 65 (2003)
(N5

[13] B Tauker. A Semlde, B, Eowalda, 1 Chemom. @ (1995) 11

[14] A De Juam, Y Vamder Heyden, B Tasder, DL Massart, Anal Clim
Acta 346 (1997 307

[15] P Gemperdine, Anal Chem. 71 (195999 5308

[16] B Tauber, Chemsnmetnes 15 (2000) 627,

[17] BM. Kmm, RC. Hemry, Chemom. Imtell Lab Syt 49 (1999) &7,

(18] A De Juan, M. Masder, b Matinez, B Touler, Chemom Iniell Lab
Syt (20000 123,

(18] H Huame, V Twoasmnes, Chemom. [atell Lab. Sy 44 [15998)
17

120 & .Hl;lhﬂ.. HFM Boelens, HCJ Hesfsloot AK Soubde, J Chemon

L (B00F) 25

[21] I P Gempeslane, G. Puxry, M Masder. D Walker, F Tasczynik, M
Bedarrmas, Anal Chem. 76 (3004) 2575

1221 ] Dwrwcie. A D Jusn, M. Mssder. B Touler, B Léndl, Anal Ol
T3 (A0 Gl

[23] 1P Boves, P Serchaianc, G Goma, ¥, Sevely, Bictech Bicenp 16
(1954 113

[24] G. Barcd, P Doreker. B, Kendar, £1 Oasan, K. Ulpen. Process Bioclem
35 (19 el

[25] A De Jusn, B Touler, Anal Clam Acta 500 (3003) 195

[26] P). Gemperkine, Anal. Chem. 58 [1986) 2656

127 M. Maeder, Anal Chem 59 (198T) 527

128] 1. Jang, ¥ Lissg U Omld, Chemons lmell Lab Syat 71 (3004) 1

124 PY. Gempestine. E Cash, Anal Chesn 75 (2000 4256

[30] M. Blanco, A C. Peinado, J. Mas, Biotech. Boeng. BE (3004} 536

[M] WT Vemerling. 5 A Teukoslsky, WH. Press, BP Flannery, Mumesi-
ral Recipes. Example Book (C), 2nd ed , Cambridpe Usiversity Press,
1858

[32] EL Bomell, C.5 Coleman, Differential Equations: A Modelbng Per-
spective, John Wikey & Soms, New York, 1998,

ACA 226876 1-10

O R B B o B B B B B B B B B B R R B B B B R B B B B D B R B R B B R R R R B R B B BB BB



ETEE

ARTICLE IN PRESS

10 M. Rlasce el al f Analytica Chimica Acta xxx (2005) Exe-xee

[33] M Blanco, AC. Peinado, J. Mas. Anal Chisa Acta 544 (2005) 199 [32] THT Lucag Baech Beceng M {198T) 242

[H] PN Gempedme, Chena. Inf. Comput Sex M (1984) M6 [3%] CX Hebelwood, The Chesmeal Kisstics of the Bactenad Cells, Cruford
135] F Godia, C. Cauas CJ Sola, Chean. Baechnol. 41 (1955) 155 Univesiaty Peess. London, 1946

|36] G. Temswer, Rev Se 306 (19042) $506 [40] TE. Ghose, R D Tyaga, Biotech Bioemg 1 (1079) 1401

[37] VH Edwards, Biotech Bioeng 27 (1970) 679, [41] 5 Asha, M Shoda, M Magatani, Bictech. Biceng 10 (1968) 845,

ACA X276 1-10

EXTEG



1V

TEMPERATURE-INDUCED VARIATION FOR
NIR TENSOR BASED CALIBRATION

Peinado A. C., Van der Berg F., Blanco M., Bro R.



Anexo IV

TEMPERATURE-INDUCED VARIATION FOR NIR TENSOR-BASED CALIBRATION
Peinado A.C.%, Van der Berg F.%, Blanco M.%, Bro R."

! Dt of Chemairy, Faeulty of Sestinod. Univerudsd Aurdsoms & Bacelons, 05193 Bellaters, Bieoelons Spais
4]
Dept. of Food Seeence, Chemomencs Group. The Royal Vetenmany and Agnculrsl Uraversity, 1958 Fredenicberg © Demmask

Keywords: PARAFAC, MLE, NIR, Temperature, Tensor, Modelling
ABSTRACT

The calibration strategy described in this work takes advantage of the synergic
combination of temperature-induced spectral variation in Near Infrared (NIR)
spectroscopy and the properties of tensor models. Rather than seeing spectroscopic
temperature effects as artefacts that have to be circumvented or eliminated, a Parallel
Factor (PARAFAC) model is used to extract and separate the relevant sources of
information about the physical and chemical changes in a system. This information is
highly related to the sources that provoke changes in the system as a function of
temperature, but can not be ascribed directly to them, mainly due to the nonlinearities
induced in the spectra. For quantification purposes Multiple Linear Regression (MLR) is
used to build a least squares calibration model from the PARAFAC sample scores,

Temperature plays a key role in our strategy by providing an additional,
meaningful dimension to a standard two dimensional spectroscopic data structure,
thereby turning the quantification and qualification task into a tensor problem. That way
the temperature effect on the spectral data can be modelled and prediclted in a
straightforward and highly effective way using this novel approach.

The combining strategy has been successfully applied 1o two NIR data sets.
The first one is a laboratory off-line data set well-known, described and utilised by
different research groups for testing new methods to cope with the temperature effect,
treating it as an undesirable artefact. The other set is a batch process in-line data set
with simultaneous changes in temperature and chemical composition. In this paper we
will introduce a novel way of generating tensor data, show the advantages from an
interpretational and predictive point of view, and present a comparison with traditional

chemomelnc tools.
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INTRODUCTION

Mear Infrared (NIR) radiation and temperature are an inseparable pair. In fact,
Fredrick William Herschel discovered NIR energy in 1800 just by using a thermometer.
During the last 50 years where this part of the electromagnetic spectrum was recalled
to the attention of the scientific community and has been studied more thoroughly.
Amongst the characteristics of NIR [1), one of the most remarkable is its high sensitivity
to temperature changes. This property makes NIR radiation a suitable, valuable and
useful tool in eg. the agricultural and environmental fields for measuring and
monitoring the evolution of temperature in ecosystems [2]. Yet, when NIR
spectrometers, along with multivariate calibration techniques, are applied to solve
analytical chemistry problems in scenarios where the measurement conditions are not
well controlled andfor known, the influence of extemal process variables such as
temperature, pressure and moisture can dramatically affect the performance of
calibration models in a negative way. The difficulty of keeping those parameters
constant and/or the need to change them during the evolution of a process has been
an important stimulus for the development of data freatment and pre-processing
methods focused on minimizing their influence on the predictive performance in NIR
calibration models [3-6].

In liguid-sample NIR spectra, temperature changes have a particular marked
effect on the absorption bands for functional groups forming inter- or intra-molecular
hydrogen bonds, provoking (nonlinear) shifts and a parmowing of the spectral bands [7).
For instance in aqueous systems, undoubtedly the simplest and most studied system in
chemistry, the effects of temperature on MIR spectra are well-known, described and
documented [8). However, there is not a consensus model that describe the water
peaks evolution with temperature. Even more, it is still an open question whether water
can be considered as a continuous system [8-9) in which hydrogen bonds weaken with
increasing temperature or, on the contrary, its behaviour can be described as a

discrete system of two [10-11] or more components [12-13]. The situation gets even
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worse when more complicated systems are handled and that is one reason why a large
number of alternative correction and calibration methods have been proposed for
modeilling the temperature and to get rid of its distorting effects in the prediction of
unknown samples. The most widespread solution involves implicitly inclusion of
temperature in inverse multivariate calibration models such as Principal Component
Regression (FCR) and Fartial Least Squares (PLS), in order to span all the vanability
provoked and treat it as if it were additional interferents [3]. The disadvantage of this
approach is that the final models are more complex, in terms of the number of
componentsifactors, and temperature effects are not isolated or removed. Another
approach is robust variable selection methods [4], but the results obtained are not
always better than the implicit inclusion of temperature although the models are
typically less complex in terms of number of factors.

Different linear [5] and nonlinear [6], [14] methods for explicit inclusion have
also been tested but in the former no improvements were reported in relationship to
implicit inclusion of the temperature information, and in the latter, although
improvements were achieved in terms of prediction ability, time consuming
calculations, difficulties in parameter interpretation and in the implementation of the
algorithms make these methods not to be widespread techniques. In general terms,
temperature has always been considered as an external nuisance factor that
necessarily must be comected for or modelled in order to get reliable and robust
calibration models. In this work we will confront the problem from another perspective.
We will consider temperature not as a nuisance factor but as a constructive parameter
that can provide detailed chemical information when systematically changed during a
measurement. As a modelling method we will use three-way tensor algorithms that
have already shown a good performance when applied to a vanety of different
problems [15]. To our knowledge, it has never been reported what contributions andfor
performance improvements can be achieved from such a temperature-induced tensor

expansion applied to multivanate measurements.
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THEORY
PARAFAC is a decomposition method that can be considered as a

generalization of the bilinear Principal Component Analysis (FCA) for two and higher
order-tensors or mult-way arrays [16). The principle behind the PARAFAC

decomposition is to minimize the sum of squares of the residuals e, as indicated in

equation (1) for a three-way F-component FPARAFAC model.

F
Xy = ann},c“ - ey (1)
The element X, represents the data for sample i at variables j and k. The rank

of the PARAFAC model is given by the number of factor or components, F, needed to

describe the varation in the data array. Each component, f, consists of one score or
loading vector in the first mode, a, , and two loading vectors, b, , ©,, for, respectively,

loading vectors in the second and third mode. The important difference between PCA
and PARAFAC is that in the latter there is no need for requiring orthogonality to identify
the model and loading vectors are directly related to the main sources of variation in
each mode. In this way, when PARAFAC is applied to approximately trilinear data sets,
the solution enjoys the property of chemically meaningful uniqueness, and e.g. score
values can be used to create univariate models and chemical-physical interpretation
can be draw from the trilinear decomposition [15], [17]. In the case of systems affected
by sources of nonlinearity, the PARAFAC models fails in providing factors directly
related with the main sources of variation in the data, although they hold allied
information about the changes in the system. This general, PCA-like rank
approximation property of tensor models is what we will employ in this paper. The
information can be extracted by using indirect calibration method such as MLR with the
retrieved sample scores as independent variables.

In Figure 1 a schematized version of the calibration strategy proposed in this
paper is presented in which PARAFAC and MLR are combined to create a joined
model, First, PARAFAC is applied to the temperature-induced, tensorized samples in
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the calibration set. An MLR modelling 15 performed with the scores (A) and the external

reference values (y) to obtain a least squares regression vector ﬁ :

B= (ATA) ATy (2)
Using the PARAFAC loadings in the second (B) and third mode (C) plus an unknown

data sample (X; e.g. a validation or test-set sample), the estimated scores (a) for each

sample is obtained by solving a least square problem [18];
a ' " a T ¥
arg =|T1|n|;I-Hdlag{a}E i (3)

Finally, estimated wvalues (y) for the wvalidation samples are obtained from the
regression vector and the matrix of predicted scores (A );
y=AB 4)

This strategy can be used for modelling data and predict the principle species in
systems with shifting profiles induced by nonlinear agents such as temperature. When
PCA is applied to such systems, the first components determined by the main source
of vanation which usually represents both chemistry and shifts, can be modelled by
including additional components, whose loadings will look like derivatives of the original
shape [19]. This observation can be generalized to PARAFAC but with the difference
that orthogonality is not required to identify the model and components turn out to be
highly related with the main phenomena and sources of variation - temperature and
chemical composition.

In this work we will show the possibilities of this combined strategy when
applied to systems influenced by nonlinear effects due to the temperature-induced
variation in NIR spectra. In a future publication we will describe and elaborate on the
theoretical and practical implications of this strategy.
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EXPERIMENTAL SECTION

Samples
Two data sels have been used in this work. The first one contains the pure

spectra of water, ethanol and iso-propanol plus binary and temary combination of the
pure analytes according to a mixture design. Spectra were recorded at the
temperatures 30, 40, 50, 60. 70°C in the short-wave NIR spectral region 580 to 1090
nm. This data set is well described in literature [3] and has been used and studied in
different papers [4-6], [14]). The other set is an in-line data set composed of six batches,
three corresponding to the pure species waler, glycerine and aethanol, while the other
three comrespond to the binary mixtures of glycerine diluted with ethanol, glycerine
diluted with water, and ethanol diluted with water over time. A common changing
temperature profile was used for all batches as shown in Figure 2. The profile always
started and finished at 25°C and is formed by three concatenated cycles of heating up
and cooling down with respective gradients of 1.0, 1.5 and 2.0°C per minute. The
relative maximum and minimum temperatures for each cycle were 50, 65 and 75°C and
20, 15 and 10°C respectively; when a relative extreme temperature was reached it was
maintained for a period of five minutes. For binary samples, a commeon dilution pattern
was also set (Figure 2). The pattern was formed by alternating dilution and non-dilution

intervals spanning the three temperature cycles

Apparatus and Software
The in-line/batch spectra were recorded in a LabMax laboratory reactor from

Mettler Toledo equipped with automatic temperature and dosage control. An immersion
Pt-100 sensor was used for the in-line register of temperature (+0.2°C). Transflectance
spectra were recorded using a Foss NIRSystems 5000 spectrophotometer equipped
with a stainless steel optical probe. The light path was adjusted in order to obtain
appropriate absorbance measurements. The spectrophotometer was accessed via the
Vision v. 2.51 software package. Spectra were recorded at one minute intervals as the
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average of 32 scans performed at 2 nm intervals in the NIR wavelength range 1100-
2500 nm. Spectra and temperature registration were synchronized.

Data Processing

For both data sets, temperature was used as the key factor to build the three-
way data structures from the set of spectra (two-way data). In this way, each dimension
of the cube structure is related to and contains organised information about either
samples/chemical changes (expressed as the analyte concentration) or spectroscopic
variation (measured as absorbance for each wavelength) or energetic state (measured
as temperature). The in-line three-way data structures were built by piling up three
batches, two of them corresponding to pure species and the third being the evolving
batch resulting from diluting one of the analytes with the other analyte. The number of
samples was 258 for the ethanol-water and glycerine-water mixtures and 233 for the
glycerine-ethanol mixture. Figure 3 gives a graphical representation of how the at-
lineflaboratory and in-line/batch two-way data set were arranged into three-way data
structures.

The at-line laboratory data set was de-trended by fitting a straight line for each
spectrum at the wavelength range 749 to 849 nm, where no absorbance bands are
present, and subtracting it from the entire spectrum. Final data analysis was performed
for the region 850-1049 nm [3].

The in-line spectra were used in the region between 1100-2350nm. Fibre-optic
probes exhibit slight noise above 2200 nm that increases up to 2500 nm. However this
region has useful analytical information related to the spectral changes in the system,
s0 it called for a compromise: the 2200-2350 zone was retained on the grounds of its
high signal-to-noise ratio and the 2350-2500 nm zone excluded as it exhibited a
considerably lower quality.

Matlab (ver. 7.0, The Mathworks, Inc.) and the PLS toolbox (ver. 3.0,

Eigenvector Research, Inc.) were used for data pre-processing and modelling.



Anexo IV

RESULTS AND DISCUSSION

Figure 4 shows, by way of example, the spectral varation as a function of the
temperature profile, applied to one of the in-line data sets of pure water (a) and
glycering (b) and the batch glycerine diluted with water (c). The most significant
changes due to temperature can be seen around 1440 nm, the region in which the
combination of anti-symmetric and symmetric O-H stretching modes are found (first
overtone). In this band. an increase in temperature causes a hypsochromic shift in the
absorption maxima. In addition to the effect of temperature, Figure 4c also shows the
effect of dilution on the glycerine spectrum. The spectrum steadily evolves into the
water spectrum, thus, the regions around 2100 nm and 1500 nm, comresponding
respectively to the combination band and first overtone of the R-OH bonds, loose
intensity and are embedded into the emerging bands around 1440 nm and 1930 nm,
commesponding respectively to the first overtone of the O-H bond and to the combination
band of the stretching and bending water O-H bonds. The changes induced by
temperature and the evolving chemical composition in the system plus the combination
of both effects can be considered sources of nonlinear variation in the spectra.

Determining the true underlying sources of variation is one of the main reasons
why PARAFAC has traditionally been applied to multi-linear systems. However, the aim
of applying PARAFAC to three-way systems, formed by using temperature as a
building parameter will be to extract factors that will be highly related to the (two) main
causes of variation. They will however certainly not be the pure effects by themselves
due to the nonlinear effects. Hence, the result of the PARAFAC model should be seen
as a reasonable low rank approximation much in line with the way principal component
analysis is often used. The PARAFAC factors (sample scores) will be used as
independent variables to model temperature and chemical composition by using

Multiple Linear Regression (MLR) as was depicted in Figure 1.
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Indine/balch data set

Before applying PARAFAC to the three-way data, these were centred across
the concentration mode in order to remove small inter-batch differences due to
uncontrolled sources of variation. By way of example, Figure 5 shows the score plot
(a), loading plot in the second mode (b) and loading plot in the third mode (c) obtained
by fitting PARAFAC with three components to the water-ethanol batch. The sample
score values for the first component are highly related to the temperature profile, with a
comrelation coefficient equal to 0.9966. In the second mode, the spectral loading vector
associated to the first factor shows a characteristic shape. It can be seen that the
highest variance in intensity is found around the two stronger bands of the O-H water
bond in the region of 1450 nm and 1940 nm where maxima and minima are closely
linked. This loading vector shows a very obvious relationship with the loading vector
found by Libnau et.al. [10] when studying the effect of temperature on NIR spectra of
pure water. Finally, the sample-stacking loading in the third mode of the first
component shows a high value in the batches where there exisls water, and its value is
at a minimum for the pure-ethanol batch.

Second and third factors in the first mode are related to the dilution pattern as
can be seen when scores are compared with the applied dilution pattern in Figure 2. In
the spectral mode it is shown that the loading vectors of the second and third
component capture the main absorption bands characteristics, not only of water but
also of ethanol. These structures can be assigned to the first overtone of the CH; and
CHy around 1700 nm, the combination band of R-0OH around 2000 nm and different
combination bands of the CH; group around 2280 nm. Comparisons can be made with
the pure spaectra collected in Figure 5d. In the third tensor mode, components two and
three follow a similar behaviour, and give a maximum value in the mixture batch.

Similar appraisals about the behaviour of the loading vectors in the different
PARAFAC modes were also observed when the water-glycerine and ethanol-glycering

data structures/batches were analyzed (results not shown). From these assessments it
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can be inferred that score vectors that mainly ascribe temperature have, in the spectral
mode, associated loading vectors that ascribe variability due to the molecular structure
mostly affected by temperature, i.e. the OH bond. In mixtures were the water is present
such as ethanol-water and glycerine-water, the loading assigned to temperature follows
a similar shape in the region where the OH bonds are manifest, having a comelation
coefficient of 0.9975 between them. In the same sense, when pure water is not present
as in the glycerine-ethanol batch the loading assigned to temperature is the R-OH
structure as the next most temperature-sensitive one. In Figure 6 the loading vectors
associated to temperature for the three data sets studied are shown. [t can be seen
that the differences between the two principal minima, with water versus without water,
are approximately 50 nm in the region around 1400 nm and 2000 nm in the region
between 1850 nm - 2050 nm. Those values are related to the different absorption
bands between the first overtone and the combination band of the OH and R-OH
structures respectively [20]. In the same way, for the different data structures analyzed
the score vectors related to the chemical changes, i.e. the dilution pattern, have
associated loading vectors in the spectral mode that describe the absorption bands of
the main structure involved, such as is presented in Figure 5.

For each data set MLR models were built by using as independent variables the
three loading vectors in the sample mode (i.e. score vectors) obtained from the
PARAFAC models. Every fifth sample was used to compose the calibration set, the
rest were used for external validation. In Table 1 the figures of merit for temperature
and concenftration predictions of the external test data are shown. As reference
concentration values the known weight percentage for each sample are used. Since
the system is closed, only the figures of merit for the concentration of the analyle
initially present in the reactor are presented. In the two batches where glycerine was
used, samples belonging to the first dilution step were not included, neither in
calibration nor validation, due to the anomalous spectral behaviour in the initial stage of

the expenment due to a slow homogenization during the initial stage of the expenment.
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It is emphasized that only three PARAFAC factors have been used in all the
MLR calibration models as independent variables. These are well interpretable main
sources of variation due to chemical structures that characterize the different analytes
and the changes in temperature. On the other hand., we do nol consider the
constructed data tensor to follow an exact frilinear structure. Three PARAFAC
components/factors is a good approximation of the data, sufficient for quantification as
shown in Table 1. One might argue that two factors should suffice (one for temperature
and one for the closure system with two analytes). but we wview the third factor is
required to achieve proper modelling of the nonlinear behaviour due to temperature.
Experiments have shown that the combination of four PARAFAC factors and PLS

regression give similar predictive performance.

At-line/l aboratory data set

This data set has become a de facto standard and used by different groups 1o
test the performance of their algorithms to cope with the influence of temperature effect
on vibrational spectra, see for example [3-6], [14]). The calibration and validation sets
employed were the same as those cited in literature with the intention of being able to
establish and evaluate the usefulness of the strategy proposed in this paper. In the
calibration set thirteen samples, located in the periphery of a ternary mixture design
plus the central point were used, The external validation set was made up from six
samples positioned inside the ternary mixture design for all cases. Following the same
nomenclature used in the precedent papers, one global and two local models for
ethanol, water and iso-propanol were built.

The global model for each analyte was built with all temperatures and was used
to select the number of components and to test different spectral pre-treatments such
as first and second derivatives, SNV (Standard Mormal Variate) scaling and also
combination of SNV and derivatives. The best results in terms of RMSEP were
achieved by using four components and first derivative (with a moving window of seven

points and a second degree polynomial order). RMSEP values obtained were 0.32 for
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water, 0.67 for ethanol and 0.71 for iso-propanol. Based on these findings, local
models were built. Two local model where tested: for temperature interpolation 30 plus
70°C samples were used for calibration while 50 plus 60°C samples were used for
validation; for temperature extrapolation, calibration was performed with 50 plus 60°C
samples while validation was done with 30 plus 70°C samples. In Table 2 results are
shown for the PARAFAC-MLR and the PLS models (number in brackets is model
complexity), the values of RMSEP for external validation with four different validation
setups: bwo equal-temperature models, one interpolation model and one extrapolation
model. As can be seen, in all cases the best RMSEF results were achieved for water
prediction, This is not surprising for two reasons; (@) the higher absorptivity (implying
higher sensitivity) of the water OH bond in relationship to the other bond structures, (b)
PARAFAC scores used in the calibration are directly related to the loading set. These
loadings mainly compile the information of the structures that change the most with
temperature, i.e. the water OH bond.

Considering the PARAFAC-MLR results, when validation temperatures were the
same as those used to build the local models, the performance obtained was similar
and of the same order of magnitude as achieved with the global model and differences
between results were not significant. In the same way, when local models were
validated with samples recorded at different temperatures, the results obtained for
water were not significantly different from the above results, However, the results for
ethanol and iso-propanol were slightly worse than those obtained when validation was
performed at the same temperature. This observation is foreseeable due to the
exirapolation performed but, notwithstanding the higher RMSEP wvalues, the
performance is similar to that obtained with a recently proposad algorithm [21] in which
the influence of temperalture on the predictive ability of the model was concluded to be
eliminated.

Comparing the RMSEP values for the PARAFAC-MLR and PLS models, it can be

seen that, in general terms, values are one order of magnitude higher in the case of



Anexo IV

PLS models. Besides, PLS models are also complex in terms of numbers of
components, never less than five. For the PARAFAC-MLR models the number of

factors was four in all the cases,

CONCLUSIONS

In this work temperature is introduced as a key agent to generate three-way
structure from multivariate spectroscopic data. Via this second-order tensors can be
made just by measunng samples at different (controlled) temperatures. This simple
procedure widens the field of application of multiway calibration methods, well-known
for its favourable mathematical properties, but limited in its present-day use by the lack
of suitable three-dimensicnal structures, especially in the analytical chemistry field.

A new calibration strategy based on the combined use of PARAFAC and MLR
was lested and applied to two different three-way data sets. The external validation
results obtained were very good for all the chemical spacies, even under temperature
interpolation and extrapolation. This means that, although temperature is a known
source of non-linearities on vibrational spectra, when it was utilised as a building agent,
predictions were liberated of its distorted effect. PARAFAC is used to extract the
relevant information about the physical-chemical changes happening in evolving
systems with a minimum number of factors. MLR is used to build a least squares
calibration method from the factors extracted. Based on the different figures of merit
obtained in both data sets, it seems that the suggested approach 15 an interesting
calibration tool for reliable, effective, and accurate results.

The strategy proposed can be interesting and easy to implement in different
industrial applications to exploit the effect of temperature in calibration models. In view
of future spectroscopic instrument, it would be beneficial to develop rapid modules that
were able to efficiently register spectra of single samples at different temperatures in

short time intervals.
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Figure 1. Scheme of the calibration strategy followed by combining PARAFAC and
MLR models
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Figure 4. Spectral time-evolution of (a) water, (b) glycerine and (c) mixture
profile according to the patterns presented in Figure 1,
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