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Abstract

The catalystin bioprocesses, i.e. the cell mass, is one of the most challenging and important variables to monitor in bioprocesses.
In the present study, cell mass in cultivations wiiticcharomyces cerevisia@s monitored on-line with a non-invasive in situ
placed sensor measuring multi-wavelength culture fluorescence. The excitation wavelength ranged from 270 to 550 nm with
20 nm steps and the emission wavelength range was from 310 to 590 nm also with 20 nm steps. The obtained spectra were
analysed chemometrically with the multi-way technique, parallel factor analysis (PARAFAC), resulting in a decomposition of
the multivariate fluorescent landscape, whereby underlying spectra of the individual intrinsic fluorophors presentin the cell mass
were estimated. Furthermore, gravimetrically determined cell mass concentration was used together with the fluorescence spectra
for calibration and validation of multivariate partial least squares (PLS) regression models. Both two- and three-way models
were calculated, the models behaved similarly giving root mean square error of prediction (RMSEPs) of 0.20 and,0.19g|
respectively, when test set validation was used. Based on this work, it is evident that on-line monitoring of culture fluorescence
can be used for estimation of the cell mass concentration during cultivations.
© 2004 Elsevier B.V. All rights reserved.
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1. Introduction ogy (PAT) (vww.fda.gov/cder/OPS/PAT.hfand the
industry’s never ending need for process optimisation.
For optimisation of bioprocesses as well as for  Traditionally, physical parameters, e.g. tempera-
ensuring high, consistent product quality, accurate ture, pressure, agitation and power input, and chem-
real-time monitoring of different physical, chemical ical parameters, e.g. pH, dissolvec,Cand CQ
and biological parameters is necessary. In the years tohave been monitored. However, to gain better process
come, increasing focus will be given to on-line/in-line  knowledge, monitoring of biological and biochemical
techniques for process monitoring, primarily driven by parameters like viable cell concentration, metabolic
FDAs initiative regarding process analytical technol- activity and product concentration is needed. It is
the viable cell population that is the biocatalyst in
~ * Corresponding author. bioreactors and hence, monitoring of the cell mass,
E-mail addressio@biocentrum.dtu.dk (L. Olsson). indirectly or directly, can indicate the physiological
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state of the proces®©(sson et al., 1998; Sonnleitner,
1999; Harms et al., 20092
Equipment used for monitoring of biological pa-
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the substrate, succinate Pseudomonas fluorescens
cultivations Gkibsted et al., 2001 Furthermore,
two-dimensional fluorescence has also been used for

rameters often has a sampling unit, e.g. a membraneon-line quantitative monitoring of cell mass concen-

unit in front of the actual sensor. This might cause
problems, as the medium used in industrial biopro-

tration and alkaloid formation iClaviceps purpurea
cultivations with root mean square error of prediction

cesses often is complex in nature, and therefore often (RMSEP) values of 2.5 and 8.4 migl, respectively
contains smaller particles, which puts extra stress on (Boehl et al., 2008 As on-line measurements of

the sampling equipment and may cause fouling. Opti- two-dimensional fluorescence create large amounts
cal sensor technologies circumvent these problems byof multivariate data, the interpretation of these data
being non-invasive, thus having no direct contact with is of utmost importance, and chemometric modelling
the medium. Several reviews, discussing optical sen- becomes a very useful tool. Chemometrics can be
sor techniques, have been published in recent yearsused for explorative analysis of processes, and, fur-

(Wolfbeis, 2002; Ulber et al., 2003
Among non-invasive optical techniques, fluores-

thermore, calibration models can be computed if the
purpose is to use the sensor for on-line quantification

cence spectroscopy has been used for monitoring of of biological parameters.

cultivation processes for many years. In early publi-
cations, single excitation/emission wavelength com-
binations were used for monitoring of NAD(P)H with
excitation around 360nm and emission monitoring
around 460 nmQuysens and Amesz, 1957; Zabriskie
and Humphrey, 1978 Later, systems for monitoring
of multiple excitation spectra have been employed
(Li et al., 1991; Horvath et al., 1993For monitoring

of the cellular fluorophores, tryptophan, pyridoxine,
NAD(P)H and riboflavin, five different excitation

In early studies on two-dimensional spectroscopy,
two-way (data in matrix form) partial least squares
(PLS) calibration has been used for prediction of
various variables in bioprocesseSk{bsted et al.,
2001; Boehl et al., 2003 However, series of excita-
tion/emission fluorescence spectra recorded on-line
will be of a three-dimensional structure (data in cube
structure) and a more direct approach would be to
model the data with three-way chemometrics. In a
recent study bysolle et al. (2003)a yeast cultivation

wavelengths were used. The intrinsic fluorescence has been monitored with multi-wavelength fluores-
of tryptophan was suggested as a possible indicator cence. In this work, three-way PLS calibration models

of cell concentrationl( et al., 1991; Horvath et al.,
1993.

In many industrial bioprocesses, the medium con-
sists of a complex matrix of substrates and parti-
cles. For these applications, the use of only a few
excitation—emission wavelengths can be severely lim-
ited due to overlap in spectra and inner filter effects
caused by the medium. An example of this is peni-
cillin cultivations, where the fluorescence spectra of
penicillin V overlap with that of corn steep liquor

were constructed based on on-line measured fluores-
cence and simulated cell mass concentration. This
way it was possible to circumvent the use of off-line
measured data in the calibration step, and using two
components a RMSEP value of 0.5¢) when pre-
dicting cell mass concentration, was reported.

In the present study, two-dimensional fluorescence
was measured on-line durin§accharomyces cere-
visiae cultivations with the BioVieW system (Delta
Light & Optics, Denmark) and data was used for two

(which is often used as a substrate during production different purposes. First, the fluorescence spectra were

of penicillin). This has been shown to cause a drop in
sensitivity, especially at high cell mass concentrations
(Nielsen et al., 1994

Recently, monitoring of bioprocesses by two-
dimensional fluorescence has been appligidrpse
et al., 1998. The usefulness of two-dimensional flu-

analysed with the parallel factor analysis (PARAFAC)
method. PARAFAC is a generalisation of principal
component analysis (PCA) to higher order arrays,
e.g. three-dimensional data. Applying PARAFAC on
multi-wavelength fluorescence data gives the oppor-
tunity to elucidate the underlying chemical structure

orescence spectroscopy combined with chemometric of the multivariate spectra as PARAFAC in contrast

modelling has been demonstrated for monitoring of
CO, and Q in the exhaust gas and for monitoring of

to PCA only has one true solutioBio, 1997%. The
same spectra were also used for evaluating the use of
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multi-wavelength fluorescence for on-line prediction
of cell mass concentration. For comparison both two-
and three-way PLS calibration models were com-
puted. In order to obtain a realistic value of the pre-
dictive performance of the models, test set validation
was employed.

2. Materials and methods
2.1. Growth conditions for the cultivations

The strain used in this study was the laboratory
strain Saccharomyces cerevisia€EN.PK.113-7D.
Using this strain, 10 batch cultivations were con-
ducted in a 41 MBR bioreactor (new MBR AG,
Switzerland) with a working volume of 3I. In all
cultivations, a defined laboratory medium with glu-

201
2.2. Off-line analysis

S. cerevisiadry cell mass was determined gravi-
metrically off-line during all cultivations. Samples
were withdrawn with syringes during the cultivations
and injected into 6C cold sample glasses for fast
cooling. Volumes between 5 and 30 ml, depending on
the concentration of cell mass, were, within 2—5 min
after sampling, filtered through nitrocellulose filters
with pore size 0.4pm (Pall Corporation, Ann Ar-
bor, MI). The filters had been pre-dried for 10 min at
150W in a microwave oven and weighed after cool-
ing in a desiccator. The filter cakes were washed with
distilled water, twice the sample volume, and dried in
a microwave oven for 15min at 150 W. All measure-
ments of dry cell mass were done in duplicates and
the average values were used for modelling.

Samples for measurement of extracellular metabo-

cose as carbon and energy source was used accordindjtes were also collected. These samples were with-

to Verduyn et al. (1992)the media also contained
antifoam 289 (A5551, Sigma) (301~1). The ini-
tial concentration of glucose was varied from 10 to
40911 in the different cultivations, one started with
10g1, three with 20gt?, three with 30 gt and
three with 40gt? glucose. Concentrations of trace
metal (1006) and vitamins (100Q) were 1 mlI?!

for glucose concentrations of 20!l For other glu-
cose concentrations than 20¢) the concentration
of the trace metal and vitamin solutions were varied
proportionally to the glucose concentration. The tem-
perature was in all cultivations controlled at 3D
and the pH was controlled at 5.0 by addition of 2M
KOH. The airflow was kept constant at 3| mihand
the agitation rate was kept at 750 rpm for all cultiva-
tions. The off gas was analysed for carbon dioxide
and oxygen by a Briel and Kjeer 1308 acoustic gas
analyzer (Bruel & Kjeer, Denmark). The bioreactor
was inoculated with an exponentially growing precul-
ture from a 500 ml Erlenmeyer shake flask containing
100 ml defined medium with (NJSOs (7.5g7),
KHoPO, (14.4gt1), MgSQy-7H,O (0.5g11), vi-
tamins (100&) (1mll~1), trace metals (1000)
(2mll~1), antifoam 289 (A5551, Sigma—Aldrich)
(50l1~1) and 10gt?! glucose at pH 6.5. All batches
were inoculated to an initial Ofgg between 0.0001
and 0.001, sampling for dry weight measurements
were started the following day once the gof the
culture reached 0.5.

drawn from the bioreactor with syringes and imme-
diately filtered through a 0.4bm pore size sterile
filter, to avoid that cell metabolism would influence
the composition of the samples during handling, and
then stored at-20°C. Analysis of glucose and the
products ethanol, glycerol and acetate were done by
HPLC using an Aminex HPX-87H column (Bio-rad,
Hercules, CA) kept at 65C, eluted by 5mM HSOy

at a flow of 0.6 mImin!. The compounds were de-
termined refractometrically using either a Waters 410
differential refractometer of a Shodex RI-71.

2.3. On-line multi-wavelength fluorescence
measurements

The BioView? instrument (Delta Light & Optics,
Denmark) was used for measuring multi-wavelength
fluorescence spectra. The BioViwnstrument has
already been described in detail in the literature by
Lindemann et al. (1998ndMarose et al. (1998and
only a short description will be given here. Optical
fibres were used to connect the internal parts of the
BioView® instrument with the probe. After autoclava-
tion of the reactor, the fluorescence probe was inserted
into a standard 25 mm port in the side of the reac-
tor mounted with an optical well containing a bottom
surface of sapphire glass. Consequently, there was no
contact between the cultivation broth and the probe.
A standard O-ring gasket was used when inserting the
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optical well in the side of the reactor. No sterilisation Accordingly, the PARAFAC method decomposes the

problem aroused as a consequence of using the opticaldata structure into components that are optimised to
well. After cultivation the probe was removed from explain the variance in the data array. The compo-
the optical well and wiped with a cloth. The BioViéw nents will, in three-way fluorescence arrays, consist
system was set up to excite with wavelengths in the of one score and two loading vectors (one for excita-
range from 270 to 550 nm in steps of 20 nm, and sub- tion and one for emission). A special feature for the

sequently measured fluorescence light emitted from PARAFAC method is that it returns a unique solu-

the cultivation broth with wavelengths in the range tion. Hence, the excitation and emission loadings will

from 310 to 590 nm after each step. This gives rise represent the underlying pure spectra of the complex
to a three-dimensional spectrum where the excitation fluorescence array, given that the right number of

and emission wavelength are tkeand they-axis and
the fluorescence intensity is thaxis. The instrument

was set to collect a full spectrum every 5min with a

gain of 1450 units and normal sensitivity.

components has been estimated and that the data has
a suitable signal-to-noise rati®(o, 1997%.

When usingh-PLS, the result is also a breakdown of
the data into a few components with one score and two

loading vectors. The difference compared to the data
2.4. Multi-wavelength fluorescence measurements of structure analysis method is, that when computing a
reference standards regression model the covariance between the indepen-
dent (X data) and the dependeftdata) is maximised
rather than just the variance ¥1(Bro, 199§.
In the present study, models describing the expo-

Multi-wavelength fluorescence spectra of trypto-
phan, NADH and riboflavin were collected with the
BioView® instrument (Delta Light & Optics, Den-  nential growth on glucose were estimated. In total,
mark). The measurements were conducted £#C30 106 samples from the exponential growth phase
in the same bioreactor as described previously. pH of 10 cultivations were used. The samples (corre-
was kept at 6.8, which has been reported to be the sponding off-line dry weight samples and on-line
intracellular pH level of exponentially growin. multi-wavelength spectra) were divided into two sets,
cerevisiaecells when the external pH was kept at a calibration set and a validation set, composed of
5.0 (mai and Ohno, 1995 The medium used for  samples from five cultivations each. In the calibration
the off-line measurements had the same composition set, data from one 10 gt glucose, one 20 gt glu-
as the medium used during cultivations. Tryptophan cose, one 30gi! glucose and two 40¢gH glucose
concentration was 60mg}, NADH 40mgt! and cultivations were placed. The validation set contained
riboflavin 60 mgt2. data from two 20 gt! glucose, two 30 gi! glucose
and one 40g1! glucose cultivations. Two types of
models were calculated, namely, PARAFAC models
used for identifying underlying chemical structures
and PLS models able to predict the dry cell weight
concentration. When calibrating the PLS models, only
the calibration data set was used, the validation data
from the net atwww.models.kvl.dk(Andersson and  set was afterwards used to estimate the model error
Bro, 200Q. With this toolbox, it is possible to anal- and thus the validity of the model. The PARAFAC
yse the three-dimensional fluorescent spectra without model was built using all 106 samples.
unfolding it into a two-dimensional structure. The
toolbox contains algorithms both for explorative data
structure analysis (PARAFAC) and for regression 3. Results
(n-PLS). The rationale behind all multivariate data
analysis is to decompose the data in order to detect3.1. Cultivation characteristics
hidden phenomena and to be able to model these. A
basic assumption is that the directions with maximum  In order to thoroughly examine the possibility of
variance are related to the hidden structure in data. using the BioVieW (Delta Light & Optics, Denmark)

2.5. Chemometric model building

The chemometric models were built in MATLAB
for Windows (Version 6.5, The MathWorks, Inc., Na-
trick, MA, USA) using theN-way toolbox available
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Table 1
Growth characteristics of the calibration and validation set
Data set Mmax (hil) Yeellmass Yethanol Yglycerol Yco,
(C-mol C-mot?) (C-mol C-mof?) (C-mol C-mol?) (C-mol C-mot?)

Calibration set

Average 0.38 0.14 0.51 0.06 0.29

Standard deviation 0.03 0.01 0.00 0.01 0.05
Validation set

Average 0.38 0.15 0.51 0.06 0.31

Standard deviation 0.02 0.01 0.03 0.01 0.02

All cultivations were conducted witsaccharomyces cerevisi&EN.PK.113-7D. Yields were calculated based on consumed glucose.
@ Ethanol yield from fermentation number five was not included as this yield was unreasonably low, probably due to evaporation of
ethanol.

instrument as an on-line sensor for cell mass, 10 yeastber of componentsHig. 1). A flattening of the curve
cultivations were conducted. The cultivations differed going from a three-components to a four-components
in the initial substrate concentration, but otherwise model §ig. 1) indicated that no more systematic
the cultivations were conducted under similar condi- variation was left in the data, as adding an additional
tions. A low batch-to-batch variation was found in the component did not decrease the error further.
different cultivations {able 1) as the maximal spe- Split-half analysis is another method for assessing
cific growth rate of the individual cultivations was the correct number of components. Results from such
0.38h 1 (+0.03). The average yield of dry cell mass an analysis performed on the calibration and validation
was 0.15 C-mol C-mol* (+0.01), the ethanol yield set, separately, also indicated that three components
was 0.51 C-mol C-mof! (+£0.02), the glycerol yield  should be used as the scores and loadings from the

was 0.06 C-mol C-moi! (+0.01) and the C@yield resulting two models were very alike (data not shown).
was 0.30 C-mol C-moi' (40.04). Carbon balances The final method for assessing the right number
for all the cultivations, except onélgble 1), closed of components in the present work was the use of
with a maximum error of 6%. process knowledge. When investigating a fluores-
cent spectrum from one time point in the exponen-
3.2. Elucidation of intrinsic culture fluorescence tial growth phase, three clear peaks could be seen
with PARAFAC models
25
Multi-wavelength fluorescence spectra were col-
lected during the exponential growth on glucose . 2 1
for the 10 cultivations. A three-dimensional model =
(PARAFAC) was estimated from the 106 spectra in 8 ;|
order to elucidate the underlying individual spectra g
of the intrinsic fluorophors composing the real-time s 101
multi-component spectra. When estimating chemo- @
metric models describing the underlying chemical §
structure, it is essential to use the right number of >
components, otherwise the model will not be rep-
resentative of the process investigated. In order to 0 0 ) ) 3 4

estimate the right number of components in spectral

data several options are availabBrq, 1996; Bro and Number of components

Kiers, 2003. Three dlfferen_t methods Were_ a_pplled Fig. 1. Sum squared error in percent for PARAFAC models with
on the current data set. During the model building, the yp to four components. A flattening of the curve indicates that the
residual sum of squares was plotted against the num-correct number of components has been reached.
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in the fluorescent landscape. This finding corre- pure spectra of intrinsic fluorescence compounds of
sponds well with earlier investigations where three the yeast cells. To establish causality of the estimated
major intrinsic fluorescent compounds B. cere- PARAFAC components, off-line spectra of com-
visiae have been identifiedHorvath et al., 1998 pounds reported to be involved in the intrinsic fluores-
Therefore, also this method pointed towards three cence of yeast cells were collected. Pure emission and
components as the right number for the PARAFAC excitation spectra of tryptophan, NADH and riboflavin
model. Consequently, a three-component PARAFAC were obtained and merged into an emission and an
model explaining 99% of the variation in the spec- excitation plot Fig. 2B and D. The emission and
tral data was estimated. Due to the uniqueness of theexcitation loadings of the three estimated PARAFAC
PARAFAC solution and the three-dimensional data components were similar to the pure emission spectra
structure, the emission and excitation loadings corre- of tryptophan, NADH and riboflavinKig. 2A and G,
sponded to pure emission and excitation spectra of thus supporting the idea of tryptophan, NADH and
the fluorescent compounds present in the cultivations riboflavin as the intrinsic fluorescent compounds in
(Fig. 2. exponentially growing yeast. The largest dissimilar-

As the emission and the excitation loadings are ities between the estimated spectra and the spectra
estimates of the underlying fluorescent structure in obtained with pure spectra were found in the emission
the data, the loadings should be comparable with plot in the area between 390 and 430 nm.
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Fig. 2. Emission and excitation plot of the three estimated PARAFAC components (A and C) and emission and excitation spectra of pure
tryptophan, NADH and riboflavin (B and D). In A and C, the three lines represent the three estimated PARAFAC components. In B and
D, the lines represent tryptophan (=), NADH (—-) and riboflavin ), respectively.
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3.3. Prediction of dry weight concentration with PLS
models

One way of extracting information from the
multi-wavelength fluorescence spectra is to split them
up into the individual spectra of the intrinsic yeast
fluorescence as described in the previous section.
But, fluorescence data can also, together with refer-
ence data, be used to train a chemometric model. In
the present work, fluorescence data provided by the
on-line sensor, BioVief®, and the off-line determined
cell mass concentration, were used to build calibra-
tion models able to estimate the dry cell mass content
during exponential growth on glucose. A chemomet-
ric three-way PLS model was constructed from the
five cultivations making up the calibration set. The
data were centred over the sample dimension and no
scaling was applied. A model with two components
explained 75% of the variance in tiespace and 96%
in the Y space Fig. 3). This two-component model
gave the lowest root mean square error of prediction
(RMSEP) value of 0.19 gi* (Fig. 3).

The RMSEP calculations were based on predicted
values of the cell mass in the cultivations composing
the validation set. When the number of components
included in the model was increased, an increasing
amount of the variance in thé¢ andY space could be
explained Fig. 3). However, a concurrent increase in
the RMSEP value was observed, which will give an
inferior prediction performance of the model. The in-
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Fig. 3. RMSEP vs. number of components in the model. The
minimum RMSEP ¢) value was found after two components
where it was 0.19. Explained variance in tXe(m) and Y (a)
space were plotted against the number of components included in
the model.
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Fig. 4. Predicted dry cell mass during the time course of one of
the cultivations from the validation set. Measured values together
with major fermentation products are also depicted. As the data
from this fermentation was placed in the validation set it was not
used for calibrating the model.

crease in explained andY space variance in response
to increasing component number was, therefore, most
likely due to modelling of noise and a two-component
model was chosen as the most appropriate model to de-
termine the dry cell mass from the fluorescence spec-
tra.

One of the cultivations included in the validation set
was used to illustrate the accuracy of the chemomet-
ric model. A good correspondence of the estimated
dry cell mass to the off-line determined values was
observedFig. 4). The model had difficulties in deter-
mining cell mass concentrations below 0.5 pre-
cisely. For cell mass values above 0.5 Ithe error
with respect to the off-line determined cell mass was
on an average basis 12%. Compared to the error on
the reference method, which had an average absolute
error of 2% over all samples in the present study, the
prediction error was higher.

Not only cell mass was determined off-line, also
the concentration of the major fermentation products
were determined. Glycerol, ethanol and cell mass were
the main products during the exponential growth on
glucose Fig. 4). All product concentrations increased
exponentially while the substrate was consumed. PLS
models estimating the concentration of these products
could be constructed with similar precision as the cell
mass model due to the constant yields of these com-
pounds during the period investigated. However, as
none of these compounds show intrinsic fluorescence,
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on the unfolded data structure. The minimum RMSEP value was
found after two components where it was 0.20. Explained variance
in the X (m) andY (a) space were plotted against the number of
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correlation models to other products than cell mass
were not found relevant as these would only reflect
their correlation to the cell mass.

The same calibration and test sets were used
to evaluate the performance of two-way PLS
(two-dimensional data structure) compared to
three-way PLS calibration (three-dimensional data
structure). The three-way data structure was unfolded,
that is, transferred into a two-dimensional matrix
structure with samples in the rows and the different
ex—em combinations in the column. The data sets
were mean centred after unfolding. A two-way PLS
model with two components gave the best perfor-
mance, with a RMSEP of 0.20 g} (Fig. 5).

4. Discussion

This work demonstrates that on-line monitoring

M.B. Haack et al. / Journal of Biotechnology 114 (2004) 199-208

in the cell mass. The estimated spectra fitted very well
with individual spectra of tryptophan, NADH and ri-
boflavin, obtained off-line. Especially the estimated
excitation spectra fitted well, with the exception of
a small shoulder on the riboflavin spectrum that was
not included in the estimated spectrufig. 2). The
emission spectra were more difficult to estimate. The
estimated spectra of tryptophan and NADH seemed
to be mixed up in the region where they overlap in
the multivariate spectra (390-430 nm). This may be
due to an overestimation of the emission loading of
the second component (resembling NADH) at 390 nm
and a underestimation of the emission loading of the
first component (resembling tryptophan). The emis-
sion loadings of the component resembling riboflavin
(the third one) fitted very well with individual spectra
of riboflavin.

Two-dimensional fluorescence in combination with
chemometric modelling (PARAFAC) has been applied
for simultaneously determination of three pesticides
in low concentrationsRodriguez-Cuesta et al., 2003
The estimated spectra showed very good resemblance
to spectra of the individual pesticides. PARAFAC and
two-dimensional fluorescence have also been used
for determination of doxorubicin, an antibiotic used
against human neoplasm, in plasmbreyisan and
Poppi, 2003. Also in this case, the estimated spectra
closely resembled the individual spectra of the antibi-
otic. In both of these studies, equipment with only a
few nanometres (0.5-2nm) between each excitation
or emission wavelength have been used, resulting in
very detailed spectra over a narrow range. Thereby,
the estimated spectra had a very high standard and
could be used for direct calibration to the concentra-
tion of the compound, in questioR¢driguez-Cuesta
et al., 2003; Trevisan and Poppi, 2008 contrast,
the instrument used in the present study has steps of
20nm between each excitation and emission wave-

using in situ multi-wavelength fluorescence together length, and therefore, a wide range of compounds,
with chemometric modelling can give important quali- with very different fluorescence characteristics could
tative and quantitative information concerning the cell be measured in a short time span. However, it evi-
mass during submerged cultivations. Both three-way dently, also caused the estimated spectra to be of a
explorative data analysis, i.e. PARAFAC, and two- lesser quality, than they would have been if the steps
and three-way PLS regression models showed goodhad been shorter. The estimated loadings resembled
results and can in a complementary way be used for the underlying fluorescent structure, and most of them
monitoring of the cell mass in bioreactors. fitted well with individual spectra measured off-line,
The PARAFAC algorithm was used to estimate the but they were not identical. The method used in this
spectra of the individual intrinsic fluorophores present study, with the current instrument setting, is thus not
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suited for very solid identification of the fluorophores, Different methods for on-line determination of the
but certainly as an indication of which intrinsic fluo- cell mass in cultivations have been applied during
rophores that are present during the bioprocess, andthe last few decades. These sensors can generally
in which area of the multivariate spectrum they are be grouped into optical- (optical density or fluo-
present. To our knowledge, this is the first reported rescence), electrical property- (capacitance or con-
use of on-line collected two-dimensional fluorescence ductivity) or software sensors (based on linear or
and decomposition with PARAFAC. non-linear models), according to the measuring prin-
The loadings of the estimated spectra discussed inciple they employ $onnleitner et al., 1992 None
the previous paragraph were not of such quality, that of these have been applied widely as cell mass sen-
they could be used for direct calibration to the amount sor due to limitations in dynamic range, interference
of cell mass in the cultivations and insteadvay cal- from aeration or agitation, inner filter effects and in-
ibration was used for this purpose. Two PLS models terference from media components. The BioView
were calibrated, with almost similar results. The RM- system overcomes some of these limitations and it
SEP values of the three-way model and the two-way has its real potential in industrial applications where
model, both with two components, were 0.19 and the medium is complex or the producing cells cre-
0.20 g1, respectively, when using test set validation, ate a harsh environment for in situ sensors, e.g.
which should give a more conservative prediction per- filamentous growth. A limitation in the use of the
formance compared to, e.g. cross validation, as the BioView® system would be if the medium used in
test data are independent of the calibration data. Thisa given process had a high background fluorescence
also shows that the BioViéWinstrument gives repro-  thus overshadowing the fluorescence from the bio-
ducible data as the data from the 10 cultivations were logical parameters of interest. The main advantages
collected over a period of 6 months and still the RM- of the BioView® system in an industrial perspec-
SEPs were low. In the study b§olle et al. (2003) tive are two-fold. Firstly, the sensor is non-invasive
the three-way model they report on also consisted of and thus, has no contact with the medium, giving
two components and the RMSEP value of 0.5%1  fewer problems with fouling of the sensor or main-
was only slightly higher than the RMSEP of 0.19¢ | taining a non-contaminated environment. In addition,
we report here. The prediction performance of the the BioView® probe is easily cleaned and the mea-
two-way PLS model was not significantly inferior to surements show a high degree of reproducibility.
the three-way model, but the two-way model con- Secondly, the BioVie® can together with chemo-
tained 120 loadings for each component, whereas themetric methods be used for monitoring of several
three-way model only contained 30 loadings for ev- compounds simultaneously as illustrated in this study
ery component. This makes the three-way PLS model where the BioVie® was used for monitoring the
simpler and also more robust compared to the two-way cell mass and also for qualitative explorative anal-
model and would, thus, be the preferred choice of ysis of the fluorophores present in cell mass. Thus,
model when the data are of a three-dimensional struc- using three-way analysis (PARAFAC, three-way
ture Bro, 1996. PLS) together with on-line fluorescence gives more
Monitoring of cell mass is a difficult discipline due information than using a two-way chemometric
to the complex chemical nature of cell mass. Cell mass method.
is composed of a large number of different chemical
compounds, displaying different characteristics under
different physiological and morphological conditions. Acknowledgements
This is important to take into account when using flu-
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