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ABSTRACT: The performance of the seed culture is often crucia to the performance of the main culture. This statement does not
only agpply to modern biotechnologica processes but dso to more traditiond biotechnologica processes such as beer brewing.
Therefore, a number of gpproaches have been made to describe the seed culture's vitdity. Since some of them ded with rather
complex data, vaidation of these methodsis usualy not trivid. We report here on away to validate new methods for the estimation

of yeast vitdity in seed cultureswith respect to the main cultures’ performance.
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INTRODUCTION

Mogt of today’ s established models for growth of and product formation by micro-organisms, sophidticated asthey might be, lack an
important feature: they do not pay enough attention to the micro-organisms' history. These disadvantages become obvious for
instance when trying to cope with the uncertainties of yeast management in breweries. Introducing vitdity into modelling may
bridge this gap between seed and main culture. Since anumber of approaches have been made to describe yeast vitdity, amethod to
vaidate these approaches with respect to their use in modelling is necessary. As vitdity is somehow relaed to the lag-time of the
main culture, any correlation that can be found between lag-time and vitdlity test Sgnals gives proof of the test’ sapplicability. Which
main culture qudity criterion is corrdated to the vitaity Sgnas depends on the definition of vitdity as well as on the process
investigeted. Lag-time plays an important rolein the brewing process and is aso highly desired to be controlable. Therefore lag-time
was chosen as the qudity criterion for the main cultures described in this work. Corrdation between the signds and the qudity
criterion should be established by methods as smple as possible. However, Sgnds can only be corrdaed by dassicd datidtica
methods as long asthey are not complex. Otherwise, advanced statigtica or data mining methods have to be gpplied.

SEED CULTURE VITALITY TEST

Saccharomyces carlshergensis was cultivated continuoudy on wort containing 11.1° plato. To generate different seed culture Sates
and different yeast vitdities, the cultivation was carried out under different cultivation parameters (temperature, dilution rate, oxygen
supply). The vitdity of cells of these seed cultures was tested prior to inoculation of the main cultures as described previoudy
(Driesch 1998). Vitdity signals of 16 seed culturesinvestigeted in thiswork are shown in Fig. 1.



Figure 1: Normalized vitality signals of 16 yeast seed cultures taken prior to inoculation of main cultures

MAIN CULTURES AND MODELLING

The main cultures (i.e. beer fermentations in compliance with the German Reinheitsgebot) were carried out as atest sysem for the
inoculum using the same wort as for the seed cultures. All main cultures were inoculated to yield acell count (cx) of 5-10° cells/ml.
The temperature was 15°C for dl main cultivations. The wort was saturated with sterile air at the beginning of the cultivations and
no oxygen was supplied during the cultivation. The pH was left uncontrolled. Matose, matotriose, glucose, fructose and saccharose
concentrations were measured by HPL C. These concentrations were added to yield the extract (cs) which was taken into account for
modelling. The ethanol concentration (cz) was determined enzymetically (NADH related dcohol dehydrogenase reaction measured
a 365 nm). According to literature the cultivation was assumed to be nitrogen (cy) limited and the initia nitrogen concentration was
&t to 0.2 g/l. The cultivations were moddled by the following differentid equation sysem which was fitted to the data of 16
fermentations.
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The modd takesinto account growth limitation with respect to nitrogen and sugars (extract) represented by the parameters K and
Ksand cdl garvation in the presence of ethanol represented by ke. Since the yidd coefficients Y and the parameters o Kny Ks
and kg are strain dependent, they were fitted to the data of dl runs (16 fermentations). The lag-timet, quantifies the time the growth
is ddayed, indirectly representing the vitdity of the seed culture in the main culture. This lag-time was assumed to be different for
every single run. Consequently it wasfitted to each main culture separately.
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Figure 2: Response of the model fitted to data of 16 fermentations and data of one run (normalized units)

CORRELATIONS BETWEEN SEED CULTURE VITALITY AND MAIN CULTURE LAG-
TIME

The higher the vitdity of a seed culture the shorter the lag-time of the corresponding main culture should be. Therefore, a seed
culture vitdity test should produce asignd that correlates in one way or another with the lag-time of the main culture provided the
vitdity test isvdid. We started with smple correlation tests. Fig. 3 (Ieft) shows a plot of the mean vaue of the vitdity sgna versus
the lag-time. No corrdation could be found. This aso applied when the range, i.e. the difference between the maximum and the
minimum vaue of the vitdlity sgnal was plotted againg the lag-time as shown in Fig. 3 (right).
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Figure 3: Mean vaue of the vitality signals vs. lag-time (lft).
Range between maximum and minimum value of the vitality signalsvs. lag-time (right)

Asno corrdation for any of the abosolute or relaive vaues of the vitdity sgnasto the lag-times could be found it was suspected that
the information might be more likely found in the shape of the signds and so we turned to wavdet andyss. Wavelets are known to
andyse signals with repect to their shgpe a different scales. The vitdity signas were analysed using biorthogond spline wavedets.
Examplesfor the best corrdlated wavelet coefficients are shown in Fig. 4. Again, no sufficient correlation to the lag-time was found.



1000 0O 1000 o o 1
800} 800}
= =
o 600} o o 600} o
£ £
= o = o
& 400} © 2 400} o 4
0
o O (@] o
200+ 200} A
O o000 © o 8 © o
0 0 : . : :
-2 -1 0 1 2 -0.4 -0.2 0 0.2 0.4 0.6
204th coeff. 2nd lewel details 559th coeff. 1st level details
1000 o o) 1000 o) o)
800 800
=) =)
o 600} o o 600} o
£ £
= o =
8 400} © 5 8 400} o©
) ¢)
o O O o
200+ 200+
© o oB° 0° %0 & o
0 0
-15 -1 -0.5 0 0.5 1 -2 -1 0 1 2
505th coeff. 1st level details 149th coeff. 3rd level details

Figure 4: Lag-time vs. the four best correlating wavel et coefficients.
Signals were decomposed using biorthogonal spline wavelets.

We then subjected the vitdity Sgnds to data mining procedures usng the ProcessAnalyzer (Locher 1996) and the DecisionX pert
(Borgdt 1998), two Plug-ins of the software tool DataEngine (MIT GmbH, Aachen, Germany). By combining these Plug-Ins
DataEngine provides a method that can corrdate pre-classified process outcomes (e.g. the main cultures classfied by their lag-
times) to complex process data by extracting decision rules out of the data This method points to where the discriminating
information islocated indde the process deta, if thereisany a al. Thismethod conssts of three steps.

Multi-scal e filtering of the process data (e.g. vitdity signals) using cubic spline waveets. The information is split into details at
different scaes (from generd gpproximation to detailed information).

Trend decomposition of the filtered Sgnas. Thereby the information concerning the shape of the Sgnds is made accessible to
agorithms that ded with absolute or relative values. The dgorithm identifies extrema and inflection points in the signas and
decomposes the signds into four dementary trend types. The Sgnds are represented by a sequence of letters each of which
denotes one of these dementary trends. The trends were matched between the signds and only those that fullfill certain
matching criteria are further processed. The matched trends are described by quditative parameters that concentrate the
informetion for the next step.

Generation (growing) of a decision tree to corrdae the pre-classified process outcomes to the process data The Plug-In
DecisonXpert generates rules of the kind ‘IF varidble A of run x > B AND varigble C of run x < D THEN run x belongs to
dass E'. The rules have a tree-like structure, that means one decision node leads to the next decison node and findly to the
leavesthat hold the class memberships (Borgelt 1998).
Applying this strategy to the above described correlation problem leads to certain problems that arise epecidly when andysing
noisy data. Decison trees can be grown for nearly every possible given dlass digtribution when dediing with data sets that contain
few runs and a high number of attributes. That means, correlations between two variables found by adecision tree do not necessarily
represent arelation thet redlly exists between these variabels.

Consequently the grown decision trees have to be validated themsdlves. To do so, the whole data set was classified with respect to
the process outcome (lag-time). One run was taken off from each class (test data) and a decison tree was grown based on the
remaining data set (training data). After that, the test data was subjected to the grown decision tree. It isimportant to sdlect test data



sts that do not lay on class boundaries. The test data sts must then be classified correctly by the grown decison tree for a
significant number of runsto give proof of an exigting correlation between the process data and the process outcome (vitdity signals

and lag-time).

The data set was classified into two classes: class one contains runswith alag-time shorter than 200 hours and dasstwo al runswith
lag-times longer than 200 hours. Runs 11, 12 and 13 of dassoneand runs 1, 4, 6 and 16 of class two were chosen astest data sets.
Thisyields 12 possible combinations of test and training data sets. Twelve decision trees were grown and each was tested using the

corresponding test data set.
Data Lag-Time[h] Class Member ship

Set

01 437 2
02 271 2
03 110 1
04 491 2
05 999 2
06 337 2
07 277 2
08 983 2
09 151 1
10 622 2
11 123 1
12 123 1
13 145 1
14 154 1
15 166 1
16 387 2

1. Datasets of seed culture vitality classified by the main culture’ s lag-time with their class memberships

errors

Figure 5: Errors made by the decision tree agorithm when classifying the test data sets by the grown decision trees. All
possible test set combinations are displayed on the xy-plane and their errors on the z-axis

The errors that were made during classification of the test data sets are shown in Fig. 5. Ten errors did not significantly reduce the
number of errors that would have been made by dassfying al runs ‘blind’ into the same dass (12 errors). Therefore it can be
concluded, that the decision tree agorithm used has found the correlations by chance and not due to existing relations between the
vitdity sgnd of the seed cultures and the lag-time of the main cultures.,



CONCLUSIONS

The DataEngine Plug-In DecisonX pert (MIT GmbH, Aachen, Germany) is cgpable of detecting complex corre ations between two
data sets even if they only exist incidentiadly for ingtance in noisy deta. To avoid unintended detection of thiskind of corrdlationsthe
data hasto be split into training and test data sets and the extracted rules have to be verified by thetest data sets.

Nonetheless, no correlation between the yeadt vitdity of the seed cultures and the lag-time of the corresponding main cultures could
be found. The vitdity test method applied to the seed cultures is therefore not capable of determining the vitdity of yeast cdllswith
respect to the main culture performance criterion investigated (lag-time).
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