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ABSTRACT: Process data of 10 fermentation runs of the micro-organism Streptococcus agalactiae used for the production
of the enzyme hyaluronidase (hyaluronate lyase) were analyzed using the ProcessAnalyzer and the DecisionXpert, two
Pluglns for the software tool DataEngine. Attributes determined by wavelet analysis were used for the training and testing of
decision trees. These trees were grown in order to predict the process outcome from the growth kinetics observed.
Validation results of the trees generated were studied with respect to the mode of classification (i.e. process outcome was
classified into two or three classes with low, medium or high product yield) as well as to the splitting mode of the original
data set into two subsets for training and testing. The classification mode of the fermentation runs was found to be crucia to
the validity of the results.
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1INTRODUCTION

Process knowledge described by rules can be used for on-Hline expert system control. In order to generate such rules from archived data
various methods were developed and applied. Some of them are not tree oriented (Guthke, 1992; Krone and Kiendl, 1994; Guthke et d.
1998). However, the most widely used dgorithms for the generation of rules are tree oriented (Quinlan, 1986; Quinlan, 1993; Borgdt,
1998). The induction of decision trees will be studied in this paper, too. Features for this learning procedure can be generated by
dustering methods, such as the fuzzy-C-means agorithm (Guthke et d., 1998). An dternative method is based on the wavelet
decomposition and triangular representation (Daubechies, 1988; Stephanopoulos et d., 1995; Locher et d., 1996).
The paper demongtrates the gpplication of the following three data mining methods

wavelet decomposition,

triangular representation and

learning of decison trees
to the analysis of a fermentation process of hyauronidase, an enzyme that is used for different thergpeutic applications in medicine
(dermatology, oncology, €c.).

2 MATERIALSAND METHODS

Experimental materids and methods used during hya uronidase (hyauronate lyase) fermentations were described by Rodig (1998) and
Guthke et d. (1999). Data andlyss focused on potentia rel ations between time series of the growth kinetics cx(t) and the yidd ¢ of the
product hyauronidase of 10 fermentation runsas shownin Figure 1.

The software tool DataEngine 3.0 (MIT GmbH, Aachen, Germany) together with the Plugins ProcessAnalyzer and DecisonXpert
were used for dl cdculations. Figure 2 and Table 1 show the modules used. The module 'DXpert Pruné for the pruning of trees was



used dternatively and linked to the module 'DXpert Grow’. (This module is not shown in Figure 2 because pruning did not improve the
vaidation results)
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Figure 1. Growth kinetics (Ieft) and product yield (right) of 10 fermentation runsof Srreptococcus agalactiae
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Figure 2: DataEngine Card: Visudization of modulesfor training and testing used as described in Table 1; configuration of the
ProcessAnalyzer (Train) and the resulting file (bottom) containing selected attribute values and dass numbersfor 10 fermentation runs



DataEngine Module Function

Eingabe Datei Input of data setsfor training or testing or classification results
PAndyzer - Train Waveet decomposition and trend extraction for training
PAndyzer - Recal Cdculation of attribute values from test deta

DXpert - Grow Generation of decision treesfrom training deta

DXpert - Recdl Application of the grown decision tree

Ausggabe Daeneditor Output of results

Table 1: Modules of DataEngine and Pluglns used and linked as shown in Figure 2

3RESULTS

Thedata set containing 10 hya uronidase fermentation runswas andyzed in three steps.

0) Data selection and preprocessing (interpolation of time series ¢y , classfication of runswith respect to product yield ¢)
(i) Waveet decomposition and extraction of trends from time series cx(t)

(iii) Training of decison treesthat describe the relation between cx(t) and ¢- and vdidation of results

31 DATA SELECTION AND PREPROCESSING

For the supervised learning of decision trees fermentation runs have to be classfied into a number of dasses. According to the
digtribution of product yield as shownin Figure 1, the 10 runs were divided into the following three classes (case )

class1("high product yidd"): run2, 3,9and 10

dass 2 ("medium product yidd"): run4,5,6and8

cass 3 ("low product yidd"): runland?
or into the following two classes (case 1)

cass1("high product yidd"): run2, 3,9and 10

dass2 ("low product yidd"): runl,4,5,6,7and8
Other classfication modes were studied too. They will not be discussed here, because vaidation results did not improve using these
modes.

For the cross vaidation of results the data set was split in aset A for training and a set B for testing. For the training (learning) 7, 8 or 9
runs (set A, m*=7 or 8 or 9) were taken into account, wheress the remaining runs were used for testing (set B, m®=3 or 2 or 1). The case
m*=9 and m®=1 will be discussed in detail. Learning and testing of trees was performed 10 times with 10 different sets A and B, where
st B condgtsof one of the 10 fermentations runs.

Before the gpplication of the software modules the time series ¢ (t) were preprocessad by linear interpolation to subgtitute missing vaues
and to obtain equidistant values.

32 WAVELET DECOMPOSI TION AND TREND EXTRACTION

From st A of m’* runs k attributes and their vaues X*; (i=1,....n""; j=1,...k) were generated by wavelet andlysis using the module
PAnalyzer - Train of the Plugin Process Analyzer. Thevaues X% (i=1,..,m%; j=1,...K) of the samek attributeswere calculated for set B
using the module PAnalyzer - Recall of the same Plugln. Before filtering the software modules add to the 12 (=n) measured vaues 12
atificid vaues (labded X' in Figure 3), i.e. 6 (=n/2) data points before the beginning (inoculation at t=0 h) and 6 data points after the
end (=11 h) of the andlyzed timeintervd.

Two filter stages (called 0 and SL) with two trends (0 and 1) were found for the example discussed here with the default configuration
of the software modules. For the triangular representation the software modules caculated 6 parameters for each trend caled sTime,
dTime, sval, eVal, sSopeand eSope. Thus, k=24 values cdled D_sTimeD, ...., SL_eSopel, i.e. 6 vauesfor the two fiilter sages SO and
Sl aswdl asfor the two trends 0 and 1, were identified for each fermentation run. The 60 parametersfor the 10 fermentation runsof the
firg filter sage SO and thetrend O are shown in the Figure 2. The 12 parameters of the two trends of the low passfiltered first Sgnal stage



(0) are shown in the Table 2. The ProcessAnalyzer caculated the time related attributes (STime, dTime, sSope, eSope) with respect to
the number of sampling intervals. For example, the value dTime = 10 caculaed for the duration of the firgt trend as shown in Teble 3
corresponds to 10 h which meansthat the first trend runsfrom itsbeginningatt =- 6 htoitsend a t =4 h (see Figure 3, Trend 0). The
second trend with aduration of dTime=6runsfromt=4htot=10h (seeFigure3, Trend 1).

Vdue Trend O Trend 1

sTime 0 [=-6.0h] 10 [=4h]

dTime 10 [=10h] 6 [=6h]

sval 0.177 [=0.177 g/] 1912 [=1912¢/]
eval 1912 [=1.912 g/ 3.939 [=3.939¢/]
s9ope 0.00 [=0.000 g/l/h] 0.607 [=0.607 g/l/h]
eJope 0.607 [=0.607 g/l/h] 0.000 [=0.000 g/l/h]

Table 2: Attribute vaues of thefirst low passfilter stage (S0) obtained from data of fermentation run 6 by the ProcessAnalyzer
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Figure 3: Kinetics of biomass growth of fermentation run 6: measured data (M), added data ("),
kinetics of two trends of thefirgt (S0, solid line) and second filter stage (S, dotted line)

33 TRAINING OF DECISION TREESAND VALIDATION OF RESULTS

After clasdfication of case | (i.e. 3 classes, see 3.1) the decision tree shown in Figure 4 with the rules shown in Table 3 was obtained
from 7 different data sets A for learning (i.e. from data of al 10 fermentation runsand dataof 9 out of the 10 fermentation runs without
oneof the6runs2, 3,4, 5,6 or 8).

After pruning of the decison tree T an identical tree T or trivid trees (without branches) were found depending on the configuration of
the module DXpert Prune. Using the grown decision tree T for the prediction of the fermentation outcome (product yidld), the class was
predicted correctly for the 4 fermentation runs4, 5, 6 and 8 which were not used for training (i.e run 4, 5, 6 or 8 formed set B) and dso
for the 4 fermentation runs 1, 7, 9 and 10 which were dready used for training (set A). Prediction for the two fermentation runs 2 and 3



however failed. If one of the4 runs 1, 7, 9 or 10 was excluded from training then two trees T, or T, were generated that differed from
tree T shownin Figure 4. Thevalidation of thesetrees T, and T failed.

Cx 0 dTime0< 105

——Cx_S0 evVad0<2l:class 2

——cx S0 evd0>2l:cass 1

Cx_SO_dTime0 < 10.5: dass 3

Figure4: Decisontree T for casel (3 product yield classes considered) identicaly grown from 7 different data sets
(set A containing dl or 9 out of 10 fermentation runswithout run 2, 3, 4, 5, 6 or 8, repectively)

IF thefirst trend of biomass growth finishes before 4.5 h AND thefina biomassishigher than 2.1 ¢/l
THEN ahigh product yield is predicted.
IF thefirgt trend of biomass growth finishes before 4.5 h AND thefind biomassissmdler than2.1 g/l

THEN amedium product yield is predicted.
IF thefirg trend of biomass growth finishes after 45 h THEN alow product yidd is predicted

Table 3: Rules of the decison tree T shown in Figure4

For case |1 (with only 2 product yield classes, see 3.1) the vdidation of the generated decision trees could not be improved: For the 10
different data sets A with a different one of thel0 fermentation runs excluded in each case (and used for testing) 10 different trees were
generated. One of them wastree Ty as shown in Figure 5. It predicts classes 1 or 2 for dl 10 fermentation runs correctly. This tree was
dso generated when dl 10 runswereincluded in deataset A for training.

Ccx 0 evd0<212

——Cx_S0 dTimel <55
——Cx_ S0 eVd0<192 dass 1

L ¢ S0 evd0>192: cass 2

— xS0 dTimel >5.5: class 2

Cx_SO eva0>212: dass1

Figure5: Decison tree Ty for case 11 (only 2 product yield classes considered) identically grown from 2 different datasats (st A
containing 9 out of 10 fermentation runswithout run 6 and set A containing al 10 runs)

4 CONCLUSIONS

The data andlyss of a hyauronidase fermentation process using the Plugins ProcessAnalyzer and DecisonXpert together with the
software tool DataEngine resulted in rule sets which express the relations between growth kinetics and product yield (see Table 3).




These rules can be interpreted physiologicaly as growth associated product formation. The results may be used for a more detailed
modelling and model based experimentd design (Guthke et d., 1999; Berkholz et d., 1999).

The trees generated depend on the training data set A. In this respect and in the cases studied here, there was a higher sengitivity (i.e.
trees depend more on the training data set A) in case 11 with only two classes of process outcome compared to case | with three classes:
Incasell only 3out of the11 different datasets A generated the sametree. In case |, however, the trees generated proved more stable: 7
out of the 11 different data sets A studied generated the same tree as shown in Figure 4 and Table 3.

The prediction of the fermentation outcome using the rule set of Table 3 which was generated from 7 different data sets failed for two
fermentation runs. However, the tree shown in Figure 5 was found that predicts the outcome of dl 10 fermentation runs correctly. For
the learning of thistree the data of run number 6 was left out. But this tree was not found when another run than run 6 was excluded from
training. Then, trees were grown whose prediction of fermentation outcome failed for one or more runs. Therefore, the information
content of runs 1 to 5and 7 to 10 gppearsto be essentid for asufficient training .

Thus, the vdidation of the rule based prediction of the outcome of the hyauronidase fermentation studied in this paper did not prove
entirdy satisfactory. The results did not improve when the data of growth kinetics were pre-processed by logarithmic transformetion In
another case (Guthke et d., 1998) the portion of correct prediction was found to be higher and the obtained decision tree did not depend
s0 much on theinput data as shown here. However, the results obtained there were more trivid.

The data of the andyzed time series had to be equidigtant. Then, waveet andysis can filter out noise while retaining distinguishing

features. But the number of festures generated is 0 much (six for each trend and each filter stage) that 10 fermentation runs are not
enough for sufficient learning.
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