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Abstract

A structured unsegregated cybernetic model, able to simulate the growth of baker’s yeast in any possible condition in multistage industri
production has been developed. The model has first been proven in the simulation of the behavior of a laboratory batch bioreactor, describi
the evolution with time of the biomass growth rate, the glucose and oxygen consumption as well as the production of ethanol and carbc
dioxide. The same model with the same parameters has then been used to simulate both laboratory and industrial size fed-batch bioreac
achieving satisfactory results. The effect of the oxygen mass transfer limitation in fed-batch bioreactors has also been described a
discussed. The model developed allows to find and keep the optimal conditions of biomass growth in industrial fed-batch bioreactor:
© 2001 Elsevier Science B.V. All rights reserved.
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1. Introduction The effect of variables, such as pH and temperature, is well
known and their optimal set-points can easily be defined.

The Saccharomyces cerevisidgomass, mainly in the  On the contrary, yield and productiveness can largely be
form of baker’s yeast, represents the largest bulk production affected from the concentration of biomass, sugar, oxygen
of any single-cell microorganism in the world. Several mil- and ethanol formation, if any. The optimal conditions giving
lion tons of fresh baker’s yeast cells are produced yearly for maximum yield and productiveness change along with time
human food use [1]. together with the biomass growth: consequently, the feed

The production of baker’s yeast involves the multi-stage rate of nutrients in the fed-batch bioreactor must be changed
propagation of the selected yeast strain on sugar as carborioo. Therefore, the feeding rate of the molasses is the most
source. Baker's yeast is usually produced starting from a critical variable and the problem is to individuate the best
small quantity ofS. cerevisia@dded to a liquid solution of ~ feeding rate sequence.
essential nutrients, at suitable temperature and pH. Once the This problem could be solved by developing a structured
cell population is grown enough, it is transferred into a larger unsegregated model to describe a growth rate able to provide
bioreactor for a new growth stage; four or five stages are usu-information about the metabolic routes prevailing at any
ally performed to reach a satisfactory production quantity. moment of the cells colony life and about how the growth
Therefore, the bioreactors volume changes from 1-19 dm is influenced from operation conditions.
to 100-150 drh. Such a model, named cybernetic model, has been pro-

The smaller bioreactors used for the former stages oper-posed for the first time by Kompala et al. [2] for the diauxic
ate in batch conditions. On the contrary, the larger bioreac- growth of Klebsiella oxytocaMore recently, Di Serio [3],
tors used for the latter stages adopt the fed-batch techniquePi Serio et al. [4,5] and Jones and Kompala [6] have ex-
i.e. the nutrients are fed at a variable rate to the culture tended the use of this model to the description of the growth
broth. of S. cerevisiaén both batch and continuous bioreactors.

In the production of yeast, it is important to maximize In the present paper, we have modified and improved this
both the yield in comparison with the substrate conversion (g model and extended its use to fed-batch bioreactors of both
cells/g sugar) and the volumetric productiveness (g cells/I h). laboratory and industrial size, in the perspective of develop-

ing the process optimization.

* Corresponding author. Tek39-081674027; fax:+39-081674199. The improved model has been tested by simulating liter-
E-mail addresssantacesaria@chemistry.unina.it (E. Santacesaria). ature batch and fed-batch growths. At the end of the paper,
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Nomenclature Under oxygen starvation conditions, the fermenta-
tive metabolic pathway always predominates; at a low
/e max relative concentration of the key enzyme sugar concentration, ethanol is produced, too (Pasteur
of thei metabolic pathway (1: glucose effect).
fermentation, 2: ethanol respiration, 3: Ethanol produced during the fermentative metabolic path-
glucose respiration) way in a batch culture is consumed when glucose is no longer
Fin liquid feed (dn#/h) available in the medium after a lag-phase, Secerevisiae
K; saturation constant of the metabolic way exhibits a diauxic behavior.
K1 saturation constant of sugar fermentation Biomass yields on glucose are strongly related to the
(g/dm?) prevailing metabolic pathway, being maximal only when
K2 saturation constant of ethanol oxidation sugar is oxidized, i.e. when its concentration remains be-
(g/dn?) low 50-100 mg/l. For this reason, in fed-batch processes for
Ks saturation constant of sugar oxidation yeast production, the carbon source feed must strictly be
(g/dr?) controlled to ensure a biomass yield as close as possible to
k a oxygen mass transfer coefficient® the theoretical value obtainable.
Ox oxygen concentration in liquid bulk (g/din On the basis of above considerations, it is evident hat
Ox* oxygen solubility (g/dr) cerevisiaehas internal regulating mechanisms which direct
S sugar mass (g) the micro-organism towards the most convenient metabolic
S ethanol mass (g) pathway able to optimize the use of available resources.
s? sugar feed concentration (g/dn The kinetic modeling of the growth behavior 8f cere-
Vi liquid volume (dn¥) visiae requires a detailed knowledge of the intracellular
X yeast mass (g) control mechanisms and the Monod classical model is not
Y1 sugar fermentation yeast yield (g of enough. As general rule, none of the unstructured models
biomass/g of sugar consumed) is able to predict complicated dynamics, e.g. the diauxic
Ys ethanol oxidation yeast yield (g of biomass/g ~ growth [6].
of sugar consumed) Kompala et al. [2] have simplified these problems: invok-
Y3 sugar oxidation yeast yield (g of biomass/g ing the cybernetic viewpoint [7], they developed a general
of sugar Consumed) modeling framework.
B constant of the key enzyme degradation The cybernetic modeling framework is based on the hy-
() pothesis that microorganisms optimize the utilization of
pwimax ~Maximum specific rate of growth of available substrates to maximize their growth rate at all
fermentation (h?) times.
p2max ~ Maximum specific rate of growth of The values of the single growth rate of the different
ethanol oxidation (h') metabolic pathways are calculated applying a modified
puamax  Maximum specific rate of growth of I\_/Ionod equation rate, yvhere every growth rate is propor-
sugar oxidation (h%) tional to the concentration of a key enzyneg) (controlling
the single metabolic pathway.

The cybernetic modeling framework replaces the detailed
modeling of regulating processes with the cybernetic vari-
we have shown how the proposed model can successfullyablesu; andv; representing the optimal strategies for the
be used in the simulation of industrial bioreactors. synthesis and activity, respectively, of the key enzyme of the
metabolic pathwayi. The value ofu; can be assessed as-
suming that cell resources will be allocated in such a way
2. The simulation model to obtain the maximum biomass growth rate. A law of re-
sources allocation can be derived from the economic theory
During the aerobic growth o8. cerevisiagsugars and  of marginal utility [2]
ethanol can be used as carbon and energy sources, whereas
nitrogen and other minor nutrient requirements are satis- " = A 1)
fied by inorganic salts. Sugar can be metabolized via two erj
different energy producing pathways, fermentation (1) or
oxidation (2), depending on the sugar concentration in the The variable controlling the inhibition/activation mechanism
medium. of ¢ (v;) is determined considering the inhibition effect
Indeed, at a high sugar concentration, oxidation is null when the microorganism grows on the substrate which
suppressed and fermentation, only, takes place (Crab-accelerates the biomass growth rate to the utmost, whereas
tree effect). Oxidation predominates when sugar is below the inhibition effect progressively increases at a decreasing
50-100 mg/drh. growth rate [2]. Therefore,
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In the present work, specific growth rates for the different
metabolic ways are modeled according to a modified Monod
rate equation, where the modification consists in the fact

that each growth rate has been assumed proportional to
ei/e; max the relative intracellular proper key enzyme con-
centration

e1 S1
e1max KaVL + 51

1 = 1,max sugar fermentetion (3)

€2 S2 Ox
e2.max K2V + S2 Kox + Ox

2 = [42,max

ethanol oxidation 4)
e3 S1 Ox
r3= W3
H ’maxe?,,max K3V + S1 Kox + Ox
sugar oxidation (5)

This choice introduces an advantage in managing the cyber-

netic model because the ratiege; max can change in the
range 0-1, only. Wher&, and S represent, respectively,

the quantity of sugar and ethanol in the bioreactor, Ox the

concentration of dissolved oxygew, the volume of the lig-

uid in the bioreactorK; represents the saturation constants

for the substrate of each metabolic pathwgyaadKopy the

saturation constant for the dissolved oxygen which in first
approximation has been assumed to be independent of any

single oxidative metabolic pathway.
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balance on oxygen liquid concentration (13)
(¢1/46)(r1v1/ Y1) + (¢2/32)(r2v2/ Y2)(2/3)
+(¢3/32)(r3v3/ ¥3)
(¢2/32)(rav2/ Y2) + (¢3/32)(r3v3/ Y3)
respiratory quotient

RQ=
(14)

R A . 0 . .
With these growth rate equations, the common balance WhereéX, Fin, s7, ki a, OX* are, respectively, the biomass

equations for batchHj, = 0) and fed-batch Ki, # 0)
bioreactors can be written as

X
(il_t = (Z (r,-v,-)) X  balance on biomass (6)

ds
=1 Fs?— (22 4+ B%) x  balance on sugar  (7)
d Y1 Y3
dss rivy  1av2
— = R e . ¢ balance on ethanol 8
= <¢1 2 ®)
dv, -
d_tL = Fin balance on liquid volume 9)
d(e1/e1,max) 1
U L, 1— - -
i (11max+ B) £t eu o

|\ Do +8 ( = ) balance on fermentation

=13 €1, max

key enzyme relative concentration

guantity in the reactor, the value of the sugar feed stream,
the sugar concentration in the feed, the coefficient of
gas—liquid mass transfer and the concentration of oxygen
at the gas-liquid interface, antl and o are, respectively,
the enzyme decay and synthesis rate consténis a small
constitutive synthesis term for all the enzymes and is im-
portant in predicting the induction of enzymes which have
been repressed for long periods of time [6,8] &hdndg;

the yields and stoichiometric coefficients for the different
metabolic pathways, respectively. The respiratory quotient
(RQ) is the ratio of C@ moles produced on the oxygen
moles consumed. RQ is high when the fermentative glucose
metabolic pathway predominates, around 1 when the oxida-
tive glucose metabolic pathway predominates, and smaller
than 1 in the case of ethanol consumption.

The model we suggest is different from that applied by
Jones and Kompala [6]: as a matter of fact, we introduced
the relative key enzyme concentrations and the oxidation key
enzyme synthesis rates depend on the oxygen concentration
in the liquid bulk. This last assumption is very important
to describe the experimental situations in which the oxy-
gen concentration decreases as consequence of mass trans-

(10) fer limitation (see Egs. (11)—(13)). Besides, the model has
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been simplified, without loosing in accuracy, by neglecting
the intracellular carbohydrate storage.

3. Simulation results

3.1. Batch laboratory culture

The described model has been used to simulate the exper-

imental data reported by von Meyenburg [9] in a batch run.

The run is the same recently used by Jones and Kompala

[6] to test their model.

All the parameters of the model can be found in the liter-
ature [6] with the exception of the values of the saturation
constant,K;. These parameters, reported in Table 1, have
been used to simulate von Meyenburg data. BottandK»
have been obtained by mathematical regression [10] on the
von Meyenburg experimental datdpx has been assumed
to be equal to 1/3 of the critical oxygen concentration for
the oxidative metabolic pathway [11], agd which been
obtained from other literature source [11].

In Fig. 1a, the evolutions with time of concentration of

respectively biomass, glucose and ethanol are reported. In

Fig. 1b, the evolution of the respiratory quotient is reported.

As it can be seen in both cases agreements are quite satis-

factory. In particular, we can see that the cybernetic model
well performs in the simulation of the lag-phases and the di-
auxic growth. Indeed, we can see that, when growth begins
after an initial lag-phase, the yeast has a high growth rate
mainly with a fermentative metabolic pathway with ethanol
production; this is confirmed from the high values of the
respiratory quotient. After the whole available glucose is
consumed and after a new lag-phaSe,cerevisiaestarts
metabolizing ethanol. All these aspects of yeast growth are
well simulated from the model.

To account for the long initial lag phase, low initial val-

ues of the relative enzyme concentrations have been used.

As a matter of fact, the choice of the initial enzyme con-

Table 1
Model parameters values used for the simulation results shown in Figs. 1-4

e 0.909

B (h™h) 0.2

M1,max (hil) 0.45
M2,max (hil) 0.20

M3 max (hil) 0.33

Y1 0.15

Y2 0.74

Y3 0.5

K1 (g/dn?) 1.0+ 0.1
Kz (g/drr?) 0.08 £ 0.04
K3 (g/drT?) 0.001

b1 0.41

b2 1.067

b3 0.52

Kox (g/dr) 4.6 x 1075
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Fig. 1. Simulation of the experimental data collected from von Meyenburg
[9] in an aerobic batch culture &. cerevisiador respectively cell mass,
glucose, ethanol concentration (Fig. 1a) and respiratory quotient (Fig. 2a).
Fig. 3a shows the trends of the relative key enzyme concentration for the
three metabolic pathways &. cerevisiae

centrations must consider the previous history of the inocu-
lum which strongly affects the initial behavior of the sys-
tem. However, the enzyme concentrations quickly change
during the run and small errors in the estimation of the ini-
tial concentrations poorly affect the simulation. Therefore,
this estimation can roughly be made with a trial and error
procedure. We have proven this fact by submitting to math-
ematical regression analysis also the initial condition for the
enzyme concentrations with the results that, as expected,
the initial value ofex/ex max has no influence on the sim-
ulation, while optimal values of the other two parameters
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are in the same range found by trial and error procedure. In 1400 ‘ — 10
. .. . . . . . —o—ka (hr') —A— Air Flow Rate (L/min)

Fig. 1c, it is possible to appreciate the evolution with time of 1200 —e—RPM (min)

the relative concentration of the three key enzymes starting = | —\ —m— Molasses feed rate (mi/hr)

from the initial values assumed as parameters of the Mod- 1000 4—e—e—e—e—s—e—s—o oo o—o—0—o—o—o—o |°

els. The behavior observed is qualitatively correct. A more 1 (a)

strict correlation between the initial enzyme concentration **%—o—o-wa_ <\ ls

and the behavior of the microorganism should be acquired 600_-
by comparing many runs performed in different conditions.

0—0—0—0—0—0—0—,
O,
O—,
O—p
—~o_,
A2

AA—A—A—A—A A A A A A A A A A

Initially, in the presence of a high glucose concentration, “°7 44
the relative key enzyme cor?centratieﬂell,max, promoting 200 e,
glucose fermentation is mainly synthesized. After the total T b
glucose consumption during the diauxic lag-phase, the key 0t+———T————7— 77— 1 71— 11— 12
. . . . . 0 2 4 6 8 10 12 14 16 18 20

enzyme, only, promoting ethanol oxidation is synthesized Time (hours)
and ethanol consumption starts with a different rate. 100 ~

90_' m  cell mass concentration (g/L)
3.2. Fed-batch Iaboratory culture 1 e dissolved O, concentration (% saturation)

801 model simulation with variable k a

70 —— model simulation with constant k a

The same model has been tested on the runs performed b
Wank et al. [12] in a fed-batch reactor feeding molasses (a ™ ]
mixture of equal volume of cane and beet molasses contain- 0]
ing 30 and 39.5% reducible sugar, respectively) according 4o
to a control strategy giving high yield and growth rate. 30 4

Two runs have been simulated. In the first simulated one ,, ]
(run A), the impeller speed and the air flow rate were fixed ;
at 1000 rpm and 5 N I/min, respectively. In this run, the bulk !
liquid oxygen concentration decreases with time approach- ° 3 I I " ¢ 2 b m o %
ing to zero because the oxygen mass transfer rate become Time (hours)
insufficient as a consequence of the increasing biomass con-
centration. To avoid ethanol formation, molasses feeding Fig- 2. (&) Experimental data of the air flow and stirrer speed rate as
was limited, thus obtaining a growth speed lower than the wgll as the molasses additi_on rate_ of run A (Wank et aI_. [12])_ together
theoretically possible one. with the values ok _a used in the simulation. (b) Model sm_wulaﬂon and

. . experimental data for the biomass and oxygen concentration.

In order to ensure full aerobic conditions throughout the
whole second run (run B), both air flow and stirring rate were
varied to keep the dissolved oxygen concentration higher Directly measuring the enzyme concentrations being very
than a critical value given by the authors and corresponding hard, the model validation can indirectly be achieved by ex-
to 15% of the saturation. amining a great number of experimental runs in different

Although molasses have been used in these two runs in-operative conditions by considering the initial enzyme con-
stead of glucose, in first approximation, the same parameterscentration as model parameters.
as Table 1 have been applied for the simulation. In Fig. 2a, the experimental values of the air flow and

Considering that the inoculum does not show an initial stirrer speed rates, as well as, the molasses addition rate of
lag-phase and is provided with a high oxidative activity, the run A, together with the values &f a used in the simulation,
initial relative concentration of the key enzyneg/es max are reported
should be higher thaei/e; max andes/ez max. As matter of The experimental data corresponding to the biomass and
fact, the choice of the initial enzyme concentrations has to oxygen concentrations are reported in Fig. 2b. The experi-
take account of the previous history of the inoculum which mental data are compared with the simulated values calcu-
strongly affects the initial behavior of the system. As the lated by considering respectivelya to be constant during
enzyme concentrations quickly change, according to the mi- the run, or considering it variable with the biomass concen-
croorganism growth conditions, small errors in the estima- tration.k_a has been estimated according to a trial and error
tion of the initial values affect the simulation quite poorly. procedure by following the best fitting of the dissolved oxy-
Therefore, this estimation can roughly be made with a trial gen concentration. As it can be seen, in order to correctly
and error procedure. The values assumed for simulating thesimulate the gas—liquid mass transfer, a decreageaohust
laboratory fed-batch runs asa/e1 max = 0.2, €/e2 max = be taken into account at increasing biomass concentration.
0.2, e3/eamax = 0.7. As it has been mentioned, the intro- Besides, it can be seen that the dependence on the biomass
duction of a relative concentration in the model facilitates concentration of théq a is more stressed at high cell con-
the choice of the initial conditions on the basis of the run centrations (for a little concentration variation, the value of
behavior, for both batch and fed-batch bioreactors. k_a has a poor variation). Since high concentration yeast
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2200 - 12 The liquid and the gas phase are considered to be com-

20004 Z07 KA () ——— 1 pletely mixed since owing to the high flow rate of the air,

1800 { —m— Molasses feed rate (mi/hr) S 11 the gas composition variation is small (smaller than 10%)

1600 —A~—Air Flow Rate (Limin) - o ] and the calculated number of Peclet low.

1400 (a) '_8 The available data are: biomass concentration, ethanol

1200 p—o—o—g 1 concentration, air flow rate and molasses addition rates at

1000 @ s s 22 A ! different times.

8007 | . {4 The industrial run has been simulated still using the pa-

S0 o e oo 1 rameters reported in Table 1. Considering that the inocu-

O o000 e 12 I iginates from a batch growth ended before the whole
—0—0—0—0—0—0 -—" um originates frrom a nal g

it 1 sugar consumption, the initial concentration of the enzymes

0 o 2 4 & & 10 12 14 1 150 has been estimated following procedure already described
Time (hours) and turned out to be abowtj/e1 max = 0.8, e2/e2max =

100 4 0.2, e3/e3.max = 0.2. By submitting to mathematical regres-

90 4 = cell mass concentration (g/L) sion analysis the initial enzymes concentration values we
1 ® dissolved O, concentration (% saturation) obtained values that are quite similar to ones used in the

model simulation

simulation. However, as shown before, small errors in the
estimation of these initial concentrations poorly affect the
simulation.
In order to simulate the industrial reactor, it is necessary to
know the mass transfer gas—liquid parameter in the various
() operative conditions. For bubble columns, relations exist al-
lowing to calculate this parameter with good reliability [13]
when knowing the characteristics of the fluid, the dimensions
of the column and the gas rate in the column. For yeast sus-
16 18 pensions at high concentrations, the problem becomes more
Time (hours) difficult because the fluid has a non-Newtonian behavior for
which the classic relations mentioned in the literature cannot
Fig. 3. (a) Experimental Qa}ta of the air flow and stirrer speed rates as o |;5e( [14]. In our case, since the biomass concentration
well as the molasses addition rate of run B (Wank et al. [12]) together . . .
with the values ofk _a used in the simulation. (b) Model simulation and IS always compe_lrauvely low (lower than 20 g/l) it has been
experimental data for the biomass and oxygen concentration. assumed not to influence the mass transfer parametay. (
So,k_a has been calculated using the relation suggested by

suspensions give place to non-Newtonian systems, the deAkita—Yoshida [13], attributing to the suspension the same

pendence ok_a on the biomass concentration is not easily characteristics as water. _
predictable. Fig. 4 shows the values of the percent increase of the mo-

Fig. 3a shows the experimental values of air flow rates lasses range in comparison with the initial feeding as well as

stirrer speed rates and molasses addition rates employed in
run B together with the values &f a used in the simulation. .,
Fig. 3b presents the dynamic simulation results for the time
evolution of the biomass and oxygen concentration related ]
to run B. In this case, the system never falls under conditions 4
in which the oxygen-transfer rate becomes growth limiting g0
and productivity is higher than in the run of Fig. 2b. ]
From the observation of the obtained satisfactory agree-
ment between the calculated values of biomass growth
and the experimental data reported in Fig. 2b and 3b we 1o+

can conclude that the proposed model is able to simulate [/ | —A—Ka (hr") calc. by Akita - Yoshida eq.
4 H --—-- molasses feed rate increment %

fed-batch grOWth. 1 /,f" m  weight cell mass increment %
Y 7 ® ethanol mass variation %

. 3 . . / model simulation e /e, | =0.8,e/e, =02 efe, =02

3.3. Simulation of industrial fed-batch growth 1 ; ; —

0 2 4 6 8 10 12
The above model has then been used to simulate the time (hours)

biomass growth in an industrial reactor. The reactor is a _ . . . .

. . Fig. 4. Percent increase of the molasses range in comparison with the
bubble COlumn_ _One' The b"?mass grOWth took place In initial feeding rate [15]. Model simulation and experimental data [15] for
fed-batch conditions and the inoculum derived from a pre- piomass and ethanol percentage variation. Valueg afcalculated using
vious batch stage. the equation by Akita and Yoshida [13] and used in the simulations.
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the values ok a calculated applying the equation by Akita Obviously, by assuming these initial relative concentra-
and Yoshida [13] and used in the simulations for the bubble tions as assigned parameters of the model gives place to
column. The same figure also shows the calculated trendscorrelations withK; and K. As the correct evaluation of
in time of the biomass and of ethanol and compares themthese concentrations can hardly be made directly, qualitative
with experimental data. From the obtained results, it can be considerations on the previous history of the microorganism
concluded that, though the simulations have been performedand on the behavior shown help choosing reliable approxi-
using parameters derived from laboratory runs and not op- mated values. A trial and error procedure allows then to im-
timized for the system considered, the proposed simulation prove their reliability. However, as the concentration of the
method supplies more than satisfactory outcomes. In Fig. 4,key enzymes quickly changes during the runs, small errors
we used the semi-logarithmic scale to show all the available in the initial values poorly affect the simulation.
data together. The uncertainty in the initial key enzymes concentration
It must now be underlined that — among the parameters is a weak point of this model which can be removed by in-
of the model — the initial concentrations of the key enzymes terpreting a great number of runs — as we have done — and,
play an important role, too. As a matter of fact, for the sim- perspectively, by finding a more direct correlation between
ulated industrial run, we have imposed an initial concentra- the observed experimental data and these concentrations.
tion with a high concentration of fermentation key enzymes  Moreover, using the cybernetic model, it is possible to
and a low concentration of oxidation key enzymes. This fact scale-up the fed-batch bioreactor, provided that the same
derives from the consideration that the inoculum for the in- strain of yeast and the same type of substrate are used. As
dustrial run originates from batch growths where sugar has a matter of fact, sometimes, when a different strain or dif-
not been consumed completely in conditions similar to those ferent substrate were used, different growth rates [3] were
of Fig. 1c in the time interval from 4 to10h. observed having a qualitatively similar but quantitatively
Therefore, it is possible to conclude that in order to opti- different behavior. The model can also be used in these
mize the biomass production in a plant reactor, it is neces- cases, but some of the parameters reported in Table 1 must
sary to use reasonable values of key enzyme concentration®pportunely be changed. To conclude, the model needs to
which, on the other hand, correspond to the concentrationbe further improved for a more general application.
obtained at the end of the preceding step. However, starting form batch and fed-batch laboratory
data, it is now possible to scale-up and to optimize the man-
agement of the industrial bioreactor for a given type of yeast
4. Discussion and conclusions strain and substrate, which was the scope of the present work.
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