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ARTICLE INFO ABSTRACT
Keywords: A method combining environmental data extracted from the dissolved oxygen profile of a fed-batch biore-
Markov

actor and a dynamic discrete Markov chain model has been presented in order to give more insight about
the glucose and dissolved oxygen fluctuations experienced by the microorganisms during cultivation in
heterogeneous bioreactor. The fed-batch cultivation of Saccharomyces cerevisiae has been performed in
a well-mixed and a partitioned scale-down reactor (SDR). The analysis of the environmental sequences
has shown extended time lengths for the glucose availability and depletion sequences in the case of the
SDR under a DO-controlled fed-batch culture. The Markov chain model developed in this work is able to
capture the stochastic environmental events, i.e. in our case the environmental states experienced by the
microorganisms crossing the tubular part of the SDR. The simulation results show clearly an extension
of the starvation periods in the case of the culture performed in the SDR. The simulations have been per-
formed at the single cells level allowing future improvements of our model and notably in the context of
the population segregation phenomena occurring in fed-batch cultures. As a perspective, flow cytometry
has been presented as a high-throughput analytical tool for the investigation of yeast physiology at the
single cell level and in process-related conditions.
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Introduction

Saccharomyces cerevisiae is widely used at the industrial level
for the production of alcohol, bulk biomass and more recently as
a recombinant microorganism for the production of several for-
eign proteins (Junker, 2004). The metabolic characteristics of the
strains impose a strict control of the environmental conditions
in the bulk of the bioreactor. The bioreactor is generally recog-
nized as a system exhibiting optimal hydrodynamic conditions
in order to promote homogenous extracellular environment dur-
ing the whole course of the culture. However, in practice, the
extracellular conditions can be strongly heterogeneous leading to
microbial stresses. These stresses induce different kind of modifica-
tion at different physiological levels: metabolic shift, alteration of
the genomic expression profile and population segregation (Gasch
et al., 2000; Geladé et al., 2003; Henson et al., 2002; Miiller and
Losche, 2004). These heterogeneities comes from several intrinsic,
extrinsic and external sources, i.e. from the physiological processes
themselves leading to the consumption of substrates and the excre-
tion of metabolites to the physical processes involving the control

* Corresponding author. Tel.: +32 81 62 23 11; fax: +32 81 61 42 22.
E-mail address: F.Delvigne@ulg.ac.be (F. Delvigne).

systems and the reactor hydraulic behavior (Miiller et al., 2010;
Patnaik, 2006). This work will be mainly focused on the char-
acterization of primary sources of noise, i.e. the external noise
directly in relation with the homogenization performance of the
bioreactor. A dissolved-oxygen controlled fed-batch culture of S.
cerevisiae will be investigated. The DO-control is effective in order
to optimize microbial growth and avoid secondary metabolism
such as glucose overflow and ethanol formation during aerobic
process (Cannizzaro and von Stockar, 2004). In addition, this reg-
ulation allow to track the dissolved oxygen and glucose profile
experienced by the microbial cells during the culture and con-
stitute thus a good model culture for the investigation of the
interactions between the microbial cells and the environmen-
tal conditions generated by the bioreactor hydrodynamics. The
methodology presented in this work is based on the mathemat-
ical manipulation of a set of data about the glucose availability
from the DO profile. This methodology, combined with a stochastic
model leads to the characterization of the exposure of individ-
ual microbial cells to concentration gradients and can be used in
order to make the comparison between the environmental events
(in relation with the dissolved oxygen and the glucose availabil-
ity) occurring in a well-mixed reactor and in a two-compartment
scale-down reactor (SDR) configured to generate flow imperfec-
tions.

1373-7163/$ - see front matter © 2012 the Associations of the Former Students of the Belgian Brewing Schools. Published by Elsevier B.V. All rights reserved.
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Glucose feed zone
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Fig. 1. Illustration of the exposure of microbial cells to glucose gradient concentra-
tion inside an industrial bioreactor operating in fed-batch mode. The color intensity
is proportional to the glucose concentration and the figure shows that glucose accu-
mulates at the level of the upper part of the bioreactor considering the lack at the
level of the mixing efficiency of the system. (For interpretation of the references to
color in this figure legend, the reader is referred to the web version of the article.)

The scale-down reactor concept

The main problem associated with bioprocesses scaling-up is
the formation of concentration gradients inside large-scale biore-
actors. These gradients induce various stresses at the level of
microbial cells, such as glucose excess, glucose starvation, oxy-
gen limitation, pH shock,. .. leading to deviation from the desired
metabolism and in extreme case to a complete modification of the
metabolism subsequent to a modification of the gene expression
pattern. Studies have been mainly focused on glucose gradi-
ent appearing during fed-batch process (Delvigne et al., 2006),
although other kinds of gradient have also been considered. The
characterization of the exposure of microorganisms to gradients
stress is not a trivial task, since several phenomena, including biore-
actor mixing efficiency and microorganism circulation, are involved
(Fig. 1). Scale-down reactors (SDR) have been used as an experi-
mental predictive tool for the design of yeast-based bioprocesses
(Lara et al., 2006). A SDR is a small scale bioreactor able to repro-
duce mixing imperfections encountered in large-scale bioreactors.
One of the most used SDR design is presented in Fig. 2. This SDR
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Fig. 2. Illustration of the scale-down reactor concept. A two-compartment reactor
is able to reproduce the passage of a microorganism in different zone in a process
analog to that encountered at the industrial scale.

is composed of two compartments, i.e. a small-scale stirred biore-
actor connected to a tubular plug-flow section. Controlled gradient
can be generated at the level of the tubular recycle loop. By this way,
the passage of microbial cells form one compartment to another can
be experimentally reproduced and the corresponding physiologi-
cal stresses can be investigated. However, the stochastic process
by which microorganisms switch form a compartment to another
is still difficult to represent. The main part of this paper deals with
the design of a mathematical model able to simulate the passage
of yeast cells from a compartment to another and the character-
ization of the substrate concentration profile encountered at the
single-cell level.

Materials and methods
Strain and bioreactor operating conditions

S. cerevisiae (MUCL 43340), stored at —80°C before use. The
scale-down reactor was composed of a 201 stirred bioreactors
(Biolafitte-France) with two turbines TD4-TD4. The regulation
of temperature (30°C), pH (5.5) and dissolved oxygen was
ensured by using a direct control system (ABB). Dissolved
oxygen level was maintained above 30% saturation by the stir-
rer speed. Aeration was fixed at 1vvm. The stirred reactor
was connected by a peristaltic pump (Watson Marlow 325D)
to a silicon pipe (internal diameter=8 mm, external diame-
ter=12mm, length=7.5m, capacity=0.3771). The medium used
was a CFM mineral medium, composed of (all compounds
are expressed in gl=1): KH,POy, 6.0; (NH,4)2S04, 12.0; MgSOy4,
1.0; EDTA, 0.015; ZnSO4 x 7H;0, 0.0045; MnCl, x 4H,0, 0.001;
CoCl;, x 6H,0, 0.0003; CuSO4 x 5H,0, 0.0003; NaMoSO,4 x 2H;0,
0.004; CaCly x 2H,0, 0.0045; FeSO4 x 7H,0, 0.003; H3BO3, 0.001;
D-biotin, 0.1; Dp,L-pantothenic acid, 0.001; nicotinic acid, 0.001;
myo-inositol, 0.0025; thiamin, 0.001; pyridoxin, 0.001; para-
aminobenzoicacid, 0.0002. Glucose and yeast extract were added at
final concentration of 5 g1~! each. The fed-batch solution was com-
posed of (all compounds are expressed in gl=1): (NH4),S04, 10.0;
KH;PQy, 5.0; MgS0y, 0.9; yeast extract, 5.0. Glucose was added at
final concentration of 30g1-1.

Characterization of the environmental sequences on the basis of
the DO-profile

The DO-controlled fed-batch strategy has the advantage to high-
light the environmental oscillations at the level of the dissolved
oxygen, but also at the level of the glucose. Fig. 3 shows how the
DO profile can be used to extract some informations about the glu-
cose availability. The glucose is fed to the culture when the DO
level is above the set-point of 30%. In our case, the glucose is con-
sidered to be available when the set point is reached and during the
whole DO drop. At this time, the glucose is considered to be limiting
or depleted as the DO is rising and until the set-point is reached.
This local minimum represents thus the transition between a glu-
cose consumption sequence and a glucose depletion sequence. A
custom MatLab (Matworks) code has been written in order to ana-
lyze a given DO profile and to extract informations about the time
length of the different environmental sequences: the glucose feed
sequences correspond to the successive parts of the DO curve above
the 30% (set point for the fed-batch regulation), the glucose con-
sumption sequences begin at the same time than the corresponding
feeding sequence and end when the DO is rising after the initial drop
induced by the aerobic glucose metabolism. The glucose consump-
tion rate is calculated for each phases by multiplying the feed time
by the feed pump flow rate and the glucose concentration in the
feed solution. The amount of glucose obtained is then divided by
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Fig. 3. Typical DO oscillation encountered when glucose is fed intermittently to the
culture. The analysis of such profile allows the extraction of informations about the
glucose availability in the broth.

the consumption time length of the considered sequence and leads
to the glucose consumption rate (in g/s).

Incorporation of the bioreactor hydrodynamics environmental
sequences: Markov chain modeling

The Markov chain framework is used frequently to model
sequences of stochastic events. The Markov model comprises sev-
eral states, the transition between these states being governed by
probabilities. The Markov framework will be used in our case to
model the glucose dynamics and the microbial cells displacement
inside a perfectly mixed and a scale-down reactor. In the case of the
assumed perfectly mixed reactor (i.e., a 201 stirred reactor without
the scale-down apparatus), the situation is very simple. The state
space is indeed constituted by a state representing the stirred ves-
sel,and an absorbing state representing the biomass consuming the
available substrate (Fig. 4). The state vector can thus be written:

S
s= | (1)
S>

Scale-down reactor

Perfectly mixed reactor

Fig. 4. Schematic representation of the state space of a Markov chain in the case
of a perfectly mixed reactor (left) and a scale-down reactor (right). For each case,
the state 1 corresponds to a perfectly mixed zone and the state A corresponds to an
absorbing state representing the substrate consumption by the microbial popula-
tion. In the case of the scale-down reactor (right), the states 2, 3 and 4 correspond
to the successive flow regions inside the nonmixed part.

S1 corresponding to the amount of glucose presents in the vol-
ume of the reactor and S, being an absorbing state representing
the glucose consumption by the respiring bacteria. The transition
matrix collecting all the possible transition probabilities between
the different states is written:

P11 P12
T= (2)
Py Py

with Pi; being equal to the glucose consumption rate rgy,
Pq1=1—rg. The absorbing property of the state 2 imposes P =0
and P,, = 1. The situation is more complicated in the case of a het-
erogeneous bioreactor, i.e. a scale-down reactor (Fig. 4). In this case,
the state space comprises 5 states: a state for the mixed part of the
reactor; three states in series for the nonmixed part of the SDR and
an absorbing state representing the glucose consumption by the
microbial population.

with S; being the state space corresponding to the mixed part of
the reactor, S,, S3 and S4 being the states corresponding to the non-
mixed part and S5 being an absorbing state. The transition matrix
in the case of the SDR is written:

Psy Ps; Ps3 Psq Pss

By eliminating the transitions that are not physically allowed by
the bioreactor hydrodynamics and by considering the absorbing
property of the state 5, the matrix T becomes:

Pi1v P12 0 0  Pgs
0 Py P;3 0 Py
T=|0 Py P33 Py Pss (5)
Py1 O Pg3 Pyg Pys
0 0 0 0 1

The transition probabilities P15 and P4 are equal respectively to
Qpump/Vmixed and Qpump/Vnonmixed With Qpump being the feed pump
flow rate, Viixed and Vionmixed De€ing respectively the volume of the
mixed and the nonmixed part of the SDR (these value have been
previously validated by residence time distribution experiments).
The backmixing probabilities, P43 and P45, have been extracted from
mixing time experiments performed on the nonmixed part of the
SDR by planar laser induced fluorescence. The probabilities Py5, P,s,
P35 and P45 of being absorbed by state 5 are equal to the glucose
consumption rate rgj,. The remaining probabilities correspond for
a given state i to remain in this state P;. This kind of transition
probability is calculated in order to give the sums of the rows of
the matrix T equal to one (balancing condition for the transition
matrix):

Pi=1-X;P; (6)
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Fig. 5. Dissolved oxygen profile during the culture of S. cerevisiae in a 201 stirred
bioreactor considered as perfectly mixed.

The complete Markov chain procedure involves the computation
of the state space vector S by its successive multiplication with the
transition matrix T on discrete time increments At (here chosen as
equal to 1s):

Seiac=T-St (7)

In order to get arealistic picture of the bioreactor glucose dynamics,
the complete equation is:

Seaac=T-St-V+Sa¢ (8)

With V being a vector comprising the volume of each state and
Sq being the vector representing the feed addition of glucose with
time. The variation of S; with time is governed by the glucose
feed sequences calculated previously. In the case of the SDR reac-
tor, microbial cells are allowed to circulate between several flow
regions (represented here by the states S; toS4) and itis thus impor-
tant to take this characteristic into account when observing the
environmental transitions experienced by the cells. The position of
a given microbial cell in the SDR can take 4 distinct values corre-
sponding to the state of the Markov chain Sy, S,, S3 or S4 according
to the corresponding flow region visited. The state S5 is not con-
sidered here given the fact that, unlike the glucose, the microbial
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Fig. 7. Dissolved oxygen profile during the culture of S. cerevisiae in a SDR.

cell are not absorbed or consumed during the process. The circu-
lation of a microorganism inside the reactor can thus be simulated
by considering the following transition matrix:

P11 P O 0

0 Py Py O
T— 9)
0 P3; P33 Py

Pyy O Py3 Py

The simulation of the successive position of a microorganism does
not follow the iterative process depicted by Egs. (7) and (8), but a
Monte Carlo procedure based on the distribution given by the tran-
sition matrix (Eq. (9)). In the transition matrix, each row represents
the probability distribution for a microorganism to reach the next
state or flow region (e.g., the first row of the matrix depicted by Eq.
(9) tells that the microorganism presents in the first state can stay
in this state with a probability P;; and can reach the second state
with a probability Py,. It is impossible to reach directly the state 3
and 4 from the first state given that the respective probabilities are
null).
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Results and discussion

Analysis of the environmental sequences in the case of a
well-mixed bioreactor

In a first time, it will be considered that the bioreactor is per-
fectly mixed, i.e. the glucose added at time t is instantaneously
homogenized in the whole volume of the reactor and there is no
dissolved oxygen gradient inside the reactor. Fig. 5 shows the DO-
profile of a culture performed in a 201 stirred bioreactor. For this
reactor which is well mixed (mixing time of about 3 s), the above
mentioned hypothesis can be applied. It will be shown that, by
considering this assumption and by using an appropriate compu-
tational method for the analysis of the dissolved oxygen profile, it
is relatively easy to reconstruct the glucose profile. The DO fluctu-
ations occurring during the fed-batch phase is processed in order
to extract information about the environmental transitions, i.e. in
our case depending on the glucose and the dissolved oxygen avail-
ability, experienced by the microbial cells during the culture (see
Materials and methods). The data related to the environmental
sequences are presented in Fig. 6 which shows that the glucose con-
sumption sequences and the glucose depletion sequences increase
with time during the course of the culture (from 80 to 90s in the
case of the consumption sequences and from 30 to 50 s in the case
of the depletion sequences) as the substrate demand increases
with the size of the microbial population. The calculated glucose
consumption rate over the different environmental sequences is
constant (Fig. 6). These results suggests that the microbial cells
are submitted to alternative sequences of glucose availability and
depletion (feast and famine) imposed by the oxygen transfer capac-
ity of the system. This capacity being limited to a maximal value
that has been reached during the experiment, the microbial growth
increases linearly with time, as suggested by the constant amount

of glucose added during the culture (Fig. 6). The results suggest that,
in the case of a well-mixed reactor, the microbial reactions are rela-
tively constants according to the regularity of the time length of the
different environmental sequences (Fig. 6). In the following section,
the impacts of hydrodynamic imperfections on the process will be
investigated.

Analysis of the environmental sequences in a non-perfectly mixed
bioreactor: scale-down approach

The same kind of fed-batch experiment has been performed in a
heterogeneous mixed bioreactor by using a scale-down strategy. In
the SDR, the glucose feed solution is added at the level of the inlet of
the nonmixed part of the reactor, inducing the accumulation of glu-
cose in this zone and a delay at the level of the DO-control strategy.
The DO profile and the analysis of the environmental sequences in
this reactor are shown respectively in Figs. 7 and 8. The first obser-
vation made when comparing Fig. 4 and Fig. 6 is the drop at the
level of the number of feed phases when operating in the SDR. This
effect can be attributed to the nonmixed part in which glucose is
accumulated. This phenomenon occurs without any response at the
level of the oxygen probe located in the mixed part of the SDR and
results in an increase of the time length of the feeding period. A
second important observation is that the time lengths of the dif-
ferent environmental sequences vary greatly during the culture.
It is thus important to incorporate these fluctuations induced by
the physiological reactions at the level of the hydrodynamic mod-
els. This kind of limitation exerted by the lack of knowledge at
the level of the microbial reactions in fluctuating environment has
been previously reported in another work combining the bioreac-
tor hydrodynamic to the microbial physiology (Lapin et al., 2004;
Schmalzriedt et al., 2003). This problem is presently overcome by
incorporating directly the reaction sequences at the level of the
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Fig. 9. Reconstructed glucose profile in the well-mixed bioreactor (left) and in the SDR (right).

hydrodynamic model, as it will be shown in the next section. In the
previous section, considering the perfectly mixed hypothesis, it has
been assumed that the microbial cells encounter exactly the same
periodic oscillations in glucose and dissolved oxygen. However, in
a scale-down reactor and especially when operating in fed-batch
mode, substrate gradients are likely to appears. This hydrody-
namic phenomena, superimposed to the fact that the microbial
cells circulate in the different fluid zones of the reactors lead to
the appearance of stochastic behavior at the level of the substrate
profiles experienced by the microbial cells. These phenomena will
be studied in details in the following section.

Markov chain formulation of the environmental transitions
occurring in well-mixed reactor and in SDR

In the case of the culture performed in the classical 20 litters
bioreactor, the perfectly mixed hypothesis has been adopted. The
corresponding hydrodynamic Markov chain is shown in figure with
the transition matrix at equation. In the case of the SDR, the Markov
chain hydrodynamic model (Fig. 4) is a little more complex with
a transition matrix given by Eq. (5). The Markov chain algorithm
has been used for each reactor and the resulting glucose profiles
are shown in Fig. 7. This figure shows two fundamentally different
environmental conditions. In the case of the well-mixed reactor, the
glucose level oscillates round a value of 0.1 g1-1, this value decreas-
ing as the sugar demand increases with time. In the case of the
scale-down experiment, two distinct situations are encountered in
function of the localization inside the reactor. In the mixed part, the
glucose level slightly oscillates around a very low value, whereas
in the nonmixed part the glucose levels are significantly higher and
exhibit marked oscillations. In the case of the well-mixed reactor,
the microbial cells are assumed to experience the same environ-
mental conditions (Fig. 9, left). This hypothesis is valid because the
mixing time of the system is very low and no significant gradi-
ents occur in the reactor. This is not the case of the SDR for which
the cells can be located at the level of the mixed or the nonmixed
part in function of time. In this case, the displacement of the cells
from a part of the SDR to another has to be considered in order
to calculate the experienced concentration profiles. This has been
done by performing a Monte Carlo Markov chain simulation on
the basis of the transition matrix depicted by Eq. (9). The Monte
Carlo procedure allows the computation of the position of a given
cell in function of time and the concentration profile is obtained
by superimposing the results to the concentration gradient calcu-
lated in Fig. 9 (right). Fig. 10 been obtained by cumulating the time
lengths passed by a given microbial cell in a state of glucose excess
or depletion (a threshold of 0.02 g1-! has been considered for the
glucose depletion and a threshold of 0.1 g1~ has been considered
for the glucose excess possibly leading to an overflow metabolism).

For the SDR simulation, 1000 cells have been numerically tracked
over the course of the culture. Fig. 10 shows clearly that the micro-
bial cells are subjected to more severe period of glucose starvation
in the case of the SDR than in the well mixed one. The simula-
tions can be thus used to calculate a better feed profile for the SDR.
This can be achieved for example by increasing the length of the
feed period. In this case, care should be taken in order to limit the
occurrence of an overflow metabolism in the nonmixed part of the
reactor. On a more fundamental basis, an important question has
to be addressed: how the stochastic behavior at the level of the
environmental conditions experienced by the microbial cells can
be translated at the physiological level by the appearance of dis-
tinct populations exhibiting their own phenotype as reported in
several work involving a scale-down strategy (Boswell et al., 2003;
Neubauer and Junne, 2010; Sweere et al., 1988). These complex
physiological reactions involves sensing mechanisms and regula-
tory network (including feedback loops and toggle switch motifs)
which can be at the basis of the development of distinct pheno-
types inside the microbial populations. However, the physiological
capacity (and notably, the protein content) of the individual micro-
bial cells plays an important role in the process. At this level, we
have not enough informations to predict the impact of the environ-
mental fluctuations on the microbial population, but the numerical
procedures presented in this work will be extended in the future to
the environmental sensing phenomena at the level of theindividual
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Fig. 10. Comparison of the cumulated glucose depletion and excess time lengths in
the SDR (circles) and the well-mixed reactor (square). The well-mixed case is rep-
resented by a single point (square) since the environmental conditions are assumed
to be perfectly homogenous and the microbial cells encounter exactly the same
conditions.
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Fig. 11. S. cerevisiae cells stained with propidium iodide (PI): (A) classical microscopy; (B) fluorescence field with cells stained with PI appearing in red; (C) image (A) and
(B) merged. PI diffuses across damaged membrane and allows the detection of non viable cells in the population. (For interpretation of the references to color in this figure

legend, the reader is referred to the web version of the article.)

microbial cells and to the microbial population segregation mech-
anisms.

Perspective: flow cytometry as a complimentary tool to
investigate yeast physiology at the single cell level

The methodology presented previously is very interesting in
order to characterize the extracellular conditions perceived by the
microbial cells in bioreactors. The modeling framework presented
follows a very simple mathematical formalism allowing to consider
the coupling of this actual hydrodynamic model with a biological
model representing the physiological response of the yeast cells.
However, this response is actually not known since it involves sev-
eral characteristic times (from the synthesis of mRNA molecules
to the synthesis of proteins with the resulting physiological con-
sequences). Our simulations have shown clearly that the microbial
cells can be exposed to very different extracellular conditions and
these stochastic events make the picture much more complicated.
Indeed, when considering a heterogeneous reactor (such as those
encountered at the industrial scale), the microbial population has
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to be considered as segregated. Several techniques can be used in
order to investigate the heterogeneities of the microbial population
exposed to process related stress. The most straightforward way to
perform such analysis relies on the use of fluorescence microscopy.
Stained cells can be easily visualized by this way (Fig. 11), but this
method is time consuming and cannot be applied in order to study
large amounts of microbial cells. An emerging method for the rapid
quantification of cytological properties among a microbial popula-
tionrequires the use flow cytometry (Diaz etal.,2010). This method
is based on microfluidic devices in order to isolate cells in a vein of
fluid with a high throughput (several thousands of cells can be ana-
lyzed per seconds). By this way, cell can be individually analyzed
by optical devices. Several parameters can be analyzed for a single
cell. The first category includes the direct parameters, i.e. those not
requiring a preliminary staining of the cells, i.e. FSC (forward scatter
proportional to the cell size) and SSC (side scatter indicatives of the
granularity of the cell). The second category includes the indirect
parameters, i.e. those requiring a staining step, i.e. FL1, FL2 and FL3
corresponding to the green, yellow and red fluorescence emitted
by the stained cells (more sophisticated flow cytometers include
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Fig. 12. Principle of flow cytometry. Cells are separated and individually excited by a laser (classically running at a wavelength of 480 nm, but other wavelength can be
considered). The flow cytogram shows a dotplot of a yeast population corresponding to the same sample considered before for the microscopic study. Each dot corresponds
to a single yeast cells with different FSC (size) and FL3 (red fluorescence) parameters. Dotplot analysis shows that the population is heterogeneous at the level of the FL3
parameter with a healthy (non stained with PI) an intermediate (moderately stained with PI) and damaged (fully stained with PI) subpopulations. (For interpretation of the
references to color in this figure legend, the reader is referred to the web version of the article.)



F. Delvigne et al. / Cerevisia 37 (2012) 68-75 75

more fluorescence channels). Since several parameters can be ana-
lyzed simultaneously for each single cells passing through the flow
cytometer, a statistically relevant description of the population can
be obtained by this way (Fig. 12).

Conclusion

It has been shown that the DO-fluctuations induced by the fed-
batch regulation can be exploited to give a better insight at the
level of the environmental transitions experienced by the micro-
bial cells during the process. The time lengths of the environmental
sequences are significantly different for a well-mixed and scaled-
downreactor. These time lengths govern the frequency at which the
microbial cells are exposed to the glucose availability and deple-
tion sequence. This frequency is lower for the SDR, suggesting
that the starvation effect is more important for this kind of reac-
tor. In addition, the microbial cells in a scale-down reactor can be
submitted to stochastic environmental events the occurrence of
glucose availability and depletion sequences. A Monte Carlo proce-
dure superimposed to the classical Markov chain development has
allowed us to simulate the glucose concentration profiles experi-
enced by the microbial cells in the different parts of the SDR. The
results obtained have confirmed the fact that the individual micro-
bial cells are subjected to severe glucose limitation in the SDR under
a DO-controlled fed-batch strategy. The Markov chain modeling
procedure presented in this work exhibits several advantages. First,
the simple discrete mathematical formalism which makes it very
easy to implement in any software package (MatLab 7.1. has been
used in this work). Second the capacity of the model to capture the
stochastic environmental events occurring during a culture. Third,
the model can be run in order to perform single cell simulation.
Concerning this last point, it will be interesting to use the Markov
chain model to make the link between the bioreactor hydrodynam-
ics and the segregation at the level of the microbial population.
Indeed, the stochastic external fluctuations can be an important
factor leading to the appearance of sub-populations exhibiting dis-
tinct physiological states. Several works have shown segregation
appearance at the level of the population of S. cerevisiae cultivated
in heterogeneous conditions. This segregation is mainly induced by
the appearance of non-dividing but still metabolically active cells

(also called viable but non culturable or VBNC) which have a signif-
icant impact on the course of the bioprocess. These subpopulations
can be easily analyzed by flow cytometry.
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