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This article evaluates the effectiveness of a segregated model for prediction of growth 
and differentiation of Bacillus lichenifomis in a submerged-culture fermentation sys- 
tem. The segregated model accounts for each of the three morphological forms of the 
Bacillus life cycle. The sporangium biomass was characterized using an age-population 
model to reflect the age-dependent progress toward spore formation. Constitutive rela- 
tionships governing the rates of vegetative cell reproduction, spore germination, commit- 
ment to sporulation, and substrate consumption are proposed. Based on this model 
framework, the dynamic cell growth and differentiation equations were developed. 

Batch, steady-state and step-test fermentation data from a laboratoiy-scale fermentor 
were incorporated into a maximum likelihood parameter estimation scheme for model 
identijication. Confident estimates of growth and differentiation parameters were ob- 
tained for the segregated model using biomass measurements. In addition, the model 
describes successfully growth and differentiation in batch and steady-state operating 
modes. 

Introduction 
Products derived from microbial sources have played an 

important role in the development of our society. In particu- 
lar, a class of microbial products known as secondary 
metabolites have found use in a variety of important areas 
including human and animal medicine, food processing, and 
industrial chemical processing. The economic significance of 
secondary metabolites has stimulated efforts toward develop- 
ment of improved operating and control strategies. In fer- 
mentation applications, however, the limiting factor in proc- 
ess development is often the level of process understanding, 
which is usually in the form of a mathematical model. Typi- 
cally, fermentation systems are difficult to model because of 
nonlinear dynamics, complex input interactions, and large 
process time delays. Therefore, to improve process control in 
secondary metabolite systems, there is a need for accurate, 
but tractable, fermentation models. 

Most efforts toward development of models for secondary 
metabolite systems have utilized simple unstructured micro- 
bial growth and metabolite production models. These un- 
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structured models assume microbes are a single component 
distributed continuously through the fermentation medium. 
This oversimplified picture of a fermentation system gener- 
ally results in an inadequate characterization of growth and 
secondary metabolite production behavior. In turn, poor 
process understanding hampers development of process op- 
erating and optimization strategies. 

In contrast with the unstructured approach’s assumption 
that a fermentation culture is represented as a single compo- 
nent reaction, microorganisms are individual entities consist- 
ing of a heterogeneous mixture of many different substances. 
Further, a single species of microorganism can exhibit multi- 
ple morphologies, and often production of secondary 
metabolites is linked to a specific morphology or to the proc- 
ess of transformation from one form to another. Therefore, 
for a model to characterize successfully a secondary metabo- 
lite fermentation, it is important that the model recognize 
both the existence of different forms of biomass and the fact 
that the culture consists of a population of individuals all in 
different states of growth, differentiation, and production. 
Models that can account for the existence of different types 
of biomass and account for the effect of the individual on the 
cell population are known as structured-segregated models. 
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In an effort to explore the utility of the segregated model- 
ing approach, this article presents a structured-segregated 
model for growth and differentiation of Bacillus lichenifomis. 
The B. lichenifomis fermentation represents a good system 
to develop a segregated model. First, species from the genus 
Bacillus exhibit a complex life cycle, which includes a sporu- 
lation step. In addition, many Bacillus species produce sporu- 
lation-associated products that are used industrially. B. 
lichenifomis produces the peptide-antibiotic bacitracin dur- 
ing sporulation, which is useful in treating infections in sur- 
face wounds. Because B. lichenifomis exhibits different stages 
of development, and expression of the products of interest is 
associated with progress into a developmental transforma- 
tion, a structured-segregated model provides the proper 
framework for describing the important elements of growth 
and differentiation and relating them to product expression. 

Several researchers have modeled growth, differentiation, 
and production characteristics of Bacillus systems. The first 
is attributable to Dawes and Thornley (19701, who developed 
a segregated model to describe growth and sporulation in 
continuous culture. More recently, sporulation models have 
been examined by Ollis (1983) and Schulz et al. (1985). Ollis 
modeled the production of exotoxin from B. thuringiensis us- 
ing an age-structured model. The kinetics of exotoxin pro- 
duction were treated using the Luedeking-Piret equation, 
and spore formation was considered to be first order with 
respect to the delayed biomass concentration. Similar to 01- 
lis, Schulz et al. modeled exotoxin production from B. 
thuringiensis using a morphologically structured model with 
four distinguishable cell states. Transition between the vege- 
tative phase to sporangium, and in turn, to exotoxin-contain- 
ing cells, and finally mature spores was modeled using delay 
differential equations. This model was used to characterize 
batch and continuous growth, and optimal operation was de- 
termined for one- and two-stage continuous fermentations. 

The highly structured, single-cell models, popularized by 
the Cornell E. coli model of Shuler et al. (1979), have been 
applied recently to the Bacillus species in an attempt to model 
the differentiation process. Jeong et al. (1990) have proposed 
a structured single-cell model consisting of 39 nonlinear dif- 
ferential equations with almost 200 parameters. This model 
attempted to account for the principal interactions between 
the major metabolic networks in B. subtilis, with the goal of 
describing the biochemical patterns associated with the tran- 
sition from vegetative growth to sporulation. A similar struc- 
tured approach has been used by Starzak and Bajpai (1991) 
to model the vegetative growth cycle and the transition to 
sporulation. 

In this article both batch and steady-state fermentation 
models are developed for growth and differentiation of B. 
lichenifomis. The model consists of a structured description 
of the three forms of biomass, and an age-population de- 
scription of the sporangium cells in the process of sporula- 
tion. Laboratory fermentation data are utilized to obtain con- 
fident parameter estimates for the growth and sporulation 
kinetics of the B. lichenifomis system. 

Segregated Model Development 
An obvious characteristic of a Bacillus culture is the pres- 

ence of three distinct cell types: vegetative, sporangium, and 

spore. A logical modeling approach is to structure the biomass 
according to its three distinct morphologies. Morphological 
structure is appealing because it provides an accurate repre- 
sentation of the actual microscopic picture. Also, since the 
production of many secondary metabolites is localized in the 
differentiating portion of the biomass, it is important that a 
model recognize the existence of the different types of 
biomass. Based on the Dawes and Thornley (1970) model, 
this work utilizes a similar morphological structure to de- 
velop a dynamic model for B. lichenifomis in batch and con- 
tinuous culture modes. 

By deciding to structure the B. lichenifomis system based 
on cell morphology, a foundation for the proposed model has 
been established. In addition to the model structure, it is 
necessary to characterize the level of detail required to model 
each portion of the biophase. Finally, to complete the model, 
it is essential that the mechanisms by which the cell groups 
interact with each other and their environment are identified 
and characterized. 

The interconnected cycles of growth and differentiation ex- 
hibited by B. lichenijomis are diagrammed in Figure 1. Proc- 
esses including spore germination, vegetative growth, sub- 
strate consumption, and sporulation commitment are all in- 
volved in the relationships relating cell morphologies, and 
therefore must be described by the model. 

Vegetative biomass model 
As noted by Fredrickson (1976), the unstructured Monod 

model is unable to describe a variety of commonly observed 
phenomena associated with bacterial batch growth. Batch ex- 
periments from this study show the typical growth lag period 
and postnutrient cell division, both of which are unexplain- 
able using the simple Monod model. To describe effectively 
transient batch-growth kinetics, a two-compartment chemical 
model, diagrammed in Figure 2, has been utilized. The struc- 
tured growth model makes a distinction between the ability 
of a cell to take up a limiting nutrient, and the capacity to 
convert that nutrient into biomass. The hypothesis of compet- 
itive rates of nutrient transport and biomass production was 
first proposed by von Bertalanffy (see Tsuchiya et al. (19661, 
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Figure 1. Interconnected cycles of growth and differen- 
tiation in 6. lichenifomis. 
During the vegetative cycle, substrate, s, is consumed in the 
process of growth and binary fission. During sporulation, 
vegetative cells go through a process of transformation that 
is linked to antibiotic production. The rates of spore germi- 
nation, vegetative growth, sporulation commitment, and an- 
tibiotic production are represented by + p", p$, and po, 
respectively. 
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Figure 2. Structured vegetative cell model. 
External substrate, s,, is internalized at a rate pi, and con- 
verted to readily utilizable biosynthetic precursor, si. Cell 
precursor, si, is then converted into new biomass, X,, at a 
rate p". 

p. 195). Similar two-compartment models have also been pro- 
posed by Williams (1967) and Ramkrishna et al. (1967). 

Using the structured vegetative model, growth is consid- 
ered to be a two-stage process. First, the limiting external 
nutrient is taken up by the existing biomass at a rate given by 
pi. This nutrient exists internally in the cell, represented by 
si, as readily available precursors for biosynthesis and energy 
production. In the second stage, the internalized nutrient pool 
is utilized at a rate given by p,, to produce biomass and en- 
ergy necessary for growth and maintenance. Using this ap- 
proach, the two-compartment growth model effectively de- 
scribes the initial lag in batch growth and provides a possible 
explanation for increases in cell number after external nutri- 
ent exhaustion. 

Utilizing Monod kinetics in the structured growth model 
gives the following specific substrate internalization and 
biomass production expressions: 

ffise 

pi  = 

f f u s i  
p, = - - rn,. 

K ,  + si 

(1) 

The resulting equations utilize five adjustable parameters. 
The parameters ai and a, represent the maximum rates of 
substrate internalization and biomass production, respec- 
tively, and Ki and K ,  are affinity constants representing the 
nutrient concentration needed to drive the kinetics at half 
the maximum rate. Cell death is accounted for using the 
first-order death constant, rn,. 

Spore biomass model 
The spore biomass is a source for vegetative cells through 

the process of germination. Therefore, to provide a complete 
characterization of the B. lichenifomis system, it is necessary 
to develop a rate expression relating germination to the fer- 
mentor conditions. However, for most industrial fermenta- 
tions, spore germination does not contribute significantly to 
vegetative cell concentrations after the initial inoculant is 
prepared (Dawes and Thornley, 1970). Also, spore germina- 
tion experiments carried out for this study indicate that ger- 
mination is subject to a time delay of 15 h or more (Fordyce, 
1992). Observation of a germination time delay is consistent 
with the findings of other groups. In particular, Marahiel et 
al. (1979) found that outgrowth in B. breuis occurred after an 
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8-10-h lag period. Also, Dawes and Thornley (1970) consid- 
ered the number of germinating spores to be insignificant in 
continuous culture experiments with B. subtifis. These results 
indicate that germination is a relatively slow process com- 
pared to growth and sporulation in normal batch and contin- 
uous culture. Therefore, the effects of germination are con- 
sidered negligible in this development. For completeness, 
model terms for spore germination are included in the mod- 
eling equations; however, the rate of germination is set to 
zero by assuming the specific rate of germination, pg = 0. 

Sporangium model 
There are many morphological and biochemical differ- 

ences between sporangia at different stages of development. 
Significantly, many secondary metabolites are produced dur- 
ing sporulation, and the rate of product formation is thought 
to depend on the progress through the sporulation pathway. 
Therefore, not only are the sporangia distinguishable based 
on their progress toward creating a spore, but it is logical 
that the model should recognize the differences in sporangia 
if the goal is to predict production of a sporulation-depend- 
ent product. This implies the need for a segregated model, 
which recognizes the differences in sporangia, and allows for 
incorporation of the distinguishing characteristics of the spo- 
rangium population into a production model. Translation of 
the notion of distinguishability between individuals into a 
mathematical description involves development of the popu- 
lation balance. The population balance is simply an account- 
ing of individuals in a population as the descriptive character- 
istics change and individuals enter and leave the group 
(Ramkrishna, 1979; Randolph and Larson, 1988). 

With the purported connection between differentiation and 
expression of secondary metabolites, a logical characteriza- 
tion of the sporangium population is some measure of 
progress through the differentiation process. As research into 
the sporulation process has progressed, it is becoming clear 
that differentiation in Bacillus is a precise sequence of tem- 
porally, spatially, and morphologically regulated events 
(Losick and Kroos, 1989). It appears that the steps of the 
differentiation process are controlled at the transcriptional 
level, with each set of genes in the sequence being activated 
at a specific time in the process (Losick et al., 1986). This 
strict regulatory pattern forces a close correlation between 
the biochemical and morphological markers of sporulation 
and time since commitment to differentiation (Losick and 
Youngman, 1984; Young and Mandelstam, 1979; Schaeffer, 
1969). Therefore, a convenient means to characterize the 
sporangium population, based on stage of spore develop- 
ment, is the sporangium age, or time since commitment to 
sporulation. 

Let T represent the sporangium age. Defining XS(7, t )  as 
the sporangium age density function, which is the number of 
sporangia of age T at time t per unit volume, the basis of the 
population balance has been established. Now, the remaining 
tasks to complete the population balance description are elu- 
cidation of mechanisms by which cells enter and leave the 
population, and a description of how the population changes 
due to the fact that the distinguishing characteristic, age, 
changes in time. Selection of cell age as an internal coordi- 
nate makes the latter of these two tasks a trivial matter. Cell 
age is directly correlated with time since birth; therefore, the 
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rate that cells age, dr/dt, is a constant of one. Similarly, the 
choice of cell age as the descriptive characteristic provides a 
convenient simplification to the modeling of sporangium 
birth. Since by definition, cells are of age zero at birth, all 
entries to the population resulting from birth mechanisms are 
localized at the zero age boundary. Therefore, an under- 
standing of the rate that vegetative cells sporulate is suffi- 
cient information to describe the effect of birth on the spo- 
rangium population. 

Although the regulatory mechanism for control of sporula- 
tion initiation is becoming clear, it is difficult to translate the 
detailed regulatory information into a useful mechanistic 
model due to the lack of kinetic understanding for the vari- 
ous developmental steps. As was mentioned previously, some 
researchers are utilizing highly structured models to describe 
sporulation (Starzak and Bajpai, 1991; Jeong et al., 1990). 
However, the large number of parameters, and the lack of 
measurable states brings into question the feasibility of model 
identification for these single-cell models. 

Prior to the single-cell models, work concerning sporula- 
tion modeling has depended on empirical approaches to de- 
scribe sporulation initiation. An example of an empirical ap- 
proach to model the apparent dependence of sporulation on 
growth rate was presented by Dawes and Thornley (1970). In 
their model the specific rate of sporulation, p,, was defined 
to represent the rate of loss of vegetative cells, X u ,  due to 
sporulation: 

(3) 

Based on observation of steady-state sporulation in B. sub- 
tilis, Dawes and Thornley postulated a linear relationship be- 
tween the vegetative growth rate, pu,  and ps: 

The parameter a, represents the maximum rate of sporula- 
tion and p, modulates the inhibitory effect of vegetative 
growth on the rate of sporulation. This relationship shows 
the decrease in sporulation observed when growth rate is high. 
The dependence of ps on pcLv provides an implicit depend- 
ence of sporulation on limiting substrate concentration 
through Eq. 2. 

Dawes and Thornley were able to represent accurately 
steady-state sporulation data for B. subtilis using the linear 
relationship in Eq. 4. However, batch experimental data in 
combination with dilution-rate step tests indicate that the lin- 
ear relationship does not hold when limiting substrate con- 
centration approaches zero (Fordyce, 1992). Therefore, in- 
stead of assuming a linear relationship between growth and 
sporulation, an experimentally fit, piecewise-linear expres- 
sion has been utilized to model the dependence of sporula- 
tion commitment, ps, on limiting substrate concentration. In 
a general formulation, the empirical sporulation function can 
be represented by 
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where represents the j th piecewise linear basis function, 
and yj is a model parameter representing the rate of sporula- 
tion at the j th node. Unlike the assumption of linear depend- 
ence of sporulation on growth rate, utilization of the elemen- 
tal approximation for the dependence of sporulation on limit- 
ing internal substrate has proved effective in describing 
sporulation commitment during both steady-state and tran- 
sient growth. 

Along with the description of the sporangium birth through 
sporulation initiation, an understanding of the mechanisms 
by which cells leave the population is required to complete 
the population description. For this study, it is assumed that 
there is no significant loss of cells resulting from death of 
sporangia. There is, however, a mechanism by which sporan- 
gia leave the population. At the conclusion of the sporulation 
process, cells have been completely transformed from the 
vegetative state to dormant spores. Therefore, by definition, 
the maturation time represents a division between the spo- 
rangium population and the unstructured spore state. 

While the point where a sporangium cell has truly reached 
maturity is somewhat arbitrary, for the purposes of this re- 
search it is defined to be the stage of development where 
sporangia acquire heat resistance. Based on the assumption 
that spore development occurs in a fixed amount of time, the 
age of spore maturation is defined as 7,. The period re- 
quired for B. subtilis to achieve maturity has been estimated 
by several researchers to be in the range of 8 to 10 h (Nichol- 
son and Setlow, 1990; Losick and Youngman, 1984). Recog- 
nizing that the true time of spore maturation is vague, and to 
account for any species-related differences between B. 
lichenifomis and B. subtilis, 7, has been treated as an ad- 
justable parameter that is insensitive to changes in culture 
conditions. 

The rates of sporulation commitment and spore matura- 
tion, in combination with the microscopic continuity equa- 
tion, give the age-dependent population balance: 

The Dirac delta functions associated with birth and death 
account for the fact that the processes of sporulation commit- 
ment and maturation act as a point source and sink, respec- 
tively. 

Segregated fermentation model 
The dynamic segregated fermenta- 

tion model is developed by coupling the kinetic expressions 
for the various rate processes to the fluid dynamics model for 
the fermentation apparatus of interest. In this study, a 
stirred-tank fermentation reactor has been utilized, and in 
the development of the segregated model equations assump- 
tions include constant fluid density, perfect mixing, constant 
temperature, single-substrate-limited rate processes, and 
sterile feed. 

Based on a continuous-stirred-tank fermentor of liquid vol- 
ume V,, the modeling equations are formed by performing 
material balances on spore and vegetative cell concentra- 
tions, limiting substrate concentration, fermentor mass, and 
sporangium-cell number density. The resulting coupled inte- 

Dynamic Equations. 
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Table 1. Definitions of State and Independent Variables for 
the Age-Segregated Fermentation Model 

Internal Substrate 

Dimensionless 
Variable Definition Description 

t t̂  = t/7, Time (h) 
7 .i = T/T,,, Sporangium age (h) 

x, x,=- 

X" x,=- 

Endospore concentration (cells/L) 

Vegetative cell concentration (cells/L) 

External substrate concentration (g/L) 

A xe 

* X" 
Y u S e o  

I ' e  

S e o  

Y " S 4  

s =- Sr  

Si  tt = siyv  Internal substrate concentration @ell) 

Sporangium number density (cells/(L.h)) 

Working reactor volume (L) 

A X3Tnl 

A v ,  v = -  
v,, 

A FT,,, 

v, 

x,(t, 7 )  x, =- 
Y " S d  

v, 

D D=- Dilution rate (l/h) 

(10) 

Culture Volume 

d e  rrn 
-= (4  - Fo)-. 
d? v," (11) 

Sporangium Number 

For,, 

KO 
- a 5  - 1)XSv,  - --xs. (12) 

grodifferential equations make up the dynamic segregated 
fermentor model. For convenience, the state and indepen- 
dent variables, with their dimensionless definitions, are sum- 
marized in Table 1. The specific kinetic rate functions are 
described in Table 2. 

With a circumflex (hat) over a variable representing a di- 
mensionless state, the model is presented in dimensionless 
form: 

Spore Biomass 

Vegetative Biomass 

External Substrate 

Table 2. Kinetic Rate Variables for the Age-Segregated 
Fermentation Model 

Dimensionless 

kg = pg7, 
f, = p,y, ,~,  

Function Definition Description 
Endospore germination rate (1,111 
Substrate internalization rate (g/cell.h) h 

ILL1 
PS fs = ,LL$T,,, Sporulation rate (l/h) 
I L U  = P,T, Vegetative growth rate (l/h) 
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Equations 7-11 represent the dynamic ordinary differential 
equations (ODES) modeling the nonsegregated vegetative and 
endospore cell populations, along with the substrate and cul- 
ture volume material balances. Equation 12 is a balance on 
the sporangium cell number, resulting in a hyperbolic partial 
differential equation (PDE) representing the change in num- 
ber of sporangium cells of age, T, at time t .  The sporangium 
cell balance is coupled to the vegetative cell balance through 
sporulation initiation, which is treated as a point birth source 
in Eq. 12. Maturation of sporangia couples the sporangium 
population ba1an:e to then endospore balance, appearing as 
the input term, 6(5 - l )Xs ,  in Eq. 7. For convenience, the 
dimensionless hat notation will be dropped, and all equations 
are presented in dimensionless form unless otherwise noted. 

Complete analytical solutions of the resulting segregated 
dynamic modeling equations are generally not possible due 
to the nonlinear nature of the problem. Therefore, develop- 
ment of a numerical technique is necessary for solution of 
the fermentor model. Fortunately, efficient computer codes 
exist for the solution of nonlinear ODES (Brenan et al., 1989). 
The population balance, which is a PDE, adds a degree of 
complexity to the problem. In fact, efficient solution of the 
PDE is the crux of the numerical solution task. 

While a variety of numerical techniques exist for solution 
of PDEs, the hyperbolic nature of the population balance 
leads to propagation of discontinuities along characteristic 
lines in the domain, creating difficulties when using standard 
finite-difference and method of weighted residuals tech- 
niques (Lapidus and Pinder, 1982). However, the linear struc- 
ture of the age-population balance allows for a semianalytical 
solution of Eq. 12: 

(13) 

To utilize the semianalytical solution, X&t, r )  is approxi- 
mated by a linear combination of polynomial basis functions 
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in T with time-varying coefficients: 

The function can be represented equivalently, and more con- 
veniently, in terms of its values xs,C7,> at n points, ( T ~ ,  ... , 
7J in the domain, known as collocation points (Villadsen 
and Stewart, 1967). The Li(7)  polynomials are chosen such 
that they are orthogonal to each other on the problem do- 
main, and the collocation points are chosen to be the n + 1 
roots of the L,+1(7)  polynomial. 

Discretization of the population balance equation reduces 
the dynamic fermentation model to a set of nonlinear ODEs. 
While it is currently not possible to solve general nonlinear 
differential equations analytically, a variety of numerical inte- 
gration packages exist for the solution of coupled nonlinear 
ODEs. Therefore, the dynamic fermentation model has been 
reduced to a numerically tractable form (Fordyce, 1992). 

Steady-state operation of a con- 
tinuous-stirred-tank fermentor involves continuous feed of 
nutrient medium, accompanied by continuous removal of fer- 
mentation broth. Continuous operation of a fermentor, known 
as chemostat operating mode (Bailey and Ollis, 1986), is a 
useful technique for assessing organism behavior in constant 
environmental conditions. In this study, steady-state experi- 
ments have been utilized to gain information for estimation 
of model parameters. Therefore, a steady-state formulation 
of the segregated model is required to predict the steady-state 
behavior of the B. lichenifomis system. 

The steady-state behavior of the segregated fermentation 
model is represented by the fixed points of the dynamic 
equations. Therefore, the steady-state model is formed by 
substituting zero for all time-dependent terms in the dynamic 
model. Since the reactor volume is constant, along with the 
flow into and out of the fermentor, it is convenient to define 
the operating parameter, D = F/V, (units of inverse time) 
known as the dilution rate. Substitution of 0 for the time- 
dependent terms, and introduction of D into the dynamic 
modeling equations gives the steady-state mqdel (presented 
in dimensionless form, where dimensionless D = FO7,/V,): 

Steady-State Equations. 

(18) 

At steady state, the fermentor conditions are time invariant, 
and the dynamic modeling equations are reduced from a set 
of coupled ODEs and PDEs to a set of algebraic equations 
coupled to a differential equation representing the popula- 
tion balance. 
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Similar to the dynamic-model solution, the nonlinear na- 
ture of the fermentation model precludes a general analytical 
solution for the steady-state case. However, at steady state 
there is a simple semianalytical solution to the sporangium- 
age-distribution equation. Integration of Eq. 19 with respect 
to sporangium age and substitution of the steady-state sporu- 
lation initiation expression gives the semianalytical, steady- 
state sporangium-age density: 

This equation reflects the fact that the sporangium number 
density decreases exponentially with increasing sporangia age 
at steady state due to the increased probability that a cell will 
wash out of the fermentor as it ages. 

As with the dynamic model, the analytical solution to the 
population balance is utilized by discretizing the age-depend- 
ent sporangium density, and expanding the steady-state num- 
ber density as orthogonal polynomials in 7.  Representing the 
steady-state distribution in terms of its value at the colloca- 
tion points reduces the steady-state sporangium distribution 
to a set of algebraic equations: 

Similar to the dynamic case, general analytical solutions to 
the steady-state model are not possible; however, a variety of 
algorithms exist to solve sets of nonlinear algebraic equa- 
tions. 

Segregated Model Identification 
Considering the lack of a priori knowledge concerning the 

segregated model parameters, fermentation data are re- 
quired to identify and validate the proposed model. There- 
fore, batch and continuous fermentation data have been col- 
lected for the B. lichenifomis fermentation. Based on these 
data, sensitivity analysis and a maximum-likelihood estimator 
have been utilized to identify the segregated-model parame- 
ters. These data are also used to examine the usefulness of 
the segregated model in a wide range of operating condi- 
tions. 

Like many fermentation applications, not all model states 
are readily measurable. The segregated model structures the 
biomass into three morphological phases-vegetative, spo- 
rangium, and spore-each with distinct physical characteris- 
tics. However, using available measurement techniques, it was 
not possible to measure the distribution of the biomass in the 
three phases. Further, the age-distribution characteristics of 
the sporangium population were also not measured. The only 
readily available technique to characterize the biomass is to 
utilize the heat-resistant properties of the spores to distin- 
guish between spore and nonspore biomass. In addition to 
the biomass measurements, the concentration of the limiting 
substrate, glucose, concentration was measured. The result- 
ing outputs for the segregated model are given by 

Y s p o  = xe (22) 

Ynspo  = xu + /Drm xs d7 (23) 
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As the output equations show, the biomass outputs are the 
spore concentration and a combination of the vegetative and 
total sporangium cell concentrations. 

Experimental methods 
Data for this study were collected using a New Brunswick 

Multigen Model F-2000 fermentor with a 2.0-L batch/con- 
tinuous fermentation vessel (1.0-L working volume). The fer- 
mentation apparatus was equipped with temperature, agita- 
tion, pH, and aeration control functions. Fermentation con- 
ditions were as follows: temperature 37"C, pH maintained at 
7.0 using 1.0 M KOH, agitation rate 400 rpm, aeration rate 
1.5 VhV.min). 

The fermentation broth and feed mix recipe were obtained 
from Hanlon and Hodges (1981) and consisted of the follow- 
ing: glucose (0.15-0.27 wt. %), NH,CI 0.01 M, Na,HPO,. 
12H20 0.04 M, =,PO, 0.026 M, MgS04-7H20 5.0X lop4 
M, CaCl,.6H,O 1.OX M, FeS0,.7H,O 1.OX lop5  M, 
MnC1,.4H20 1.OX lo-' M. The medium was prepared in two 
stages. First, phosphate buffering components and the nitro- 
gen source were dissolved in distilled-deionized water and 
sterilized using steam autoclaving at 121°C. The glucose and 
metal salts were dissolved as a concentrated solution in dis- 
tilled-deionized water and sterile filtered using a 0 .22-~m fil- 
ter. This solution was added to the cooled phosphate-buffered 
components. 

Using a sterile loop, a small quan- 
tity of B. lichenifomis (ATCC 10716) was transferred from a 
master culture (stored at - 70°C in 20% glycerin-water solu- 
tion) to 5.0 mL of sterile minimal fermentation medium in a 
foam-capped tube. The tube was incubated in a 37°C shaker 
bath for 12 h. At that point 1.0 mL of broth was used to 
inoculate 50 mL of sterile minimal medium in a 250-mL Er- 
lenmeyer flask. This flask was incubated for 12 h in a 37°C 
shaker bath. To seed batch and continuous fermentations in 
the 2.0-L minifermentor a 10-mL sample of the shake-flask 
broth was aseptically transferred to the sterilized fermenta- 
tion vessel. 

To assess levels of spore and nonspore 
biomass in fermentation cultures measurements of the num- 
ber densities of cells were taken. A 5.0-mL sample of fermen- 
tation broth was divided into two volumes, each retained in a 
sterile test tube. One sample was submerged in an 80°C wa- 
ter bath for 10 min, which was assumed to kill all cells except 
for mature spores (Nicholson and Setlow, 1990). The other 
sample was retained at room temperature. After heat treat- 
ment, both the heated and unheated samples were serially 
diluted using sterile deionized water. Samples from several 
dilutions were plated into cooled LB soft agar (Luria-Bertani 
broth 2% (Difco), gum agar 0.5% (Sigma)). Plates were incu- 
bated at 37°C for at least 12 h prior to counting. Number 
densities were based on two replicate plates for the dilution 
where the colony count was between 20 and 200 colony-for- 
ming units. Spore number densities were based on the heat- 
treated colony counts, and nonspore biomass number density 
was computed as the difference between the non-heat-treated 
and the heat-treated colony counts. 

Inoculum Preparation. 

Biomass Assays. 
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Substrate Assay. To determine levels of the limiting car- 
bon substrate, glucose, samples of the fermentation broth 
were centrifuged (5,0OOXg, 6 min) then stored in a labora- 
tory freezer for analysis at a later date. After completion of a 
fermentation experiment, samples were thawed and glucose 
levels were assayed using an immobilized-enzyme glucose an- 
alyzer (Yellow Springs Instruments, Model 23A Analyzer). 

Batch growth experiments 
As an initial step toward estimation of the model parame- 

ters, biomass number concentration and substrate concentra- 
tion were tracked during batch fermentation at 1.5 v/(v.min) 
aeration. The fermentor was charged with sterile minimal 
medium, and then innoculated with vegetative cells of B. 
lichenifomis. The batch fermentation is typified by a slight 
delay between inoculation and rapid growth of vegetative 
cells. Concomitant to the growth phase, substrate is con- 
sumed and becomes completely depleted at about 12 h into 
the run. After substrate is depleted, the nonspore biomass 
begins to fall. Also associated with substrate exhaustion is the 
appearance of spores approximately 10 h after the nonspore 
biomass peaks. 

To test the effectiveness of the dynamic model in describ- 
ing batch fermentation, a maximum-likelihood estimator was 
used to determine the model parameters using the data from 
a typical batch fermentation (Bard, 1974). The corresponding 
fit of the model to the data is shown in Figure 3. The model 
successfully predicts a lag period, and also allows for the peak 
nonspore biomass levels to be reached after external sub- 
strate is exhausted. The structured vegetative growth model 
allows for an accurate description of the nonspore biomass, 
while also successfully tracking the rapid decline in the exter- 
nal substrate. In addition, by providing a mechanism to ac- 
count for cell death, the model tracks the rapid decline in 
nonspore biomass, without a large rise in spore biomass. The 
model is able to account for the delayed spore appearance by 
explicitly accounting for the delay between sporulation initia- 
tion and production of a mature spore. 

Although it has been shown that the model can describe 
batch-growth kinetics, it is important to evaluate the sensitiv- 
ity of the model to the parameters and to determine the rela- 
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Figure 3. Segregated model fit to batch-fermentation 
data. 
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tive confidence of the parameter estimates. Further, since the 
goal is to develop a model that describes the fermentation 
system in as wide an operating range as possible, one cannot 
be satisfied with a model fit to a single batch fermentation. 
The repeatability of the system for a given experiment must 
be assessed, along with the ability of the model to simultane- 
ously describe data from different regions of the operating 
space. 

As a first step in analyzing the ability of the model to de- 
scribe the fermentation, sensitivity analysis has been used to 
determine which parameters have a significant effect on the 
model solution. The sensitivity information is useful because 
the estimation problem can be reduced by setting the insensi- 
tive parameters to reasonable values and considering them 
fixed, thereby minimizing the number of adjustable parame- 
ters. However, in using sensitivity analysis to eliminate pa- 
rameters from the adjustable set, it must be kept in mind that 
the relative sensitivity of the model with respect to a parame- 
ter can be a function of the operating conditions. Therefore, 
as experimental conditions vary, parameters that had little 
effect on the model for prior experiments can become signifi- 
cant in the new region of the operating space. Therefore, the 
assumption of insensitivity for the nonadjustable parameters 
must be reevaluated as operating conditions change. Further, 
the issue of output sensitivity must be considered. A given 
parameter can have a large effect on a model; however, if the 
outputs are insensitive to the parameter of interest, then the 
significance of the parameter can ,go unnoticed. 

For the batch experiment, the significant parameters have 
been determined by perturbing the nominal parameter set 
and evaluating the change in the solution based on the per- 
turbation. If a parameter perturbation causes a significant 
change in the model solution it is considered a significant 
parameter, and it is kept in the set of adjustable parameters. 
Those parameters that result in an insignificant change when 
perturbed are considered insensitive, and are removed from 
the adjustable set. 

The sensitivity of the segregated model to the nominal pa- 
rameters has been determined by perturbing each parameter 
by +lo%. The perturbation analysis shows that the segre- 
gated model is insensitive to several parameters during batch 
operation. The insensitive parameters include, ai, Ki, K,, 
and the rates of sporulation commitment at nonzero sub- 
strate concentrations yj, j = 2, . . . , n. The insensitivity of the 
batch model to these parameters is typified by the insignifi- 
cant change in the model solution in response to perturba- 
tions in the maximum rate of substrate uptake, ai, shown in 
Figure 4. In contrast, the batch model solution exhibits sensi- 
tivity to.the remaining growth and differentiation parameters, 
mu, mu, y l ,  and 7,. The effect of a perturbation in a sensitive 
parameter is typified by the change in the batch-model solu- 
tion for changes in au, shown in Figure 5. 

Utilizing the initial batch fermentation to establish a rea- 
sonable set of parameters, and sensitivity analysis to deter- 
mine the adjustable parameters, the repeatability of the batch 
fermentation was tested using a replicate batch fermentation. 
With the fixed parameters set to values based on the first 
fermentation, the adjustable parameters were reestimated us- 
ing the second set of data, both using the second fermenta- 
tion alone and using both sets of data together in one estima- 
tion run. The resulting maximum-likelihood parameter esti- 
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Figure 4. Insensitivity of the segregated model to 10% 
perturbations in the maximum rate of sub- 
strate internalization, ai. 
The nominal spore, nonspore, and substrate profiles are 
given by the solid, dashed, and dotted lines, respectively. The 
symbol 0 represents solution with 10% increase in ai, and 
0 is the model solution with a 10% decrease in ai. 

mates for each case, with 2u confidence intervals, are shown 
in Table 3. Additionally, the estimates of the measurement 
error variances for the biomass number concentration and 
external substrate concentration are also listed. 

Estimates for the adjustable parameters are reasonably 
close between runs. Also, the confidence intervals reflect the 
overlap between replicate runs, indicating a reasonable de- 
gree of repeatability. 

The batch experiment provides reasonable sensitivity to the 
maximum rate of vegetative growth, a", yielding an estimate 
with confidence intervals of less than 10% of the parameter 
magnitude. The estimated maximum growth rate of 0.717 
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Figure 5. Response of the batch model to 10% pertur- 
bations in the maximum rate of vegetative 
growth, a". 
The nominal spore, nonspore, and substrate profiles are 
given by the solid, dashed, and dotted lines, respectively. The 
symbol 0 represents the model solution with 10% increase 
in a,, and 0 is the model solution with a 10% decrease in 
a". 
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Table 3. Maximum Likelihood Parameter Estimates and Measurement Error Variance Estimates Based on Individual 
Replicate Batch Experiments: Trial 1 and Trial 2, and Based on Combined Results 

Fixed Parameters 
Vegetative growth Michaelis constant K” 9.06 X (g/cell) 
Maximum substrate internalization ff, 1.01 X 10- (g/cell.h) 
Internalization Michaelis constant K,  1.17 (g/L) 

Sporulation yield coefficient Y S  m (cells/g) 
Sporulation commitment coefficients r,,J=2, ... , n  0.0 

Batch Run Growth Parameter Estimates 

“” (l/h) m, (l/h) y ,  x lo - ”  (cells/g) 
Trial 1 0.698 f 0.009 0.104 0.017 1.015 k0.718 
Trial 2 0.769k0.117 0.183 0.056 1.308 k0.420 

1.190 0.244 Combined 0.717 k 0.027 0.117k0.020 

Batch Run Sporulation Parameter Estimates 

Y1 (l/h) rm (h) 
Trial 1 0.008 k 0.003 9.68 f 0.57 
Trial 2 0.023 k 0.015 9.32 k 1.00 

Combined 0.010 k 0.007 8.59 k 0.41 

Batch Run Measurement Error Variances* 

%PO Vsub 
Trial 1 1.3:?i0-5 2.18~10-3 9.46 X 

Combined 1 . 1 1 ~ 1 0 - ~  5.32X10-3 1.14X 
Trial 2 1.25 x 4.04X 10W3 7 . 9 8 ~  10-4 

*Variances are reported in dimensionless form 

(l/h) corresponds to a doubling time of 58 min, which 
matches well with previously reported doubling times ranging 
from 50 to 90 min for B. lichenifomis grown aerobically in 
glucose medium (Donohue and Bernlohr, 1978; Kramer, 
1990). 

A comparison of the estimated maximum vegetative growth 
rate to the maximum rate of substrate internalization indi- 
cates that once sufficient biosynthetic capacity is built up, the 
vegetative growth capacity is limiting compared to the rate of 
substrate internalization. Because of the addition of the in- 
ternal substrate state, the model is able to describe the growth 
lag, and postexternal-nutrient exhaustion growth. However, 
since this structured growth formulation is empirical, phe- 
nomenological conclusions concerning the relative rates of 
bacterial metabolic processes are not justified. 

Similar to vegetative growth, the batch experiment pro- 
vides sensitivity to the cell death rate parameter, m,. Based 
on the modified Monod growth law, shown in Eq. 2, the criti- 
cal internal substrate concentration needed to prevent cell 
death can be derived: 

For a death rate of 0.117 (l/h), the critical internal substrate 
concentration, si, is 2.84 (g/L), based on a nominal cell vol- 
ume of 0.62 pm3. This leads to an equilibrium value of 0.14 
(g/L) external substrate concentration, s,, needed to sustain 
the internal substrate concentration at the critical level. 
Therefore, according to the parameters obtained through the 
batch experiment, the vegetative biomass is able to maintain 
viability down to low concentrations of the limiting substrate, 
indicating the effectiveness of glucose as a carbon and energy 
source. 
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The 95% confidence intervals for vegetative yield, y , ,  and 
maximum rate of sporulation, yl, are not as tight as the 
growth and death intervals, ranging from approximately 70% 
of the parameter magnitude for the maximum rate of sporu- 
lation to 20% for the vegetative yield coefficient. This indi- 
cates that the batch fermentation provides less information 
for the estimation of these parameters, and this is reflected 
in the larger confidence intervals. 

To gauge whether the sporulation parameters estimated 
using batch fermentation Trial 1 are reasonable, it is useful 
to compare these estimates to previously reported parame- 
ters. Based on steady-state B. subtilis experiments, Dawes and 
Thornley (1970) report a maximum sporulation rate of a, = 
0.091 (l/h), and spore maturation time of 4.0 h. The Dawes 
and Thornley values for the maximum specific rate of sporu- 
lation initiation parameter is an order of magnitude higher 
than the value 0.010 (l/h) found from the B. lichenifomis 
batch data in this study. It is not clear if this discrepancy 
results from differences between the species studied, differ- 
ing operating conditions, or if sporulation kinetics differ sig- 
nificantly between batch and steady-state operation. A fur- 
ther discrepancy between the batch results and previously re- 
ported data is the estimate of the spore maturation time, with 
the maturation time of 8.59 h found from the batch data be- 
ing more than double the value of 4.0 reported by Dawes and 
Thornley. A potential explanation of the differences between 
the two estimated maturation times is that Dawes and Thorn- 
ley used cell refractility as an indication of maturation com- 
pared to heat resistance as the maturation marker in this 
study. Other possible explanations could be related to differ- 
ences in species and culture conditions. 

Comparison of the parameter estimates from the two repli- 
cate batch runs shows only a slight degree of variability be- 
tween runs, and the model does an adequate job of describ- 
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ing the data. Estimation of the parameters that are sensitive 
to the batch experiment leads to reasonable confidence limits 
for the current set of adjustable parameters. However, it is 
important to realize that repeatability for given operating 
conditions does not guarantee that the model can represent 
the system for a wide region of the operating space. It must 
also be pointed out that the model parameters that have been 
considered “fixed” merely reflect the fact that the batch fer- 
mentations are not sensitive to those parameters. This does 
not mean that operating conditions through which the previ- 
ously insensitive parameters become significant do not exist. 
Of particular concern is the limited confidence the batch ex- 
periments provide about the dependence of sporulation initi- 
ation on substrate concentration. Estimation of the sporula- 
tion parameters based on the batch data provides adequate 
confidence in the zero substrate sporulation rate, yl. How- 
ever, there is little information concerning attenuation of the 
sporulation rate as substrate concentration increases. Since 
the batch experiments were insensitive to the parameters 
representing the rate of sporulation for nonzero substrate, 
these parameters were fixed at zero. However, since sporula- 
tion phenomena are considered significant with respect to 
secondary metabolism, it is important that the model’s ability 
to describe these phenomena is tested. 

In an effort to better explore the sporulation kinetics ex- 
hibited by B. lichenifomis, experimental data that are more 
sensitive to the rate of sporulation at nonzero substrate con- 
centration are needed. In an attempt to characterize sporula- 
tion, Dawes and Thornley (1970) used continuous-feed step- 
test experiments to evaluate the spore maturation time for B. 
subtilis. In a similar fashion, step-test experiments have been 
carried out in this study in an effort to gain information con- 
cerning the sporulation dynamics of B. lichenifomis. 

The step-test experimental data were obtained by running 
the fermentor as a chemostat, with continuous feed of sterile 
nutrient medium, accompanied by continuous removal of fer- 
mentation broth. After achieving steady state at a high feed 
flow rate and high aeration, a step down in dilution rate was 
made at time zero. Then the response of the spore concen- 
tration to the step down in dilution rate was monitored by 
periodic sampling of the continuous fermentor. The resulting 
dynamic spore-concentration profiles for replicate step ex- 
periments at high aeration are shown in Figure 6. For these 
experiments, steady state was achieved for D = 0.5 (l/h), and 
at time zero, the flow rate was stepped down to D = 0.1 (l/h). 

Prior to making the step down in dilution rate, the fermen- 
tor achieved a nontrivial steady state. Assuming that germi- 
nation is negligible, steady state is achieved when the appar- 
ent vegetative growth rate is equal to the dilution rate: 

Papp = P.“ - Ps = D -  (26) 

For the noninhibitory substrates, as the dilution rate in- 
creases, the steady-state substrate concentration increases, 
allowing for an increase in the apparent growth rate to match 
the dilution rate. Activation of the sporulation pathway be- 
comes more likely as substrate limitations slow growth. Using 
this reasoning, the higher the dilution rate, the higher the 
substrate concentration, and therefore the lower the rate of 
sporulation initiation. This analysis implies that the steady- 
state spore concentration is low at high dilution rates, and 
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Figure 6. Replicate dimensionless spore concentration 
profiles in response to a step down in dilution 
rate from steady state at D = 0.5 (1 /h) to D = 
0.1 (l/h). 

would be expected to rise as dilution rate is lowered. The 
dynamic spore profiles, shown in Figure 6, exhibit the ex- 
pected behavior. At time zero, the system is at steady state, 
and due to the high dilution rate, the spore concentration is 
very low. The system responds to the step down in dilution 
rate with a gradually increasing spore concentration, until ap- 
proximately 9 h, when a sudden increase in the spore count 
occurs. The delay prior to the appearance of increased spore 
counts can be attributed to two effects. Immediately after the 
step change, a period of time passes where the major system 
dynamics are the adjustment of the substrate concentration 
to the reduced feed rate. After substrate concentration falls, 
the biomass responds with a reduced growth rate, and a sig- 
nificant increase in the rate of sporulation. At that point, the 
delay of the spore appearance is the maturation lag, r,, re- 
sulting from the time required for a vegetative cell to differ- 
entiate into a spore. 

Compared to the batch experiments, the operating condi- 
tions used for the step-test experiment create a situation in 
which the substrate dependence of the sporulation initiation 
dynamic is more apparent, as is the maturation time. To take 
advantage of the additional experimental information yielded 
from the dilution-step experiment, the data from step test 1 
were added to the parameter estimation routine, and the 
growth and sporulation parameters were reestimated using 
both the batch and step-test data. 

For five sporulation parameters (four linear elements), the 
optimal sporulation initiation function, with the 2 a  error 
bars, is shown in Figure 7. The step-test model fit to the data 
is shown in Figure 8. The confidence limits on the sporula- 
tion rate parameters reflect the sensitivity of the batch and 
step-test fermentations to particular ranges of substrate con- 
centrations. In the batch experiment, substrate is quickly ex- 
hausted, and therefore the data are most sensitive to the rate 
of sporulation commitment as si = 0. For this reason, the es- 
timator is relatively confident in the parameter estimate for 
pcLs at si = 0. However, the step-test data, using continuous 
substrate feed, create an experiment that is sensitive to a nar- 
row range of substrate concentrations around si = 0.01. 
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Therefore, these experiments provide better data for estimat- 
ing the shape of the sporulation function in the substrate re- 
gion around si = 0.01. Both the batch and step-test fermenta- 
tions are insensitive to substrate concentrations just above 
exhaustion, and therefore this region has larger confidence 
limits. 

Steady-state fermentation experiments 
To test the ability of the model to describe steady-state 

behavior of the B. lichenifomis fermentation, growth and dif- 
ferentiation data have been collected. Steady state was ob- 
tained by running the fermentor initially in batch mode, and 
after approximately 12 h a continuous metered stream of 
sterile medium was fed to the fermentation vessel. Samples 
of fermentation broth were removed periodically from the 
vessel and biomass and substrate assays were conducted to 
determine spore, nonspore, and substrate concentration lev- 
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Figure 8. Model fit of the 4 element sporulation initia- 
tion function to Step Test l .  
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Figure 9. Steady-state spore and nonspore concentra- 
tions vs. dilution rate. 

els. The system was considered at steady state when the 
biomass and substrate concentration measurements re- 
mained constant for a period of approximately 12 h. For a 
typical run, steady state was achieved approximately 24 h af- 
ter continuous feeding began. After taking several samples 
for a given steady state, the feed flow rate was adjusted to a 
new flow rate, and the fermentor was allowed to adjust to a 
new steady state. Since the kinetics of spore formation are 
subject to a substantial time delay, the spore concentration 
consistently lagged the other states in achieving steady state. 
Steady-state substrate was not measured due to the fact that 
the substrate concentration was below measurable values for 
the glucose assay used in this study. 

Accurate predictions of the steady-state biomass data were 
obtained with only minor adjustments to the model parame- 
ters. In particular, slight adjustments of the empirical sporu- 
lation initiation function provided good agreement between 
the predicted and experimental steady-state spore concentra- 
tions. The model fit to the steady-state spore and nonspore 
concentrations for dilution rates ranging from 0.1 to 0.5 (l/h) 
are shown in Figure 9. The model successfully predicts a de- 
crease in spore concentration as dilution rate increases. 
Dawes and Thornley (1970) obtained a similar trend for 
steady-state spore-concentration-based dilution rates ranging 
from 0.05 to 0.38 (l/h). 

Similar to the steady-state spore predictions, the segre- 
gated model does a good job of predicting steady-state non- 
spore biomass behavior. At low dilution rates, it appears that 
cell death and sporulation initiation are important processes, 
reducing levels of nonspore biomass at the low substrate con- 
ditions. As dilution rate increases, the availability of high 
substrate concentrations allows for increased vegetative pop- 
ulations. 

Conclusions 
This article outlines a structured-segregated model to de- 

scribe growth and differentiation behavior of B. lichenifomis. 
The model explicitly recognizes the three morphologically dis- 
tinct cell types in a Bacillus culture, and acknowledges the 
age-segregated nature of the differentiating biomass. Using 
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batch and continuous-culture fermentations, parameter esti- 
mation techniques were utilized to  identify the adjustable 
model parameters with confidence. The resulting model has 
been shown to track successfully growth and sporulation of 
both transient and steady-state cultures in a laboratory-scale 
fermentor. 

A major motivation for modeling secondary-metabolite sys- 
tems is to develop tools t o  aid in designing improved operat- 
ing and control strategies. Considering that production of 
many secondary metabolites in bacteria and fungi are inti- 
mately linked to  growth and differentiation, this model is a 
first step toward an overall growth and production model for 
B. lichenifomis. 

Notation 
F, = inlet-fermentor feed flow rate, l / h  
F, =outlet-fermentor flow rate, l / h  
K, =substrate internalization Michaelis constant, g/L 
K, =vegetative growth Michaelis constant, g/cell 
s, =critical substrate concentration needed to sustain growth, g/L 
sf =substrate feed concentration, g/L 
yg =germination yield coefficient, cells/g 
y ,  = sporulation yield coefficient, cells/g 
ag =maximum specific rate of spore germination, l / h  

Subscripts and superscripts 
0 =initial condition 
’ =derivative with respect to the sporangium age 
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