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Strategies for improving fermentation medium performance:
a review
M Kennedy and D Krouse

Industrial Research Limited, PO Box 31-310, Lower Hutt, New Zealand

Many techniques are available in the fermentation medium designer’s toolbox (borrowing, component swapping,
biological mimicry, one-at-a-time, statistical and mathematical techniques—experimental design and optimization,
artificial neural networks, fuzzy logic, genetic algorithms, continuous fermentation, pulsed batch and stoichiometric
analysis). Each technique has advantages and disadvantages, and situations where they are best applied. No one
‘magic bullet’ technique exists for all situations. However, considerable advantage can be gained by logical appli-
cation of the techniques, combined with good experimental design.

Keywords: medium design; medium optimization; fermentation; gamma-linolenic acid; neural networks; fuzzy logic;
genetic algorithms

Introduction Two different improvement strategies: open and

When developing an industrial fermentation, designing aCIOSed

fermentation medium is of critical importance becauseMost of the studies published about medium improvement
medium composition can significantly affect product start with the objective of ‘given these components of the
concentration, yield and volumetric productivity. For medium what is the best combination possible?’. This can
commodity products, medium cost can substantially affecbe referred to as a ‘closed strategy’ in that it defines a fixed
overall process economics. Medium composition can alsgpumber of components and the type of components used.
affect the ease and cost of downstream product separatioThis is the simplest situation. The disadvantage of this strat-
for example in the separation of protein products from aegy is that many different possible components, which are
medium containing protein. not considered, could be beneficial in the medium. It con-
There are many challenges associated with mediurgiders an extremely limited subset of design possibilities.
design. Designing the medium is a laborious, expensiveit assumes you have chosen the right components to start
open-ended, often time-consuming process involving manyith. The obverse situation, the ‘open strategy’ asks, ‘What
experiments. In industry, it often needs to be conducteds the best combination of all possible components avail-
frequently because new mutants and strains are continble?’. This situation is much more complex and difficult
ously being introduced. Many constraints operate duringo deal with. Experimental design strategies do not handle
the design process, and industrial scale must be kept ithis situation easily. The advantage of the open strategy is
mind when designing the medium. Some of these conthat it makes no assumptions of which components are best.
straints and challenges are summarized in Table 1. The ideal design strategy would be to start with an open
In Michael Crichton’s fiction book,The Andromeda strategy, and then move to a closed strategy once the best
Strain [36], ‘The Wildfire project employed almost every components have been selected. Too often researchers pro-
known growth medium’, totaling 80 in all. If only this were gress too quickly to a closed strategy.
true! A medium design campaign can involve testing hun- Three issues are particularly important to consider before
dreds of different media. One of the more difficult aspectsmedium design starts: the effect of medium design on strain
of the medium design process is dealing with this flow ofselection; how well will shake flask medium design data
data. In reality, often the information generated from desigrscale up; and what is the target variable for improvement.
experiments is difficult to assess because of its sheer vol-
ume. Beyond about 20 experiments with five variables it is
very difficult for a researcher to maintain medium compo-The effect of medium design on strain
nent trends mentally, especially when more than onglevelopment
variable changes at a time. Data capture and data minin

techniques are crucial in this situation. fhedium design is intrinsically linked to strain development

and the two processes form a ‘Catch-22’ circle (you can't
choose the best strain until you have the best medium, and
you can't design the best medium until you have the best
strain). This is because no one medium works best for all
the strains being tested. Therefore the question arises,
Correspondence: Dr M Kennedy, Industrial Research Limited, GracefieIthl.Ch medium .ShOU|d be !’Ise(.j to choose strains. T.WO
Rd, PO Box 31-310, Lower Hutt, New Zealand options are available. The first is to use the best medium
Received 24 December 1998; accepted 18 August 1999 composition based on the results with one strain and then




Fermentation medium performance ey

M Kennedy and D Krouse oy
Table 1 Constraints and challenges that may operate during the process of designing an industrial medium 457
Encountered in laboratory Encountered on an industrial scale
e Development time e Availability of raw materials throughout the year
e Cost of development efforts e Transport costs of medium components
e Lack of shaker space e Batch to batch variability of complex medium components
e Precipitation reactions e Medium cost and price fluctuations of medium components
e Water quality e Stability of the supply company
e Dispersion or dissolution of solid components e Bulk storage and handling of medium components
e Effect of components on assay techniques e Pest problems
e Effect of components on downstream product purification e Effect of components on broth viscosity or power consumption
e Foaming e Disposal costs of spent medium

e Dust hazards

choose the best strain based on this medium. The secorithe scalability of shake flask results
option is to choose the strain based on one general medium
and then optimize the medium for the best strain. With botiNo matter which medium improvement strategy is chosen,
these methods there is no guarantee that one of the dis-large number of experiments are usually involved. This
carded poor performing strains would not surpass théarge number of experiments necessitates shake flasks, as
chosen best strain if a different medium was used. it is not practical to do large numbers of experiments in
Instead of doing one-at-a-time development (mediunmstirred controlled vessels. Shake flask systems suffer from
then strain, or strain then medium), considerable benefit caat least four weaknesses [70]: the pH is not controlled dur-
be gained by conducting medium design and strain develing the fermentation; the oxygen transfer capabilities of
opment simultaneously. An example is given in the study ofshake flasks is poor; considerable evaporation can take
gamma linolenic acid (GLA) production dylucor hiemalis  place during shake flask culture; and shake flasks can lack
IRL51 [69]. GLA is an omega-6 fatty acid, which is a adequate mixing.
component of triglycerides within oil accumulated within  Many researchers assume that the best medium chosen
the fungi. The oil content of the cell and GLA content of from shake flask data will be the best medium in a large-
the oil are linked on a maximum GLA productivity curve scale stirred tank. The reality is that few rigorous compari-
(Figure 1). By using this generic relation, new strains cansons of medium performance at different scales have been
be screened on three media (A, B and C in Figure 1) thapublished, and often, on scale-up, the medium composition
locate microbial performance on different parts of thisis changed to take advantage of control strategies, eg the
curve, giving a picture of strain performance over a widefed batch addition of substrates. For gamma linolenic acid
range of conditions. production one scale-up study [70] showed that, using the
same medium, biological performance in 10-L fermenters
is usually the same as that in shake flask culture (Figure 2).
There were some inconsistencies, which could be attributed

Medium A N,
to scale, but no large, systematic differences were apparent.
Considering the immense amount of data reported on shake
® flask systems, this is comforting, but does it hold true for
4 all systems?
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Figure 2 A comparison of medium performance in shake flasks (SF)

Figure 1 The maximum GLA productivity curve foMucor hiemalis with that in stirred, pH-controlled 10-L vessels. The performance charac-
IRL51. Individual points correspond to tested strains and different mediateristic is GLA content of the oil produced By. hiemalisIRL51. Symbols

The expected performance of new strains on media can be located alorghow individual results and means for each of six media (a—f), and, as a
the curve, demonstrating that three media (A, B and C) are sufficient tesummary, the overall mean. These results validate the scalability of shake
gauge microbial performance in screening trials. Data are from Kennedylask results, at least for the system studied. Data are from Kenretealy

et al [69]. [70]. A Shake flask{] 10-L vessels;A SF mean 10-L mean.
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Target variable Table 2 Some unusual microbial media components in the published
literature
Some medium design studies flounder because the target

variable to be improved is not clearly defined. In the pro-Blood products (from sheep, horse, Lima beans

duction of GLA any of the following performance indi- guinea pig) Eggs
cators could be chosen for improvement: GLA content ofRabbit dung Prunes

he oil (%); GLA content of the cell (%): GLA concen- <ommercial rabbit food Leaf litter

the oil (%); 70), Quaker oats Hay infusion
tration in the fermenter (g GLA 12); triacylglycerol con-  calf brain infusion Lard

tent of the oil (%); specific productivity of GLA (g GLA Carrots and tomatoes Guar gum
g cell* h™); volumetric productivity of GLA (g GLA > Bile Cocoa shell

h™); cost of nutrients/unit GLA ($ g GLA?); cost of
nutrients/unit productivity ($ L # g GLA™).

Any of these criteria may be used. For example if the
microbial oil is viewed as a competitor for evening prim-
rose oil (EPO), which contains 10% GLA, then a higher
GLA content of the oil may be desired, eg 15%. If separ-
ation of the GLA from the oil to produce purified GLA is
required, then as high as possible GLA content may sig
nificantly reduce purification costs. If GLA is thought of
as a commodity good then volumetric productivity may be
the important variable. It is essential to choose the righ
target before beginning the design process.

requirements of the organism. Some published media suffer
from component overloading, which can lead to interac-
tions, precipitations or toxic levels of different components.
The ‘magic component’ can exist in some media. This is
a situation where, for no apparent reason, one component
seems to perform much better than other equivalent compo-
nents. Usually these components are complex, and can even

e specific brands of the same component, for example corn

teep liquor. These logic-defying components argue for an
extensive ‘open strategy’ prior to focussing on the closed
strategy.
Lexography of medium design

) Component swapping (‘try everything strategy’)
A word of caution should be expressed about the use oHne strategem is to take one medium composition and swap
the terms ‘optimize’, ‘optimization’ or ‘optimum’. In the one component for a new one at the same incorporation
mathematlcal def|n|t|0n Opt|m|zat|0n means ‘the maX|m|Z-|eve|_ Th|s Strategy is Often used to Compare Components of
ing or minimizing of a given function possibly subject to gne type, eg to compare many different carbon or nitrogen
some type of constraints’ [81]. This implies an objective soyrces [53,104,112]. It is an open strategy and has the
function that is the target to maximize or minimize, and agdyantage that it enables large numbers of components to
possible set of constraints. Under this definition, it ispe compared. It is one of the few open strategies available.
impossible to claim to have the optimum medium, as it iIsScomponent swapping, however, performs poorly as a total
always possible that another, as yet unknown, mediuminprovement technique because it does not consider
could out-perform the so-called ‘optimum medium’. HOW- component concentrations or interaction effects. It can be
ever in the literature many researchers use the term looselyest thought of as a screening tool, not so much to find the
to mean ‘the best medium they have come up with to date’pest medium but to discard the poor performing medium
A better way to describe the medium would be to call itcomponents. It is however, a powerful and useful technique
an improved medium, or a medium with enhanced performfor assessing and understanding microbial regulation. Much
ance. of our understanding of carbon, nitrogen, and phosphorus
source regulation has been built up from careful consider-
Improvement strategies and procedures ation of such experiments [27,28,87].
Literature search (‘borrow someone else’s medium’) Biological mimicry (‘match and win strategy’)
Often the first step is to look and see what media other§he biological mimicry strategy is based on the concept
have used to grow the same genus, species or strain. Sevetiaat the cell will grow well in a medium that contains
handbooks have been devoted to microbial media [8,9]. Theverything it needs in the right proportions. It is simply
problem with this approach is that usually there are toca mass balance strategy. The composition of the cell, the
many options, and too much effort is required to test thentoncentration of cell mass, cell growth yields, and the
all. Experience becomes a key factor in assessing publishetesired extracellular product concentrations are used to cal-
media. For example many published media are laboratorgulate how much of the various components should be in
media that can be discarded as an industrial option becausiee medium [41,43]. It can be performed on two levels, an
they contain a number of expensive components. Sortinglemental level, eg balancing the carbon or nitrogen levels,
out the published media to come up with a shortlist isor a molecular level, eg balancing amino acid or phosphate
essential. levels. This approach is popular with more complex cell
Some chemically defined media contain a large numbetypes, or even for developing whole insect diets where the

of components eg chromatium medium contains 34 compomedium should mimic the cell composition of the host or
nents. Some antibiotic media contain five carbon sourceghe insect itself. When no medium has worked to date, or
Some media contain unusual components (Table 2) whickhere is no obvious starting point for design, this strategy
are usually related to the substrate the microbe was isolatezhn have a place. Conducting the mass balance is some-
from, and emphasize a lack of identification of the nutrientthing that, in itself, is useful because it enables the theoreti-
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cal limiting nutrient to be identified and changed if desired.widely from batch to batch, or on a seasonal basis, eg if a 459

Utilizing yield data also enables a maximum theoreticaldifferent fish species is used to make fishmeal. If the bal-
final cell concentration to be predicted. In essence, the masmce is done on the molecular level, eg, balancing amino
balance is a useful check to determine if the medium is iracid levels, this technique can lead to nutrient over- or
the right ‘ball park’ in terms of nutrient levels. under-loading as cells construct or consume cell compo-
The mass balance methodology has some significaments. Lastly, balancing the elements does not guarantee
limitations. Firstly a detailed elemental composition of thesuccess. A well-balanced medium can still perform badly.
cell is required (Table 3). The elemental composition of aSimply balancing the medium elemental composition does
cell can vary quite significantly depending on whether thenot address the cell’s regulatory machinery, which can dic-
organism to be grown is a yeast, bacterium or filamentousate substrate preferences.
fungus, the stage of growth, if the culture sporulates, or
sometimes simply at the species level. The published dat®ne at a time (‘keep it simple’)
usually apply to common organisms such Escherichia  The rationale behind the one-at-a-time strategy is to keep
coli, Saccharomyces cerevisja&lebsiella aerogene®r  the concentration of all medium components constant
Pseudomonasp. If the organism under test is different except one. The concentration of this medium component
from the species from which the published data weres then changed over a desired range. This strategy has the
obtained, then you are entering uncharted waters usingdvantage that it is simple and easy. Most significantly, the
these data. individual effects of medium components can be seen on
One solution is to grow some of the desired cells anda graph, without the need to revert to statistical analysis.
conduct an elemental analysis. While this overcomes probfhe technique has some major flaws; interactions between
lems with uncertainty in cell composition, cell yield data components are ignored, the optimum can be missed
must still be measured. Measuring cell yield on many dif-completely, and it involves a relatively large number of
ferent elements is expensive. laborious and time consunexperiments. Because of its ease and convenience,
ing. Such detail is not usually gone through unless the datane-at-a-time has historically been one of the most popular
will have a significant impact and the project is long-term.choices  for  improving medium composition
Next, the elemental composition of the nutrients must bg3,47,61,111,113,120,128].
determined. With pure compounds, this is simply a matter
of calculation, but with complex, poorly characterized Experimental design (‘maths and stats’)
medium components, eg fishmeal or cotton seed meal, theisher [45] developed the basic theory of experimental
data can be hard to come by. On top of this, the elementalesign which shows that changing more than one factor at
composition of complex medium components can varya time can be more efficient than changing only one factor
at a time. Applications to medium improvement date from
the 1970s and many studies claim substantial improvements
Table 3 Elemental composition of microorganisms, and growth yields over media obtained using ‘one-at-a-time’. For example,
related to macro- and microelements from Ertelal [43]. Such data are  Sjlveria et al [130] compared ‘one-at-a-time’ and experi-
useful in mass balance calculations for estimating nutrient levels and g,antg] design for optimizing the medium composition for
maximum theoretical cell concentration . . .
Methanosarcina barkerigrowing on methanol. The gas
production rate (CH+ CO,) could be increased over 1.3

Element Elemental composition of ~ Growth yield (g dry

microorganisms biomass g elemejt times _the rate for the _‘one—atja—time’ optimi_zed medium.
To improve a medium using the experimental design
C 44-53bc 1.1¢ approach requires both a design and an optimization tech-
N 10-14 8.78' nique. The design specifies the medium variants to test in
5 Zé—éog 33-%93 the experiment, including the number of replicates and the
0826 ' arrangement of tests into homogeneous ‘blocks’. Then,
0.4-4.5 27 F using the experiment_al data, the optimi_zation t_echnique
S 0.2-1.6 333 employs a mathematical model to predict an improved
0.01-0.24 medium composition.
0.1-0.5
K 1.0-4.5° 59.5' .
0.2-2.5 161.3 Designs
Mg 0.1-1.2bc 430
128 Full factorial (complete factorial): In a full factorial
Ca 06011—11;3" gg X 1@2 design every combination of factor levels is tested. Typical
Fe 7x 1030, G0 6.7x 108¢ factors are strain, medium, medium component, tempera-
1.7x 1% ture, initial pH and inoculum. Full factorials provide
Zn 8x10%2.4x 1022ab 2% 10¢d ‘coverage’ at the cost of a large number of runs (ie tests
. . 2.7x 105: or variants). There is a shorthand for full factorials which
Mn 7x107-4.8x 10 7%1&: gives an idea of the number of runs required in an unrepli-

cated experiment: two-factor designs are denotea By
aBacteria;’yeastscfilamentous fungifassumed values fdtlebsiella aer- and,three'facmr deS|gnS byx bxc.Inaxb, the first .fa.c—
ogenes calculated values for @seudomonasp as determined by con- tOr is tested ata levels and the second & levels; in
tinuous culture. axbxc, a third factor is tested at levels. This notation
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extends toa"—a complete factorial fon factors, each ad  veiraet al [130] described a ‘model’ application of ortho-

levels. For example, Thiett al [146] experimented with gonal arrays to optimizing medium composition.

two factors: severstrains on eight medig using a 7x 8

design (56 runs per replicate). Prapudiaal [119] experi-  Orthogonal Latin rectangles: A Latin rectangle is a

mented with three factorgarbon (cane molasses at 4%, rectangular array of symbols, none of which is repeated in

6%, 8%, 10% and 12%)nitrogen (NH,NO; at 0, 0.13, any row or column. Latin rectangles can be used to con-

0.26, 0.39, 0.52 gt) and inoculum (at 10% and 20%) struct partial factorial designs such as the 32-run design for

using a 5x 5 x 2 design (50 runs per replicate). The mosteight factors, each tested at four levels [163]. The resulting

commonly used full factorials in medium improvement designs are known as orthogonal main-effect plans and are

experiments are two-level factorials (denoted Bywhen  most useful when factor effects are additive.

there aren factors). These designs are the smallest capable

of providing detailed information on factor interactions (ie Central composite (CCD): Introduced by Box and

antagonistic or synergistic effects). Wilson [19], central composite designs are composite
designs formed from two-level factorials by the addition

Partial factorial (incomplete or  fractional  Of just enough p_oints to estimate curvature and intgractipn

factorial): A partial factorial design provides a effects. Thg designs can be viewed as par_tlal factorials with

Compromise When the number Of runs required in a fu||faCtQI’S at f!Ve |_eVe|S. The number Of rUnS-|n a Central com-

factorial is impracticable. In medium improvement appli- Posite design increases exponentially with the number of

cations, these are usually two-level fractional factorialfactors. For two factors, 16 runs are ideal.

designs, but there are some interesting exceptions. For

example, Silveirat al[130] experimented with 11 medium Box-Behnken:  Introduced by Box and Behnken [17],

components, each at three levels using only 27 runs—onl{hese three-level partial factorials provide an economical

a tiny fraction of the 177 147 required by the full fac- alternative to central composite designs. Like the central

torial, 3. composite design, the Box—Behnken design is constructed

Two-level fractional factorials are denoted by*2where  Using two-level factorial designs.

n is the number factors and ¥/ the fraction of the com- o ]

plete factorial used. This notation gives an immediate ided?Ptimization techniques

of the number or runs required. For examplel®s a half

fraction of the complete factorial®2and requires 16 (iep ~ Response surface methodology (RSM):  Box and

runs per replicate. Although some partial factorials provideWilson [19] developed a comprehensive methodology

virtually no information on factor interactions, they are €mploying factorial designs to optimize chemical pro-

preferable to changing one factor at a time [130]. duction processes. The Box-Wilson methodology, now
known as response surface methodology (RSM), employs

several phases of optimization [18]. The two main optimiz-

Plackett and Burman: Introduced by Plackett and ation phases are: (1) following the path of steepest ascent;
Burman [116], these designs are two-level partial factorials P : 9 P P '

. P and (2) locating a stationary point (using canonical
most commonly employed for identifying important factors . ; ) ;
for further investigation. Designs are available for up to gganaly3|s). The key to RSM is representing the yield as a

factors in 100 runs and the results can be analyzed on urface. When there are only two medium components, the

spreadsheet. Theoretically Plackett and Burman desig u:iﬁgﬁ?nagg\,\é'Sg::ﬁgse?sisatﬁ%pg?erﬁpgf d”}(ﬁg I%;Yj?lljcrr?

should be used only when factor effects are additive—whe : :

there are no intera)(/:tions—otherwise the apparent effect O%omp?n_ents é)_rovr(_je the grr:d rr]eiﬁrencef. A path of steepetst
scent is a direction in which the surface is rising mos

a factor can be enhanced or masked by other factors. I~ . ; N . 20

practice, provided the levels of factors are chosen correctl)éaghdrlr}l/mv}'th'fag dsléagcr)r;%ryepomt is a point of equilibrum—

these designs can produce useful results. Castad [22] ' ge.

experimented with 20 medium components in only 24 runs

obtaining improvements of up to 45% in gamma inter-

feron production.

Steepest ascent (SA): Steepest ascent requires per-
forming experiments along a path of steepest ascent until
the yield falls off. The path is a sequence of variants to
o _ the basal medium in which the incremental changes to the
Hadamard: A Hadamard matrix is a square matriXx medjum components are in fixed proportion. Typically a
used in the construction of partial factorial designs, includ+yo-level factorial design (either full or partial) is used to
ing Plackett and Burman designs and optimum weighingsstimate the optimum incremental changes required. An
designs [38]. Applications to optimizing medium compo- gpplication is described in Lieu and Liao [88], where six
sitions and growth conditions were given in Whige al  medium components are optimized using®a Zractional
[161]. factorial to determine the path of steepest ascent.

Orthogonal arrays (OA): Orthogonal arrays are par- Evolutionary operation (EVOP): Evolutionary oper-

tial factorial designs which can provide estimates of curvaation employs factorial designs sequentially to improve
ture but not of interaction effects. Theoretically whenyield. The changes made to variables from one cycle to the
medium components act additively, orthogonal arrays ar@ext are restricted and can only be made when the estimated
optimal for obtaining improved medium compositions. Sil- improvement is greater than the estimated experimental
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error. As an example, Banerjee and Bhattacharyya [10] sudWultiple linear regression: Multiple linear regression,
cessfully used EVOP to optimize the production of proteasevailable in most data analysis software, provides an infor-
by Rhizopus oryzae mal alternative to canonical analysis. The first step is to
estimate the yield as a quadratic polynomial in the medium
Canonical analysis (CA): At some point optimizing components. Then the equation can be differentiated and
along the path of steepest ascent will produce diminishingolved for the stationary point or optimized by a ‘deriva-
returns as the slope of the yield surface flattens near tve-free’ method such as the Nelder-Mead Simplex
stationary point. Canonical analysis is used to locate anthethod. To estimate the quadratic polynomial requires a
classify the stationary point, either as an optimum, a saddléactorial design such as a full factorial with at least three
or some form of ridge [18]. To perform a canonical analysislevels per factor [119], eg a central composite [85,103] or
requires estimating the yield surface using a factorial desigia Box—Behnken design.
such as a full factorial with at least three levels per factor.
Chen [25] used a Box—Behnken design to optimize citricGauss—Seidel: Libudzisz et al [86] used an experi-
acid fermentation byAspergillus foetidusHaltrich et al  mental version of Gauss—Seidel's iterative method to
[55] used a central composite design to optimize xylanaseptimize a four-component medium. When there are
production bySchizophyllum commune components, a single optimization cycle consists opti-

Table 4 A summary of the designs and optimization techniques used to improve media in 38 published studies. The indicative improvement estimates
validate experimental design as a useful improvement strategy

Author [Ref] Year n Design Technique Software Estimated
improvement

Nair & Panda [103] 1997 3 CCD SP Stat-ease 40%

Lee & Chen [85] 1997 2 CCD SP SAS 38%

Smith et al [134] 1997 4 2 ANOVA

Volchatovaet al [156] 1997 4 2

Venkatet al [149] 1997 3 P

Lao & Schalla [80] 1996 5,8 21 28-1a Stat-ease 300%

Jahim & Salihon [59] 1995 5 2% CCD SP 0%

Liu & Liao [88] 1994 6 >3 SA SAS 22%

Chen [25] 1994 3 Box—Behnken CA SAS

Cruzet al [37] 1993 7,6 24263 1100%

Haltrich et al [55] 1993 3 2, CCD CA Statgraphics 330%

Sarraet al [125] 1993 2 CCD SP SYSTAT

Venkataet al [150] 1993 3 Box—Behnken 3P 236%

Banerjee & Bhattacharyya [10] 1992 3 32 EVOP 170%

Castroet al [22] 1992 20 Plackett—Burman 45%

Chenet al [26] 1992 4 CCD CA SAS 60%

Cliquet et al [34] 1992 3 CCD APOLOR

Prapullaet al [119] 1992 3 Bx5x2 SIMPLEX

Bloor & England [15] 1991 54 22

Bruckneret al [20] 1991 4 2 400%

Christen & Raimbault [32] 1991 7 2

Vigo et al [152] 1991 3 CCD Sp

Silveiraet al [130] 1991 11 OA 30%

Dodge [39] 1989 CCD

Hounget al [57] 1989 6.5 2-3 CCD (5) CA SAS 60%

Thiel et al [146] 1989 2 x5, 7x8 ANOVA

Chuiyu et al [33] 1988 3 3 SP 10%

Libudzisz et al [86] 1986 4 Gauss—Seidel 14-23%

Aleksievaet al [2] 1985 7,2 Plackett—Burman?2 SA 0% (33%)

Popovet al [117] 1985 3 2 SA 34%

Salihonet al [124] 1983 6 2% CCD SP 40% (50%j

Rodriguezet al [122] 1983 7 Rosenbrock,?2 54%

Wright & Richardson [162] 1982 3 3 SP 369

Yakovleva & Bulgakova [163] 1981 8 Latin rectangle 55%

Goldberget al [51] 1980 12

Bieleckaet al [14] 1978 4 2, CCD 100%

Erddyi & Kiss [42] 1978 3 z SA 119-130%

Votrubaet al [157] 1975 5 Rosenbrock 0% (74%)

aAnferred.

bModified.

€40% yield improvement 50% cost reduction.
436% improvement ruled out by cost.

€74% reduction in 4 components.

f33% reduction in cost.
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mizations in which one component is varied while the  the new centre point or using the signs of the estimated
others remain fixed. The cycles are repeated until the effects with or without regard to experimental error,
changes in medium components from one cycle to the next predict what the best medium might be, using it as the

are within a given tolerance. new center point;
(2) analyze a complete factorial using a standard analysis
Modified Rosenbrock: Votrubaet al[157] and Rodri- of variance (ANOVA) and comparison of means;

guezet al [122] used an experimental version of Rosen-(3) use multiple linear regression to derive a quadratic
brock’s direct search method for function optimization. polynomial model which can be optimized by
Within an optimization cycle, searches for an improved  determining stationary points (SP) or using, for
medium variant take place alomgdirections which are at example, the Nelder-Mead simplex method
right angles to each other. Once an improved variant is  (SIMPLEX).

found, the search directions are updated and a new cycle .

is begun. The optimization ends when the yield improve-, €€ papers [86,122,157] represent a distinct break
ment from one cycle to the next is within the limits of from the Box-Wilson tradition by employing direct search
experimental error. Typically a direct search methodmethOdS, originating in the numencal optimization I|t§ara—
requiresn + 1 experimental runs in an optimization cycle {Ure. A direct search design typically emplays 1 experi-
compared with 2in steepest ascent. As shown by VotrubaMeNts in an optimization cycle compared with &nd, as

et al[157], Rosenbrock’s method can determine media withSNoWn by Votrubaet al [157] can determine media with
performance equal to media optimized using steepetdual performance.

ascent, but with fewer variants tested. Towards an open strategy

) . . , The experimental design method is a closed strategy: the
Nelder-Mead simplex: A simplex is a regular-sided cpgjce of medium components to investigate and their use-
figure inn-dimensions. In two dimensions, & simplex is ang,| ranges of variation must be determined by the experi-
equilateral triangle and in three, it is a tetrahedron. Thenentajist. However, deciding which components to include
Nelder—Mead simplex method is a ‘direct’ method for func- 5 gt what levels is probably the critical factor determining
tion optimization that does not require derivatives. A func-iq gyccess’ of an experimental program. This fact is over-
tion in n variables is evaluated @+ 1 vertices (COrNers) |5oked in many investigations, even when a statistician is
of a simplex, and a direction for improvement is obtainedi,yglved. The experimentalist will assume that choosing

by moving away from the vertex with the smallest value. omponents and levels is part of the statistical design pro-
In an optimization cycle the simplex is updated by replacgqg while the statistician will assume the experimentalist

ing the vertex with the smallest value by a new point with,45 the prior knowledge to make the correct choice.

a greater value. In an application to maximize lipid pro-  gyycrured preliminary investigations can be helpful,
duction, Prapulleet al [119] used the simplex method 10 jncjyding literature search, analysis of data on the same
optimize quadratic polynomials in three variables. Theq rg|ated organisms and screening experiments. Screening
polynomials were fitted to data using the full factoriaS  gxheriments using partial factorials do form part of the stat-
and multiple linear regression. istical design process, but statisticians would be reluctant

) S o . to recommend them for many more than ten medium
Experimental design in action: Table 4 summarizes components, severely limiting the scope of preliminary

the design and optimization techniques used to IMprovecreening. The usefulness of large Plackett and Burman
media in 38 published studies. Where possible we havgesigns in medium improvement is therefore both surpris-
tried to give an indication of the yield improvement jny “and encouraging. Additional references include:

obtained, either as stated in the text or as inferred by ugy, 52 54.74-76.78.83.89-91 95.98-100 118 131.132 137—
from the results presented. In all cases the improvemerag 141 144 145 16,5]., T oo

figures should be regarded as indicative only, as they are
subject to unquantified experimental error and the possiPulsed injection and continuous fermentation
bility of our own misinterpretation. techniques (‘a shot in the dark’)

The designs and optimization techniques summarized ifThe principle behind this group of medium improvement
Table 4 are mostly in the tradition of Box and Wilson [19] techniques is that in a batch-stirred tank fermenter growth
which includes steepest ascent (SA) and canonical analysiaust eventually stop because of depletion of a growth-
(CA) as components of response surface methodologiimiting nutrient. If, when this happens, the correct nutrient
(RSM). Usually three phases of experimentation can be diss added (often as a pulsed injection) the growth will
tinguished: one for identifying important variables resume. In practice pulses of nutrients are added until the
(‘screening’); and two for optimization. Two-level frac- correct nutrient is identified and growth resumes with the
tional factorials and Plackett—-Burman designs are mostycle then being repeated. In continuous fermentation the
commonly employed in phase 1; two-level factorials intransient increase or decrease in cell density is monitored
phase 2; and central composite (CCD) or Box—Behnkerafter pulsed substrate addition. If the substrate is growth-

designs in phase 3. inhibiting, the cell concentration will decrease, until the
The most common variations on the formal RSM substrate starts being washed out of the fermenter. If the
approach are: substrate is growth-limiting, the cell concentration will

increase, until the substrate starts being washed out of
(1) ‘informal steepest ascent'—pick the best medium aghe fermenter.
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The use of these techniques dates back to the
chemostat/continuous fermentation research of Mateles and
Battat [92] in the 1970s. The system comes with someg -
inherent disadvantages. The first is the time and effort= s
required to set up a stirred fermenter compared to shakeg zor
flasks. This is especially true for continuous fermentation &
where up to 10 volume changes may be needed to attai LL}
steady state. Experimental progress can therefore be slowet
than running many different shake flasks simultaneously. .
For pulsed injection to batch fermentations, eventually ag
point is reached where toxic microbial products accumulateg -
in the system to such an extent that they become the growtl
limiting factors. Another disadvantage of the technique is ° 10 20 20
that it improves cell concentration only. The best medium
for producing cells is not usually the best medium for pro-
ducing secondary metabolites. Thus a high cell concen- Actual GLA content (%)
tration bl‘!t IOW produ_c_t titer may reS.UIt' The advantage of igure 3 Neural networks can successfully predict the GLA content of
the t'eChmque is that it is aone-at-a-time aproaCh (a“hOUQ | 'accumulated byM. hiemalisIRL51 in shake flask trials. Individual
nutrients may be added in groups, eg vitamin or trace nutrishake flask results are plotted; ideally, these should fall along the solid
ent mixtures) and so the exact growth-limiting nutrient atline. Data from Kennedy and Reader [68].
any given instant can be determined. The technique has
been used to considerable advantage [50,143,147,164]. A
recent development has been the ‘carbon source controlleg
shift technique’, with a genetic algorithm applied on-line to ”i
design experiments [12]. Although these generic technique§
were described almost 25 years ago, their utility has2
ensured their continued use. 2

Artificial neural networks (‘black box approach’)
Artificial neural networks are models that mimic the learn-
ing ability of the brain [13]. They take a complete black 2 st
box approach to modeling data. They are simply ‘trained’ &
on a given set of data and then used to predict new data
points. This training requires no knowledge or equations to 0 ; ;
be entered by the user. The network and system remains a
black box to the user. Artificial neural networks are not
new. They were first developed in the late 1940s, but their
popularity and use has increased since the early 1980s as Number of Data Points in Training Set
greater computing power became available and i-neXpenSivlgi‘gure4 The standard deviation of the percentage error in neural net-
software products Were developed [84]. Art|f|C|a_I neural work predictions of biomass in shake flask culturétiodotorula gracilis
networks’ strong points are that they work well with large crr-1. The accuracy of the predictions increases with the number of data
amounts of data, they excel at complex pattern recognitiorgoints in the training set. Data from Kennedyal [66].
and they require no mechanistic description of the system
[109]. This makes artificial neural networks particularly
well suited to medium design. Medium design generates Neural networks are, however, not a panacea. They are
large amounts of data that often contain hidden patternsimply a modeling tool and suffer from all the usual weak-
The artificial neural network is generated by conducting anesses of models. For example the quality of data input
series of shake flask experiments, and getting the networ§greatly affects the output, and the greater the amount of
to learn (to be trained) on this data set. Once trained, thextrapolation required the less the accuracy. Neural
network is given new data points (media compositions) andchetworks perform best when the data put into them are
the output (microbial performance) predicted. Artificial prefiltered, eg to remove outliers. Neural networks are not
neural networks can perform extremely well at predictingtolerant of missing data, eg when one number of an input
the results of shake flask experiments (Figure 3) therebgata sequence is missing. This may occur when cell mass
saving time and effort. is known, but for some reason product concentration was
One study [66] that compared neural networks with fullnot measured for the system at the time. Neural networks
factorial experiments showed that a 63% saving in the numean also get ‘confused’ by duplicates, eg if two supposedly
ber of experiments could be obtained by using neural netidentical shake flasks give two very different results. This
works. The accuracy of the technique increases with thean cause ‘learning difficulties’. There are mathematical
amount of data in the training data set but quickly reached&ixes’ to these problems, eg averaging the duplicates and
a plateau (Figure 4). Hence a small training set can be sufutting them in as one data point, or using a mathematical
ficient for good predictions on new data. technique to ‘fill in’ the missing data. This highlights that

ard Deviatio
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although neural networks are easy to use, some expertid@ble 5 An example of a fuzzy logic rule used to design fermentation
is needed to gain their full potential media. From Kennedy and Spooner [73]. In combination with other rules,

Another problem that highlights this issue is oV(_}rtrain_microbial performance can be predicted for new medium compositions
ing. This occurs when neural network training is allowed ;

Molasses is high

to go on for too long a period. This results in the neural And NH,NO, is medium
network being extremely accurate at predicting the training And yeast extract is low
data set, but being very poor at predicting a new situationThen Cell mass is medium

And lipid content is very high

There is an optimum learning time which can be deter- .
And sugar use is very low

mined by splitting the training data set in two and monitor-
ing the neural network’s ability to predict the second
data set.

Neural networks by their ease of use and black boxdefinition defines a threshold, and consequently a person’s
approach can cause the medium developer to lose sight @kight is either clearly within the set ‘tall’ or clearly outside
the mlcroblal system m_volved. This can be disastrous! Anthe set. In contrast, fuzzy logic allows a membership func-
understanding and feeling for how the system performs byjon to be defined with graduated set membership. For
the medium developer should be enhanced by neural negxample a fuzzy logic definition of tall may expand the
works, not replaced by neural networks. previous definition to recognize partial membership for

A further development of the technique has been the usfeights between 1.5 and 1.8 m. Partial membership (values
of a number of neural networks to attack a number of subpetween 0 and 1) may indicate that a person is a little tall
problems instead of using one neural network to predichr is almost tall. Jamshidit al [60] provide an introduction
everything. An example of this is the use of neural net-g fuzzy logic for those unfamiliar with the technology [73].
WorkS. to pl’edlct fermen.taﬂon time prOflleS. One neurql net.- Most importanﬂy fuzzy |ogic utilizes and executes a ser-
work is used to determine the phase of the fermentation, iges of rules using fuzzy membership functions. The fuzzy
lag, growth or stationary, and a separate neural network ifnembership functions, by defining a degree of belonging,
used to predict fermentation performance depending on thgive fuzzy logic the ability to capture and deal with data
phase determined. ~that do not fit rigorously into present categories. This gives

Neural networks can be a good data capture techniqugzzy logic its key benefit; it deals well with noisy input
and a good training technique for bringing new mediumgata in a robust manner.
designers up to speed with all the previous data. It allows To use fuzzy logic to design a fermentation medium, the
the user quick access to all the historical data in a formfyzzy membership sets are first defined (Figure 5). This
that can be readily used. This is a significant advantage. defines to what extent a component concentration of X

) g L™ will be considered in the low, medium or high con-
Fuzzy logic (‘follow the rules) centration sets. Next a set of rules is devised which govern
Fuzzy logic is a multivalued logic which allows member- the system (Table 5). These rules are a series of ‘if then’

ship values (degree of belonging) along the continuum oktatements developed from the results of previous experi-
values between true (1) and false (0). This is in contrast to

classical or ‘crisp’ logic which only recognizes the binary

. L
values true and false. A crude example of the difference o 20
between classical and fuzzy logic is the classification of a o
person’s height. Using classical logic we may define a per- 9
son as being tall if that person’s height is over 1.8 m. This :6 154
S
ium high =
low . mediu /g 3 104
100 3
\3 [
/ o
o 801 \ T 5
5 . &
2 60 ' \ c
m ‘ m o 1 1 1 T T
a : \ ®
£ 404 3 5 10 15 2
@ -
E 201 . \ Training data or rules
\ Figure 6 A comparison of the standard deviations of the percentage
0 v ' errors between neural networkil§) or fuzzy logic (-¢—) model predic-
-10 40 g0 tions and measured values from a full factorial experiment. The standard
deviation is plotted as a function of the number of data points in the
g/l_ training set for the neural networks model, or the number of rules used

from the same number of data points for the fuzzy logic model. Neural
Figure 5 The fuzzy membership set used to define the degree of belongnetworks are marginally better than fuzzy rules in predicting cell concen-
ing to each defined category, in this case high, medium or low concentration during the production of microbial oil bR. gracilis Data from
tration of the substrate molasses. Data from Kennedy and Spooner [73Kennedy and Spooner [73].
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Table 6 Summary of medium design strategies

Strategy Concept Advantages Disadvantages Closed Mathematical
or open expertise
strategy needed

Borrowing Obtain medium from literatures Simple and easy e May not apply to your Open Nil

e Good place to start strain or situation

e often too many to choose
from

e many are laboratory media
with little industrial
relevance

e publication does not
necessarily mean super-
performance

Component Swap one component for e not limited to pre-defined e does not consider effect of Open Nil

swapping another at the same components component concentration

incorporation level e can try large numbers of e ignores interactions
components easily
e can see regulatory effects
of different components
Biological mimicry Mass balance to determine e medium not short of any e accurate microbial and Closed Low
elemental or molecular element substrate composition, and
composition of the medium e good cross-check of yield data needed
medium composition e complex medium
components can vary in
composition batch to batch
e does not consider
regulatory effects

One-at-a-time Change the concentration ofe simple and easy e interactions ignored Closed Nil

one component, keeping e easy to grasp results e optimum can be missed
everything else constant visually on a graph e large number of
experiments

Experimental

design

Full factorial Every possible combination e best possible coverage of e large number of trials Closed Low

tested experiments

Partial factorial A subset of the full factorial e compromise solution, with e only potential average Closed Moderate

design a smaller number of runs e some high order
interactions unobserved
Plackett and Design for seeing effects of e the minimum number of e interactions unobserved Usually Low
Burman n -1 variables inn runs runs required closed
e good screening tool Open leads to
e only two levels adding
multiple
similar
components at
once

Central composite  Partial factorial used to e estimates curvature of e moderate number of runs Closed Moderate

estimate curvature of effects effects not just direction

Box—Behnken Minimalist central composite e estimates curvature e less coverage than central Closed Moderate

e low number of runs composite

Optimization

techniques

Response surface Steepest ascent and canoniealisualize results in 3D e plotting limited to two Closed Low if

methodology analysis variables at a time software

available

Steepest ascent Follow steepest trail Closed Low if

software
available

Canonical analysis  Explore around the peak e distinguishes between peake only used near a peak Closed Low if

saddle or ridge software
available

Multiple linear Polynomial fit to data e widely used and available e extrapolation of high Closed Low if

regression order polynomials can software

produce unusual results available

Gauss-Seidel Stepping in one direction at a Closed Low if

time software
available

(Continued on next pagye
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Table 6 Continued

Strategy Concept Advantages Disadvantages Closed or Mathematical
open strategy  expertise
needed
Modified Medium variation along Closed Low if
Rosenbrock directions at right angles to software
each other available
Nelder—Mead Evaluation at vertices of a Closed Low if
simplex simplex software
available
Artificial neural Model that mimics the e handles large amounts of e not tolerant of missing data Closed Moderate
networks learning ability of the brain data easily e can be ‘overtrained’
e good at pattern recognition e can be inappropriately
e no mechanistic applied
understanding required e duplicate results not dealt
with well
Fuzzy logic Multivalued logic which e very tolerant of noisy or e needs a set of rules to be Closed High
executes a series of rules highly variable input data, devised which can be
and missing data difficult
e rules can conflict with each
other
Genetic algorithms  Uses evolutionary natural e medium steadily improves e no insight from the Closed High
selection process e new medium automatically designer is used
selected e historical data abandoned
on each iteration
Continuous Addition of growth limiting e exact growth-limiting e effort in setting up a stirred Open Nil
fermentation and nutrient results in growth nutrient identified fermentation system
pulsed batch e interactions and

precipitation reactions can
occur if a large number of
components are added to a
batch system

e increased risk of
contamination of continuous
culture due to the large
number of changes to

system
Stoichiometric Based on intracellular e considers what's happeninge considerable simplification  Open High
analysis metabolites and pathways inside the cell (reduction and lumping)

occurs

ments. When a new medium composition is entered théo build rules. A hybrid neuro-fuzzy system could have
fuzzy logic program then ‘fires’ the appropriate rule or rule considerable advantages. Neural networks could be used to
combination to predict the outcome (microbial design rules, which fuzzy logic could execute in a very
performance). robust fashion. To date no one has tried this dual approach
Figure 6 gives an example of predicting cell concen-to design a fermentation medium.
tration results using fuzzy logic. As would be expected, as
the number of rules increases the accuracy of the modeBenetic algorithms (‘evolution in action’)
increases. However, as the number of rules continues tG&enetic algorithms mimic the process of mutation and
increase the accuracy decreases (the standard deviation sdlection fundamental to evolutionary processes and are
the error increases) because some of the rules are conflidtased on the principle of survival of the fittest. In such
ing or contradictory. This is analogous to over-training ofalgorithms a population of individuals (potential solutions)
neural networks. This highlights one of the key disadvan-undergoes a sequence of unary (mutation type) and higher
tages of fuzzy logic: you have to devise the rules and makerder (crossover type) transformations. These individuals
ing up good rules can be a difficult task. strive for survival: a selection scheme, biased towards fitter
Figure 6 also shows neural networks and fuzzy logicindividuals, selects the next generation. After some number
applied to the same data set. Both techniques perform bettef generations, the program converges—the best individual
than conducting a complete set of full factorial experimentshopefully represents the optimum solution [94]. In the case
with neural networks performing marginally better on this of medium optimization, the use of genetic algorithms can
data set. The strengths and weaknesses of fuzzy logic arimke briefly described as follows. The conditions for each
neural networks dove-tail together nicely and can befermentation experiment, ie medium composition, are
thought of as opposite ends of the spectrum. Neural netcoded in one ‘chromosome’, where each medium constitu-
works require no understanding of the system, whereaent in the defined concentration represents one ‘gene’. After
fuzzy logic benefits from an understanding of the systencompleting the first generation of experiments, chromo-
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somes with the highest productivity are selected and repliniques which resulted from a literature search. Some papers 467
cated proportionally to the productivity. After replication, used more than one technique and are classified in more
the crossover of chromosomes and mutation of some rarthan one place if the techniques were used to a significant
domly chosen genes is performed. In such a way, a newxtent. Table 7 does not reflect total usage of the techniques
generation of experiments is obtained [168]. because the literature search was not all encompassing, and
The technique can claim some very effective results. Irbecause many studies are conducted in industry and acade-
the study of mevinolin biosynthesis \spergillus terreus  mia that are not published. However, the literature search
within four generations of fermentation experiments theand Table 7 suggest the frequency of the techniques used
productivity had increased nearly three times [168]. In theand which techniques were emerging. Considering these
production of formate dehydrogenase ®gndida boidinij limitations, the following can be concluded:
14 medium components were optimized within 125 experi-
ments [159,160]. The advantage of genetic algorithms i Historically, component swapping or one-at-a-time
that they can handle a large number of components and no dominated.
new guessing is required at each round of experiments, i@ Since 1980 the use of experimental design has become

the direction is automatically set. more common. Possibly it has become more difficult to
publish medium design studies that solely use the one-

Stoichiometric and metabolic pathway analysis at-a-time methodology.

(‘inside the cell’) e When using experimental design, full factorial, partial

Most medium design techniques treat the cell as a black factorial or central composite are the techniques of

box or utilize solely empirical data. The next generation of choice.

medium design strategies look inside the cell and tailor the The Plackett and Burman design has been somewhat
medium to the metabolic pathway needs. Stoichiometric overlooked and is a useful screening tool.

models extend the mass balance approach to intracellular Once the designed experiment has been completed, the
components. Current approaches [167] are limited to con- most popular methods of analyzing and modeling the

densing complicated metabolism into a single equation. data are multiple regression (polynomials), response sur-

Further developments along this theme are expected. face methodology and steepest ascent.
e Response surface methodology has recently emerged
Frequency of use of the different techniques because of more widespread access to software packages

Table 6 summarizes each of the different medium design capable of using the methodology.
strategies and Table 7 shows the classification of the teche Continuous fermentation (CF) technique grew out of the
CF research boom of the early 1970s. It still remains a

Table 7 Frequency of use from a study of 94 techniques used to design powerful tool with potentlal for further developments.

fermentation media obtained from a literature search e The clear recent trend has been use of the ‘intelligent

techniques’ namely neural networks, fuzzy logic and

Technique Number of genetic algorithms. The wide distribution of inexpensive
references using software will enhance the use of these techniques.

the technique

When to stop designing the fermentation medium

Mass gﬁ";ricfw[f] ing [53,104.112] L Designing a fermentation medium can be a never-ending
One_‘;t_a_time PRING 52,255, 23 task. When is enough, enough? Sooner or later the medium
[3,4,11,16,23,29,30,31,40,44,46,47,56,58,79,82,110, developer is confronted with the following questions:
111,113,120,127,135,151]
Exfp?l”fmet”t‘?"ldes'gn 13 e How quickly can | improve microbial performance using
° [25’;&§’§[sz117’119,122’124’1341146’149’156’157] medium design? This question is often precipitated by a
e partial factorial [21,26,32,37,57,59,80,88] 8 manager entering the picture and saying ‘how long
e central composite [26,34,39,55,85,103,125,152] 8 before we have a decent medium?’
e Plackett and Burman [2,22] 2 e Which method of design leads to the fastest improve-
e orthogonal arrays/Latin rectangles [130,160] 2 ment rate?
Box—Behnken [125,150 2 . . .
Bptimizaﬁon tech[niques ] e How well is my current design strategy working?
e steepest ascent [15,57,88,124] 4 ° When_ should | change direction, eg test new components
e multiple regression/response surface methodology 6 (revisit the open strategy) or concentration regimes?
E:\?gg,%ll(%JZ&lS&lGZ] L e When has medium design reached the point of dimin-
. C . "
o Box-Wilson [2,20,42,117] 4 ishing returns and when should it be abandoned*
e Modified Rosenbrock [122,157] 2 o ) )
o Gauss-Seidel [86] 1 Often the decision to stop is arbitrary, eg when the product

e Simplex [119] _ 1 titer is X. However, a simple curve can go a long way
Continuous fermentation [12,50,92,101,143,147,164] ! toward answering these questions in a logical fashion. This

Neural networks [66,67] 2 . . -

Fuzzy logic [73] 1 curve is the plot of microbial performanaes number of
Genetic algorithms [159,160,168] 3 media tested (Figure 7).

Total number of usage of all techniques 94 Kennedy [64] demonstrated that these ‘medium develop-

ment curves’ showed a characteristic exponential character
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. . . Figure 8 Medium development curve for the production of GLA bl
Figure 7 ' Medium development curve for the production of GLABY 0 aic iR 51 (M, productivity data:+, cost data). A plateau in pro-
circinelloidesIRL 172 (M, productivity data;t, cost data). Once the curve 4, ity prompted a radical change in glucose regime—uwith dramatic
reaches a plateau it's time to review the current design strategy. Data frorﬂasults Data from Kennedy [64]

Kennedy [64].

. . . Table 8 The top five carbon sources available in New Zealand. Adapted
and could be modeled using either of the following equa-rom [67,71,121]

tions. For maximizing performance, eg volumetric pro-

ductivity: Carbon source Composition %C $kg S$kg?
assumption carbon
Y=A1-€")
Whey permeate 5.1% lactose 2.1 0.003 0.12
_ P _ . Tallow 100% C18 76.0 0.39 0.51
where Y = performance indicatorX =number of media g cose syrup 67% solids 26.8 0.56 209
tested andA,B = constants. _ Methanol Pure 375 093 249
For minimizing performance, eg medium cost: Raw sugar 100% sucrose 42.1 1.27 3.02
Z=CePX+E $, New Zealand dollars, 1991 (NZ$0.6 US$).

where Z = performance indicatorX =number of media choice but to use another industry’s waste stream. The other
tested andC,D,E = constants. industry is invariably keen to get their waste off site as
These curves show (in practice for our laboratorysoon as possible, and to find different uses for the waste
conditions) that often only a small number of media (lessapart from the ubiquitous low-value animal feed compo-
than 20) need to be tested before a plateau is reached. Whasent.
this plateau emerges it is time to either do something rad- At a minimum the database should contain an elemental
ically different or stop. Figure 8 illustrates this point. A pla- breakdown of the substrate, its cost and if possible its mol-
teau was reached after 20 media had been tested. At thigular constituents. Elemental sources, eg carbon sources
point glucose concentrations were changed from 0-40'g L can then be grouped together for comparison. If cost com-
to 0-250gL* with dramatic results. Significantly, parisons are needed it is important not to compare the sub-
increased productivity, achieved by an increase in mediungtrates on a $ kg basis, but on a $ kg of element, eg
cost, resulted in no drop in medium cost per unit PUFA$ kg of carbon, nitrogen etc. Databases of carbon and
produced. Plotting the medium development curve anditrogen sources available in New Zealand can be seen in
knowing the kinetic parameters for medium development ofTables 8 and 9 which also illustrate that each fermentation
your laboratory can avoid a large amount of wasted effort.

Table 9 The top five nitrogen sources available in New Zealand.

An industrial fermentation substrate database Adapted from [67,71,121]
The knowledge base from which fermentation medium
design progresses is a description of the substrates that c#itrogen source % N $ kg $ kg nitrogen
be used. This most conveniently takes the form of a compo-
sition and cost database of substrates available. The datﬁtﬁwlerS Efain 3-175 c?'c%a 3-751

; ; ; ole whey . . .
base can contain hundreds of mdustrla_l prod_ucts, many oﬁi’shmeal 06 0.18 188
which are agro-industrial byproducts. With a high value fer-¢, 470 235 5.00
mentation product the fermentation company can have thglink meal 9.6 0.55 573

luxury of using defined pure components. For commodity
fermentation products the fermentation company has littles, New Zealand dollars, 1991 (N2$0.6 USS$).
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Table 10 Effects of different samples of calcium carbonate on penicillin microbial medium 469
G production. Variability can have a significant impact on biological out- isolates components
come. Data from Corbett [35] \ m /
Brand Comparative titer (%) - -

screening medium

process design
Sturcal 100 p—
Omya D5 62.9 /
Omya vedar 53.4 =
Omya calibrite 711
Millicarb 57.9
BP brade 70.0

selected microbe
and medium

Figure 9 A co-ordinated medium design and microbe screening process

, . . has synergistic advantages as well as decreasing the chance of missing a
company’s database may differ because of regional gegsetter performing system.

graphic differences.

Just because a substrate is inexpensive does not mean jt , . : . :
is automatically the best. For example, the cheapest carbdjeW Zealand’s extensive dairy industry. Fishmeal,
sources in New Zealand are whey and tallow. Whey ig2though inexpensive, may not be used in New Zealand
available only on a seasonal basis in New Zealand angrmentatlon media because it has a high mercury content

foams significantly in aerated fermenters. To use whey th@y World standards for fishmeal (0.02-2.40 mgkgish
microorganism must be able to ferment lactose. To use takt48)- Of particular note are the by-products of the fruit

low the microorganism must be able to degrade lipid. TalProcessing industries eg apple pomace, kiwifruit pomace,
low is a solid at most fermentation temperatures and som@raPe, tomato and citrus processing waste. Prices for these
means must be found to distribute the tallow finely andMatérials are negotiable because they usually have few
uniformly to enable efficient utilization. Tallow also floats, alternative uses and local councils are increasing pressure
resisting attempts to break it up using agitation. Methanof® decrease landfilling by increasing disposal costs. Unfor-
is an inexpensive carbon source, which no doubt led to it{Unately these substrates contain high molecular weight
popularity for single cell protein (SCP) production polysaccharides and fiber which most industrial micro-

[77,97,142,158]. In the mid 1980s New Zealand had a gas?'9anisms cannot readily utilize. Usually they are only an
to-methanol production plant at Waitara producing 140qPption for solid substrate fermentations where they may
tons per day of methanol [5,6]. However toxicity to most Perform extremely well, eg apple pomace has been success-

microbes (and to humans) at relatively low concentrationfU!ly tested as a mushroom substrate in New Zealand [65].
levels, and a low flash point (1C [62]), means methanol Another dlsadvantage_for these types of substra_lte is trans-
is not always desirable [63]. Molasses, long thought of a@©rt costs. Usually it is only economic to consider these
a low cost fermentation substrate, is not so low cost in Newpubstrates if the fermentation facility is near the source of
Zealand, which does not have a sugar cane industry ani€ Pyproduct, as drying and transport costs are prohibitive.
has high transport costs. Usually the lowest cost fermentation substrates come

The cheapest nitrogen sources in New Zealand are breWvith strings attached, ie they are a solid or have some other

ers grain, whey, fishmeal and urea. Urea is relatively inexdisadvantage. Therefore price alone should not be the sole

pensive in New Zealand because New Zealand has lection factor. Tables 8 and 9 illustrate the large financial
ammonia-urea plant. Urea, however, has the disadvanta Acentives there can be for considering more-difficult-to-

that water solutions degrade on heating, giving offUS€ substrates. _ o
ammonia [93]; a distinct disadvantage if heat is used to Another question that is frequently raised is where to get

sterilize the medium. Whey is an inexpensive byproduct ofcOMPosition data for the substrate database. Three sources
y P yp of data are useful: the classic Solomons [136]; Miller and

Churchill [96]; and Zabriskieet al [166]. Another good
Table 11 The effect of a disc material on production of streptomycin. Source of data is animal feed composition collections
Leachates can reduce biological performance. Data from Sikyta [129] [1,7,49,102,105-108,133,140,153-155].

Disc surface coating Streptomycin production (%) Tricks of the trade (‘traps for young players’)

Even when the above elegant and sophisticated approaches
SI'Srsnsinium 110000 to medium design are followed, things can still go wrong.
Stainless steel 28 A fgw of these from the author’s experience are recounted
Brass 18 for interest.
Zinc 0 Complex medium components, eg fishmeal or yeast
Brass-alloy 16 extract, may vary widely in composition between batches
%‘r’]pggﬁgcg’at'”g 6%)5 as is often anticipated. Foetal bovine serum (FBS), used in
Phosphatisation 47 tissue culture, is a well known example. However, when
Rubberisation 45 dealing with ‘pure’ components this variability is assumed
Polyamide resin 109 not to exist, and so, usually, different brands of pure chemi-

cals are not biologically compared. This can be a mistake.
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Figure 10 An integrated medium design process.

Table 10 shows that different brands of calcium carbonatetruvite, production of which is enhanced by agitation
had a huge effect on penicillin G production. In this case[114]. Struvite particles are resistant to shear and centrifuge
the purity and production processes can have a significamtown with the cells post fermentation. The particles then
impact on biological outcome. This emphasizes the needhust be separated from the cells, if the cells are to be used.
for a total quality management system with a documented The effect of inoculum conditions on shake flask medium
substrate supply. design experiments is often overlooked. Whether the cells
When designing a medium it is very easy to add a varietyare added in ‘mid-log’ state or in ‘stationary’ phase can
of components together. Just because they can be addbdve a significant impact on the results. This becomes
to water doesn’t mean they are available to the microbeimportant when comparing batches of shake flask results.
Precipitation can occur upon adding the components oA control medium should be run with each batch to check
browning reactions can occur during sterilization. One ofbatch-to-batch variability. Water quality can affect results
the less obvious of these reactions is the formation of struespecially if the water is excessively hard or because of
vite. Struvite is magnesium ammonium phosphate hexahytrace mineral levels. It is important to use the same water
drate (MgNHPGO,-6H,0) and can form as hard insoluble source in the laboratory as will be used on the large-scale
particles in fermentation broth when its solubility limit is to prevent this problem.
exceeded (fermentation is not the only biological system to Glass is usually the material used in shake flasks. How-
suffer with struvite; it is also present in some urinary andever metals in large-scale fermenters can leach into the
kidney stones [48], waste water treatment systems, after thmedium, changing biological performance. Table 11 pro-
application of phosphate fertilizers to soils and after thevides a graphic example of this. Ironically, the ubiquitous
canning of seafoods [126]). Certain microbial species formstainless steel performed relatively badly. The same con-
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sideration should be given to materials of the pipes feedindetailed metabolic flux analysis: Eventually, if

fermenters, eg leaching from copper pipes may poisorenough detail on the metabolic flux and regulation of

the medium. components within (and into) the cell is available, this
One factor that can confuse shake flask results is nutrieribnformation should be sufficient to design a mediwam

carryover. This effect is most pronounced in chemicallypriori.

defined media. When the inoculum is added to the shake

flask, a certain (usually small) amount of nutrient mediumcChange the organism, not the substrate: If means

is carried along. This carried-over medium may containof accelerating mutation and selection (ie evolution) can be

trace components which can affect results. The carryovefound it should be possible to adapt the microbe to the

can also be intracellular in that it may be many cell cyclessubstrate to enhance performance on low cost substrates.

before intracellular reserves of trace components arehis may become the preferred strategy for commodity pro-

exhausted. For example, growth factors can be carried ovefuct manufacture.

when tissue culture cells are adapted to a new medium.

Often three or more subcultures of tissue culture cells aregxomposition gradient experiments: If microbes

the cells can be made. a concentration gradient along its axes (medium design

chips), the location of where the microbe had

grown/performed the best would enable direct reading of

the best medium composition.

Given the above array of tools, how should medium design
be approached? An integrated medium design process i®ining out-microbial style’:  Systems may be able to
proposed [72]. The first step is to integrate medium desigie designed to allow motile/mobile organisms to make up
and microbial screening to assess as wide a range dheir own preferred cocktails.
microbial performance as possible (Figure 9).

Screening with two media, although doubling the effort,
can yield better results. Start with an open strategy an(lj?eferences
ideally persist with this as far as possible. The most logical 1 Agricultural Research Council. 1976. The nutrient requirements of
open strategy is component swapping, although designs farm livestock No. 4 composition of British feeding stuffs technical

; _ review and tables. Her Majesty’s Stationery Office, London.
such as Plackett and Burman can be used. This open StratZ Aleksieva PP, IV Grigorov, MR Foutekova, AA Djerova and PD

egy phase implies a fully documented substrate database  speremetska. 1985. Optimization of the composition of the nutrient
and likewise chemical shelf. Most experts in medium medium for biosynthesis of acid proteinase from a fungal mutant
design are always on the lookout for new components to  strain humicola lutea 120Doklady-Bulgarska Akademija Na Nauk-

h nd alw rin liers for ite 38: 731-734.
2221 t;)est eTﬂzt%ba:gsne S(t?atde 2 naeyesd br?g{gge ﬁasﬁgpafds T(F)]e3 Al-Obaidi ZA, GM Aziz, TS Al-Hakkak and MA Al-Hilli. 1987.
b ) P 9y phaz ) Optimization of propagation medium for bakers’ yeast using date

number of components from the database for the open strat-  extract and molasses: 2. Determination of the optimum concentration
egy should be cut down by common sense and considering of micro-elements and vitamins. Date Palm J 5: 64-78.
the constraints listed in Table 1. 4 Amrane A and Y Prigent. 1993. Influence of media composition on

: lactic acid production rate from whey hyactobacillus helveticus
After the open strategy phase a short list of components Biotechnol Lett 15: 239244,

should enter th? closed strategy 'phase. Which tools ares Anon. 1984. Methanol ‘think big' begins. Economic News 1198: 9.

best? One-at-a-time should be avoided, but the exact choices Anon. 1984. On target-for cost and commissioning. New Zealand

of design will be determined by the data needed, eg is a Engineering 39: 13-15. _

small number of runs desired, is it desirable to explore 7 Ashbacher G. 1986. Feedstuffs 1986 Reference Issue. Miller Pub-
t interaction r to home in on k. Once th lishing Company, New York.

component interactions, 0_ 0 ho e_ . on a peak. _Ce . € g Atlas RM. 1995. Handbook of Media for Environmental Micro-

runs are complete, analysis, data mining and result visualiz-  pjology. CRC Press, Boca Raton.

ation should be conducted. Simply picking the best medium 9 Atlas RM and LC Parks. 1997. Handbook of Microbiological Media.

neglects the richness of data available. Trends should be Second edition, CRC Press, Boca Raton. _ _

teased out of the data. Model building is the next phase.lo Banerjee R and BC Bhattacharyya. 1993. Evolutionary operation

. EVOP) to optimize three-dimensional biological experiments.
The key seems to be to explore alternatives. Each model (Biotech)nol Biogng 41: 67-71. 9 P

type, eg neural networks or genetic algorithms, has differ- 11 Bajpai P, RK Gera and PK Bajpai. 1992. Optimization studies for
ent strengths and weaknesses. Monitoring progress is the production ofa-amylase using cheese whey medium. Enzyme
important and can avoid excessive unproductive exper- _ Microb Technol 14: 679-683.

. . . 2 Beste H, M Fackeldey, M Willems, L Stockmann and D Weuster-
imentation. The last phase before ScaleuD to stirred tankl Botz. 1997. Optimization of fermentation medium composition in

fermenter is retesting the medium to assess the variability  supstrate-controlled continuous stirred tank reactors. Chem Eng
of microbial performance on the chosen medium. The steps  Technol 20: 403-413.
are summarized in Figure 10. 13 Bhagat P. 1990. An introduction to neural nets. Chem Engin Prog
86: 55-60.
14 Bielecka M, B Czarnocka-Roczniakowa and A Gradzinska. 1978.
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Designing fermentation media in the future amin By, by propionibacteria. Acta Alimentaria Polonica 4: 133-140.
. . . 15 Bloor S and RR England. 1991. Elucidation and optimization of the
Some ideas of how media may be designed 50-100 years medium constituents controlling antibiotic production by the cyano-
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