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Abstract

Models currently exist that effectively capture the dynamics of nutrient-limited, single-substrate
bacterial growth in a well-mixed, constantly diluted volume, known as a chemostat. These models,
that describe bacterial growth on a single substrate, are of great practical importance in numerous
industries, ranging from pharmaceutical production and food/drink manufacturing to waste water
treatment. However, in nature it is rare for nutrients to be present in the environment as a sin-
gular substrate; more often than not, bacteria will grow on a mixture of many different substrates.
Given this, there is a need for a mathematical model that effectively describes the dynamics of
mixed-substrate bacterial growth. In this paper, we use data from experiments conducted in 1996 by
Lendenmann, Snozzi and Egli on the growth of Escherichia coli on different sugar mixtures to evalu-
ate the suitability of various mathematical models. To do so, a computational framework, written in
Python, was developed to quantify the differences between the experimentally obtained values and
theoretically calculated values for different variables in the chemostat setup. Each bacterial growth
model explored in this research builds upon the previous through the addition of higher-order in-
teractive relationships between the individual substrates. We begin with a rudimentary model that
assumes that the bacteria consume the individual substrates sequentially, and later progress to a more
complex model that incorporates interaction parameters to consider the inhibitory effect that each
substrate has on the others. The results from this analysis suggest that the higher-order growth rate
models, which account for an interaction effect between substrates, are more suitable for describing
multi-substrate growth; highlighting the complexity of the mechanisms underlying bacterial growth.

1 Introduction

A chemostat is a well-mixed, continuously diluted
volume contained within a vessel, in which growth
substrate is externally supplied from a reservoir at
a constant flow rate, and from which a mixture of
bacteria and spent substrate is removed at the same
rate, maintaining a constant volume within. The
steady-state population in the chemostat is reached
when the rate of bacterial growth is equivalent to
the dilution rate, creating an environment in which
bacteria grow at exactly the rate at which they are
removed [1].

Chemostats are widely used in a number of in-
dustries, including wastewater treatment and phar-
maceutical production. Recent FDA approvals for
drugs produced by continuous cultivation will likely
see an increase in the utilisation of continuous bio-
processes by the pharmaceutical industry, via bio-
logical devices like the chemostat. It is likely that
other industries, such as the food and drink man-
ufacturing industry, will follow suit given that con-
tinuous production offers far greater volumetric pro-
ductivity, and as a consequence, reduced expendi-
ture in equipment [2].

1.1 Monod Growth Model

Figure 1: Illustration of the Monod Growth model
(equation 1). In blue is the growth rate, µ, as a
function of the single substrate concentration, s. At
the substrate concentration Ks (green), the growth
rate is half (red) of its maximum value, µm (yellow).

Bacterial growth in a chemostat is commonly
modelled as a function of substrate concentration,
described by the empirical Monod relation as fol-
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lows [3]:

µ(s) =
µms

s+Ks
(1)

In this equation, µ describes the specific bacterial
growth rate, s is the concentration of the single sub-
strate, µm is the maximum bacterial growth rate,
and Ks is the saturation constant, which is the sub-
strate concentration at which the bacterial growth
rate is half of the maximum growth rate. Impor-
tantly, Ks and µm are properties that are specific
to a particular substrate. Equation 1 is represented
graphically in figure 1, illustrating how the bacterial
growth rate varies with the substrate concentration.

1.2 Single substrate chemostat dy-
namics

In the case of bacterial growth on a single substrate,
ordinary differential equations can be written to de-
fine a relationship between the growth of a bacterial
population to the concentration of a single limiting
nutrient (the substrate) [4].

Considering mass balance equations for the bac-
terial mass and substrate mass in the chemostat
leads to the following equations for the bacterial
concentration and substrate concentration:

dρ

dt
= (µ−D) ρ

ds

dt
= D (s0 − s)− µρ

Y

(2)

Here, ρ is the bacterial concentration, µ is the bac-
terial growth rate (as specified by equation 1), D is
the dilution rate, s is the substrate concentration,
s0 is the externally inputted substrate concentra-
tion, and Y is the bacterial yield, set by dp = Y ds.

The steady state solution is obtained when the
rate of change in concentration is zero (i.e. dρ

dt = 0,
ds
dt = 0):

µ̃ = D

s̃ =
KsD

µm −D

ρ̃ = Y

(
s0 −

KsD

µm −D

) (3)

A key limitation of the ordinary differential
equations presented above is that they consider
bacterial growth on a single substrate, assuming a
Monodic growth rate. The aim of this report is to
evaluate various models that extend this model to
consider the dynamics of mixed-substrate growth.

1.3 The Dataset

The evaluations of mathematical models discussed
in this report are made possible through results ob-
tained by experiments conducted by Lendenmann,

Snozzi and Egli on the growth of Escherichia coli on
various sugar mixtures in chemostats in their 1996
paper [5]. This dataset details bacterial growth on
different combinations of the following substrates,
where in brackets is the abbreviation for each: glu-
cose (glc), galactose (gal), maltose (mal), ribose
(rib), arabinose (ara) and fructose (fru).

The results from each of these experiments are
collated in Lendenmann and Egli’s 1998 paper [6],
and can be found in the appendix (figure 4), with
additional supplementary information (figure 5) de-
tailing the values of µm and Ks for each substrate.

2 Sequential Uptake Model

The simplest multi-substrate model assumes the
sequential (one by one) uptake of individual sub-
strates, with bacteria simply switching substrates
when they have depleted one substrate enough that
another becomes more favourable. This results in
a mechanism whereby individual substrates are
depleted in growth rate order, depending on which
one provides the highest instantaneous growth
rate.

Mathematically, this sequential uptake for
growth on n substrates can be written as:

µ(t) = max {µ1(t), µ2(t), ..., µn(t)} (4)

where µi(t) is a function of time for the growth rate
of the ith substrate in the mixture.

This growth rule implies that the bacterial con-
centration steady state attained by growth on each
individual substrate independently is additive, and
the sum of these steady states should be equivalent
to the overall bacterial steady state (given by the
Dry Weight column in the dataset). This can be
mathematically expressed as below:

ρ̃ =

n∑
i=1

ρ̃i (5)

where ρ̃i is the theoretical bacterial steady state
from growth on the ith substrate independently, and
ρ̃ is the overall bacterial steady state in the chemo-
stat.

Substituting the equation for the steady steady
solution of bacterial concentration (equation 2), this
can be written further as:

ρ̃ =

n∑
i=1

Yi(s0;i − s̃i) (6)

where for each substrate i: Yi is the yield coefficient,
s0;i is the input concentration, and s̃i is the steady
state concentration.

From the dataset previously discussed, all vari-
ables required for equation 6 are experimentally de-
termined, except for the substrate yield coefficients.
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Thus, we use the experimental data to calculate the
yield coefficient for each of the n substrates in each
experiment using optimisation methods. We then
compare the obtained values across the different ex-
periments, to determine if the yield coefficients cal-
culated for each substrate are similar across the ex-
periments.

To illustrate this methodology, we here present
our approach for Rows 1-6 in the dataset, concern-
ing the growth of E. coli on mixtures of glucose
and galactose sugars at varying ratios. In this case,
equation 6 can be written as below:

ρ̃ = Yglc(s0;glc − s̃glc) + Ygal(s0;gal − s̃gal) (7)

where glc and gal represent the sugars glucose and
galactose respectively. We now can substitute the
values for ρ̃, s0;glc, s̃glc, s0;gal, and s̃gal from the
dataset (figure 4), and obtain values for Yglc and
Ygal through curve fitting with non-linear least
squares.

1-12 13-18 19-24 25-30

Glc 0.4616 0.4790 0.4863 0.4906
Gal 0.5151 0.4422 - -
Mal - 0.5449 - -
Rib - 0.4680 - -
Ara - 0.4817 0.4551 -
Fru 0.3558 0.4684 - 0.4543

Table 1: The values of the yields, Y obtained by fit-
ting equation 6. Each column represents a different
experiment, here referred to by the corresponding
rows in the dataset, while each row is a sugar (sub-
strate) for which the yield is calculated.

Table 1 shows the results of fitting the yield pa-
rameters for each experiment in the dataset. All
values obtained for the yield coefficients are between
0 and 1 which indicates that the substrate utilisa-
tion rate is greater than bacterial growth rate, as
one would expect.

Note that solving for the yields of glucose, galac-
tose and fructose in rows 7-12 would be an issue,
as the steady state values for glucose remain fixed
while glucose and galactose change, and so solving
for 3 yield values would result in an undetermined
system. As a result, we amalgamated rows 1-6 and
rows 7-12 to avoid this and ensure that all 3 vari-
ables can be solved for with the data.

Whilst the yield values seem reasonable when
considering each experiment in isolation (0 ≤ Yi ≤
1), it is clear that the yields obtained per substrate
are variable and not constant, as the sequential up-
take model would expect. Hence, there is a need to
investigate a different model, which leads us to the
the next section.

3 Lendenmann Ratio Model

In 1996, based on experimental results, Lenden-
mann proposed a model wherein the steady-state
concentrations of individual sugars are proportional
to their contributions to the total substrate concen-
tration in the input growth medium [5]. This model
assumes that the bacterial growth on each substrate
remains that of a single substrate model, for exam-
ple the Monod relation. Considering an arbitrary
substrate, s1, this ratio relation can be written as:

s̃1 = s1;100% · s0;1∑n
i=1 s0;i

(8)

Here, s̃1 is the steady state concentration of s1,
s1;100% is the theoretical steady state substrate con-
centration from the single growth model and s0;i is
the input concentration of the ith substrate. In the
following subsections, we will consider two differ-
ent single-substrate bacterial growth equations, the
Monod equation and the Moser equation, and then
evaluate the Lendenmann Model using each model.

3.1 Monod Growth Model

In Section 1.1, we presented the Monod growth
model for bacterial growth on a single substrate. By
using the expression for s̃ from the Monod model
(equation 3), we can rewrite the Lendenmann
model (equation 8) as:

s̃1 =
KsD

µm −D
· s0;1∑n

i=1 s0;i
(9)

The dataset provides values for the steady state
concentration of each substrate in different propor-
tions in the mixtures, allowing the predictions of
equation 9 to be directly compared to the experi-
mentally determined values.

There is a degree of uncertainty in both the ex-
perimental and theoretical values for this model.
For the experimental steady state substrate con-
centration, we use an uncertainty of 10%, derived
from the variance in experimental data, as stated
in Lendenmann’s 1994 thesis [7]. The uncertainty
in the predicted values of s̃ can be calculated from
the errors in Ks, D, and µm, as below.

∆s̃

s̃
=

√(
∆Ks

Ks

)2

+

(
∆µm

µm

)2

+

(
∆D

D

)2

(10)

Again, the uncertainties in Ks are given in the
1994 paper, and because the values for Ks and µm

were obtained in conjunction with one another, the
uncertainty in µm is implicit in that of Ks. The
error in D is further derived from the variance of
results, and is 5%, leading to the general formula
for the uncertainty:

∆s̃

s̃
=

√(
∆Ks

Ks

)2

+ (0.05)
2

(11)

3



(a) Steady states 1-6 from dataset

(b) Steady states 7-12 from dataset

(c) Steady states 25-30 from dataset

(d) Steady states 19-24 from dataset

Figure 2: Comparing the experimentally observed
steady state substrate concentration (blue) for in-
dividual substrates in different mixtures to the the-
oretical steady states (orange) predicted by the
Lendenmann model (equation 9).

Figure 2 plots the predicted values of the steady
states against the experimentally determined
steady states. As expected, there is a linear
relationship between the substrate proportions and

theoretical steady state substrate concentrations,
and it is promising to see a similar linear relation-
ship exhibited between the substrate proportions
and the experimental values. In order to evaluate
whether a strictly linear relationship is present be-
tween the substrate ratios and experimental steady
state concentrations, we calculated the Pearson
Correlation Coefficient (PCC) for each substrate in
the different experiments, shown below:

Dataset Substrate PCC

1-6 glucose 0.9959
galactose 0.9959

7-12 glucose 0.9813
galactose 0.9873

19-24 glucose 0.9005
fructose 0.9344

25-30 glucose 0.9588
arabinose 0.9460

Table 2: The Pearson Correlation Coefficient for
each substrate from each experiment in the dataset.

As can be seen in table 2, the values for the Pear-
son Coefficient Correlation are all > 0.90, which
suggests a strongly linear relationship between the
substrate ratio and the steady state substrate con-
centration. This strongly linear relationship, com-
bined with the fact that the discrepancies in the
theoretical and experimental values are largely ac-
counted for by the uncertainty in both quantities
suggests that the model fairly suitably captures the
mixed-substrate growth, but one might expect a
more complex relationship to be governing the in-
teraction between substrates.

3.2 Moser Growth Model

The Monod growth equation is just one model for
bacterial growth on a single substrate – other mod-
els have been proposed, such as the Moser model
which also aims to capture this growth. In this
section, we will use the Moser growth model to de-
scribe a single substrate within the Lendenmann
model (equation 8), and thus investigate the effect
of substituting the growth model on the validity of
the Lendenmann Model.

Introduced by Herman Moser in 1958, this
model extends the Monod model by introducing
an exponential fitting parameter n, which modifies
the Monod relation as follows [8]:

µ =
µmaxs

n

Ks + sn
(12)

As before, the steady state solution for the substrate
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concentration can be found by setting µ = D,

s̃ =

(
DKs

µmax −D

) 1
n

(13)

and substituting this expression into the Lenden-
mann model (equation 8) gives the following:

s̃1 =

(
DKs

µmax −D

) 1
n

· s0;1∑n
i=1 s0;i

(14)

Equation 14 can be manipulated to produce a
linear relationship, as seen in equation 15. This
relationship can now be applied to calculate n via
orthogonal distance regression on the dataset.

ln

(
DKs

µmax −D

)
= n

(
ln s̃1

∑n
i=1 s0;i
s0;1

)
(15)

Substrate
Dilution Rate

(hr−1)
n

Glucose

0.3 0.994± 0.002
0.3 1.020± 0.006
0.6 0.990± 0.020
0.6 0.991± 0.013

Galactose
0.3 0.968± 0.002
0.3 0.994± 0.009

Fructose
0.3 1.033± 0.008
0.3 0.852± 0.009

Table 3: Values of the exponential fit parameter
n obtained via optimisation methods for each sub-
strate in the different experiments, with calculated
uncertainties, obtained by considering the errors of
the variables within the logarithmic terms.

Table 3 shows the resultant values of n obtained
by regression. The values of n do not significantly
deviate from n = 1 (the Monod model), which sup-
ports the idea that the adjustments to the Monodic
growth rate through the fitting term do not alter
the suitability of the Lendenmann model.

4 Interaction models

The previous models we explored do not directly
account for the complex interactions between
substrates during bacterial growth, and instead
assume that bacterial growth on each individual
substrate occurs independently. However, a more
realistic assumption has some interaction occur-
ring between the substrates: either competitive,
inhibitory or mutualistic.

4.1 Generalised Interaction Model

In 1977, Yoon et al. proposed a model that
accounted for pairwise interactions between in-
dividual substrates in dual-substrate bacterial
growth [9]. The bacterial growth rate is mod-
elled as a function of both individual substrate
concentrations, s1 and s2, as follows:

µ(s1, s2) =
µm;1s1

Ks;1 + s1 + a12s2
+

µm;2s2
Ks;2 + s2 + a21s1

(16)
In this dual-substrate growth rate equation,

which is derived from considering enzyme kinetics,
each substrate exhibits a competitive inhibition
effect on the utilisation of the other substrate,
where the extent of this effect is quantified by
interaction parameters a12 and a21. Concretely, a12
represents the inhibition effect of the first substrate
on the second and the converse for a21. This
degree of interaction in this model is defined by the
proportion of saturation constants between both
individual substrates, which can be seen below to:

µ(s1, s2) =
µm;1s1

Ks;1 + s1 +
Ks;1

Ks;2
s2

+
µm;2s2

Ks;2 + s2 +
Ks;2

Ks;1
s1

(17)
This equation can be generalised to account

for all pairwise interactions across n substrates, as
shown below:

µ =

n∑
i=1

µm;isi
Ks;i +

∑n
i=1 aijsj

(18)

In this model, aij represents the inhibition effect of
the jth substrate on the uptake of the ith substrate
by the bacteria. If aij = 1, this means that the jth

substrate has the same saturation effect as the ith

substrate has on itself: a competitive interaction.
If aij > 1, then the jth substrate has an inhibitory
effect on the uptake of the ith. If aij < 1, the
interaction is mutualistic.

By considering the generalised dual-substrate
growth rate model of equation 16, the interaction
parameters a12 and a21 can be fit to the exper-
imental data. This is achieved by considering
the steady state solution µ̃ = D, i.e. by equating
µ(s1, s2) = D for each row in the dataset, and using
non-linear least squares methods to estimate the
interaction parameters. These obtained values can
then be compared to the theoretical expression for
a12 and a21, to determine whether interactions are
indeed determined by the proportion of saturation
constants. These results are shown in table 4.
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Dataset
a12 a21

Fit
Ks;1

Ks;2
Fit

Ks;1

Ks;2

1-6 -9.04 0.745 2.8507 1.34
19-24 0.257 0.553 0.6176 1.81
25-30 -0.277 0.585 0.319 1.71

Table 4: Comparison of the fitted interaction pa-
rameters with the theoretically predicted ratio of
saturation constants. These interaction parameters
were calculated for each dual-substrate experiment.

Table 4 indicates no similarity between the val-
ues of fitted interaction parameters and the theo-
retically expected values. This is likely due to the
number of variables involved, combined with the
lack of data, but it is also possible that the satura-
tion effect on one another is not the only consider-
ation for interaction.

4.2 Further Interactive Models

Building upon this interaction-driven model, fur-
ther models can be considered that extend past this
simple interaction effect between substrates [10].
Below are two extended interactive models, that
consider a higher-order term s1s2 in the denomina-
tor. This captures the idea that substrate concen-
trations change the growth rate concurrently, sup-
porting the existence of more complex, interdepen-
dent relationships between substrates.

µ(s1, s2) =
µm;1s1

(Ks;1 + s1)(1 +
s1

Ks;2
)

+
µm;2s2

(Ks;2 + s2)(1 +
s1

Ks;1
)

(19)

µ(s1, s2) =
µm;1s1

Ks;1 + s1(1 +
s1

Ks;2
)

+
µm;2s2

Ks;2 + s2(1 +
s1

Ks;1
)

(20)

Both equations consider interaction to a higher
degree than that of the generalised interaction
model, by incorporating the higher-order interac-
tion term of s1s2, however equation 20 neglects the
proportion of saturation effects between the two
substrates.

5 Quantitative Comparison of
Models

Having explored a range of models that aim to cap-
ture mixed-substrate bacterial growth, we can now
directly compare the suitability of all models using
a common measure. As established earlier in equa-
tion 3, steady state conditions are reached when the
specific bacterial growth rate µ is equivalent to the

dilution rate D. Thus, for each model, we can cal-
culate the specific bacterial growth rate at steady
state, and compare this with the experimental di-
lution rate to determine validity.

Table 5 shows the equations used to calculate
the specific bacterial growth rate in the exper-
iments for each of the models. Note that the
specific bacterial growth rate equation according
to the Lendenmann Equation is derived via rear-
rangement of equation 9 to solve for D, yielding
an expression in terms of variables related to the
first substrate only. In the analysis we present, the
specific growth rate equation for the Lendenmann
model is an average of the growth rates obtained
for substrate 1 and substrate 2 for each experiment.

Model (Equation) Growth Relation

Sequential Uptake (6) µ =
µm;1s̃1
Ks;1+s̃1

+
µm;2s̃2
Ks;2+s̃2

Lendenmann Ratio (9) µ1 =
s̃1

∑n
i=1 s0;iµm

s̃1
∑n

i=1 s0;i+s0;1Ks

Yoon Interaction (17) Eq. (17)
Ext. Interaction 1 (19) Eq. (19)
Ext. Interaction 2 (20) Eq. (20)

Table 5: The specific growth rate equations for
each model presented in this report (the case where
µ = D). The relations for the Lendenmann and
Sequential Uptake models have been obtained via
re-arrangement of the equation for the steady-state
substrate concentration, s̃.

Applying the equations in table 5 to the dataset,
values for D can be calculated for each model.
Then, the sum of square deviations between the ex-
perimental dilution rate (the specific growth rate)
and the model prediction,

∑
(Dexp − µpred)

2, can
be calculated for each dual-substrate experiment,
the results of which can be found below in table 6.

Rows Eq. 6 Eq. 9 Eq. 17 Eq. 19 Eq. 20

1-6 0.041 0.091 0.006 0.008 0.001
19-24 0.092 0.021 0.025 0.099 0.014
25-30 0.170 0.064 0.083 0.201 0.050

Table 6: Sum of square deviations between the
experimental dilution rate and model predictions∑

(Dexp − µpred)
2. The bold entries are the lowest

values for each row, signifying which model predic-
tion is closest to the experimental data.

In table 6, the values for the sum of square
deviations are fairly minimal, suggesting that all
models are suitable to an extent in predicting the
specific bacterial growth rate in steady-state condi-
tions. Importantly, the bold fields in the table in-
dicate the model which provided the closest match
to the experimental values for each experiment. In
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(a) Sequential Uptake (Eq. 6) (b) Lendenmann Ratio (Eq. 9) (c) Yoon Interaction (Eq. 17)

(d) Extended Interaction 1 (Eq. 19) (e) Extended Interaction 2 (Eq. 20)

Figure 3: Violin plots for each of the 5 models explored. The specific growth rate at steady state was
calculated for each experiment (Rows 1-6, 19-24, 25-30) using the 5 different growth rate models. The
purple violin plots represent the distribution of all the specific bacterial growth rates calculated, and
the crosses show the actual experimental dilution rate, with an uncertainty of 5%. In all cases, the
experimental dilution rate falls within the bounds of the distribution.

all three cases, this is equation 20.
The extended interaction model 2 (equation 20)

is similar to the generalised interaction model
proposed by Yoon et al, but incorporates an
additional higher-order interactive relationship
between the substrates not present in the Yoon
model, described by the term s1s2 in the denom-
inator. This extended model better captures the
underlying mutualistic relationship between the
pairs of substrates, as shown by the minimal devi-
ation between experimental values and theoretical
predictions for the dilution rate.

In order to visually interpret the suitability of
the different models at predicting the steady state
specific growth rate, violin plots can be used to show
the calculated distributions of the dilution rates for
each model. Violin plots provide an insight into the
distribution of a set of values, showing the median,
quartiles, and overall range of the data. Figure 3
shows a violin plot that has been produced for each
of the models, depicting the distribution of theoret-
ically calculated dilution rates for each of the ex-
periments. Additionally, the experimental dilution
rates have been indicated using a black cross, with
an uncertainty of 5% as stated in Lendenmann’s

1994 thesis [7].
The plots indicate that all models are suitable

in predicting the specific growth rate in steady-
state conditions, with the actual experimental dilu-
tion rate (accounting for experimental uncertainty)
falling within the distribution bounds of results in
all cases. The violin plots reaffirm the greater valid-
ity of the interaction models as established through
the lower sum of square deviation results, as the
distribution bounds are smaller. This suggests that
the calculated values for the specific growth rate
are very similar to the experimental dilution rate,
especially for equation 20.

6 Conclusion

In summary, this report explored a variety of
different models that aim to capture the dynamics
of mixed-substrate bacterial growth in a chemostat.
Starting off with the very rudimentary assump-
tion that bacteria sequentially take up different
substrates based on which provided the highest
growth rate, we then progressed to a model where
the steady state concentration for each individual
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substrate was proportional to their input concen-
trations. Finally, we explored a range of models
that accounted for the interaction effect between
each individual substrate in the mixture, and these
models were generally better in predicting the
bacterial growth rate found in the experimental
data, especially the model represented by equation
20. These results show that the introduction of
higher-order, interaction-accounting growth rate
models more accurately reflect the experimental
data, suggesting greater suitability in modelling
mixed-substrate growth.

Perhaps we can consider these various multi-
substrate growth modes as corrective terms to
the single substrate growth mode, giving rise to
different bounds on the existing steady state. We
have already shown that the higher-order models
are more suitable in modelling mixed-substrate
bacterial growth, and looking beyond this research,
there is scope for developing growth models that
can account for even higher-order interactions
between more substrates.
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Appendix

In these experiments, the growth of E. coli on mix-
tures of different substrates was investigated for var-
ious substrate ratios at a constant dilution rate,
and the steady state concentrations for each sub-
strate were measured. A more concrete description
of each experimental dataset can be found below,
along with the rows in the dataset that each exper-
iment corresponds:

• Rows 1-6: Observing the growth of E. coli on
a mixture of glucose and galactose for varying
substrate ratios at a fixed dilution rate, mea-
suring the steady state concentration of both
substrates.

• Rows 7-12: Observing the growth of E. coli
on a mixture of glucose, galactose and fruc-
tose, with a fixed dilution rate and fructose
concentration, but with varying substrate ra-
tios of glucose to galactose. The steady state
concentration of all three substrates was mea-
sured.

• Rows 13-18: Observing the growth of E. coli
on a mixture of glucose, galactose, maltose, ri-
bose, arabinose and fructose for varying sub-
strate ratios at a fixed dilution rate, measur-
ing the steady state concentration of all sub-
strates.

• Rows 19-24: Observing the growth of E. coli
on a mixture of glucose and ribose for varying
substrate ratios at a fixed dilution rate, mea-
suring the steady state concentration of both
substrates.
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• Rows 25-30: Observing the growth of E. coli
on a mixture of glucose and fructose for vary-
ing substrate ratios at a fixed dilution rate,
measuring the steady state concentration of
both substrates.

In this report, the DW (Dry Weight) measure-
ment found in the dataset has been interpreted as
the bacterial steady state concentration, ρ̃.
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Figure 4: Dataset for the growth of E. coli in a chemostat on various sugar mixtures. Dataset is from
Lendenmann and Egli 1998 [6], from the experimental work of Lendenmann, Snozzi and Egli 1996 [4].

Figure 5: Substrate-specific information supplementary to the dataset presented in figure 4, from Lenden-
mann and Egli 1998 [6]
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