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a b s t r a c t

Currently available models describing microbial fuel cell (MFC) polarization curves, do not describe the
effect of the presence of toxic components. A bioelectrochemical model combined with enzyme inhibi-
tion kinetics, that describes the polarization curve of an MFC-based biosensor, was modified to describe
four types of toxicity. To get a stable and sensitive sensor, the overpotential has to be controlled. Simu-
lations with the four modified models were performed to predict the overpotential that gives the most
sensitive sensor. These simulations were based on data and parameter values from experimental results
under non-toxic conditions. Given the parameter values from experimental results, controlling the over-
potential at 250 mV leads to a sensor that is most sensitive to components that influence the whole
bacterial metabolism or that influence the substrate affinity constant (Km). Controlling the overpotential
at 105 mV is the most sensitive setting for components influencing the ratio of biochemical over electro-
chemical reaction rate constants (K1), while an overpotential of 76 mV gives the most sensitive setting
ensitivity

verpotential for components that influence the ratio of the forward over backward biochemical rate constants (K2).
The sensitivity of the biosensor was also analyzed for robustness against changes in the model param-

eters other than toxicity. As an example, the tradeoff between sensitivity and robustness for the model
describing changes on K1 (IK1) is presented. The biosensor is sensitive for toxic components and robust
for changes in model parameter K2 when overpotential is controlled between 118 and 140 mV under the

simulated conditions.

. Introduction

Water quality is an important factor that water companies
eed to monitor. Many methods are used to monitor the chemical
omponents that determine water quality. To measure chemi-
al components, both on-line and offline sensors are available. A
rawback of most off-line sensors is, amongst others, that detec-
ion takes several hours or even days. Hence this type of sensor
s, in general, unsuitable for alarming and process control. Fur-
hermore, these sensors are very accurate for some components
ut not at all for others. Therefore online, generic sensors are
eeded as well, especially for real-time applications. In addition to
hysical–chemical sensors, biosensors like fish, daphnia and bac-
erial sensors are available. These sensors are sensitive to many

omponents and placed online in systems. They need, however,
onlinear transducers to convert the signal of organisms into a
ignal that can be read by operators, are costly and need a lot of
aintenance (Grieshaber et al., 2008; Kim et al., 2005; Stein et al.,

∗ Corresponding author. Tel.: +31 (0)317 48 21 24; fax: +31 (0)317 48 49 57.
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2010; Vanrolleghem, 1994; Hasan et al., 2005; Willemsen et al.,
1995). A microbial fuel cell (MFC)-based biosensor was therefore
proposed as a direct biosensor for toxicity (Kim et al., 2005; Stein
et al., 2010).

A microbial fuel cell is a device in which a chemical signal is
converted into an electrical signal. Microorganisms convert organic
substrate into carbon dioxide, protons and electrons. Microorgan-
isms use an anode as their electron acceptor when no soluble
electron acceptor is present. Electrons flow from the anode to the
cathode where e.g. oxygen is reduced. The flow of electrons is mea-
sured as current. This current is a linear measure of the activity of
microorganisms. When a toxic component passes the microorgan-
isms, their activity will change, most likely decrease. Hence, fewer
electrons are transported and current then decreases as well. In
this way, a microbial fuel cell-based biosensor provides a direct
measure for water quality (Kim et al., 2005; Logan et al., 2006).

Activity of microorganisms depends on temperature and pH.
Hence to get an accurate signal from the MFC-based biosensor, pH

and temperature need to be controlled or they should be measured
and corrected for in a signal processing step. The activity of microor-
ganisms also depends on the energy obtained from consumption
of substrate. The energy related to the release of electrons at the
anode depends on the difference between prevailing anode poten-

dx.doi.org/10.1016/j.bios.2010.11.049
http://www.sciencedirect.com/science/journal/09565663
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Fig. 1. Kinetic scheme of the bio-anode. Substrate (S) from the bulk phase diffuses in
to the cell and is converted by an enzymatic reaction to form the redox component
complex XC in the micro-organism. This biochemical conversion leads to products
116 N.E. Stein et al. / Biosensors and

ial and equilibrium anode potential at zero-current. This potential
ifference is called overpotential. The overpotential needs to be
ontrolled to get a stable baseline under nontoxic conditions. How-
ver, it was not yet investigated at which overpotential the sensor
s most sensitive for detection of toxic components.

The objective of this paper is to offer a methodology how to
valuate at which overpotential the sensor is most sensitive to toxic
omponents.

One has to realize that current is not only determined by
he overpotential, but also by other environmental factors such
s the substrate concentration. Ideally, changes in e.g. sub-
trate concentration during measurement should not influence
he detection of toxic components. The sensitivity of the sensor
or toxic components should not decrease when environmental
arameters like substrate concentration change. In addition to
high sensitivity with respect to toxic components, the sensor

hus also needs to be robust against changes in environmental
arameters.

The approach to find an overpotential, at which the sensor is
ensitive to toxic components and robust against environmental
isturbances, was to use a model that describes current pro-
uction in microbial fuel cells. There are several models that
escribe polarization curves (Finkelstein et al., 2006; Hamelers
t al., 2011; Marcus et al., 2007; Picioreanu et al., 2007, 2008;
orres et al., 2008). The starting point for the analysis here is the
utler–Volmer–Monod (BVM) model as presented by Hamelers
t al. (2011). It is given by

= Imax
1 − e−�·f

K1 · e−(1−˛)·�·f + K2 · e−�·f + (Km/S) + 1
(1)

here Imax (mA) is the maximum current determined by maxi-
um enzymatic rates of microorganisms, � is the overpotential

V), K1 is a lumped parameter describing the ratio between bio-
hemical and electrochemical rate constants, K2 is a lumped
arameter describing the forward over backward biochemical
ate constants, Km (mol/l) is substrate affinity constant and S
mol/l) substrate concentration. Furthermore, f = F/RT with F Fara-
ay’s constant, R the gas constant and T the temperature. This
odel is based on a representation of the underlying biochem-

cal conversions and electron transfer reactions that take place
n the anode. Hence, it contains a combination of enzyme kinet-
cs and electrochemical kinetics. The kinetic scheme is presented
n Fig. 1.

As yet, this model does not contain any term that accounts for
he presence of inhibiting components. Hence, in this paper, for the
urpose of toxicity detection, the model is extended with an inhibi-
ion term. Next, the sensitivity of the sensor for toxic components
s a function of overpotential will be examined. Through simula-
ions it will be investigated how the mode of action of the toxic
omponent influences the change in current when a toxic compo-
ent is present. Then, it will be determined at which overpotential
his change is the largest and thus the sensor is the most sensitive.
his gives the optimal overpotential at which the sensor needs to be
ontrolled under non-toxic conditions. In addition to this, a param-
ter sensitivity analysis is conducted to investigate the robustness
f the sensor and to investigate how the choice of overpotential is
nfluenced by the parameter values in (1).

. Methods
As a starting point the model (1), as introduced by Hamelers
t al. (2011), is used. The assumption is that the effect of toxicity
an be described and modeled via an effect on the kinetic reaction
ates involved in electron transfer. Depending on the mechanisms
ow the cell is influenced by the component there are several reac-
(P) that diffuse to the bulk phase again. Electrons that are released in the conversion
are transported to the electrode via a redox component (Xox/Xred).
Adapted from Hamelers et al. (2011).

tion rates that can be influenced by a toxic component. Four models
are proposed, containing an inhibition term in which �i is the con-
centration of toxic component (mmol/l) and Ki the affinity constant
(mmol/l). A smaller Ki implies that the component is more toxic to
the microorganism.

(1) In the first model it is assumed that the toxic component acts
as a noncompetitive inhibitor or as an irreversible inhibitor
(Bisswanger, 2008). Consequently, the model is given by:

I = Imax
1 − e−�·f

K1 · e−(1−˛)·�·f + K2 · e−�·f + (Km/S) + 1
· Ki

Ki + �i
(2)

This model is referred to as “Itox”.
(2) Parameter K1 describes the ratio between biochemical and

electrochemical reaction rate constants. This ratio may change
when toxic components can act as electron acceptors. In this
case the redox complex is not fully oxidized at the anode but
partly at the toxic component and hence current decreases. The
model for this case is given by:

I = Imax
1 − e−�·f

K1 · ((Ki + �i)/Ki) · e−(1−˛)·�·f + K2 · e−�·f + (Km/S) + 1
(3)

This model is referred to as “IK1”.
(3) Parameter K2 describes the ratio between the forward and

backward reaction rate constants of substrate oxidation. This

ratio can change when no product is formed anymore or much
more product (protons and CO2) is formed. The ratio also
changes when the toxic component is an acid. The increased
proton concentration leads to a reduction of the forward
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Table 1
Parameter values used in the simulations.

Parameter Value Unit

K1 1 –
K2 15 –
˛ 0.5 –
Imax 2 mA
Km 0.1 mmol/l
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S 5 mmol/l
f 0.0383
Ki 1 mmol/l
�i 0.1 or 2.0 mmol/l

reaction rate.

I = Imax
1 − e−�·f

K1 · e−(1−˛)·�·f + K2 · ((Ki + �i)/Ki) · e−�·f + (Km/S) + 1
(4)

This model is referred to as “IK2”.
4) The substrate affinity constant Km may change when there is

a competition between substrate and toxic component to bind
to the redox complex (Bisswanger, 2008).

I = Imax
1 − e−�·f

K1 · e−(1−˛)·�·f + K2 · e−�·f + (Km/S)((Ki + �i)/Ki) + 1
(5)

This model is referred to as “IKm”.

As noticed before, the Butler–Volmer–Monod model is based on
nzyme and electrochemical kinetics. The proposed models can,
herefore, only describe kinetic inhibition of microorganisms and
o not describe the various mechanisms of toxic effects on the cell
Bock Gu and Cheol Gil, 2001; Lee, 2006). Consequently, from the
esults it is most likely not possible to tell if the toxic component
s e.g. a DNA damaging agent or a protein damaging agent or is
amaging otherwise.

In previous studies several polarization curves were made under
on-toxic conditions. From these curves values for model param-
ters K1, K2 and ˛ were calculated by Hamelers et al. (2011).
imilar values as those presented by Hamelers et al. (2011) were
sed for the simulations in this paper. In addition to this, values
f parameters Imax, Km and S were estimated from earlier experi-
ents (unpublished). Table 1 summarizes parameter values used

n the simulations. The overpotential was taken between −50 mV
nd 250 mV.

For the simulations, no explicit component was chosen. There-
ore there is no concentration known, nor a value of Ki. As the
nhibition term Ki/(Ki + �i) determines the value of dI/d�i and thus
he value of the overpotential at which dI/d�i is maximal, it is
mportant to cover a wide range between the possible extreme val-
es 0 and 1. The values used in the simulations are: Ki = 1 mmol/l,
i = 0.1 mmol/l or 2 mmol/l, thus achieving that the inhibition term

s 0.9 and 0.33, respectively.

. Results

.1. Current

For each of the four proposed models the electrical current is

imulated as a function of the anodic overpotential. As a reference,
he results of the BVM-model (Eq. (1)) indicated as I, are also pre-
ented. From Fig. 2 it can be observed that sigmoidal curves result.
ompared to the response under non-toxic conditions (fat line)
he slope of the curve at the inflection point and final current at
Fig. 2. polarization curves for all four models (Eqs. (2)–(5)) (with �i = 2, Ki = 1) and
the reference model (Eq. (1)).

high overpotential can be different. From the response of model
Itox (dotted line) it can be seen that both the slope and maximum
are smaller. This is in line with what is expected, as in this model
the inhibition term influences the complete current at all overpo-
tentials. Model IK1 (solid line) also shows a decreased slope but
the final current seems to approach the same maximum current as
under non-toxic conditions. The slope in model IK2 (large dashed
line) is similar to the slope of the non-toxic condition and also the
maximum current reached is equal. The graph is only shifted to
higher overpotentials (to the right). Model IKm (small dash) shows
a slightly lower slope but mainly the maximum is lowered when a
toxic component is present.

From these simulated curves it can be observed that, depend-
ing on the mode of action of the toxic component, the difference
between toxic and non-toxic is significantly influenced by the cho-
sen overpotential set point.

The results in Fig. 2 suggest that by measuring the polarization
curve under non-toxic conditions and for any specific toxic sub-
stance under toxic conditions it would be possible to discriminate
between the four alternative inhibition mechanisms.

3.2. Sensitivity for toxic components

The biosensor will be most sensitive for toxic components when
the change in current is the highest for the same change in con-
centration of toxic component. This implies that the derivative of
the current with respect to the concentration of toxic component,
which is a function of �, should be maximal. Consequently, the goal
is to find

�∗ = arg max
� ∈ [−50,250]

dI(�)
d�i

(6)

where dI(�)/d�i is the sensitivity of the current for toxic compo-
nents and �* is the overpotential that gives maximum sensitivity
on the interval [−50, 250] mV.

In Fig. 3 the derivative of current to toxicity, dI/d�i, is plotted
as a function of overpotential, �. When dI/d�i is at its maximum
value, the sensor is most sensitive at this overpotential. From this

figure it is observed that model Itox (dotted) and IKm (small dash)
are most sensitive when overpotential is as high as possible, in
this case 250 mV. Model IK1 and IK2 have their maximum at lower
overpotentials. Values of the optimal overpotential, �*, are shown
in Table 2 for a toxicity concentration of 2 mmol/l and 0.1 mmol/l
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Table 2
Overpotentials at which the change of current due to toxicity is maximal.

Model �i = 2 mM �i = 0.1 mM

Overpotential � (mV) dI/d�i (mA l/mmol) Overpotential � (mV) dI/d�i (mA l/mmol)
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Itox 250 0.20
IK1 112 0.09
IK2 100 0.14
IKm 250 0.03

alculated with the given parameter values from Table 1. Hence,
epending on the mechanisms of toxicity for the microorganisms,
he optimum overpotential for control of the sensor is different.

When the toxic component influences the complete cell or just
m, the most sensitive setting is at the highest possible overpoten-
ial (250 mV) for every concentration �i. When the toxic component
nly influences K1 or K2, however, the most sensitive overpo-
ential is lower than 250 mV, that is at 112 and 100 mV. Lower
nhibition, thus higher values of Ki/(Ki + �i) shift the goal point
omewhat downwards. When the toxic component concentration
s, for instance, 0.1 mmol/l, the maximum of dI/d�i from model IK1
ies at an overpotential of 105 mV. This means that, for Ki = 1 mmol/l,
he maximum shifts 7 mV to the left as compared to a concentra-
ion of toxicity of 2 mmol/l. The optimum of model IK2 shifts from
00 mV at �i = 2 mmol/l to 76 mV at �i = 0.1 mmol/l. We would like
o detect very low concentrations of toxic components. Even of
omponents that are not very harmful to the bacteria. This implies
hat choosing a lower overpotential set point ensures a higher sen-
itivity at low concentrations.

Thus, for model IK1 and IK2, the overpotential related to a maxi-
um sensitivity is a function of the toxicity itself. This phenomenon

ncreases the difficulty to make a good choice for overpotential. The
etting of the most sensitive sensor is not only determined by the
ode of action of the toxic component, but it also depends on the

atio between Ki and �i in the case of models K1 and IK2.

.3. Robustness
In a real application the sensor will be used in an environ-
ent that undergoes changes that are not toxic. For example pH,

onductivity or transfer rates may change. These changes in the
nvironment should not influence the detection of toxic compo-

ig. 3. Sensitivity to a change of toxic component concentration (�i = 2 mmol/l), as
function of overpotential. When dI/d�i is maximal, the sensor is most sensitive to

oxic components.
250 1.60
105 0.13

76 0.33
250 0.04

nents too much. In other words, the detection of toxicity should be
robust against changes in parameters other than toxicity. Hence the
setting of the biosensor should be such that the sensor is sensitive
to change in toxic component concentration and at the same time
insensitive to changes over time of other components and model
parameters. In what follows, it will be investigated how changes in
model parameters affect dI(�)/d�i and what the consequences are
for an optimal choice of �. Recall that the model parameters were
estimated under non-toxic conditions. When the sensor is applied,
these parameters may change over time. Furthermore, the initial
parameter estimates may not be very accurate and may influence
the choice for an optimal overpotential. It was investigated how the
optimal overpotential setting is influenced by the initial estimates
of those parameters that were estimated less accurately.

In the models (Eqs. (2)–(5)) the following parameters are
present: Imax, K1, Km, ˛, K2, Ki and the process variable S, the sub-
strate concentration. Imax is determined by the capability of the
bacteria under non-toxic conditions. Hence, its initial value can
be estimated quite accurately. It is also not likely to change over
time. The model parameters ˛ and Km can be determined under
non-toxic conditions and are not expected to change over time.

K1 represents the ratio of the biochemical over the electro-
chemical reaction rate constants that is K1 ∼ Imax/Iex, where Iex

(mA) is the exchange current density under zero-current condi-
tions at equilibrium. This exchange current density will not change
unless there are redox active components present that can be
regarded toxic. Therefore, under non-toxic conditions, K1 will not
change. Recall that K1 = 1 is chosen on the basis of existing datasets
(Hamelers et al., 2011). However, if K1 would have a different value,
it will possibly affect the sensitivity. Model simulations reveal that
in the range 0.1 < K1 < 50 the optimal overpotential for the model
Itox and IKm remains at the highest investigated point, 250 mV.
For model IK1 a higher value of K1 results in a higher sensitiv-
ity at all overpotentials. The optimal value of the overpotential
increases. However, a good sensitivity is still found at an overpo-
tential of 112 mV, as found to be optimal for the parameter values
of Table 1. Model IK2 on the other hand, gives a lower sensitivity, if
K1 increases. The optimal overpotential increases just as in model
IK1. Choosing a value to control the overpotential is then depen-
dent on the accuracy of estimation of K1, the accuracy of the current
measurements and the value of current itself.

Model parameter K2 represents the forward over the backward
biochemical rate constants. This value can change over time espe-
cially when water conditions like pH change. Protons are produced
as product and pH greatly influences the speed of the forward
reaction rate. Therefore, it is important to see if the choice of over-
potential for maximum sensitivity of the sensor changes when the
value of K2 changes. Also, the substrate concentration can change
over time. Hence, the robustness of dI/d�i for changes in K2 and
S was determined. The biosensor is more robust to changes in the
parameter, if the absolute value of the derivative of dI/d�i with

respect to a specific parameter is as low as possible. Hence, with
respect to robustness, the goal is to select � such that

�∗ = arg min
� ∈ [−50,250]

∂2I

∂Xi∂�
with � ∈ {Imax, K1, K2, Ki, S} (7)
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Table 3
Overview of robustness of sensitivity for changes in the model parameters K1, K2 and S of the four models. Least robust means that the sensitivity is changed most at the
given overpotential � when the parameter changes. The sensitivity changes least upon change of the parameter at the overpotential that is indicated as most robust.

Model Model parameter that changes

K1 K2 K3

Itox Least robust � = 250 mV � = 250 mV � = 250 mV
Most robust � = 0 mV � = 0 mV � = 0 mV

IK1 Least robust � = 111 mV � = 73 mV S = 5 mM
� = 120 mV
S = 0.5 mM
� = 115 mV

Most robust � = 0 and 250 mV � = 0 and 250 mV � = 0 mV
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can be made for each model, using parameter values and required
levels for sensitivity and robustness applicable for the system
used.
IK2 Least robust � = 75 mV
Most robust � = 0 and 250 mV

IKm Least robust � = 250 mV
Most robust � = 0 mV

In other words, the change of sensitivity, dI/d�i, is minimal at a
hange of parameter � at overpotential �*. The derivative of dI/d�i
ith respect to K2 and S is investigated as a measure for robustness.
hen the toxic component acts on microorganisms according to
odel Itox and model IKm, the current is most robust for changes

n K2 and S when the overpotential is equal to 0 mV. However, from
ig. 3, it can be seen that this is also the overpotential at which
he current is least sensitive for changes in concentration �i. The
urrent is most sensitive at a high overpotential, but here it is also
east robust.

When the toxic component influences the microorganisms
ccording to model IK1 the sensitivity for toxic components is influ-
nced when model parameter K2 changes. This influence is the
argest for an overpotential of 73 mV and smallest when the overpo-
ential is very low (around 0 mV) or very high (250 mV). Changes
n S will influence the detection of toxicity the most at overpo-
ential of 120 mV. However, the concentration of substrate is of
reat influence on this. For a substrate concentration of 5 mmol/l a
hange will hardly affect the detection of toxic components. How-
ver, when the substrate concentration is 0.5 mmol/l, the biosensor
ill be less robust and a lower substrate concentration will lower

he sensitivity and thus the limit of detection of toxic components.
When the toxic component influences the microorganisms

ccording to model IK2, a similar effect is seen for changes in
as compared to model IK1. The sensor would be least robust

t an overpotential of 94 mV and most robust at low (0 mV) and
igh overpotentials. For changes in K2, however, the biosensor is
ost robust at low and high overpotentials but also at 66 mV. An

verview of the presented values is given in Table 3. All data were
alculated using the parameter values from Table 1. When a differ-
nt system is used the parameter values may be different, but these
alues can easily be obtained under non-toxic conditions. Also, the
alues for the optimal control of overpotential in view of sensitivity
nd robustness have to be adjusted, but the four models still give
good indication for the different type of responses that can be

xpected from toxic contamination.

.4. Tradeoff between sensitivity and robustness

To control the sensor at an overpotential that gives a sensi-
ive sensor for toxic components, but is also robust for changes
n the other parameters, a trade off has to be made. The noise of
he current measurement and the absolute value of current should
e taken into account when this trade-off is made. In Fig. 4 the

ensitivity for toxicity (dI/d�i) is plotted, as well as the effect of
hanges in K2 on this sensitivity (( ∂ 2I)/(∂ �i ∂ K2)) for model IK1
nd the concentration �i = 0.1 mmol/l. The solid line shows the sen-
itivity and has a maximal value at 104 mV. At this overpotential
he sensor is most sensitive. The black dotted line shows the effect
� = 39 and 106 mV � = 94 mV
� = 0, 66 and 250 mV � = 0 mV
� = 250 mV � = 250 mV
� = 0 mV � = 0 mV

a change of K2 has on the sensitivity. The sensor is most robust
when this value is very low, thus at an overpotential of 0 or 250 mV
and least robust at an overpotential of 72 mV. When the sensor
is controlled at 104 mV, a change in K2 will affect the sensitivity.
Controlling the sensor at a value between 72 and 104 mV will make
the sensor less sensitive and less robust. However, controlling the
sensor at a value just above 104 mV e.g. 120 mV, the sensor will be
a little less sensitive for toxicity but more robust for K2. Hence, a
feasible interval for �, such that the sensor has the required min-
imum sensitivity and maximum robustness ( ∂ 2I)/(∂ �i ∂ K2), can
be chosen graphically. In the area where these two areas over-
lap, the overpotential should preferably be controlled. In Fig. 4 the
sensitivity is set at a minimum of 0.1 mA/mmol/l and thus the over-
potential should lie between 75 mV and 140 mV. The maximum of
the influence of K2 is set at 0.002 mA/mmol/l. Hence, the overpo-
tential should then be controlled at values below 31 mV or above
118 mV. The overlapping dashed area shows that the overpoten-
tial should be controlled between 83 and 140.3 mV to obey both
requirements.

The effect of the substrate concentration has also been inves-
tigated. Keeping substrate concentration high, results in a much
more robust sensor for changes in substrate concentration than for
low substrate concentration (not shown).

To determine the best setting for the overpotential, this tradeoff
Fig. 4. Model IK1: sensitivity for toxicity (dI/d�i), �i = 0.1 mmol/l, compared with
robustness against changes in parameter K2. When the sensitivity is chosen to be
at least 0.1 and the influence of K2 on the sensitivity to be at the most 0.002, the
overpotential has to lie between 118 and 140 mV. (—) primary y-axis dI/d�i, (- - -)
secondary y-axis d2I/d�i dK2.
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Torres, C.I., Marcus, A.K., Parameswaran, P., Rittmann, B.E., 2008. Environmental
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. Discussion

When the type of component that may pass the sensor is
nknown, the sensor has to be controlled at an overpotential at
hich the sensitivity is high for all four models. This means that
trade-off has to be made for the choice of the overpotential.

hoosing an overpotential between 76 mV and 104 mV gives a very
ensitive sensor for components that influence K1 or K2. When a
omponent influences Km, however, and the sensor is controlled
t 76 mV, the change in current is very low. Controlling the over-
otential at 250 mV gives a sensitive sensor for components that

nfluence the complete metabolism or Km, but a very poor sensitiv-
ty for components influencing K1 and K2. The choice of an optimal
verpotential is thus very much affected by the kind of contami-
ations that are expected. If this is not known, an overpotential of
.g. 150 mV gives a relatively good sensitivity for any kind of com-
onent, but is not optimal. Another option would be to make the
ensor in duplex and control the two sensors at different overpo-
ential, preferably one between 75 and 100 mV and the other one
t 250 mV. By comparing the change of the current in the set-ups,
omething may already be concluded about the mode of action of
he component and maybe even about the type of component.

For example, a database with different toxic components and
elated value for Ki and type of kinetic model can be set-up. Values
or the model parameters can also be determined from polarization
urves made under non-toxic condition. By making a polarization
urve at the moment a change in current is observed, it can be deter-
ined what the appropriate model is and what the value of the

nhibition term Ki/(Ki + �i) is. By combining the database of Ki’s and
he model, with the value of the inhibition term, the concentration
or each possible component can be estimated.

The models presented in this paper are derived under steady
tate conditions. They do not take the specific design of the sensor
nto account, only the biofilm. To enable online signal processing
f the data from the sensor, the modified Butler–Volmer–Monod
odel (Eqs. (2)–(5)) must be embedded in a reactor model, in

rder to account for sensor cell processes such as wash out. When
he toxic component enters the sensor, the dynamics of the cur-
ent change before reaching the new pseudo-steady state can also
ive information about the type and concentration of component
resent.

. Conclusion
The sensitivity of current change in a microbial fuel cell
ased biosensor depends on several factors, as (i) the mode of
ction of the component, (ii) the affinity for the toxic component,
iii) the concentration of component and (iv) the overpotential
t which the sensor is controlled. This paper shows that the
ectronics 26 (2011) 3115–3120

choice of the overpotential at which the sensor is most sen-
sitive depends on the mode of action of the toxic component.
The choice of overpotential also depends on the robustness of
the sensor against changes in the model parameters. To get
a sensitive and robust sensor in the same time, a choice on
the basis of the tradeoff between sensitivity and robustness
has to be made. This theoretical study provides a basis for the
design and performance of experiments that can validate the
four models for detection of toxicity using a MFC-based biosen-
sor.
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